Online supplementary appendices

Appendix 1 Search strategies

Table 1. Summary of electronic database searches and dates

Database Platform Searched on Date range of Update search
date search
MEDLINE, MEDLINE Ovid SP 09 September 2010 to Present 17 May 2021
In-Process, MEDLINE 2020
Daily, Epub Ahead of
Print
Embase Ovid SP 09 September 2010 to 2020 17 May 2021
2020 Week 36
The Cochrane Wiley Online 09 September January 2010 to 17 May 2021
Library, including: 2020 September
- Cochrane 2020
Database of
Systematic

Reviews (CDSR)
- Cochrane Central
Register of
Controlled Trials
(CENTRAL)
- Database of
Abstracts of
Reviews of
Effects (DARE)
Web of Science Ovid SP 09 September 2010 to 2020 17 May 2021
2020

Database: Ovid MEDLINE(R) ALL <1946 to September 08, 2020>
Search Strategy:

1 exp Breast Neoplasms/ (293428)

2 (breast adj5 (cancer* or neoplasm* or tumor* or tumour*or carcino* or malignan*or disease*)).mp.
[mp=title, abstract, original title, name of substance word, subject heading word, floating sub-heading
word, keyword heading word, organism supplementary concept word, protocol supplementary
concept word, rare disease supplementary concept word, unique identifier, synonyms] (394921)

3 1lor2(395368)

4  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/ (99304)

5 ai.mp. (28888)

6 ((artificial or machine or deep) adj5 (intelligence or learning or reasoning)).mp. [mp=title, abstract,
original title, name of substance word, subject heading word, floating sub-heading word, keyword
heading word, organism supplementary concept word, protocol supplementary concept word, rare
disease supplementary concept word, unique identifier, synonyms] (70647)

7 exp Neural Networks, Computer/ or exp Algorithms/ or neural network*.mp. (354996)

8 exp Diagnosis, Computer-Assisted/ (83632)

9 4dor5o0r6or7or8(452038)

10 3 and 9 (10492)

11  exp Mammography/ (30025)

12 mammogra*.mp. (41086)

13 screen*.mp. or exp Mass Screening/ (844672)



14
15
16
17
18
19
20
21
22
23
24
25

exp "Early Detection of Cancer"/ or early detect*.mp. (86182)

11 or 12 or 13 or 14 (921015)

10 and 15 (3324)

exp "Sensitivity and Specificity"/ or sensitivity.mp. or specificity.mp. (1898406)
exp "Predictive Value of Tests"/ (203774)

exp roc curve/ or roc.mp. or receiver operating characteristic*.mp. (119948)
exp Area Under Curve/ or auc.mp. (96772)

exp False Positive Reactions/ (27763)

exp False Negative Reactions/ (17783)

exp Observer Variation/ (42540)

exp Diagnostic Errors/ (116740)

(false adj4 (negativ* or positiv*)).mp. [mp=title, abstract, original title, name of substance word,

subject heading word, floating sub-heading word, keyword heading word, organism supplementary
concept word, protocol supplementary concept word, rare disease supplementary concept word,
unique identifier, synonyms] (100096)

26

(true adj4 (positiv* or negativ*)).mp. [mp=title, abstract, original title, name of substance word,

subject heading word, floating sub-heading word, keyword heading word, organism supplementary
concept word, protocol supplementary concept word, rare disease supplementary concept word,
unique identifier, synonyms] (10701)

27
28

likelihood ratio*.mp. (15918)
((predict* or test*) adj1 (value* or accura* or error*)).mp. [mp=title, abstract, original title, name

of substance word, subject heading word, floating sub-heading word, keyword heading word,
organism supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms] (342222)

29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56

exp Reproducibility of results/ (403133)

17 or 18 or 19 or 20 or 21 or 22 or 23 or 24 or 25 or 26 or 27 or 28 or 29 (2397952)
Randomized controlled trials as Topic/ (135939)
Randomized controlled trial/ (512638)

Random allocation/ (103549)

Double blind method/ (159672)

Single blind method/ (28987)

Clinical trial/ (524613)

exp Clinical Trials as Topic/ (345470)

