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Supplementary material 1: Search strategies

Overview (Original search):

Bibliographic databases and trials registers

Database / register

Date searched

Number of records

MEDLINE All 17/01/22 2,740

Embase 17/01/22 3,495

Cochrane Library (CENTRAL and Cochrane 17/01/22 131 (all from CENTRAL;
Database of Systematic reviews) 0 results from CDSR)
Science Citation Index and 19/01/22 3,210

Conference Proceedings — Science (Web of

Science)

HTA database (CRD) 19/01/22 1

INAHTA HTA database 19/01/22 3

medRXxiv 19/01/22 7

clinicaltrials.gov 19/01/22 17

WHO ICTRP 19/01/22 22

Total number of records retrieved: 9,626
Duplicates removed (EndNote): 3,296
Final number for screening: 6,330

Other sources

Source

Date searched

Documents retrieved

National Institute for Health and Care Excellence 24/01/22 3
(NICE) website

Canadian Agency for Drugs and Technologies in 24/01/22 7
Health (CADTH) website

ISPOR conference presentations 25/01/22 0
HTAI annual meetings 25/01/22 1
SPIE proceedings 27/01/22 14
IEEE Engineering in Medicine & Biology Society 27/01/22 1
annual conference

European Congress of Radiology 31/01/22 52
Radiological Society of North America annual 01/02/22 55
meetings

FDA devices databases 14/02/22 5

device / manufacturer websites

15-16/02/22

15 documents, plus 1 link
to video presentation

reference lists — selected systematic reviews

reference lists — included studies

Checked m

anually by reviewers

forwards citation tracking:
Science Citation Index (Web of Science) & Google
Scholar

26/05/22 &
30/05/22

44

Total: 197

Search update: bibliographic databases and trials registers

Database / register

Date searched

Number of records

MEDLINE All 06/03/23 3,335

Embase 06/03/23 4,916

Cochrane Library (CENTRAL and Cochrane 06/03/23 193 (192 from

Database of Systematic reviews) CENTRAL; 1 from
CDSR)

Science Citation Index and 06/03/23 4,063

Conference Proceedings — Science (Web of
Science)




HTA database (CRD) n/a (database no longer updated)
INAHTA HTA database 06/03/23 3
clinicaltrials.gov 06/03/23 21

WHO ICTRP 06/03/23 30

Total number of records retrieved: 12,561

Duplicates removed (both within this set and against original search results from January 2022):
10,874

Final number for screening: 1,687




Search strateqgies:

MEDLINE ALL
Date searched: 17/01/22
Ovid MEDLINE(R) ALL <1946 to January 14, 2022>

1 exp artificial intelligence/ or exp machine learning/ or exp deep learning/ or exp
supervised machine learning/ or exp support vector machine/ or exp unsupervised machine
learning/ 134273
2 ai.kf,tw. 34062
3 ((artificial or machine or deep) adj5 (intelligence or learning or reasoning)).kf,tw.
89902
4 exp Neural Networks, Computer/ 42235
5 (neural network* or convolutional or CNN or CNNs).kf,tw. 73835
6 exp Diagnosis, Computer-Assisted/ 85513
7 ((computer aided or computer assisted) adj1 (diagnosis or detection)).kf,tw.
6018
8 (support vector machine* or random forest* or black box learning).kf,tw. 31141
9 lor2or3or4or5or6or7or8 322906
10 exp Lung Neoplasms/di, dg or Solitary Pulmonary Nodule/di, dg 56493
11 ((lung or lungs or pulmon* or bronchial) adj3 (nodul* or cancer* or neoplas* or tumor*
or tumour* or carcino* or malignan* or adenocarcinom* or blastoma®*)).kf,tw. 274199
12 ((pulmonary or lung) adj2 lesion*).kf,tw. 14782
13 10 or 11 or 12 302352
14 Tomography, X-Ray Computed/ or exp Tomography, Spiral Computed/ 418962
15 (comput* adj2 tomograph*).kf,tw. 348023
16 (CT or LDCT).kf,tw. 388825
17 (CAT adj2 (scan* or x-ray* or xray*)).kf,tw. 1342
18 Mass Screening/ 111594
19 ((lung or lungs or pulmon*) adj3 (nodule* or cancer* or tumor* or tumour*) adj3
screen*).kf,tw. 4813
20 "Early Detection of Cancer"/ 31774
21 14 o0or150r160r17 or18 or 19 or 20 893125
22 9 and 13 and 21 2767
23 (aview* Ics* or clearread* ct* or inferread* ct lung* or lung nodule ai* or veolity* or
veye).kf,tw. 7
24 ((ai rad companion* and chest) or contextflow* or search lung ct* or "jld 01k*" or qct

lung* or sensecare* lung* or visia* ct* or vuno).kf,tw. 8
25 (coreline* or riverain* or infervision* or fujifilm* or mevis* or aidence®*).in,kf,tw.
1381

26 (siemens* healthineers* or contextflow* or jlk inc* or arterys* or qureai* or qure ai* or
sensetime* or canon medical* or vuno*).in,kf,tw. 1407

27 (25 or 26) and (10 or 11) 159

28 22 or 23 or 24 or 27 2867

29 exp animals/ not humans/ 4943529

30 28 not 29 2851

31 limit 30 to english language 2740

Search update: an identical search was run on 06/03/23 and retrieved 3335 results.

The artificial intelligence search terms (lines 1-4 & 6) are based on those used in:



Freeman K, Geppert J, Stinton C, Todkill D, Johnson S, Clarke A et al. Use of artificial
intelligence for image analysis in breast cancer screening programmes: systematic review of
test accuracy BMJ 2021; 374 :n1872 doi:10.1136/bmj.n1872 (see online supplementary
appendix 1)

Selected lung cancer/nodule search terms (lines 11-12) were informed by those used in:
Duarte A, Corbett M, Melton H, Harden M, Palmer S, Soares M, Simmonds M. EarlyCDT
Lung for

lung cancer risk classification of solid pulmonary nodules: A Diagnostics Assessment
Report. York

EAG, 2021. Available from: https://www.nice.org.uk/guidance/indevelopment/gid-
dg10041/documents (accessed 9 November 2021)

Embase
Date searched: 17/01/22
Embase <1974 to 2022 January 14>

1 exp artificial intelligence/ or exp machine learning/ 304838

2 ai.kf,tw. 45921

3 ((artificial or machine or deep) adj5 (intelligence or learning or reasoning)).kf,tw.
105922

4 (neural network* or convolutional or CNN or CNNs).kf,tw. 89201

5 computer assisted diagnosis/ 40877

6 ((computer aided or computer assisted) adj1 (diagnosis or detection)).kf,tw.
8264

7 (support vector machine* or random forest* or black box learning).kf,tw. 38837

8 lor2or3or4or5or6or7 420312

9 exp lung cancer/di or lung nodule/di 46922

10 ((lung or lungs or pulmon* or bronchial) adj3 (nodul* or cancer* or neoplas* or tumor*
or tumour* or carcino* or malignan* or adenocarcinom* or blastoma®*)).kf,tw. 392765
11 ((pulmonary or lung) adj2 lesion*).kf,tw. 21058

12 9or10o0r11 420629

13 computer assisted tomography/ or low-dose computed tomography/ or exp x-ray
computed tomography/ or multidetector computed tomography/ or spiral computer assisted
tomography/ or computed tomography scanner/ 931594

14 (comput* adj2 tomograph*).kf,tw. 445065

15 (CT or LDCT).kf,tw. 664348

16 (CAT adj2 (scan* or x-ray* or xray*)).kf,tw. 2036

17 mass screening/ or cancer screening/ 142872

18 screening/ 184110

19 ((lung or lungs or pulmon*) adj3 (nodule* or cancer* or tumor* or tumour*) adj3
screen*).kf,tw. 7644

20 early cancer diagnosis/ 9899

21 13orl14orl150r16o0or17 or18or 19 or 20 1643282

22 8 and 12 and 21 3370

23 (aview* Ics* or clearread* ct* or inferread* ct lung* or lung nodule ai or veolity* or
veye).dv,kf,tw. 11

24 (gct lung* or vuno*).dv. 0
25 ((ai rad companion* and chest) or contextflow* or search lung ct* or "jld 01k*" or
sensecare* lung* or visia* ct*).dv,kf,tw. 4



26 (coreline* or riverain* or infervision* or fujifilm* or mevis* or aidence*).dm,in,kf,tw.
5146

27 (siemens* healthineers* or contextflow* or jlk inc* or arterys* or qureai* or qure ai* or

sensetime* or canon medical* or vuno*).dm,in,kf,tw.4797

28 (26 or 27) and (9 or 10) 436

29 22 o0r23o0r24o0r250r28 3692

30 (exp animal/ or exp animal experiment/) not (exp human/ or exp human experiment/

or conference abstract.pt.) 4770834

31 29 not 30 3673

32 limit 31 to english language 3495

Search update: an identical search was run on 06/03/23 and retrieved 4916 results.

Cochrane Library (via www.cochranelibrary.com)

Date searched: 17/01/22

Cochrane Central Register of Controlled Trials, Issue 12 of 12, December 2021
Cochrane Database of Systematic Reviews, Issue 1 of 12, January 2022

ID Search Hits

#1 [mh "artificial intelligence"] OR [mh "machine learning"] OR [mh "deep learning"] OR

[mh "supervised machine learning"] OR [mh "support vector machine"] OR [mh

"unsupervised machine learning"] 1261

#2 ai:ti,ab,kw 4506

#3 ((artificial OR machine OR deep) NEAR/5 (intelligence OR learning OR

reasoning)):ti,ab,kw 2857

#4 [mh "Neural Networks, Computer"] 148

#5 ((neural NEXT network*) OR convolutional OR CNN OR CNNs):ti,ab,kw 1479

#6 [mh "Diagnosis, Computer-Assisted"] 1931

#7 (("computer aided" OR "computer assisted") NEAR/1 (diagnosis OR

detection)):ti,ab,kw 1001

#8 (("support vector" NEXT machine*) OR (random NEXT forest*) OR "black box

learning"):ti,ab,kw 776

#9 #1 OR #2 OR #3 OR #4 OR #5 OR #6 OR #7 OR #8 10964

#10  [mh "Lung Neoplasms"/DI,DG] OR [mh A"Solitary Pulmonary Nodule"/DI,DG] 653

#11  ((lung OR lungs OR pulmon* OR bronchial) NEAR/3 (nodul* OR cancer* OR

neoplas* OR tumor* OR tumour* OR carcino* OR malignan* OR adenocarcinom* OR

blastoma*)):ti,ab,kw 25143

#12  ((pulmonary OR lung) NEAR/2 lesion*):ti,ab,kw 533

#13 #10OR #11 OR #12 25426

#14  [mh ~Tomography, X-Ray Computed"] OR [mh "Tomography, Spiral Computed"]
4555

#15  (comput* NEAR/2 tomograph®*):ti,ab,kw 20680

#16  (CT OR LDCT):ti,ab,kw 81013

#17  (CAT NEAR/2 (scan* OR x-ray* OR xray*)):ti,ab,kw 34

#18 [mh ~"Mass Screening"] 3339

#19  ((lung OR lungs OR pulmon*) NEAR/3 (nodule* OR cancer* OR tumor* OR tumour*)

NEAR/3 screen*):ti,ab,kw 758

#20  [mh ~Early Detection of Cancer”] 1384

#21  #14 OR #15 OR #16 OR #17 OR #18 OR #19 OR #20 96454

#22  #9 AND #13 AND #21125



#23  ((aview* NEXT lcs*) OR (clearread* NEXT ct*) OR (inferread* NEXT "ct" NEXT lung*)
OR ("lung nodule" NEXT ai*) OR veolity* OR veye) 2

#24  (("ai rad" NEXT companion*) AND chest) OR contextflow* OR ("search lung" NEXT
ct*) OR (jld NEXT 01k*) OR (gct NEXT lung*) OR (sensecare* NEXT lung*) OR (visia* NEXT
ct*) OR vuno* 2

#25  coreline* OR riverain* OR infervision* OR fujifilm* OR mevis* OR aidence* 152
#26  (siemens* NEXT healthineers*) OR contextflow* OR (jlk NEXT inc*) OR arterys* OR
gureai* OR (qure NEXT ai*) OR sensetime* OR (canon NEXT medical*) OR vuno* 57

#27  (#25 OR #26) AND (#10 OR #11) 6
#28  #22 OR #23 OR #24 OR #27 in Cochrane Reviews, Trials 131

Search update: an identical search was run on 06/03/23 and retrieved 193 results.

The Ovid Medline search strategy was translated for use in the Cochrane Library and Web
of Science with the aid of the Polyglot Search Translator:

Clark JM, Sanders S, Carter M, Honeyman D, Cleo G, Auld Y, et al. Improving the
translation of search strategies using the Polyglot Search Translator: a randomized
controlled trial. J Med Libr Assoc 2020;108(2):195-207.
http://dx.doi.org/10.5195/jmla.2020.834

Science Citation Index and Conference Proceedings - Science (via Web of Science)
Date searched: 19/01/2022

SCI-EXPANDED: 1970-present

CPCI-S: 1990-present

23 (((#17) OR #18) OR #19) OR #22 and English (Languages) 3,210
22 (#20 OR #21) AND #7 AND #16 216
21 ((((TS=("siemens* healthineers*' OR contextflow* OR "jlk inc*" OR arterys* OR
gureai* OR "qure ai*" OR sensetime* OR "canon medical*" OR vuno*)) OR OG=("siemens*
healthineers*' OR contextflow* OR "jlk inc*' OR arterys* OR qureai* OR "qure ai*" OR
sensetime* OR "canon medical*" OR vuno*)) OR AD=("siemens* healthineers*' OR
contextflow* OR "jlk inc*" OR arterys* OR qureai* OR "gure ai*" OR sensetime* OR "canon
medical*" OR vuno*)) OR FO=("siemens* healthineers*' OR contextflow* OR "jlk inc*" OR
arterys* OR qureai* OR "qure ai*" OR sensetime* OR "canon medical*" OR vuno*))

2,633
20 ((((TS=(coreline* OR riverain* OR infervision* OR fujifilm* OR mevis* OR aidence?*))
OR OG=(coreline* OR riverain* OR infervision* OR fujifilm* OR mevis* OR aidence*)) OR
AD=(coreline* OR riverain* OR infervision* OR fujifim* OR mevis* OR aidence*)) OR
FO=(coreline* OR riverain* OR infervision* OR fujifim* OR mevis* OR aidence?*)) 3,964
19 TS=(("ai rad companion*" AND chest) OR contextflow* OR "search lung ct*" OR "jld
01k*" OR "gct lung*" OR "sensecare* lung*"* OR "visia* ct*" OR vuno) 8
18 TS=("aview* Ics*" OR "clearread* ct*" OR "inferread* ct lung*' OR "lung nodule ai*"
OR veaolity* OR veye) 5
17  ((#6) AND #9) AND #16 3,085
16 #10 or #11 or #12 or #13 or #14 or #15 655,436
15 TS=("Early Detection of Cancer") 2,106
14 TS=((lung OR lungs OR pulmon*) NEAR/3 (nodule* OR cancer* OR tumor* OR
tumour*) NEAR/3 screen*) 6,299
13 TS=("Mass Screening") 5,559
12 TS=(CAT NEAR/2 (scan* OR x-ray* OR xray*)) 1,067


http://dx.doi.org/10.5195/jmla.2020.834

11 TS=(CT OR LDCT) 455,518

10 TS=(comput* NEAR/2 tomograph*) 361,422

9 #7 OR #8 380,001

8 TS=((pulmonary OR lung) NEAR/2 lesion*) 14,221

7 TS=((lung OR lungs OR pulmon* OR bronchial) NEAR/3 (nodul* OR cancer* OR
neoplas* OR tumor* OR tumour* OR carcino* OR malignan* OR adenocarcinom* OR
blastoma*)) 370,649

6 #1 OR #2 OR #3 OR #4 OR #5 901,467

5 TS=("support vector machine*" OR "random forest*" OR "black box learning")
133,456

4 TS=(("computer aided" OR "computer assisted") NEAR/2 (diagnosis OR detection))
16,891

3 TS=("neural network*" OR convolutional OR CNN OR CNNs) 501,511
2 TS=((artificial OR machine OR deep) NEAR/5 (intelligence OR learning OR
reasoning)) 395,814

1 TS=(ai) 75,151

Search update: an identical search was run on 06/03/23 and retrieved 4063 results.

The Ovid Medline search strategy was translated for use in the Cochrane Library and Web
of Science with the aid of the Polyglot Search Translator:

Clark JM, Sanders S, Carter M, Honeyman D, Cleo G, Auld Y, et al. Improving the
translation of search strategies using the Polyglot Search Translator: a randomized
controlled trial. J Med Libr Assoc 2020;108(2):195-207.
http://dx.doi.org/10.5195/jmla.2020.834

HTA Database (via CRD https://www.crd.york.ac.uk/CRDWeb/)
Date searched: 19/01/22

1 MeSH DESCRIPTOR Artificial Intelligence EXPLODE ALL TREES290

2 (a) 202

3 ((artificial OR machine OR deep) ADJ5 (intelligence OR learning OR reasoning)) 8

4 (neural network* OR convolutional OR CNN OR CNNs) 12

5 MeSH DESCRIPTOR Diagnosis, Computer-Assisted EXPLODE ALL TREES 108

((computer aided OR computer assisted) ADJ1 (diagnosis OR detection)) 34
(support vector machine* OR random forest* OR black box learning) 0

(#1 OR #2 OR #3 OR #4 OR #5 OR #6 OR #7) INHTA 148

((lung* or pulmon*) ADJ3 (nodul* or cancer* or neoplas* or tumor* or tumour* or
carcino* or malignan* or adenocarcinom*)) 1444

10 MeSH DESCRIPTOR Lung Neoplasms EXPLODE ALL TREES 1151

11 MeSH DESCRIPTOR Solitary Pulmonary Nodule EXPLODE ALL TREES 27

12 (#9 OR #10 OR #11) IN HTA 341

13 MeSH DESCRIPTOR Tomography, X-Ray Computed 896

14 MeSH DESCRIPTOR Tomography, Spiral Computed EXPLODE ALL TREES 75
15 (comput* ADJ2 tomograph*) 1395

16 (CT OR LDCT) 1231

17 (CAT ADJ2 (scan* OR x-ray* OR xray*)) 6

18 MeSH DESCRIPTOR Mass Screening 2103

© 00N


http://dx.doi.org/10.5195/jmla.2020.834
https://www.crd.york.ac.uk/CRDWeb/

19 ((lung OR lungs OR pulmon*) ADJ3 (nodule* OR cancer* OR tumor* OR tumour*)
ADJ3 screen*)42

20 MeSH DESCRIPTOR Early Detection of Cancer EXPLODE ALL TREES 277

21 (#13 OR #14 OR #15 OR #16 OR #17 OR #18 OR #19 OR #20) IN HTA 953

22 #8 AND #12 AND #211

International HTA database (via INAHTA https://database.inahta.org/)
Date searched: 19/01/22

21 #20 AND #14 AND #83

20 #19 OR #16 OR #15 417

19 #18 AND #17 383

18 nodul* OR cancer* OR neoplas* OR tumor* OR tumour* OR carcino* OR malignan*
OR adenocarcinom* 3216

17 lung* OR pulmon* 866

16 "Lung Neoplasms"[mhe] 318

15 "Solitary Pulmonary Nodule"[mh] 6

14 #13 OR #12 OR #11 OR #10 OR #9 2443

13 tomograph* OR radiograph* OR CT OR x-ray* OR xray* OR MRI OR PET813
12 screening 1234

11 "Diagnostic Imaging"[mhe] 1127

10 "Mass Screening"[mhe] 758

9 "Early Detection of Cancer"[mh] 71

8 #7 OR #6 OR #5 OR #4 OR #3 OR #2 OR #1 189

7 "Artificial Intelligence"[mhe] 85

6 "Diagnosis, Computer-Assisted"[mhe] 64

5 "Neural Networks, Computer'[mhe] 0

4 "artificial intelligence" OR "machine learning" OR "deep learning" OR "deep

reasoning" OR "machine reasoning" 9

3 "neural network" OR "neural networks" OR convolutional OR CNN OR CNNs 5
2 "computer aided" OR "computer assisted" 65

1 "support vector machine*' OR "random forest*" OR "black box learning” 0
Search update: an identical search was run on 06/03/23 and retrieved the same 3 results.

medRxiv (via medrxivr https://mcguinlu.shinyapps.io/medrxivr/)
Date searched: 19/1/22

Advanced search screen:

Topic 1:

[Aa]rtificial [lilntelligence
[Mm]achine [Ll]learning

[Dd]eep [Ll]learning

[Ss]upport [Vv]ector [Mm]achine
\\b[Aa][li]\b

[Nn]Jeural [Nn]etwork
[Cclonvolutional

[Rrlandom [Ff]orest

[Bb]lack [Bb]ox [LIJearning
[Cclomputer [Aa]ided [Dd]iagnosis

10


https://database.inahta.org/
https://mcguinlu.shinyapps.io/medrxivr/

[Cclomputer [Aa]ssisted [Dd]iagnosis
[Cclomputer [Aa]ided [Dd]etection
[Cclomputer [Aa]ssisted [Dd]etection
\\bCNN\\b

\\bCNNs\\b

[Dd]eep [Rr]easoning

[Mm]achine [Rr]easoning

Topic 2:
[LIJung
[PpJulmon

Topic 3:
O[Nn]eoplas
[Cclancer

[Nn]odul

[Ttlumor

[Ttlumour
[Cclarcinoma
[Aa]ldenocarcinoma

Topic 4:

[Cclomputed [Ttjomograph
\\bCT\\b

\\bLDCT\\b

screening

Earliest record date:
2016-07-01

Latest record date:
2022-01-19

Remove older versions of the same record
clinicaltrials.gov

Date searched: 19/01/22

Home screen search: https://clinicaltrials.gov/ct2/home

3 Studies found for: "aview Ics" OR "aview Ics+" OR "clearread ct" OR "inferread ct lung" OR
"Iinferread lung” OR "lung nodule ai" OR veolity OR veye [Other terms]

10 Studies found for: coreline* OR riverain OR infervision OR fujifilm OR aidoc OR mevis
OR aidence ['Other terms']| lung OR pulmonary [Condition or disease]  (of which 3 studies
already found above)

2 Studies found for: "ai rad companion” OR contextflow OR "search lung ct" OR "jld 01k" OR
"lung ai" OR "qct lung" OR sensecare OR vuno [Other terms]

11


https://clinicaltrials.gov/ct2/home

5 Studies found for: "siemens healthineers" OR jlk OR qureai OR "qure ai" OR sensetime
[Other terms]| lung OR pulmonary [Condition or disease]

Total: 17 unique results

Search update: an identical search was run on 06/03/23 and retrieved 21 results.
WHO International Clinical Trials Registry Platform (ICTRP) search portal
Date searched: 19/01/22

Home screen search: https://trialsearch.who.int/Default.aspx

7 records for 7 trials found for: aview lcs* OR clearread ct OR inferread ct lung OR inferread
lung OR lung nodule ai OR veolity OR veye

9 records for 9 trials found for: (coreline* OR riverain OR infervision OR fujifilm OR aidoc OR
mevis OR aidence) AND (lung OR pulmonary)

9 records for 8 trials found for: ai rad companion OR contextflow OR search lung ct OR jld
01k OR qgct lung OR sensecare OR vuno

No results were found for: (siemens healthineers OR jlk OR qureai OR qure ai OR
sensetime OR arterys) AND (lung OR pulmonary)

Advanced search screen: https://trialsearch.who.int/AdvSearch.aspx

1 records for 1 trials found for: lung ai [in the intervention]
without synonyms selected; recruitment status is ALL

Total number of trials after 3 duplicates removed (using EndNote): 22

Search update: an identical search was run on 06/03/23 and retrieved 30 results.

NICE website https://www.nice.org.uk/

Date searched: 24/01/22

Browsed: NICE Guidance > Conditions and diseases > Cancer > Lung cancer:
https://lwww.nice.org.uk/guidance/conditions-and-diseases/cancer/lung-cancer

found 76 published products, of which 3 downloaded/of potential interest

Searched published guidance: https://www.nice.org.uk/guidance/published?sp=on
Filters (Guidance programme): Technology appraisal guidance, NICE guidelines, Clinical
guidelines, Medical technologies guidance, Diagnostics guidance, Highly specialised

technologies guidance, Cancer service guidelines.

lung cancer 51 results, of which 1 potentially relevant, already identified above
nodule 3 results, of which 1 potentially relevant, already identified above

Searched published guidance: https://www.nice.org.uk/guidance/published?sp=on

12


https://trialsearch.who.int/Default.aspx
https://trialsearch.who.int/AdvSearch.aspx
https://www.nice.org.uk/
https://www.nice.org.uk/guidance/conditions-and-diseases/cancer/lung-cancer
https://www.nice.org.uk/guidance/published?sp=on
https://www.nice.org.uk/guidance/published?sp=on

No filters.

artificial intelligence 3 results, of which 1 potentially relevant, already identified above
machine learning 0 results

deep learning 0 results
ai 1 result, of which 0 relevant
neural network 0 results

Browsed guidance In consultation: https://www.nice.org.uk/guidance/inconsultation
12 results, 0 relevant to lung cancer/pulmonary nodules or artificial intelligence

Total unique results downloaded: 3

Canadian Agency for Drugs and Technologies in Health (CADTH) website
https://lwww.cadth.ca/

Date searched: 24/01/22
Search screen: https://www.cadth.ca/search , results limited to Reports tab.
Search terms:

lung cancer [contains all words] 74 results; 8 potentially relevant, of which 1
already identified via bibliographic database searches

nodules nodule [contains any words] 9 results; 5 potentially relevant, all 5 already identified
above

artificial intelligence [contains all words] 31 results; 3 potentially relevant, all 3 already
identified above

machine learning [contains all words] 17 results; 2 potentially relevant, both already
identified above

deep learning [contains all words] 11 results; 2 potentially relevant, both already identified
above

ai 20 results; 2 potentially relevant, both already identified above
neural networks [contains all words] 5 results; 1 potentially relevant, already identified above

Total unique results downloaded: 7

13


https://www.nice.org.uk/guidance/inconsultation
https://www.cadth.ca/
https://www.cadth.ca/search

ISPOR presentations database https://www.ispor.org/heor-resources/presentations-
database/search

Date searched: 25/01/22

As there was no option to export results in bulk, titles and, where necessary abstracts, were
scanned for potential relevance and only those potentially relevant to Al technologies and
CT imaging and lung cancer/pulmonary nodules were retrieved (where not already identified
by previous searches).

search hits documents retrieved

lung cancer AND (tomograph* OR CT ORLDCTOR | 70 0 (1 potentially relevant already

screening) identified via database
searches)

pulmonary nodule* AND (tomograph* OR CT OR 3 0

LDCT OR screening)

lung nodule* AND (tomograph* OR CT OR LDCT OR | 4 0

screening)

lung AND (“artificial intelligence” OR "machine 15 0

learning” OR "deep learning" OR ai OR "neural

networks" OR "neural network")

pulmonary AND ("artificial intelligence” OR "machine | 7 0

learning” OR "deep learning” OR ai OR "neural

networks" OR "neural network™)

Total documents retrieved: 0

Health Technology Assessment International (HTAi) Annual Meetings
https://htai.org/annual-meetings/

Date searched: 25/01/22

HTAI 2021 Virtual (Manchester). Full program available at:
https://htai.org/wp-content/uploads/2021/06/HTAi_AM21_Full-Program.pdf
Searched (Ctrl + F) for:

lung

pulmon

chest

thora

artificial int

learning

neural nothing relevant found

HTAIi 2020 Beijing (virtual). Poster abstracts and Oral abstracts available from:
https://htai.eventsair.com/htaibeijing2020

Scanned titles in poster and abstract e-books (no search function available); 1 potentially
relevant (oral abstract)

HTAIi 2019 Cologne. Abstract book available at:
https://htai.org/wp-content/uploads/2019/08/htai_ AM19_abstracts_20190812.pdf
Searched (Ctrl + F) for:

lung

pulmon

chest
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https://www.ispor.org/heor-resources/presentations-database/search
https://www.ispor.org/heor-resources/presentations-database/search
https://htai.org/annual-meetings/
https://htai.org/wp-content/uploads/2021/06/HTAi_AM21_Full-Program.pdf
https://htai.eventsair.com/htaibeijing2020
https://htai.org/wp-content/uploads/2019/08/htai_AM19_abstracts_20190812.pdf

thora

artificial int

learning

neural nothing relevant found

Total documents retrieved: 1

SPIE Proceedings (via SPIE Digital Library https://www.spiedigitallibrary.org/)

Date searched: 26/01/22
Advanced search screen; search in: Proceedings

("lung cancer" OR "pulmonary nodule") AND ("artificial intelligence" OR "machine learning"

OR "deep learning" OR "neural network") AND (screening OR tomography OR CT OR
LDCT)
Refine by: Year 2012-2022

285 results; of which 14 potentially relevant and not already identified via the bibliographic
database searches

Annual International Conference of the IEEE Engineering in Medicine & Biology
Society (via IEEE Xplore)

Date searched: 27/01/22
Command search screen: https://ieeexplore.ieee.org/search/advanced/command

"Parent Publication Number":1000269 AND ((lung OR pulmonary) NEAR/3 (hodule OR
cancer OR neoplas* OR tumor OR tumour OR carcinoma OR malignan* OR
adenocarcinoma)) AND (ai OR ((artificial OR machine OR deep) NEAR/5 (intelligence OR
learning OR reasoning)) OR "neural network" OR "neural networks" OR convolutional OR
CNN OR CNNs OR (("computer aided" OR "computer assisted") NEAR/1 (diagnosis OR
detection)) OR "support vector machine*' OR "random forest*" OR "black box learning")
AND (tomograph* OR CT OR LDCT OR screening)

14 results; of which 13 already identified via the bibliographic database searches
1 paper downloaded

European Congress of Radiology (via European Society of Radiology website
https://lwww.myesr.org/congress/about-ecr/past-congresses)

Date searched: 31/1/22

ECR 2021. Abstract book available at:
https://insightsimaging.springeropen.com/track/pdf/10.1186/s13244-021-01014-5.pdf
ECR 2020. Abstract book available at:
https://insightsimaging.springeropen.com/track/pdf/10.1186/s13244-020-00851-0.pdf
ECR 2019. Abstract book available at:
https://insightsimaging.springeropen.com/track/pdf/10.1186/s13244-019-0713-y.pdf
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https://www.spiedigitallibrary.org/
https://ieeexplore.ieee.org/search/advanced/command
https://www.myesr.org/congress/about-ecr/past-congresses
https://insightsimaging.springeropen.com/track/pdf/10.1186/s13244-021-01014-5.pdf
https://insightsimaging.springeropen.com/track/pdf/10.1186/s13244-020-00851-0.pdf
https://insightsimaging.springeropen.com/track/pdf/10.1186/s13244-019-0713-y.pdf

ECR 2018. Abstract book available at: https://link.springer.com/article/10.1007/s13244-018-
0603-8