(clinic$ adj trial$1).tw. (373312)

((singl$ or doubl$ or treb$ or tripl$) adj (blind$3 or mask$3)).tw. (174345)
Randomly allocated.tw. (29185)

(allocated adj2 random).tw. (802)

(test-treat trial* or test treat trial*).mp. (1)

or/31-42 (1423959)

30 or 43 (3676443)

3 and 9 and 15 and 44 (2179)

Case report.tw. (316143)

Letter/ (1098543)

Historical article/ (359991)

Review of reported cases.pt. (0)

Review, multicase.pt. (0)

or/46-50 (1758549)

45 not 51 (2164)

30 or 52 (2398016)

3 and 9 and 15 and 44 (2179)

54 not 51 (2164)

limit 55 to (english language and yr="2010 -Current") (1228)



Database: Embase <1980 to 2020 Week 36>
Search Strategy:

1 exp breast tumor/ (522987)

2 exp breast cancer/ (459643)

3 (breast adj5 (neoplasm* or cancer* or tumor* or tumour* or malignanc* or carcino* or
disease*)).mp. [mp=title, abstract, heading word, drug trade name, original title, device manufacturer,
drug manufacturer, device trade name, keyword, floating subheading word, candidate term word]
(609633)

4  or/1-3 (617527)

5 exp artificial intelligence/ (41063)

exp machine learning/ (215028)

exp deep learning/ (9250)

exp supervised machine learning/ (1511)

exp support vector machine/ (22089)

10 exp unsupervised machine learning/ (745)

11 ai.mp. (37967)

12 ((artificial or machine or deep) adj5 (intelliegence or learning or reasoning)).mp. [mp=title,
abstract, heading word, drug trade name, original title, device manufacturer, drug manufacturer,
device trade name, keyword, floating subheading word, candidate term word] (64514)

13  exp artificial neural network/ or neural network*.mp. (76598)

14  exp algorithm/ (381894)

15 exp computer assisted diagnosis/ (1123074)

16  or/5-15 (1645988)

17  exp mammography/ or mammogra*.mp. (62455)

18 screen*.mp. (1308438)

19 exp mass screening/ or exp screening/ (661930)

20 exp early cancer diagnosis/ or early detect*.mp. (97077)

21 0r/17-20 (1419229)

22 exp "sensitivity and specificity"/ or sensitivity.mp. or specificity.mp. (1803827)

23 exp reproducibility/ (217747)

24 exp receiver operating characteristic/ or exp roc curve/ or roc.mp. (163201)

25 exp predictive value/ or ((predict* or test*) adj1 (value* or error* or accura*)).mp. (420596)

26  auc.mp. or exp area under the curve/ (211311)

27 exp false positive result/ (30242)

28 exp false negative result/ (18705)

29 exp observer variation/ (19992)

30 exp diagnostic error/ (97269)

31 (false adj4 (negativ* or positiv*)).mp. [mp=title, abstract, heading word, drug trade name, original
title, device manufacturer, drug manufacturer, device trade name, keyword, floating subheading word,
candidate term word] (120409)

32 (true adj4 (positiv* or negativ*)).mp. [mp=title, abstract, heading word, drug trade name, original
title, device manufacturer, drug manufacturer, device trade name, keyword, floating subheading word,
candidate term word] (15519)

33 likelihood ratio.mp. (16617)

34  0or/22-33 (2487428)

35 clinical trial/ (971925)

36 Randomized controlled trial/ (614311)

37 Randomization/ (87593)

38  Single blind procedure/ (40000)

39 Double blind procedure/ (172538)

40 Crossover procedure/ (64123)
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41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61

Randomi?ed controlled trial$.tw. (236002)
Rct.tw. (38207)

Random allocation.tw. (2050)

Randomly allocated.tw. (35853)

Allocated randomly.tw. (2566)

(allocated adj2 random).tw. (822)

Single blind$.tw. (25171)

Double blind$.tw. (204835)

((treble or triple) adj blind$).tw. (1182)
Prospective study/ (622435)

(test-treat trial* or test treat trial*).mp. (2)
or/35-51 (2076152)