ECR 2017. Abstract book available at:
https://insightsimaging.springeropen.com/track/pdf/10.1007/s13244-017-0546-5.pdf

ECR 2016. Abstract book B - Scientific Sessions and Clinical Trials in Radiology, available
at: https://link.springer.com/content/pdf/10.1007/s13244-016-0475-8.pdf

ECR 2015. Abstract book B - Scientific Sessions and Late-Breaking Clinical Trials, available
at: https://link.springer.com/content/pdf/10.1007/s13244-015-0387-z.pdf

ECR 2014. Abstract book B - Scientific Sessions, available at;
https://link.springer.com/content/pdf/10.1007/s13244-014-0317-5.pdf

Searched (Ctrl + F) for:
lung ca

lung nod

pulmonary nod
artificial int

machine learning

deep learning

neural net

Number of abstracts downloaded (potentially relevant to Al + CT/screening + lung
cancer/nodules; obvious phantom studies, prediction models and PET-CT excluded):
2021: 5

2020: 17

2019: 19

2018: 4

2017:
2016:
2015:
2014
Total: 52 (0 already identified via other searches)

P WwR N

Radiological Society of North America annual meetings (via RSNA website:
https://lwww.rsna.org/annual-meeting/future-and-past-meetings )

Date searched: 01/02/22

RSNA 2020 meeting program available at: https://www.rsna.org/-/media/Files/RSNA/Annual-
meeting/Program/RSNA-2020-program.ashx
posters: unable to access posters without an RSNA members' login

RSNA 2019

scientific sessions available at: https://archive.rsna.org/2019/ScienceSessions.pdf
posters: a list of titles is available, but no abstracts/further details accessible without an
RSNA members' login

RSNA 2018:

scientific sessions available at: https://archive.rsna.org/2018/ScienceSessions.pdf
posters and exhibits available at: https://archive.rsna.org/2018/PostersandExhibits. pdf
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https://link.springer.com/article/10.1007/s13244-018-0603-8
https://link.springer.com/article/10.1007/s13244-018-0603-8
https://insightsimaging.springeropen.com/track/pdf/10.1007/s13244-017-0546-5.pdf
https://link.springer.com/content/pdf/10.1007/s13244-016-0475-8.pdf
https://link.springer.com/content/pdf/10.1007/s13244-015-0387-z.pdf
https://link.springer.com/content/pdf/10.1007/s13244-014-0317-5.pdf
https://www.rsna.org/annual-meeting/future-and-past-meetings
https://www.rsna.org/-/media/Files/RSNA/Annual-meeting/Program/RSNA-2020-program.ashx
https://www.rsna.org/-/media/Files/RSNA/Annual-meeting/Program/RSNA-2020-program.ashx
https://archive.rsna.org/2019/ScienceSessions.pdf
https://archive.rsna.org/2018/ScienceSessions.pdf
https://archive.rsna.org/2018/PostersandExhibits.pdf

RSNA 2016 meeting program available at:
scientific sessions available at: https://archive.rsna.org/2016/ScienceSessions.pdf
posters and exhibits available at: https://archive.rsna.org/2016/PostersandExhibits. pdf

Searched (Ctrl + F) within documents for:

lung ca

lung nod

pulmonary nod

artificial int

machine learning

neural net

deep learning [except in 2019 & 2018 Scientific Sessions, where there were too many
(200+) results to scan]

RSNA 2017:

No PDF documents available.

Meeting program available at: http://rsna2017.rsna.org/program/index.cfm
Searched for:

lung cancer
pulmonary nodule
pulmonary nodules
lung nodule

lung nodules
artificial intelligence
machine learning

Number of abstracts downloaded (potentially relevant to Al + CT/screening + lung
cancer/nodules; obvious phantom studies, prediction models and PET-CT excluded):
2020: 2

2019: 17

2018: 17

2017: 14

2016: 5

Total: 55

U.S. Food & Drug Administration (FDA) Premarket Notification, Premarket Approval &
De novo databases (via FDA website)

Date searched: 14/02/22
Search interfaces:

e Premarket Approval (PMA) database, 'Device’ field
https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfPMA/pma.cfm

e 510(k) Premarket Notification database, 'Device Name' field
https://lwww.accessdata.fda.gov/scripts/cdrh/cfdocs/cfPMN/pmn.cfm

e Device Classification Under Section 513(f)(2)(De Novo) database, ‘device name’
field https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfPMN/denovo.cfm
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https://archive.rsna.org/2016/ScienceSessions.pdf
https://archive.rsna.org/2016/PostersandExhibits.pdf
http://rsna2017.rsna.org/program/index.cfm
https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfPMA/pma.cfm
https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfPMN/pmn.cfm
https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfPMN/denovo.cfm

Search terms | PMA 510(k) De novo Documents
database | database | database downloaded (judged to
results results results contain potentially

useful/relevant
information not already
identified in previous
sets)

ai rad 0 7 0 1

companion

aview Ics 0 1 0 1

clearread 1 2 0 1

contextflow 0 0 0

search lung 0 0 0

inferread 0 2 0 1

jld-01k 0 0 0

lung Al 0 3 0

lung nodule 0 4 0

qct lung 0 1 0

search lung 0 0 0

sensecare 0 0 0

veolity 0 1 0 1

veye 0 0 0

vuno 0 0 0

Total: 5

Websites relating to the technologies of interest/their manufacturers
Dates searched: 15-16/02/22

Al-Rad Companion Chest CT / Siemens Healthineers
https://www.siemens-healthineers.com/ searched for 'Al-Rad Companion'.

Downloaded 1 'White paper' and checked its references (all potentially relevant references
already identified via database searches).

AVIEW LCS+ / Coreline Soft. Browsed:
https://www.corelinesoft.com/aview-Ics-2/aview-Ics-plus/
https://www.corelinesoft.com/aview-lcs-2/
https://www.corelinesoft.com/newsroom-eng/

0 documents to download

ClearRead CT / Riverain Technologies
https://www.riveraintech.com/clearread-ai-solutions/clearread-ct/ 1 reference on page,
already identified via database searches

https://www.riveraintech.com/resources/clinical-evidence/#clearread-ct-studies links to 5
papers, of which 1 not already found via database searches; 1 downloaded (Van Leeuwen
2021)

SEARCH Lung CT / contextflow
https://contextflow.com/solution/search-for-3d-medical-imaging/ 0 to download
https://contextflow.com/startup-news/ 1 press release mentions not-yet-published study
and 1 video presentation about the same study.
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https://www.siemens-healthineers.com/
https://www.corelinesoft.com/aview-lcs-2/aview-lcs-plus/
https://www.corelinesoft.com/aview-lcs-2/
https://www.corelinesoft.com/newsroom-eng/
https://www.riveraintech.com/clearread-ai-solutions/clearread-ct/
https://www.riveraintech.com/resources/clinical-evidence/#clearread-ct-studies
https://contextflow.com/solution/search-for-3d-medical-imaging/
https://contextflow.com/startup-news/

InferRead CT Lung / Infervision. Browsed:
https://global.infervision.com/product/19/
https://global.infervision.com/news/5/
https://global.infervision.com/news/6/

0 documents to download

JLD-01K / JLK Inc
https://www.jlkgroup.com/en/medihub.html 0 documents to download

Lung Al / Arterys

https://www.arterys.com/clinicalapp/lungapp - references 'Arterys Lung Al Nodule Detection
study - University of California, San Diego' — unable to find this via Google search
https://www.arterys.com/clinical-evidence - nothing on Lung Al; O documents to download

Lung Nodule Al / Fujifilm. Browsed:
https://www.fujifilm.com/uk/en/healthcare/healthcare-it
https://synapse.fujifiim.eu/ai-lab/#(grid|filter)=.radiology;
0 documents to download

gCT-Lung / Qure.ai. Browsed:
https://qure.ai/product/qct-lung/
https://qure.ai/evidences/

0 documents to download

SenseCare-Lung Pro / Sensetime. Browsed:
https://www.sensetime.com/en/product-detail?categoryld=32629
https://www.sensetime.com/en/news-index

0 documents to download

MeVis / Veolity. Browsed
https://www.veolity.com/
https://www.veolity.com/news-events
0 documents to download

Aidence / Veye Lung Nodules

https://www.aidence.com/veye-lung-nodules/
https://www.aidence.com/development-clinical-validation/ 2 conference posters and 1
unpublished manuscript downloaded

https://www.aidence.com/clinical-research/ 5 articles/reports, of which 1 CQC report not
identified via previous searches; 1 document downloaded
https://www.aidence.com/resources/

https://www.aidence.com/articles/ 6 articles downloaded (including 3 from an external site,
2 of which are in Dutch)

VUNO Med-LungCT Al / VUNO

https://www.vuno.co/en/lung

https://www.vuno.co/en/publication/lists/medical_image 10 articles/abstracts of potential
interest, of which 2 RSNA abstracts not already identified via other searches; 2 downloaded

19


https://global.infervision.com/product/19/
https://global.infervision.com/news/5/
https://global.infervision.com/news/6/
https://www.jlkgroup.com/en/medihub.html
https://www.arterys.com/clinicalapp/lungapp
https://www.arterys.com/clinical-evidence
https://www.fujifilm.com/uk/en/healthcare/healthcare-it
https://synapse.fujifilm.eu/ai-lab/#(grid|filter)=.radiology
https://qure.ai/product/qct-lung/
https://qure.ai/evidences/
https://www.sensetime.com/en/product-detail?categoryId=32629
https://www.sensetime.com/en/news-index
https://www.veolity.com/
https://www.veolity.com/news-events
https://www.aidence.com/veye-lung-nodules/
https://www.aidence.com/development-clinical-validation/
https://www.aidence.com/clinical-research/
https://www.aidence.com/resources/
https://www.aidence.com/articles/
https://www.vuno.co/en/lung
https://www.vuno.co/en/publication/lists/medical_image

Supplementary material 2: Data extraction form

EVIDENCE ID

|STUDY NAME (Author Year)

PATIENT SAMPLING ITEMS.

|1 Review question relevance
- Q1: Test accuracy and other
lintermediate outcomes

|- Q2: Cinical effectiveness

- Q3: Cost effectiveness

|42 Relevant outcomes for DAR

143 study design
(and description of groups
labelled (1] (2] ..)

|44 aim of the study

|45 study type
11) Stand-alone software
|compared to nothing.

12) Stand-alone software
|compared to human

13) Software-assisted reader
|compared to unassisted reader
14) Software-assisted reader
|compared to nothing.

|5) Software use in pathway

|46 Comparative study design:
1) Fully Paired

|2) Randomized

[3) Partially paired with random

lsubset
|4) Partially paired with
Inonrandom subset

|5) Unpaired nonrandomized

16) Other (please describe)

|47 Method of participant / T
limage sefection

- sou

|- Consecutive, random, selected
(e. enriched), uniear

|48 were cases recruited
lprospectively or
retrospectively?
149 Sample size

|a20 inclusion criteria

|11 Exctusion criteria

(412 Study flow

- Screened for efgibity

- Figible

- Not eligile (with reasons)

|- Included in study/test set

|- Excluded from study/test set
(with reasons)

- Included in analysis

| Excluded from analysis (with
|reasons)

[A13 Comment

81 setting.

82 Location (include name of
institution if availabe]

EXTRACTOR !
[PATIENT CHARACTERISTICS
AND SETTING ITEMS
i«
e)

87 CTimage acquisition
Scanner

C1 index test mode, e.g.
[A] Stand-alone Al

[8] 2nd read CAD

[[€] Concurrent CAD.

€2 Al name and version/date

€3 Manufacturer and country

Ca Commercially available / CE
mark

€5 Al algorithm details

C6 Al trining and tuning.
details

€7 Software functionality:

C8 Al software settings
threshold)

€9 Reader details (number,
(general or thoracic radiologist
(or other, experience, location)

test (reader study, dinical

€12 Method for nodule
composition/type

ossisted reader (e.g. prior CT
scans, family histo

\any index/comparator tests

D1 Reader details (number,

\general or thoracic radiologist
r other, experience) (continue

labelling with [D], [€]... as

appropriate)

D2 Reading conditions (reader

Istudy, clinical practice, other

i)

D3 Method of nodule detection

D4 Method of nodule
composition/type

D4 Method of nodule size:
imeasurement (segmentation,
volume, diameter)

DS Method of nodule growth
rate

106 Blinded to reference
Istandard

D7 Blinded to the results of any.
(other index tests/comparator
tests

D8 Threshold pre-specified

investigation)
D11 Comments

REFERENCE STANDARD ITEMS

1 Reference standard -
General approach

E2 Reference standard for
Inodule detection

€3 Reference standard for
i malignant nodules

E4 Reference standard for
benign nodules

5 Reference standard for
nodule composition/type

E6 Reference standard for
Inodule segmentation and size

€7 Reference standard for
nodule growth rate.

€8 Wos it blind to index
test/comparator test
€9 Did it incorporate index

o

F1 What was the time interval
|between index and reference.
tests?

F2 id all patients receive the
same reference standard

F3 Was the reference standord
chosen based on only one of
the index/comparator tests?

F4 Missing data

5 Uninterpretable results

F6 Indeterminate results

F7 Statistical analysis

NOTES items.

G1: Funding

(G2: Publication status

G4: Author CO! (including any.
manufocturer offliations)

g
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Supplementary material 3: QUADAS-2 and QUADAS-C tailored to the review question, with guidance notes

First author surname and year of publication:

Name of first reviewer: Name of second reviewer:

Phase 1: State the review question:

Question 1) What is the accuracy of CT image analysis assisted by software for automated detection and analysis of lung nodules in

people undergoing CT scans?

Patients (setting, intended use of index test, presentation, prior testing):

People who have no confirmed lung nodules or lung cancer and who are not having staging investigations or follow-up imaging for primary cancer elsewhere in the body, who
have a CT scan that includes the chest:

o for reasons unrelated to suspicion of lung cancer (incidental population);
o because of signs or symptoms suggestive of lung cancer (symptomatic population);
. as part of lung cancer screening (screening population);

People having CT surveillance for a previously identified lung nodule (surveillance population).

Index test(s) (including human comparators):

e (T scan review by
o Index test [A]: any of the specified software alone;
o Index test [B]: a radiologist or another healthcare professional using any of the specified software as 2™ reader;
o Index test [C]: a radiologist or another healthcare professional with concurrent use of any of the specified software;
o Index test [D]: a radiologist or another healthcare professional without software assistance.

Reference standard and target condition:

e Target condition: Lung cancer (or lung nodules)

e Reference standard for nodule detection and nodule type: Experienced chest radiologist reading (single reader or consensus/majority reading of more than one
reader).

e Reference standard for nodule size measurement and nodule growth assessment: Experienced radiologist reading (single reader or consensus/mean size or mean
growth rate) or measurement of nodules after excision.

e  Reference standard for malignant/benign nodules:

Malignant: Histological analysis of lung biopsy or health record review;
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Benign: CT surveillance (imaging follow-up) without significant growth, follow-up without diagnosis of lung cancer.

Comparative review question (only fill this part for comparative diagnostic accuracy studies with at least 2 index tests, add more rows for index tests if needed)

Patients:

Index test [A] (stand-alone software)

Index test [B] (second-read CAD)

Index test [C] (concurrent CAD)

Index test [D] (human reader without software)

Reference standard and target condition:

Comparative study design

Which of the following study designs does the
primary study most strongly resemble?

#1 Fully Paired

#2 Randomized

#3 Partially paired with random subset

#4 Partially paired with nonrandom subset
#5 Unpaired nonrandomized

Other (please describe the study design):

#1 If participants receiving index test [A] and index test [B] are identical (all participants
receive all index test).

#2 If each participant is randomized to receive either one index test or the other.

#3 If participants are randomly selected either to receive one index test or to undergo both
index tests.

#4 If a nonrandom mechanism is used to decide whether participants receive one or both
index tests.

#5 If participants receive only one of the index tests without randomization.

Other (please describe study design)
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Phase 2: Draw a flow diagram for the primary study (adapt template below or copy from paper)

Screened for eligibility

A 4

Eligible

N =

\ 4

Not eligible (with reasons):

N =

Included in study/test set

N =

\ 4

Excluded from study/test set (with reasons):

N:

A\ 4

Included in analyses

N =

\ 4

Excluded from analyses (with reasons):

N =
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Phase 3: Risk of bias and applicability judgments

QUADAS-2 is structured so that 4 key domains are each rated in terms of the risk of bias and the concern regarding applicability to the research question (as defined above).
Each key domain has a set of signalling questions to help reach the judgments regarding bias and applicability.

DOMAIN 1: PATIENT SELECTION
A. Risk of Bias

Describe methods of patient selection:

Single test accuracy | Answers for Answers for Answers for Answers for Guidance
(QUADAS-2) Index test [A] | Indextest [B] | Index test [C] Index test [D]
1.1Wasa Yes Yes Yes Yes Consecutive (e.g. ALL patients in a certain time period) or random sampling — yes.
consecutive or No No No No If not stated — unclear.
random sample of Unclear Unclear Unclear Unclear Other studies (selected or enriched sample) — no.
patients enrolled? NA NA NA NA
1.2 Was a case- Yes Yes Yes Yes Studies with single set of inclusion criteria for study admission (1-gate); can be prospective
control design No No No No or retrospective sampling — yes.
avoided? Unclear Unclear Unclear Unclear If not stated — unclear.
NA NA NA NA . . . . . A
Studies with separate sampling schemes for diseased (cases) and non-diseased individuals
(controls) (2-gate), e.g. if the samples are selected according to knowing whether people
do or do not have lung nodules or lung cancer — no.
1.3 Did the study Yes Yes Yes Yes Use this to flag up that groups of people / CT images were systematically excluded who
avoid inappropriate | No No No No should not have been as their exclusion narrows the spectrum of diseased or non-diseased
exclusions? Unclear Unclear Unclear Unclear (e.g. exclusion of ‘easy to diagnose’ or ‘difficult to diagnose’ patients).
NA NA NA NA

Systematic exclusion of CT images that could not be processed by the software (e.g.
segmentation failures), even if reported in the paper as ‘Exclusions from the study’, should
be ignored in this domain but scored in the ‘Flow & timing’ domain.

If nothing is said and consecutive or random sampling — yes.

If non-consecutive sampling issue and nothing said — unclear.

Exclusions by nodule number per image or unjustified (not based on management
guidelines or minimal software manufacturer threshold) exclusion of certain nodule sizes)
-no.
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Systematic exclusion of patients with other non-nodule related lung pathology that can
mimic or mask lung nodules (‘difficult to read’ CT images; e.g. severe pulmonary fibrosis,
diffuse bronchiectasis, extensive inflammatory consolidation, pneumothorax, and massive
pleural effusion) — no.
Systematic exclusion of ‘easy to read’ CT images (e.g. patients without other, non-nodule
related lung conditions). — no.

1.4 Were the Yes Yes Yes Yes For test set studies, this translates as “Has the test set been clearly described as an external

people/CT images No No No No (geographically) validation set?”

included in the study | Unclear Unclear Unclear Unclear Any internal validation (e.g. split sample, cross-validation) or temporal validation — no.

independent of NA NA NA NA . - .

those used to train No details stated a-bout tf-1e ttjalnlng set and tuning set - unclea.r. .

the Al algorithm? External geographical validation (Test set was sample from a different centre; can be in
another country or the same country) —yes.
For index test [D] without Al software involvement — NA.
For prospective applied studies in a clinical context:
If the study is located at different centre(s) to those who provided CT images used to train
and tune the Al algorithm —yes.
If not stated — unclear.
If there is any overlap in patients or CT images — no.
For index test [D] without Al software involvement — NA.

1.5 Could the RISK: RISK: RISK: RISK: All signalling questions answered with ‘yes’ —LOW.

selection of patients | LOW LOW LOW LOW At least one signalling question answered with ‘no’ — HIGH.

have introduced HIGH HIGH HIGH HIGH Only ‘yes’ and ‘unclear’ answers — UNCLEAR.

bias? UNCLEAR UNCLEAR UNCLEAR UNCLEAR

(Score HIGH if 'no’to | NA NA NA NA

any question.)

Comparative Answers for the test Guidance

accuracy comparison

(QUADAS-C)

C1.1 Was therisk of | Yes ‘yes’ if the risk of bias judgment for single test accuracy (question 1.5 in QUADAS-2) was ‘low’ for each index test.

bias for each index No

test judged ‘low’ for

this domain?

C1.2 Was a fully Yes ‘yes’ if one of the following methods was used for allocating patients to index tests:

paired or No (1) each patient receiving all of the index tests (fully paired design) or

randomized design Unclear (2) random allocation of patients to one of the index tests (randomized design).

used?
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C1.3 Was the Yes Only applicable to randomized designs
allocation sequence | No ‘yves’ if the study generated a truly random allocation sequence, for example, computer-generated random numbers and
random? Unclear random number tables.
NA
C1.4 Was the Yes Only applicable to randomized designs
allocation sequence | No ‘ves’ if the study used appropriate methods to conceal allocation, such as central randomization schemes and opaque
concealed until Unclear sealed envelopes.
patients were NA
enrolled and
assigned to index
tests?
C1.5 Could the RISK: Risk of bias can be judged ‘low’ if questions C1.1 to C1.4 were answered ‘yes’ (questions C1.3 and C1.4 are only applicable
selection of patients | LOW to randomized designs).
have introduced HIGH If at least one question was answered ‘no’, users should consider a ‘high risk of bias’ judgment if the bias associated with
bias in the UNCLEAR the design feature is of such concern that the entire domain is deemed problematic.
comparison? If C1.2 was answered ‘no’, strongly consider ‘high risk of bias’.

B. Concerns regarding applicability

Describe included patients (prior testing, presentation, intended use of index test and setting):

Single test accuracy
(QUADAS-2)

Answers for
Index test [A]

Answers for
Index test [B]

Answers for
Index test [C]

Answers for
Index test [D]

Guidance

Please fill in one of the following fou

r rows based on the assessed population (Incidental, Symptomatic, Screening, Surveillance)

Is there concern
that the included
patients
(SCREENING) do not
match the review
question?

CONCERN:
LOW

HIGH
UNCLEAR
NA

CONCERN:
LOW

HIGH
UNCLEAR
NA

CONCERN:
LOW

HIGH
UNCLEAR
NA

CONCERN:
LOW

HIGH
UNCLEAR
NA

High concerns if:
- Not a consecutive or random sample of patients / CT images;

- Enriched sample (e.g. in-/exclusion by nodule number, nodule type and nodule size,
respectively);

- Age not between 50-75 years;

- Not at high risk for lung cancer (e.g. current or former smokers, identified by
guestionnaire or other risk prediction model);

- Patients not representative of European screening population (study not
performed in a European country);

- >10% of included people have a different indication for the CT scan than lung
cancer screening;
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CT image acquisition details different to European practice for a screening
population (UK practice: slice thickness <2.0mm, low dose [<2 less mSV per scan], no
contrast).

DOMAIN 2: INDEX TEST(S)

If more than one index test (e.g. different functions of the software) or a human comparator was used, please complete for each test.

A. Risk of Bias

Describe the index test and how it was conducted and interpreted:

Single test accuracy Answers for Answers for Answers for Answers for Guidance

(QUADAS-2) Index test [A] Index test [B] Index test [C] Index test [D]

2.1 Were the index test Yes Yes Yes Yes [A] For index tests where Al software is used standalone (without any human

results interpreted No No No No element):

without knowledge of the | Unclear Unclear Unclear Unclear - Al system has not previously been trained on these CT images or learned from these
results of the reference NA NA NA NA

standard?

(Requires no repeated
application of Al to any of
the same CT images, or
use of the same CT
images or images from
the same patients for
training)

CT images or other CT images from the same patients — yes.

- If data from the same dataset was used for training/tuning the software — no.

- If repeat use of the same CT images or other CT images from the same patients
within the same or previous studies — no (unless explicit that the Al algorithm was
pre-set and did not change upon repeat use, and the study did not select one of
several Al systems based on use with the same cases).

- If nothing is said about training/tuning — unclear.

- If not explicit that there has been no repeat use within the same or previous studies
—unclear.

[B] [C] [D] For index tests where a human is involved (either unassisted human read

comparator, software-assisted human readers e.g. second-read CAD or concurrent
CAD):
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- Requires clear statement of blinding, or clear temporal relationships where the
human read occurred before the reference standard —yes.

- If nothing is said and no clear temporal relationship — unclear.

- If clearly unblinded — no.

2.2 If a threshold was Yes Yes Yes Yes [A] If the Al software threshold was pre-set by company or clearly pre-specified in
used, was it pre- No No No No methods (e.g. sensitivity and/or FP rate threshold or nodule size threshold) — yes.
specified? Unclear Unclear Unclear Unclear If Al software threshold clearly not pre-set by company or pre-specified in methods —
NA NA NA NA no.
Using sensitivity / specificity of the unaided reader as benchmark using the same
dataset — no.
Reporting Al software performance at various threshold settings or in a ROC curve —
no.
If nothing is said — unclear.
No threshold used — NA.
[B] [C] [D] Unaided or software-assisted human readers detecting nodules:
Use of a pre-specified nodule size or volume threshold —yes.
If a threshold is used but it is unclear if it was pre-specified — unclear.
Nodule size or volume threshold not pre-specified — no.
No threshold used — NA.
2.3 Where human readers | Yes Yes Yes Yes This question has been added.
are part of the test, were No No No No [A] NA
their decisions made in a Unclear Unclear Unclear Unclear [B] [C] [D] If the readers made decisions in the clinical context, and those decisions were
c.IinicaI practice context? NA NA NA NA used to decide whether to discharge or recall patients (either prospectively as part of a
(i.e. avoidance of the ] . ) ] o .
laboratory effect) trial or test accuracy study or retrospective studies using the original decision) — yes.
If readers examined a test set (of any prevalence) outside clinical practice, or any other
context likely to result in the laboratory effect (that their reading result is not influencing a
patient's diagnosis) — no.
2.4 Could the conduct or RISK: RISK: RISK: RISK: All signalling questions answered with ‘yes’ — LOW.
interpretation of the LOw LOW LOW Low At least one signalling question answered with ‘no’ —HIGH
index test have HIGH HIGH HIGH HIGH Only ‘yes’ and ‘unclear’ answers — UNCLEAR.
introduced bias? UNCLEAR UNCLEAR UNCLEAR UNCLEAR
NA NA NA NA
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Comparative accuracy
(QUADAS-C)

Answers for the test comparison

Guidance

C2.1 Was the risk of bias | Yes ‘yes’ if the risk of bias judgment for single test accuracy (question 2.5 in QUADAS-2) was ‘low’ for each
for each index test No index test.

judged ‘low’ for this

domain?

C2.2 Were the index test | Yes Only applicable if patients received multiple index tests (fully or partially paired designs)

results interpreted No ‘ves’ if index test [A] was interpreted blind to the results of index test [B] and vice versa.

without knowledge of Unclear Blinding is not necessary if none of the index tests involve subjective interpretation.

the results of the other NA

index test(s)?

C2.3 Is undergoing one Yes Only applicable if patients received multiple index tests (fully or partially paired designs)

index test unlikely to No ‘ves’ if one index test cannot influence or interfere with the results of subsequently performed index
affect the performance Unclear test(s).

of the other index NA Examples of such influence or interference include distortion of sampling area (biopsies) and patient
test(s)? fatigue (questionnaires).

C2.4 Were the index Yes ‘ves’ if there were no differences in the conduct and interpretation between the index tests that may
tests conducted and No unfairly benefit one of the tests. An example of such a difference is when index test A was performed
interpreted without by an expert and index test B by a nonexpert.

advantaging one of the Unclear Differences between tests that reflect clinical practice may be acceptable, in which case ‘yes’ is
tests? appropriate.

C2.5 Could the conduct RISK: Risk of bias can be judged ‘low’ if signaling questions C2.1 to C2.4 were answered ‘yes’ (C2.2 and C2.3
or interpretation of the Low are only applicable to fully or partially paired designs).

index tests have HIGH If at least one question was answered ‘no’, users should consider a ‘high risk of bias’ judgment if the
introduced bias in the UNCLEAR bias associated with the design feature is of such concern that the entire domain is deemed

comparison?
(Score HIGH if ‘no’ to any
question.)

problematic.

B. concerns regarding applicability

Single test accuracy Answers for Answers for Answers for Answers for Guidance

(QUADAS-2) Index test [A] Index test [B] Index test [C] Index test [D]

Is there concern that the | CONCERN: CONCERN: CONCERN: CONCERN: High concerns if:

index test(s) or LOwW LOwW LOwW LOow For all functionalities:

comparator, its conduct, | HIGH HIGH HIGH HIGH - [A] [B] [C] Any prototype versions that did not later become the commercially
or interpretation differ UNCLEAR UNCLEAR UNCLEAR UNCLEAR available version (e.g. applicability not confirmed by the company).

from the review NA NA NA NA

question?

- Integration of software into pathway not applicable to UK or EU
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(e.g. standalone Al performance [A] instead of concurrent [C] or second-read [B] CAD;
for [B] and [C] — more than 1 human reader involved per read);

- Human comparator [D] not applicable to UK or European practice (e.g. human
double reading instead of single human reader);

- Human reader’s experience and/or specialty not representative of UK or
European clinical practice (The training for radiologists is 5 years. After that
time they are considered “fully trained”.) for this target population;

- [B] [C] [D] Reader had no access to maximum intensity projections (MIP)
and/or multiplanar reformations (MPR).

Nodule detection:
- Study did not use a pre-specified nodule size threshold similar to the UK 2015

BTS guidelines (i.e. 25mm maximum axial diameter or 280mm?3), Lung-RADS or
the European Position Statement (EUPS) (i.e. >5mm diameter or >100mm?3).
- [A] CAD false positive rate set to >2 per case.

Nodule type determination:
- Other nodule types used than in the UK BTS guidelines, Lung-RADS or the

European Position Statement (EUPS) (nodule type should be classified as solid,
part-solid or pure ground glass nodules).

Nodule size measurement (volume/diameter):
- Nodules should be measured using semi-automated volumetry. Where

volumetry segmentation is not possible or judged to be inaccurate, maximal

axial manual diameter measurements should be recorded, excluding any
spiculation. Manual adjustment of volumetric analysis should be avoided as
this may introduce unquantified variability.

DOMAIN 3: REFERENCE STANDARD
A. Risk of Bias

Describe the reference standard and how it was conducted and interpreted:

Answers for
Index test [C]

Answers for
Index test [B]

Answers for
Index test [A]

Single test accuracy
(QUADAS-2)

Answers for
Index test [D]

Guidance
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3.11s the reference Yes Yes Yes Yes Lung cancer:

stant;lard likely to correctly No No No No Histopathology after biopsy/excision — yes.

classify the target Medical records — no.

condition? Unclear Unclear Unclear Unclear

NA NA NA NA Benign nodules:

Histopathology after biopsy/excision;
For solid nodules: CT surveillance for at least 2 years with stable diameter or stable (or
VDT>600 days) after 1 year on volumetry;
For subsolid nodules: resolved at CT scan after 3 months or CT surveillance for at least 4
years without growth or altered morphology;
At least 2 year follow-up without lung cancer diagnosis — yes.
Nodule detection / nodule type / nodule pairs;
No reference standard in in vivo studies: will accept majority or consensus reading of
(at least) 3 experienced thoracic — yes.
Less than 3 experienced thoracic radiologist — no.
Nodule size:
Measurement of nodule size after nodule excision or consensus/average size
measurement of (at least) 3 experienced thoracic radiologists — yes.