34 or 52 (4332240)

Case study/ (71546)

Case report.tw. (410369)

Abstract report/ or letter/ (1114503)
or/54-56 (1585513)

53 not 57 (4229367)

4 and 16 and 21 and 58 (5034)

limit 59 to (english language and yr="2010 -Current") (3562)
limit 60 to (article or article in press or "review") (2808)



Database: Web of Science (Ovid SP)

#5 881  #4 AND #3 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI Timespan=2010-2020

#4 1,576,497 TS=("sensitivity and specificity" or sensitivity or specificity or ((predict® or test*) NEAR/1 (value* or error* or accura®) ) or roc or "receiver operating
characteristic*" or auc or "area under curve" or "observer variation" or "diagnostic error*") OR TS=(false NEAR/4 (negativ* or positiv*) ) OR TS=(true
NEAR/4 (negativ* or positiv*) ) OR TS=("liklihood ratio*" or reproducibility) OR TS=(rct* or "randomi?ed controlled trial*" or "random allocat*" or
"double blind*" or "single blind*" or "clinical trial*" or "test treat trial*" or "test-treat trial*") OR TS=((singl* or doubl* or treb* or tripl*) NEAR/1
(blind* or mask®) ) OR TS=((random*) Near/2 (allocat”) )
Indexes=SCI-EXPANDED, S5CI Timespan=2010-2020

#3 538,555 TOPIC: (mammogra* or screen* or "early detect*")
Indexes=SCI-EXPANDED, S5CI Timespan=2010-2020

#2 895,801 TOPIC: ("artificial intelligence" or "machine learning" or "deep learning" or "support vector machine*" or ai) OR TOPIC: ((artificial or machine or deep)
Near/5 (intelligence or learning or reasoning) ) OR TOPIC: ("neural network™" or algorithm*) OR TOPIC: (diagnosis NEAR/3 computer®)
Indexes=SCI-EXPANDED, SSCI Timespan=2010-2020

#1 306,059 TS=((breast) NEAR/5 (neoplasm® or cancer® or tumor* or tumour* or malignan® or carcino* or disease”) )
Indexes=SCI-EXPANDED, SSCI Timespan=2010-2020

Database: Cochrane Library (CENTRAL) (Wiley online)

Search Name: Al and Breast Cancer
Last Saved: 09/09/2020 14:10:48

Comment: Numbers for individual search lines are not captured by the saved search strategy.
ID Search

#1 MeSH descriptor: [Breast Neoplasms] explode all trees

#2 ((breast NEAR/5 (cancer* or neoplasm* or carcino* or malignan* or tumor* or tumour* or

disease*))):ti,ab,kw
#3 #1 or #2

#4 MeSH descriptor: [Artificial Intelligence] explode all trees

#5 MeSH descriptor: [Machine Learning] explode all trees

#6 MeSH descriptor: [Deep Learning] explode all trees

#7 MeSH descriptor: [Supervised Machine Learning] explode all trees
#8 MeSH descriptor: [Support Vector Machine] explode all trees

#9 MeSH descriptor: [Unsupervised Machine Learning] explode all trees

#10 (ai):ti,ab,kw

#11 ((artificial or machine or deep) NEAR/5 (intelligence or learning or reasoning)):ti,ab,kw
#12 MeSH descriptor: [Neural Networks, Computer] explode all trees
#13 MeSH descriptor: [Algorithms] explode all trees

#14 (neural network*):ti,ab,kw

#15 MeSH descriptor: [Diagnosis, Computer-Assisted] explode all trees
#16 #4 or #5 or #6 or #7 or #8 or #9 or #10 or #11 or #12 or #13 or #14 or #15
#17 MeSH descriptor: [Mammography] explode all trees

#18 (mammaogra*):ti,ab,kw

#19 MeSH descriptor: [Mass Screening] explode all trees

#20 (screen*):ti,ab,kw

#21 MeSH descriptor: [Early Detection of Cancer] explode all trees
#22 (early detect*):ti,ab,kw