3.2 Were the reference Yes Yes Yes Yes Malignant / benign nodules:

standard results interpreted No No No No For retrospective studies if the original human reader is used as comparator test — no.

without knowledge of the For prospective studies if the investigators did not blind the clinicians undertaking the

results of the index test? Unclear Unclear Unclear Unclear follow up tests to which index test examined the CT images - no.

NA NA NA NA For retrospective studies where readers read CT scans prospectively (reader study) —

yes.
Nodule detection / nodule type / nodule pairs / nodule size:
If the reference standard reader(s) performed their read prior to the index test(s) —
yes.
If reference standard reader(s) are blinded to Al and human reader results — yes.
If reference standard reader(s) are part of the index test(s) or not blinded to index test
markings / decisions — no.

3.3 Could the reference RISK: RISK: RISK: RISK: All signalling questions answered with ‘yes’ — LOW.

standard, its conduct, or its LOW LOW LOow LOW At least one signalling question answered with ‘no” — HIGH.
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interpretation have HIGH HIGH HIGH HIGH Only ‘yes’ and ‘unclear’ answers — UNCLEAR.
introduced bias? UNCLEAR UNCLEAR UNCLEAR UNCLEAR
NA NA NA NA

Comparative accuracy Answers for the test Guidance
(QUADAS-C) comparison
C3.1 Was the risk of bias for | Yes ‘yes’ if the risk of bias judgment for single test accuracy (question 3.3 in QUADAS-2) was ‘low’ for each index test.
each index test judged ‘low’ No
for this domain?
C3.2 Did the reference Yes ‘Incorporation” means that an index test is part of the reference standard. This question is not about whether the
standard avoid No reference standard results were interpreted without knowledge of the index test results.
incorporating any of the ‘ves’ if none of the index tests were part of the reference standard. Note that this issue is different from blinding
index tests? Unclear (signaling question 3.2 in QUADAS-2).
C3.3 Could the reference RISK: Risk of bias can be judged ‘low’ if signaling questions C3.1 and C3.2 were answered ‘yes’. If at least one question was
standard, its conduct, orits | LOW answered ‘no’, users should consider a ‘high risk of bias’ judgment if the bias associated with the design feature is of
interpretation have HIGH such concern that the entire domain is deemed problematic.
introduced bias in the UNCLEAR
comparison?

B. Concerns regarding applicability
Single test accuracy Answers for Answers for Answers for Answers for Guidance
(QUADAS-2) Index test [A] | Index test [B] | Index test [C] | Index test [D]
Is there concern that the CONCERN: CONCERN: CONCERN: CONCERN: High concerns if:
target condition as defined LOW LOW LOwW LOW Malignant/benign nodules:
by the reference standard HIGH HIGH HIGH HIGH - Different length of CT surveillance (e.g. solid nodules: <2 years with diameter
does not match the review | UNCLEAR UNCLEAR UNCLEAR UNCLEAR measurements or <1 year with volume measurements; non-resolved sub-solid
question? NA NA NA NA

nodules <4 years);

- Diagnosis of cancer not by pathology of biopsied/resected nodules;

- No follow-up for at least two years for patients with nodules who are not
receiving CT surveillance or biopsy/excision.

“Actionable” nodule present/absent:

- Different nodule size to BTS 2015 guideline definition (“actionable nodule” is 25 mm
maximum axial diameter or 280 mm?3), Lung-RADS or the European Position Statement
(EUPS) (i.e. >5mm diameter or 2100mm?).

Nodule type:
- Other types used than in the BTS 2015 guidelines, Lung-RADS or the European Position
Statement (EUPS) (nodule type should be classified as solid, part-solid or pure ground
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glass nodules).

Nodule size measurement (volume/diameter):
- Nodule size should be measured as volume or, if volumetry segmentation is not
possible, as maximum axial diameter.

Nodule pairs:
-NA

DOMAIN 4: FLOW AND TIMING
Risk of Bias

Describe any patients who did not receive the index test(s) and/or reference standard or who were excluded from the 2x2 table (refer to flow diagram):

Describe the time interval and any intervention between index tests(s) and reference standard:

Single test accuracy (QUADAS-2) | Answers for Answers for Answers for Answers for Guidance
Index test [A] | Index test [B] | Indextest[C] | Index test [D]
4.1 Did all patients receive a Yes Yes Yes Yes Malignant / benign nodules:
reference standard? No No No No If any patients who should have received a biopsy/resection, other follow-up
Unclear Unclear Unclear Unclear tests and/or CT surveillance after index test positive results did not receive one
NA NA NA NA .
or results were unavailable — no.
If index test negative patients were not followed up for at least one year
(pragmatic threshold) to confirm absence of lung cancer — no.
Nodule detection / nodule type / detection of nodule pairs:
If ALL CT images are assessed by expert reading as reference standard - yes.
4.2 Did all patients receive the Yes Yes Yes Yes Need to give separate answers for detection of lung cancer, nodule detection,
same reference standard? No No No No nodule composition or detection of nodule pairs.
Unclear Unclear Unclear Unclear
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NA NA NA NA For nodule detection, nodule composition, detection of nodule pairs:
If all CT images received the SAME reference standard (e.g. consensus expert
reading) - yes.
Malignant / benign nodules:
Usually NO — all studies will necessarily have differential verification, because not
all patients can or should be biopsied.
4.3 Were all patients included in Yes Yes Yes Yes If there were significant exclusions (>10%,; cut-off determined pragmatically) after
the analysis? No No No No the point of selecting the cohort, for example indeterminate results (e.g.
Unclear Unclear Unclear Unclear segmentation failures) or losses to follow up — no.
NA NA NA NA If the number of excluded CT images after the point of selecting the test set /
study sample is not reported — unclear.
If there were <10% of CT images excluded from the analyses — yes.
4.4 If there were exclusions from | Yes Yes Yes Yes This signalling question was added.
the analysis, has it been reported | No No No No If the number of CT images excluded due to software processing failures (e.g.
how many were due to software Unclear Unclear Unclear Unclear segmentation failures) has been reported — yes.
processing failures? NA NA NA NA If it is unclear if there were any exclusions from the analysis — unclear.
If the number of CT images excluded due to software processing failures (e.g.
segmentation failures) has not been reported — no.
Unaided readers [D] or no exclusions from the analysis — NA.
4.5 Could the patient flow have RISK: RISK: RISK: RISK: All signalling questions answered with ‘yes’ — LOW.
introduced bias? LOW LOW LOwW LOW At least one signalling question answered with ‘no’ — HIGH.
HIGH HIGH HIGH HIGH Only ‘yes’ and ‘unclear’ answers — UNCLEAR.
UNCLEAR UNCLEAR UNCLEAR UNCLEAR
NA NA NA NA
Comparative accuracy (QUADAS- | Answers for the test Guidance
Q) comparison
C4.1 Was the risk of bias for each | Yes ‘yes’ if the risk of bias judgment for single test accuracy (question 4.5 in QUADAS-2) was ‘low’ for each index test.
index test judged ‘low’ for this No
domain?
C4.2 Was there an appropriate Yes For many index tests, ‘appropriate’ would constitute performing the tests at the same time after patient
interval between the index tests? | No enrolment. This excludes the possibility of disease progression or change in patient management. Some index
Unclear tests have different ‘diagnostic windows’ and are ideally performed at different timepoints; subject-matter
expertise is required to determine this.
C4.3 Was the same reference Yes ‘yes’ if either (1) a single reference standard was used in all patients or (2) multiple reference standards were
standard used for all index tests? | No used (e.g., either surgery or follow-up) and these reference standards were the same for patients receiving index
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Unclear test [A] and patients receiving index test [B].
C4.4 Are the proportions and Yes Missing data occurs if test results are unavailable, invalid, inconclusive, or if patients are excluded from the
reasons for missing data similar No analysis.
across index tests? Unclear ‘ves’ if there is no missing data, or if the proportion and reasons for missing data are similar for index test [A] and

index test [B].

C4.5 Could the patient flow have | RISK: Risk of bias can be judged ‘low’ if signaling questions C4.1 to C4.4 were answered ‘yes’. If at least one question
introduced bias in the LOW was answered ‘no’, users should consider a ‘high risk of bias’ judgment if the bias associated with the design
comparison? HIGH feature is of such concern that the entire domain is deemed problematic.

UNCLEAR
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Supplementary material 4: PRISMA diagram. Summary of publications included and excluded at each stage of the review (original
searches / update searches)
NA, Not applicable; ND, Not done.

p

C

Identification of studies via databases and registers
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Records removed before
screening:
Duplicate records removed
(n=3,296/10,874)
Records marked as ineligible
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Records removed for other
reasons (ND / ND)
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Reference list screen (n = 149 / ND)
Forward citation tracking (n = 44 / ND)
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Publication type (n =5/ 28)
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Supplementary material 5: Publications and sub-studies excluded after review
of full-text articles

Key to reasons for exclusions and justifications

Population — >10% of CT images taken for reasons other than lung cancer screening; use
of chest phantoms; other image type than computed tomography (CT).

Intervention — Language processing tool; malignancy risk prediction; software not
commercially available; no CE mark by December 2021; software not Al-based; software

name unclear and no author reply;

Outcomes - No relevant outcomes reported; clinical trial register with no outcomes reported
yet.

Publication type — Conference abstract with no additional data reported to an already
included full journal paper; conference abstract without accompanying full journal article; no

primary research article (e.g. reviews, editorials).

Publication date — Records published prior 2012 excluded from the original searches;
records published prior 2022 were excluded from the update searches.

Language — Records not available in English language.
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Publications excluded with reasons

A. Publications excluded after review of full-text articles — Original electronic database searches (n=163)

Reference

Main reason for exclusion

Excluded on population: <90% screening LDCT (n=20)

1.

10.

11.

12.

13.

Abadia AF, Yacoub B, Stringer N, et al. Diagnostic Accuracy and Performance of Artificial Intelligence in Detecting Lung Nodules in Patients
With Complex Lung Disease: A Noninferiority Study. J Thorac Imaging 2021;12:12. doi: https://dx.doi.org/10.1097/RTI.0000000000000613
AhnY, Lee SM, Noh HN, et al. Use of a Commercially Available Deep Learning Algorithm to Measure the Solid Portions of Lung Cancer
Manifesting as Subsolid Lesions at CT: Comparisons with Radiologists and Invasive Component Size at Pathologic Examination. Radiology
2021;299(1):202-10. doi: https://dx.doi.org/10.1148/radiol.2021202803

Blazis SP, Dickerscheid DBM, Linsen PVM, et al. Effect of CT reconstruction settings on the performance of a deep learning based lung
nodule CAD system. Eur J Radiol 2021;136:109526. doi: https://dx.doi.org/10.1016/j.ejrad.2021.109526

Cohen JG, Kim H, Park SB, et al. Comparison of the effects of model-based iterative reconstruction and filtered back projection algorithms
on software measurements in pulmonary subsolid nodules. Eur Radiol 2017;27(8):3266-74. doi: https://dx.doi.org/10.1007/s00330-016-
4716-5

Kim H, Park CM, Hwang EJ, et al. Pulmonary subsolid nodules: value of semi-automatic measurement in diagnostic accuracy, diagnostic
reproducibility and nodule classification agreement. Eur Radiol 2018;28(5):2124-33. doi: https://dx.doi.org/10.1007/s00330-017-5171-7
Kozuka T, Matsukubo Y, Kadoba T, et al. Efficiency of a computer-aided diagnosis (CAD) system with deep learning in detection of
pulmonary nodules on 1-mme-thick images of computed tomography. Jpn J Radiol 2020;38(11):1052-61. doi:
https://dx.doi.org/10.1007/s11604-020-01009-0

Liu K, Li Q, Ma J, et al. Evaluating a Fully Automated Pulmonary Nodule Detection Approach and Its Impact on Radiologist Performance.
Radiol Artif Intell 2019;1(3):e180084. doi: https://dx.doi.org/10.1148/ryai.2019180084

Martini K, Bluthgen C, Eberhard M, et al. Impact of Vessel Suppressed-CT on Diagnostic Accuracy in Detection of Pulmonary Metastasis
and Reading Time. Acad Radiol 2021;28(7):988-94. doi: https://dx.doi.org/10.1016/j.acra.2020.01.014

Martins Jarnalo CO, Linsen PVM, Blazis SP, et al. Clinical evaluation of a deep-learning-based computer-aided detection system for the
detection of pulmonary nodules in a large teaching hospital. Clin Radiol 2021;76(11):838-45. doi:
https://dx.doi.org/10.1016/j.crad.2021.07.012

Meybaum C, Graff M, Fallenberg EM, et al. Contribution of CAD to the Sensitivity for Detecting Lung Metastases on Thin-Section CT - A
Prospective Study with Surgical and Histopathological Correlation. ROFO Fortschr Geb Rontgenstr Nuklearmed 2020;192(1):65-73. doi:
https://dx.doi.org/10.1055/a-0977-3453

Park S, Lee SM, Kim W, et al. Computer-aided Detection of Subsolid Nodules at Chest CT: Improved Performance with Deep Learning-
based CT Section Thickness Reduction. Radiology 2021;299(1):211-19. doi: https://dx.doi.org/10.1148/radiol.2021203387

Rueckel J, Sperl JI, Kaestle S, et al. Reduction of missed thoracic findings in emergency whole-body computed tomography using artificial
intelligence assistance. Quant 2021;11(6):2486-98. doi: https://dx.doi.org/10.21037/qims-20-1037

Shaffer K. Deep Learning and Lung Cancer: Al to Extract Information Hidden in Routine CT Scans. Radiology 2020;296(1):225-26. doi:
https://dx.doi.org/10.1148/radiol.2020201366

<90% screening LDCT

<90% screening LDCT

<90% screening LDCT

<90% screening LDCT

<90% screening LDCT

<90% screening LDCT

<90% screening LDCT
<90% screening LDCT

<90% screening LDCT

<90% screening LDCT

<90% screening LDCT
<90% screening LDCT

<90% screening LDCT
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Reference

Main reason for exclusion

14.

15.

16.

17.

18.

19.

20.

Takaishi T, Ozawa Y, Bando Y, et al. Incorporation of a computer-aided vessel-suppression system to detect lung nodules in CT images:
effect on sensitivity and reading time in routine clinical settings. Jpn J Radiol 2021;39(2):159-64. doi: https://dx.doi.org/10.1007/s11604-
020-01043-y

Vassallo L, Traverso A, Agnello M, et al. A cloud-based computer-aided detection system improves identification of lung nodules on
computed tomography scans of patients with extra-thoracic malignancies. Eur Radiol 2019;29(1):144-52. doi:
https://dx.doi.org/10.1007/s00330-018-5528-6

Wagner AK, Hapich A, Psychogios MN, et al. Computer-Aided Detection of Pulmonary Nodules in Computed Tomography Using
ClearReadCT. ) Med Syst 2019;43(3):58. doi: https://dx.doi.org/10.1007/s10916-019-1180-1

Wan Y-L, Pan K-T, Wu PW, et al. The use of artificial intelligence in the differentiation of malignant and benign lung nodules on computed
tomograms proven by surgical pathology. Cancers (Basel) 2020;12(8):1-14. doi: http://dx.doi.org/10.3390/cancers12082211

Weikert T, Akinci D'Antonoli T, Bremerich J, et al. Evaluation of an Al-Powered Lung Nodule Algorithm for Detection and 3D Segmentation
of Primary Lung Tumors. Contrast Media Mol Imaging 2019;2019:1545747. doi: https://dx.doi.org/10.1155/2019/1545747

Yacoub B, Kabakus I, Schoepf J, et al. Performance of an Artificial Intelligence-Based Platform Against Clinical Radiology Reports for the
Evaluation of Non-contrast Chest CT. J Thorac Imaging 2021;36(6):W123. doi: http://dx.doi.org/10.1097/RTI.0000000000000619

Yacoub B, Kabakus IM, Schoepf UJ, et al. Performance of an Artificial Intelligence-Based Platform Against Clinical Radiology Reports for the
Evaluation of Noncontrast Chest CT. Acad Radiol 2021;10:10. doi: https://dx.doi.org/10.1016/j.acra.2021.02.007

Excluded on population: Chest phantoms (n=3)

21.

22.

23.
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diagnosis in United States and Chinese dataset. American Journal of Respiratory and Critical Care Medicine 2018;197(MeetingAbstracts)

Yuan R, Mayo J, Streit |, et al. MA10.06 Randomized Clinical Trial with Computer Assisted Diagnosis (CAD) Versus Radiologist as First
Reader of Lung Screening LDCT. Journal of Thoracic Oncology 2019;14(10 Supplement):5S287-S88. doi:
http://dx.doi.org/10.1016/].jtho.2019.08.578

Excluded on technology: Manufacturer eligible but other software (n=13)

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

Azour L, Moore WH, O'Donnell T, et al. Inter-Reader Variability of Volumetric Subsolid Pulmonary Nodule Radiomic Features. Acad Radiol
2021;17:17. doi: https://dx.doi.org/10.1016/j.acra.2021.01.026

Bogoni L, Ko JP, Alpert J, et al. Impact of a computer-aided detection (CAD) system integrated into a picture archiving and communication
system (PACS) on reader sensitivity and efficiency for the detection of lung nodules in thoracic CT exams. J Digit Imaging 2012;25(6):771-
81. doi: https://dx.doi.org/10.1007/s10278-012-9496-0

Godoy MC, Kim TJ, White CS, et al. Benefit of computer-aided detection analysis for the detection of subsolid and solid lung nodules on
thin- and thick-section CT. AJR Am J Roentgenol 2013;200(1):74-83. doi: https://dx.doi.org/10.2214/AJR.11.7532

Heuvelmans M, Oudkerk M, Zhao YR, et al. Comparison of three software systems for semi-automatic volumetry of pulmonary nodules on
baseline and follow-up CT examinations. Acta Radiol 2014;55(6):691-98. doi: http://dx.doi.org/10.1177/0284185113508177

Jacobs C, van Rikxoort EM, Murphy K, et al. Computer-aided detection of pulmonary nodules: a comparative study using the public
LIDC/IDRI database. Eur Radiol 2016;26(7):2139-47. doi: https://dx.doi.org/10.1007/s00330-015-4030-7

Larici AR, Amato M, Ordonez P, et al. Detection of noncalcified pulmonary nodules on low-dose MDCT: comparison of the sensitivity of
two CAD systems by using a double reference standard. Radiol Med (Torino) 2012;117(6):953-67.

Liang M, Tang W, Xu DM, et al. Low-Dose CT Screening for Lung Cancer: Computer-aided Detection of Missed Lung Cancers. Radiology
2016;281(1):279-88. doi: https://dx.doi.org/10.1148/radiol.2016150063

Messerli M, Kluckert T, Knitel M, et al. Computer-aided detection (CAD) of solid pulmonary nodules in chest x-ray equivalent ultralow dose
chest CT - first in-vivo results at dose levels of 0.13mSv. Eur J Radiol 2016;85(12):2217-24. doi:
https://dx.doi.org/10.1016/j.ejrad.2016.10.006

Mozaffary A, Trabzonlu TA, Lombardi P, et al. Integration of fully automated computer-aided pulmonary nodule detection into CT
pulmonary angiography studies in the emergency department: effect on workflow and diagnostic accuracy. Emerg 2019;26(6):609-14. doi:
https://dx.doi.org/10.1007/s10140-019-01707-x

Nair A, Gartland N, Barton B, et al. Comparing the performance of trained radiographers against experienced radiologists in the UK lung
cancer screening (UKLS) trial. Br J Radiol 2016;89(1066):20160301. doi: https://dx.doi.org/10.1259/bjr.20160301

Nair A, Screaton NJ, Holemans JA, et al. The impact of trained radiographers as concurrent readers on performance and reading time of
experienced radiologists in the UK Lung Cancer Screening (UKLS) trial. Eur Radiol 2018;28(1):226-34. doi:
https://dx.doi.org/10.1007/s00330-017-4903-z

Takahashi EA, Koo CW, White DB, et al. Prospective Pilot Evaluation of Radiologists and Computer-aided Pulmonary Nodule Detection on
Ultra-low-Dose CT With Tin Filtration. J Thorac Imaging 2018;33(6):396-401. doi: https://dx.doi.org/10.1097/RTI.0000000000000348

No CE mark

No CE mark
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Main reason for exclusion

124.

Zhao Y, de Bock GH, Vliegenthart R, et al. Performance of computer-aided detection of pulmonary nodules in low-dose CT: comparison
with double reading by nodule volume. Eur Radiol 2012;22(10):2076-84. doi: https://dx.doi.org/10.1007/s00330-012-2437-y

Excluded on technology: Software name unclear, no author reply (n=15)

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

Arteta C, Novotny P, Santos C, et al. Automatic Nodule Size Measurements Can Improve Prediction Accuracy Within a Brock Risk Model.
Journal of Thoracic Oncology 2018;13(10 Supplement):S429. doi: http://dx.doi.org/10.1016/j.jth0.2018.08.490

Brown MS, Kim HJ, Lo P, et al. Automated tumor size assessment: Consistency of computer measurements with an expert panel. Journal
of Clinical Oncology 2013;31(15 SUPPL. 1)

Brown MS, Lo P, Barnoy E, et al. Clinically usable computer-aided detection (CAD) system for lung cancer screening with CT. American
Journal of Respiratory and Critical Care Medicine 2013;187(MeetingAbstracts)

Gu X, Xie W, Fang Q, et al. The effect of pulmonary vessel suppression on computerized detection of nodules in chest CT scans. Med Phys
2020;47(10):4917-27. doi: https://dx.doi.org/10.1002/mp.14401

Gu XM, Chai YL, Weiyang X, et al. Effect of CAD system with a vessel suppression function on clinical lung nodule detection in chest CT
scans. Medical Imaging 2021: Image Perception, Observer Performance, and Technology Assessment 2021;11599 doi:
10.1117/12.2582059

Gu XM, Xie WY, Fang QM, et al. Lung vessel suppression and its effect on nodule detection in chest CT scans. Medical Imaging 2020:
Computer-Aided Diagnosis 2020;11314 doi: 10.1117/12.2549405

Lieman-Sifry J, Brouha S, Weihe E, et al. Deep learning-based cad may improve detection of pulmonary nodules while preserving a low
false-positive rate. J Thorac Imaging 2019;34(4):W61. doi: http://dx.doi.org/10.1097/RTI.0000000000000421

LiuY, Luo H, Qing H, et al. Screening baseline characteristics of early lung cancer on low-dose computed tomography with computer-aided
detection in a Chinese population. Cancer epidemiol 2019;62:101567. doi: https://dx.doi.org/10.1016/j.canep.2019.101567

Miki S, Nomura Y, Hayashi N, et al. Prospective Study of Spatial Distribution of Missed Lung Nodules by Readers in CT Lung Screening
Using Computer-assisted Detection. Acad Radiol 2021;28(5):647-54. doi: https://dx.doi.org/10.1016/j.acra.2020.03.015

Ohno Y, Seki S, Yoshikawa T, et al. Convolutional Neural Network for 3D CADv Systems: Utility for Differentiation of Malignant from Benign
Pulmonary Nodules. International Journal of Computer Assisted Radiology and Surgery 2019;14(Supplement 1):S67. doi:
http://dx.doi.org/10.1007/s11548-019-01969-3

Setio AA, Jacobs C, Gelderblom J, et al. Automatic detection of large pulmonary solid nodules in thoracic CT images. Med Phys
2015;42(10):5642-53. doi: https://dx.doi.org/10.1118/1.4929562

Tokunaga S, Hazeki N, Tamura D, et al. Computer-aided detection (CAD) as concurrent vs. second reader for lung nodules on CT in a
Japanese multicenter study: Evaluation of reading time and observer performance in radiologists and pulmonologists. Chest 2013;144(4
MEETING ABSTRACT) doi: http://dx.doi.org/10.1378/chest.1703410

Werner S, Gast R, Horger M, et al. Accuracy and Reproducibility of a Software Prototype for Semi-Automated Computer-Aided Volumetry
of the solid and subsolid Components of part-solid Pulmonary Nodules. RoFo Fortschritte auf dem Gebiet der Rontgenstrahlen und der
Bildgebenden Verfahren 2021 doi: http://dx.doi.org/10.1055/a-1656-9834

Zheng S, Cui X, Vonder M, et al. Deep learning-based pulmonary nodule detection: Effect of slab thickness in maximum intensity
projections at the nodule candidate detection stage. Comput Methods Programs Biomed 2020;196:105620. doi:
https://dx.doi.org/10.1016/j.cmpb.2020.105620
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other software

Software name unclear; no
author reply received
Software name unclear; no
author reply received
Software name unclear; no
author reply received
Software name unclear; no
author reply received

Software name unclear; no
author reply received

Software name unclear; no
author reply received

Software name unclear; no
author reply received

Software name unclear; no
author reply received
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author reply received

Software name unclear; no
author reply received
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author reply received
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author reply received
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author reply received

Software name unclear; no
author reply received
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Main reason for exclusion

139.

Zheng S, Cui X, Ye Z, et al. P42.06 Automatic Lung Nodule Detection by a Deep Learning-Based CAD System: The Value of Slab Thickness in
the Maximum Intensity Projection Technique. Journal of Thoracic Oncology 2021;16(3 Supplement):5479-S80. doi:
https://dx.doi.org/10.1016/j.jth0.2021.01.830

Excluded on outcomes: Clinical trial register, no outcomes yet (n=4)

140.

141.

142.

143.

fdeeeKCT0005065. A multi-center, retrospective pivotal trial to evaluate the efficacy of artificial intelligence-based pulmonary nodule
detection software ‘VUNO Med — Lung CAD’ in thoracic CT: http://cris.nih.go.kr/cris/en/search/search_result_st01.jsp?seq=16420, 2020.

Institute VP, University S, Technologies R. Evaluation of Computer-Aided Lung Nodule Detection Software in Thoracic CT for Riverain
Technologies LLC: https://ClinicalTrials.gov/show/NCT02440139, 2015.

NCT04119960. Clinical Validation of InferRead Lung CT.Al: https://clinicaltrials.gov/show/NCT04119960, 2019.

NCT04792632. Clinical Performance Evaluation of Veye Lung Nodules: https://clinicaltrials.gov/show/NCT04792632, 2021.

Excluded on outcomes: No relevant test accuracy outcomes reported (n=13)

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

Buckler AJ, Danagoulian J, Johnson K, et al. Inter-Method Performance Study of Tumor Volumetry Assessment on Computed Tomography
Test-Retest Data. Acad Radiol 2015;22(11):1393-408. doi: https://dx.doi.org/10.1016/j.acra.2015.08.007

ChiCTR1900021144. Evaluation of Al-assisted detection of lung nodules in low dose CT images:
http://www.chictr.org.cn/showproj.aspx?proj=35698, 2019.

ChiCTR2000029278. A blinded, self-control trial to evaluate an Al based CAD system for Lung Nodule Diagnosis:
http://www.chictr.org.cn/showproj.aspx?proj=48219, 2020.

Ganti S. Radiological lessons, tips and tricks from UK's first lung cancer screening site. Lung Cancer 2020;139(Supplement 1):S6. doi:
http://dx.doi.org/10.1016/5S0169-5002%2820%2930041-6

Heuvelmans MA, Walter JE, Vliegenthart R, et al. Disagreement of diameter and volume measurements for pulmonary nodule size
estimation in CT lung cancer screening. Thorax 2018;73(8):779-81. doi: https://dx.doi.org/10.1136/thoraxjnl-2017-210770

Hwang EJ, Goo JM, Kim HY, et al. Variability in interpretation of low-dose chest CT using computerized assessment in a nationwide lung
cancer screening program: comparison of prospective reading at individual institutions and retrospective central reading. Eur Radiol
2021;31(5):2845-55. doi: https://dx.doi.org/10.1007/s00330-020-07424-1

Kisby G, Dentry M. Use of computer-aided detection (CAD) in CT Chest imaging for the diagnosis of lung nodules. Journal of Medical
Imaging and Radiation Oncology 2021;65(SUPPL 1):143. doi: http://dx.doi.org/10.1111/1754-9485.13301

Lee J, Kim Y, Kim HY, et al. Feasibility of implementing a national lung cancer screening program: Interim results from the Korean Lung
Cancer Screening Project (K-LUCAS). Transl 2021;10(2):723-36. doi: https://dx.doi.org/10.21037/tlcr-20-700

Lee J, Lim J, Kim Y, et al. Development of Protocol for Korean Lung Cancer Screening Project (K-LUCAS) to Evaluate Effectiveness and
Feasibility to Implement National Cancer Screening Program. Cancer Res 2019;51(4):1285-94. doi:
https://dx.doi.org/10.4143/crt.2018.464

Milanese G, Eberhard M, Martini K, et al. Vessel suppressed chest Computed Tomography for semi-automated volumetric measurements
of solid pulmonary nodules. Eur J Radiol 2018;101:97-102. doi: https://dx.doi.org/10.1016/j.ejrad.2018.02.020

Software name unclear; no
author reply received
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outcomes yet
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154. Nct. Evaluation of Use of Diagnostic Al for Lung Cancer in Practice. https://clinicaltrialsgov/show/NCT03780582 2018

155. Park S, Lee SM, Do KH, et al. Deep Learning Algorithm for Reducing CT Slice Thickness: Effect on Reproducibility of Radiomic Features in
Lung Cancer. Korean J Radiol 2019;20(10):1431-40. doi: https://dx.doi.org/10.3348/kjr.2019.0212

156. Schreuder A, van Ginneken B, Scholten ET, et al. Classification of CT Pulmonary Opacities as Perifissural Nodules: Reader Variability.
Radiology 2018;288(3):867-75. doi: https://dx.doi.org/10.1148/radiol.2018172771

Excluded on publication type: Conference abstract with no additional data to an included full-text paper reported (n=3)
157. Hall H, Ruparel M, Horst C, et al. The role of computer-assisted radiographer reporting in lung cancer screening programmes. Thorax
2019;74(Supplement 2):A131-A32. doi: http://dx.doi.org/10.1136/thorax-2019-BTSabstracts2019.221

158. Hwang EJ, Yoon SH, Goo JM, et al. P2.11-16 Variability in Reading Low-Dose Chest CT: Individual Readers vs. Central Review in a
Nationwide Lung Cancer Screening Project. Journal of Thoracic Oncology 2019;14(10 Supplement):S798-599. doi:
http://dx.doi.org/10.1016/].jtho.2019.08.1716

159. LoS, Freedman M, Mun SK. The application of a vessel suppressed function incorporated with lung opacity analysis for the significant
increase of nodule detectability in CT. International Journal of Computer Assisted Radiology and Surgery 2017;12(1 Supplement 1):5150.
doi: http://dx.doi.org/10.1007/s11548-017-1588-3

Excluded on publication type: No primary research article (n=2)
160. Crosby D, Lyons N, Greenwood E, et al. A roadmap for the early detection and diagnosis of cancer. The Lancet Oncology
2020;21(11):1397-99. doi: http://dx.doi.org/10.1016/S1470-2045%2820%2930593-3
161. Svoboda E. Artificial intelligence is improving the detection of lung cancer. Nature 2020;587(7834):520-S22. doi:
https://dx.doi.org/10.1038/d41586-020-03157-9

Excluded: Duplicate (n=2)
162. Mun SK, Lo SB, Freedman MT, et al. Computer-aided detection of lung nodules on CT with a computerized pulmonary vessel suppressed
function. American Journal of Roentgenology 2018;210(3):480-88. doi: http://dx.doi.org/10.2214/AJR.17.18718
163. Yuan R, Mayo J, Streit |, et al. Randomized Clinical Trial with Computer Assisted Diagnosis (CAD) Versus Radiologist as First Reader of Lung
Screening LDCT. Journal of Thoracic Oncology 2019;14(10):5287-5S88. doi: 10.1016/j.jth0.2019.08.578

No relevant test accuracy
outcomes

No relevant test accuracy
outcomes

No relevant test accuracy
outcomes

Conference abstract with no
additional data reported

Conference abstract with no
additional data reported

Conference abstract with no
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No primary research article
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B. Publications excluded after review of full-text articles — Updated electronic database searches (n=122)

Reference

Main reason for exclusion

Excluded on population: <90% lung cancer screening LDCT (n=16)

1.

10.

11.

12.

13.

14.

Alshaibani NN, Alkhatlan NM, Alanazi NA, et al. DETECTION AND DIAGNOSIS OF LUNG CANCER USING CNN BASED ARTIFICIAL
INTELLIGENCE. Journal of Pharmaceutical Negative Results 2022;13:4121-34. doi: https://dx.doi.org/10.47750/pnr.2022.13.507.517

Cavallo JJ, de Oliveira Santo I, Mezrich JL, et al. Clinical Implementation of a Combined Artificial Intelligence and Natural Language
Processing Quality Assurance Program for Pulmonary Nodule Detection in the Emergency Department Setting. J 2023;02:02. doi:
https://dx.doi.org/10.1016/j.jacr.2022.12.016

Chen X, Qi Q, Sun Z, et al. Total nodule number as an independent prognostic factor in resected stage Ill non-small cell lung cancer: a deep
learning-powered study. Ann 2022;10(2):33. doi: https://dx.doi.org/10.21037/atm-21-3231

Chen X, Xu H, Qi Q, et al. Al-based chest CT semantic segmentation algorithm enables semi-automated lung cancer surgery planning by
recognizing anatomical variants of pulmonary vessels. Front 2022;12:1021084. doi: https://dx.doi.org/10.3389/fonc.2022.1021084

Chen Y, Tian X, Fan K, et al. The Value of Artificial Intelligence Film Reading System Based on Deep Learning in the Diagnosis of Non-Small-
Cell Lung Cancer and the Significance of Efficacy Monitoring: A Retrospective, Clinical, Nonrandomized, Controlled Study. Comput
2022;2022:2864170. doi: https://dx.doi.org/10.1155/2022/2864170

De Lucia F, Amer Ouali R, Devriendt A, et al. Comparison of Chest Computed Tomography Between the Two Waves of Coronavirus Disease
2019 in Belgium Using Artificial Intelligence. Cureus 2022;14(2):€22203. doi: https://dx.doi.org/10.7759/cureus.22203

Hempel HL, Engbersen MP, Wakkie J, et al. Higher agreement between readers with deep learning CAD software for reporting pulmonary
nodules on CT. Eur J Radiol Open 2022;9:100435. doi: https://dx.doi.org/10.1016/j.ejr0.2022.100435

Hu Q, Chen C, Kang S, et al. Application of computer-aided detection (CAD) software to automatically detect nodules under SDCT and
LDCT scans with different parameters. Comput Biol Med 2022;146:105538. doi: https://dx.doi.org/10.1016/j.compbiomed.2022.105538

Hu Q, Wang S, Chen C, et al. Comparison of two reader modes of computer-aided diagnosis in lung nodules on low-dose chest CT scan. J
Innov Opt Health Sci 2022;15(2):2250013. doi: https://dx.doi.org/10.1142/51793545822500134

Kawaguchi Y, Shimada Y, Murakami K, et al. Prognostic impact of artificial intelligence-based volumetric quantification of the solid part of
the tumor in clinical stage 0-1 adenocarcinoma. Lung Cancer 2022;170:85-90. doi: https://dx.doi.org/10.1016/j.lungcan.2022.06.007

Murchison JT, Ritchie G, Senyszak D, et al. Validation of a deep learning computer aided system for CT based lung nodule detection,
classification, and growth rate estimation in a routine clinical population. PLoS ONE 2022;17(5):e0266799. doi:
https://dx.doi.org/10.1371/journal.pone.0266799

Musetescu AE, Gherghina FL, Florescu LM, et al. Computer-Aided Diagnosis of Pulmonary Nodules in Rheumatoid Arthritis. Life (Basel)
2022;12(11):20. doi: https://dx.doi.org/10.3390/life12111935

Otsuka Y, Imashimizu K, Hata K, et al. Al-VDT can Help in Detecting Primary Lung Cancer. medRxiv 2022 doi:
https://dx.doi.org/10.1101/2022.04.26.22274299

Salihoglu YS, Erdemir RU, Puren BA, et al. Diagnostic Performance of Machine Learning Models Based on 18 F-FDG PET/CT Radiomic
Features in the Classification of Solitary Pulmonary Nodules. Molecular Imaging and Radionuclide Therapy 2022;31(2):82-88. doi:
https://dx.doi.org/10.4274/mirt.galenos.2021.43760

<90% lung cancer screening
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<90% lung cancer screening
LDCT

<90% lung cancer screening
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<90% lung cancer screening
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Main reason for exclusion

15.

16.

XZ,ZhuL, DS, et al. Comparison of single- and dual-energy CT combined with artificial intelligence for the diagnosis of pulmonary
nodules. Clin Radiol 2023;78(2):€99-e105. doi: 10.1016/j.crad.2022.09.114

Zuo Z, Wang P, Zeng W, et al. Measuring pure ground-glass nodules on computed tomography: assessing agreement between a
commercially available deep learning algorithm and radiologists' readings. Acta Radiol 2022:2841851221135406. doi:
https://dx.doi.org/10.1177/02841851221135406

Excluded on population: No CT images (n=2)

17.

18.

Govindarajan A, Tanamala S, Chattoraj S, et al. Role of an Automated Deep Learning Algorithm for Reliable Screening of Abnormality in
Chest Radiographs: A Prospective Multicenter Quality Improvement Study. Diagnostics (Basel) 2022;12(11):2724. doi:
https://dx.doi.org/10.3390/diagnostics12112724

Lemieux ME, Reveles XT, Rebeles J, et al. Detection of early-stage lung cancer in sputum using automated flow cytometry and machine
learning. Respir Res 2023;24(1):23. doi: https://dx.doi.org/10.1186/s12931-023-02327-3

Excluded on technology: Malignancy risk prediction (n=4)

19.

20.

21.

22.

Diao K, Chen Y, Liu Y, et al. Diagnostic study on clinical feasibility of an Al-based diagnostic system as a second reader on mobile CT
images: a preliminary result. Ann 2022;10(12):668. doi: https://dx.doi.org/10.21037/atm-22-2157

Maldonado F, Varghese C, Rajagopalan S, et al. Validation of the BRODERS classifier (Benign versus aggressive nODule Evaluation using
Radiomic Stratification), a novel high-resolution computed tomography-based radiomic classifier for indeterminate pulmonary nodules.
The European respiratory journal 2020 doi: https://dx.doi.org/10.1183/13993003.02485-2020

Lung Nodule Classification of CT Images Based on the Deep Learning Algorithms. 5th International Conference on Imaging, Signal
Processing and Communications (ICISPC); 2021 Jul 23-25; Kumamoto, JAPAN. leee.

Wou XY, Ding F, Li K, et al. Analysis of the Causes of Solitary Pulmonary Nodule Misdiagnosed as Lung Cancer by Using Artificial Intelligence:
A Retrospective Study at a Single Center. Diagnostics (Basel) 2022;12(9):13. doi: https://dx.doi.org/10.3390/diagnostics12092218

Excluded on technology: Software not commercially available (n=53)

23.

24.

25.

26.

27.

28.

Adams SJ, Mondal P, Penz E, et al. Development and Cost Analysis of a Lung Nodule Management Strategy Combining Artificial
Intelligence and Lung Reporting and Data Systems for Baseline Lung Cancer Screening. Journal of the American College of Radiology : JACR
2021 doi: https://dx.doi.org/10.1016/j.jacr.2020.11.014

Agnes SA, Anitha J, Solomon AA. Two-stage lung nodule detection framework using enhanced UNet and convolutional LSTM networks in
CT images. Computers in Biology and Medicine 2022;149:19. doi: 10.1016/j.compbiomed.2022.106059

Albgoor AN, Alzaatreh MY, Almatari MKI. A Novel Method of Segmentation and Analysis of CT Chest Images for Early Lung Cancer
Detection. Biomedical and Pharmacology Journal 2022;15(4):1947-56. doi: https://dx.doi.org/10.13005/bpj/2533

Bai Y, Li D, Duan Q, et al. Analysis of high-resolution reconstruction of medical images based on deep convolutional neural networks in
lung cancer diagnostics. Comput Methods Programs Biomed 2022;217:106592. doi: https://dx.doi.org/10.1016/j.cmpb.2021.106592

Balachandran S, Ranganathan V. Semantic context-aware attention UNET for lung cancer segmentation and classification. Int J Imaging
Syst Technol:15. doi: 10.1002/ima.22837

Bhaskar N, Ganashree TS. Pulmonary Nodule Classification and Lung Cancer Stage Identification by Deep Learning Approach.
NeuroQuantology 2022;20(11):6297-309. doi: https://dx.doi.org/10.14704/NQ.2022.20.11.NQ66626

<90% lung cancer screening
LDCT

<90% lung cancer screening
LDCT

Chest radiographs

Sputum cytology

Malignancy risk prediction
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29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Bhatt SD, Soni HB. Improving Classification Accuracy of Pulmonary Nodules using Simplified Deep Neural Network. Open Biomedical
Engineering Journal 2021;15(Suppl 2):180-89. doi: https://dx.doi.org/10.2174/1874120702115010180

Chae KJ, Jin GY, Ko SB, et al. Deep Learning for the Classification of Small (€2 cm) Pulmonary Nodules on CT Imaging: a Preliminary Study.
Acad Radiol 2020;27(4):e55-e63. doi: 10.1016/j.acra.2019.05.018

Chen S. Models of Artificial Intelligence-Assisted Diagnosis of Lung Cancer Pathology Based on Deep Learning Algorithms. J
2022;2022:3972298. doi: https://dx.doi.org/10.1155/2022/3972298

Chetan MR, Dowson N, Price NW, et al. Developing an understanding of artificial intelligence lung nodule risk prediction using insights
from the Brock model. Eur Radiol 2022;32(8):5330-38. doi: https://dx.doi.org/10.1007/s00330-022-08635-4
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119. Hall H, Ruparel M, Quaife SL, et al. The role of computer-assisted radiographer reporting in lung cancer screening programmes. Eur Radiol
2022;32(10):6891-99. doi: https://dx.doi.org/10.1007/s00330-022-08824-1

120. Lancaster HL, Zheng S, Aleshina 0O, et al. Outstanding negative prediction performance of solid pulmonary nodule volume Al for ultra-
LDCT baseline lung cancer screening risk stratification. Lung Cancer 2022;165:133-40. doi:
https://dx.doi.org/10.1016/j.lungcan.2022.01.002

Excluded: Duplicate (n=1)
121. Song JY, Kim Y, Lee N, et al. Effectiveness of Cloud-based Computer Aided Quality Control System in Korean National Lung Cancer
Screening. Journal of Thoracic Oncology 2022;17(9):5179-S80.

Excluded: Concerns related to reported methods and results, and no author reply (n=1)
122. Wang D, Cao L, Li B. Computer-aided diagnosis system versus conventional reading system in low-dose (< 2 mSv) computed
tomography: comparative study for patients at risk of lung cancer. Sao Paulo Medical Journal = Revista Paulista de Medicina
2022;28:28. doi: https://dx.doi.org/10.1590/1516-3180.2022.0130.R1.29042022

Chinese language

Already identified via other
sources

Already identified via other
sources

Duplicate

Concerns related to reported
methods and results, and no
author reply.
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Supplementary material 6: Quality assessment results based on QUADAS-2 and QUADAS-C tools (10 studies)

Risk of bias Applicability concerns Risk of bias
Test (QUADAS-2) (QUADAS-2) (QUADAS-C)
P | R F&T P | R P R F&T
Nodule | Cancer Nodule Cancer Nodule | Cancer Nodule | Cancer | Nodule | Cancer
Hall 2022 C Unclear Unclear Unclear Low Low | Unclear .
E Low Low Low Low
A Unclear Low
B Low
Hsu 2021
C Low
D Low
A Unclear | Low Unclear
Hwang 2021a C Unclear Low Unclear Unclear
E Low Low Unclear
A Low Low
Lancaster 2022 C Low
D Low
A Unclear Low Low Low Low
Lo 2018 C Low Low Low Low Low
D Low Low Low Low Low
A Unclear Unclear Unclear Unclear
Park 2022 C Unclear Unclear Unclear Unclear Unclear
D Unclear Unclear Unclear
A Unclear | Low Low
Singh 2021 C.1 Low Unclear Low
D Low Low
Zhang 2021 ¢ tow tow
D Low Low Low
Non-comparative accuracy studies
Chamberlin 2021 A Low Low
Hwang 2021b C Unclear | Low

A, Stand-alone Al; B, Assisted 2"%-read Al; C, Concurrent Al; C.1, Concurrent Al for vessel-suppression; D, Unaided reader (Reader study); E, Original radiologist (clinical
practice); F&T, Flow & timing; |, Index test; P, Population; R, Reference standard.
One included study (Jacobs et al. 2021) reporting shifts in Lung-RADS categorisation was not assessed using QUADAS tools as it did not include a reference standard.
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Further details of risk of bias and applicability assessment

In the population domain, the risk of bias was high in 6/10 studies as no consecutive or random
sample was included and a case control design was used [1-4] because of inappropriate exclusions

[1, 5], or because no fully paired or randomized design was used [6].

In the index test domain, 7/10 studies were rated as having high risk of bias as the CT images were

not assessed by human readers in clinical practice [1-5, 7, 8].

In the reference standard domain (lung nodule presence/absence), 6/8 studies had a high risk of bias
as no majority of (at least) three experienced chest radiologists was used as reference standard,
and/or the reference standard reader(s) were part of the index test or not blinded to index test
markings / decisions [1, 5-9]. For the presence/absence of lung cancer, the reference standard
domain was rated as high risk of bias in 2/5 studies as medical records were used, and the clinicians
undertaking the diagnostic follow up tests were not blinded to the results of the index test [6,

10].

Study flow & timing was rated as high risk of bias in 4/8 studies evaluating the detection of lung

nodules as exclusions from the analysis were higher than 10%[4, 7] or as the number of CT images
excluded due to software processing failures (e.g. segmentation failures) has not been reported [6,
9]. For the five studies on the detection of lung cancer, flow & timing was rated as high risk in two
studies as not all patients received a reference standard [10] or not all patients received the same

reference standard [2].

The applicability to potential European [11] or UK [12] lung cancer screening programmes was low to
moderate. All 10 studies had ‘high’ applicability concerns in at least one of the three domains (i.e.

population, index test, reference standard).

Concerns regarding the applicability of the population to the situation in Europe were classified as
high in 9/10 included studies as the included study populations/CT images were not from Europe but
from Asia [5, 6, 8, 10] and the USA [2-4, 9], the sample was not consecutive or random and enriched
for nodules [1-4], and the participants were not current or former heavy smokers aged between 50

and 75 years [1, 5, 8, 9].

Concerns regarding the applicability of the index test(s) to the situation in Europe were classified as
high for at least one index test in 9/10 included studies as the integration of software into the
pathway was not applicable to anticipated EU practice (e.g. stand-alone Al performance instead of
concurrent or second-read software use) [1-6, 9], the study did not use pre-specified nodule size

thresholds that were in line with commonly used nodule management guidelines for screening LDCT
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images from the BTS [13] (>5mm diameter or 280mm?3), Lung-RADS[14] (category >3) or the
European Position Statement (EUPS) [15] (=5 mm or 2100 mm?3) [5, 6, 8, 9] more than one human
reader was involved per read for Al-assisted reading and/or the unassisted human comparator [7, 8],
and human reader’s experience and/or specialty was not representative of anticipated European
clinical practice (i.e. experienced chest radiologists) [2, 3, 5, 7, 8]. In four studies, the applicability
concerns regarding index tests that involve human readers (with or without Al) were rated as low [1,

4, 6, 10].

Applicability concerns regarding the reference standard for lung nodules were rated high in 4/8
studies as the definition of “actionable nodules” was not in line with commonly used nodule
management guidelines for screening LDCT images from the BTS[13] (25mm diameter or 280mm3),
Lung-RADS [14] (category 23) or the EUPS [15] (25 mm or 2100 mm?) [5, 6, 8, 9]. Applicability
concerns regarding the reference standard for lung cancer were high for 2/5 studies as there was no
follow-up for at least two years for discharged patients (i.e. not receiving CT surveillance or

biopsy/excision) [6, 10].
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Supplementary material 7: Comparative evidence on sensitivity and specificity for Al-assisted reading compared with
unaided reading by radiologists for the detection and/or categorisation of lung nodules in CT images for lung cancer

Sensitivity (95% CI)

Specificity (95% Cl)

Unaided [D] or [E]

Difference (p value)

Al-assisted [B] or [C]

Unaided [D] or [E]

Difference (p value)

screening*

Study and
comparison Al-assisted [B] or [C]
Detection of any nodules
Zhang 2021 [C][D] 370/374,

0.99 (0.97 to 1.00)
Hsu 2021 [C][D] @ NR

0.79 (0.76 to 0.81)
Hsu 2021 [B][D] ® NR

0.80 (0.77 to 0.83)

162/374
0.43 (0.38 t0 0.48)
NR
(0.63 (0.59 to 0.66)
NR
0.63 (0.59 to 0.66)

0.56 (NR)
0.16 (p<0.001)

0.17 (p<0.001)

472/486
0.97 (0.95 to 0.98)
NR
0.81(0.78 to 0.84)
NR
0.82 (0.79 to 0.84)

486/486
1.00 (0.99 to 1.00)
NR
0.77 (0.74 to 0.80)
NR
0.77 (0.74 to 0.80)

-0.03 (NR)
0.04 (p=0.449)

0.05 (p=0.360)

Detection of actionable nodules

Lo 2018 [C][D] NR NR NR NR

0.73 (0.71to 0.74) 0.60 (0.58 to 0.62) 0.13 (p<0.0001) 0.84 (0.83 t0 0.86) 0.90 (0.89 t0 0.91) -0.06 (p=0.0025)
Singh NR NR NR NR
2021[C.1][D] 0.73 (0.70 t0 0.77) 0.68 (0.64 t0 0.72) 0.05 (NR) 0.74 (NR) 0.77 (NR) -0.03 (NR)
Risk classification based on volume
Lancaster 2022 213/249 109/166 528/600 379/400
[CIID] 0.86 (0.81 to 0.89) 0.66 (0.58 t0 0.72) 0.20 (NR) 0.88 (0.85 to 0.90) 0.95 (0.92 t0 0.97) -0.07 (NR)
Detection of malignant nodules
Lo 2018 [C][D] NR NR NR NR

0.80 (0.70 to0 0.87)

0.65 (0.54 to 0.74)

0.15 (p<0.0001)

0.84 (0.79 to 0.89)

0.90 (0.85 to 0.93)

-0.06 (p=0.0025)

Nodule detection plus risk categorisation for lung cancer detection

Park 2022 [C][D] 142/155
0.92 (0.86 to 0.95)

Hwang 2021a 30/31

[CIIE] 0.97 (0.84 to 0.99)

132/155
0.85 (0.79 to 0.90)
15/16
0.94 (0.72 t0 0.99)

0.07 (p=0.004)

0.03 (NR)

645/845
0.76 (0.73 t0 0.79)
3,853/4,635
0.83 (0.82 to 0.84)

692/845
0.82 (0.79 to 0.84)
1,640/1,805
0.91 (0.89 to 0.92)

-0.06 (NR)

-0.08 (NR)

[B] Second-read Al: CT scan image was firstly reviewed by an unaided human reader, then was re-interpreted after analysis by Al software was shown; [C] Concurrent Al: CT scan image was reviewed by a human
reader assisted by concurrent display of analysis by Al software; [C.1] Concurrent Al with vessel suppression function only; [D] Unaided reader: CT scan image was reviewed by a human reader without assisted by Al
software; [E] Original unaided reader: CT scan image was interpreted by a human reader as part of clinical practice, and therefore the reader was different from the human reader who interpret the CT scan image in

the reader study.
NR, Not reported.

2 In multiple reader multiple case laboratory studies where multiple readers asses the same images, there are considerable problems in summing 2x2 test data across readers.

*Hall 2022 was not included here as the nature of comparison (Al-assisted reading by radiographers vs unaided radiologists) was different.
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Supplementary material 8: Evidence on Al-assisted reading compared with unaided reading and stand-alone Al for
accuracy of detecting and/or categorising any nodules, actionable nodules and malignant nodules

Keys for the figure:
TP: true positive; FP: false positive; FN: false negative; TN: true negative.

Index test and comparators: [A] Stand-alone Al: analysis of CT scan image by Al software without human input; [B] Second-read Al: CT scan image was firstly
reviewed by an unaided human reader, then was re-interpreted after analysis by Al software was shown; [C] Concurrent Al: CT scan image was reviewed by
a human reader assisted by concurrent display of analysis by Al software; [D] Unaided reader: CT scan image was reviewed by a human reader without
assisted by Al software; [E] Original unaided reader: CT scan image was interpreted by a human reader as part of clinical practice, and therefore the reader
was different from the human reader who interpret the CT scan image in the reader study.

For Lancaster 2022, the test accuracy data only concerned categorisation of nodules by volume (=100 mm? vs <100 mm?3) rather than ”detection and
categorisation”, as all CT scan images included in the study sample had lung nodules.

For Lo 2018, cancer was considered to have been detected if the study radiologists placed a mark within the original marking for actionable nodules
determined by experts as reference standard. A judgement of whether the marked nodule was actionable did not appear to be required and therefore the
accuracy data seemed to be concerned only with detection rather than “detection and categorisation”.
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Studysubset Country Software Reader TP FP FN TN Sensitivity (95% CI) Specificity (95% CI)

Any nodules

Zhang 2021 [C) China InferRead CT Lung Concurrent Al 370 14 4 472 # 0.99 (0.97, 1.00) & 0.97(0.95,0.98)

Zhang 2021 [D] China InferRead CT Lung Unaided reader 1620 212 486 0.43 (0.38. 0.48) @ 1.00(0.99. 1.00)

Hsu 2021 [C] Taiwan ClearRead CT Concurrent Al * 0.79 (0.76, 0.81) * 0.81(0.78, 0.84)

Hsu 2021 [B) Taiwan ClearRead CT Second-read Al * 0.80 (0.77, 0.83) @ 0.82(0.79, 0.84)
| Hsu 2021 (D] Taiwan ClearRead CT Unaided reader * 0.63 (0.59, 0.66) s 0.77 (0.74, 0.80) |

Actionable nodules

Chamberlin 2021 [A] USA Al-Rad Companion Stand-alone Al 69 14 0 34 <% 1.00(0.93, 1.00) —— 0.71 (0.56, 0.83)

Lo 2018 [C] USA ClearRead CT Concurrent Al * 0.73(0.71, 0.74) @ 0.34(0.83,0.36)

Lo 2013 [D] USA ClearRead CT Unaided Reader * 0.60 (0.58, 0.62) & 090(0.89, 091)

Lo 2018 [A] USA ClearRead CT Stand-alone Al & 0.82

Singh 2021 [C] USA ClearRead CT Concurrent Al 453 73 167 * 0.73 (0.70, 0.77) * 0.74

Singh 2021 [D] USA ClearRead CT Unaided Reader 423 64 197 * 0.68 (0.64, 0.72) < 0.77

Singh 2021 [A] USA ClearRead CT Stand-alone Al 10 * 0.58 L 0.82

Hall 2022 [C] radiographer UK Veolity Concurrent Al 217 82 89 1000 L 2 0.71(0.66, 0.76) & 092(0.91,0.94)

Hall 2022 [E] radiologist UK Veolity Unaided Reader 144 19 14 558 4 091(0.86,0.95) & 0.97(0.95,0.98)

Lancaster 2022 [C] Russia/Netherlands AVIEW LCS Concurrent Al 213 72 36 528 4 0.36(0.81,039) & 0.88(0.85,0.90)

Lancaster 2022 [D] Russia/Netherlands AVIEW LCS Unaided Reader 109 21 57 379 4 0.66 (0.58, 0.72) & 0.95(0.92,0.97)

Lancaster 2022 [A] Russia/Netherlands AVIEW LCS Stand-alone Al 75 53 & 147 -& 0.90(0.82, 0.95) - 0.74 (0.67, 0.79)

Cancer

Huang 2021a [C] South Korea A View Lungscreen Concurrent Al 30 782 1 3853 -& 097 (0.84, 0.99) * 0.83 (0.82, 0.84)

Huang 2021a [E] South Korea A View Lungscreen Unaided Reader 15 165 1 1640 - 0.94(0.72, 0.99) & 0.91(0.89,0.92)

Huang 2021b [C] South Korea A View Lungscreen Concurrent Al 50 857 2 9515 -$ 0.96(0.87,0.99) & 092(0.91,0.92)

Park 2022 [C] USA/South Korea VUNO Med-LungCT Al Concurrent Al 142 200 13 645 % 0.92(0.86, 0.95) L d 0.76 (0.73, 0.79)

Park 2022 [D] USA/South Korea VUNO Med-LungCT Al Unaided Reader 132 153 23 692 % 0.85(0.79, 0.90) £ 0.82 (0.79, 0.84)

Park 2022 [A] USA/South Korea VUNO Med-LungCT Al Stand-alone Al 31 63 0 106 -# 1.00(0.89, 1.00) 0.63 (0.55, 0.70)

Hall 2022 [C] radiographer UK Veolity Concurrent Al 54: 245 9 1080 - 0.386(0.75,092) L 2 0.82(0.79, 0.84)

Lo 2018 [C] USA ClearRead CT Concurrent Al * 0.80 * 0.84

Lo 2018 [D] USA ClearRead CT Unaided Reader * 0.65 ¢ 090

Lo 2018 [A] USA ClearRead CT Stand-alone Al ® 039

- —




Supplementary material 9: lllustrative calculations for the potential impact of
introducing Al assistance in a lung cancer screening programme

Detection / categorisation of actionable nodules

Lo et al. 2018 [1] Sensitivity Specificity Number of participants
(CT scan images)

Al-assisted 0.73 0.84 324

Unaided 0.60 0.90 324

Predicted outcome

Per 1,000,000 participants

Prevalence of people True False True False PPV NPV

with actionable positive positive negative negative

nodule

50% Al-assisted 365,000 80,000 420,000 135,000 0.82 0.76
Unaided 300,000 50,000 450,000 200,000 0.86 0.69

20%® | Al-assisted 146,000 128,000 672,000 54,000 0.53 0.93
Unaided 120,000 80,000 720,000 80,000 0.60 0.90

5% Al-assisted 36,500 152,000 798,000 13,500 0.19 0.98
Unaided 30,000 95,000 855,000 20,000 0.24 0.98

Singh et al. 2021 [2] Sensitivity Specificity Number of participants

(CT scan images)

Al-assisted 0.73 0.74 123

Unaided 0.68 0.77 123

Predicted outcome

Per 1,000,000 participants

Prevalence of people True False True False PPV NPV

with actionable positive positive negative negative

nodule

50% Al-assisted 365,000 130,000 370,000 135,000 0.74 0.73
Unaided 340,000 115,000 385,000 160,000 0.75 0.71

20%® | Al-assisted 146,000 208,000 592,000 54,000 0.41 0.92
Unaided 136,000 184,000 616,000 64,000 0.43 0.91

5% Al-assisted 36,500 247,000 703,000 13,500 0.13 0.98
Unaided 34,000 218,500 731,500 16,000 0.13 0.98

NPV, Negative predicted value; PPV, Positive predicted value.

a Based on proportion of baseline scans requiring CT surveillance in the NELSON trial (19.7%)[3].
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Detection / categorisation of malignant nodules

Hwang et al. 2021a Sensitivity Specificity Number of participants

[4] (CT scan images)

Al-assisted 0.97 0.83 3853

Unaided 0.94 0.91 1640

Predicted outcome

Per 1,000,000 participants

Prevalence of people True False True False PPV NPV

with malignant positive positive negative negative

nodule (per 1000)

10 Al-assisted 9,700 168,300 821,700 300 0.05 0.99964
Unaided 9,400 89,100 900,900 600 0.10 0.99933

5b Al-assisted 4,850 169,150 825,850 150 0.03 0.99982
Unaided 4,700 89,550 905,450 300 0.05 0.99967

1 Al-assisted 970 169,830 829,170 30 0.01 0.99996
Unaided 940 89,910 909,090 60 0.01 0.99993

Park et al. 2022 [5] Sensitivity Specificity Number of participants

(CT scan images)

Al-assisted 0.92 0.76 200

Unaided 0.85 0.82 200

Predicted outcome

Per 1,000,000 participants

Prevalence of people True False True False PPV NPV

with malignant positive positive negative negative

nodule (per 1000)

10 Al-assisted 9,200 237,600 752,400 800 0.04 0.99894
Unaided 8,500 178,200 811,800 1,500 0.05 0.99816

5P Al-assisted 4,600 238,800 756,200 400 0.02 0.99947
Unaided 4,250 179,100 815,900 750 0.02 0.99908

1 Al-assisted 920 239,760 759,240 80 0.004 0.99989
Unaided 850 179,820 819,180 150 0.005 0.99982

Lo et al. 2018[1] Sensitivity Specificity Number of participants

(CT scan images)

Al-assisted 0.80 0.84 324

Unaided 0.65 0.90 324

Predicted outcome

Per 1,000,000 participants

Prevalence of people True False True False PPV NPV

with malignant positive positive negative negative

nodule (per 1000)

10 Al-assisted 8,000 158,400 831,600 2,000 0.05 0.99760
Unaided 6,500 99,000 891,000 3,500 0.06 0.99609

5b Al-assisted 4,000 159,200 835,800 1,000 0.02 0.99880
Unaided 3,250 99,500 895,500 1,750 0.03 0.99805

1 Al-assisted 800 159,840 839,160 200 0.005 0.99976
Unaided 650 99,900 899,100 350 0.006 0.99961

NPV, Negative predicted value; PPV, Positive predicted value.

b Based on cancer prevalence observed in the NELSON trial (344 cancers detected over 10 years of follow-up minus 44
interval cancers, divided by 6583 participants for baseline scan: 300/6583 = 4.6%).[3]
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