#23 #17 or #18 or #19 or #20 or #21 or #22

#24 #3 and #16 and #23

#25 MeSH descriptor: [Sensitivity and Specificity] explode all trees

#26 (sensitivity or specificity):ti,ab,kw

#27 MeSH descriptor: [Predictive Value of Tests] explode all trees

#28 MeSH descriptor: [ROC Curve] explode all trees

#29 (roc or "receiver operating characteristic"):ti,ab,kw

#30 MeSH descriptor: [Area Under Curve] explode all trees



#31 (auc):ti,ab,kw

#32 MeSH descriptor: [False Positive Reactions] explode all trees
#33 MeSH descriptor: [False Negative Reactions] explode all trees
#34 MeSH descriptor: [Observer Variation] explode all trees

#35 MeSH descriptor: [Diagnostic Errors] explode all trees

#36 (false NEAR/4 (negativ* or positiv*)):ti,ab,kw

#37 (true NEAR/4 (positiv* or negativ*)):ti,ab,kw

#38 (liklihood ratio*):ti,ab,kw

#39 ((predict* or test*) NEAR/1 (value* or accura* or error*)):ti,ab,kw
#40 MeSH descriptor: [Reproducibility of Results] explode all trees
#41 #25 or #26 or #27 or #28 or #29 or #30 or #31 or #32 or #33 or #34 or #35 or #36 or #37 or
#38 or #39 or #40

#42 #24 and #41



Appendix 2 QUADAS-2

Item Response

PARTICIPANT SELECTION - A. RISK OF BIAS

Was a consecutive or random sample of | Yes - RCTs and cohort studies (prospective or

patients enrolled? retrospective) with unenriched (consecutive or random)
sampling

Unclear - If not stated

No - other studies

Did the study avoid inappropriate Yes — If inappropriate exclusions were avoided
exclusions? Unclear —if not clearly reported

No - Exclusion of more than 10% of the samples for any
reason, for example retrospective studies with missing
data

No - Systematic exclusion of types of women / images
(e.g. of dense breasts)

No - Exclusion based on outcomes (e.g. exclusion of
cancer types, exclusion of interval cancers,
exclusion/inclusion based on recall decision)

Were the women and mammograms For test set studies, this translates as has the test set
included in the study independent of been clearly described as an external (geographically)
those used to train the Al algorithm? validation set?

No - Any internal validation (e.g. split sample, cross-
validation) or temporal validation

Unclear - No details stated about the training set and
tuning set

Yes - External geographical validation (Test set was
sample from a different centre; can be in another
country or the same country)

For prospective applied studies in a clinical context:
Yes - If the study is located at different centre(s) to
those who provided mammograms used to train and
tune the Al algorithm

Unclear - If not stated

No - If there is any overlap

PARTICIPANT SELECTION - B. CONCERNS REGARDING APPLICABILITY

Is there concern that the included High - If ‘yes’ for any of the following statements
patients do not match the review Unclear - If no details are provided
question? Low - If ‘'no’ for all the following statements

e Not a consecutive or random sample of women
attending screening;

e Enriched sample / cancer prevalence doesn’t
match screening context (>3%);

e  Mammograms not from full-field digital
mammography;

e Mammograms not from screening (e.g.
diagnostic or symptomatic) or only subset such
as recalled cases or false-negatives included




(cancer might be easier or more difficult to
detect);

e Women/women’s mammograms not
representative of UK population (ethnicity, age)

INDEX TESTS — A. RISK OF BIAS

Were the index test results interpreted
without knowledge of the results of
the reference standard?

For index tests where a human is involved (either
human read comparator, Al as reader aid, or included
otherwise on the Al testing pathway, e.g. arbitration):
Yes - Require clear statement of blinding, or clear
temporal relationships where the human read occurred
before the reference standard

No - Otherwise

For index test where Al is used without any human
element:

Yes - Al system has not previously been trained on these
mammograms or learned from these mammograms or
other mammograms from the same women

No - If any repeat use of the same cases then (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)

Unclear - If not explicit that there has been no repeat
within same or previous studies

Were the index test results interpreted
without knowledge of the results of
any other index tests?

No - If human readers were not blinded to Al (unless
that Al is specifically part of the same index test)

No - If Al systems are trained or calibrated using
decisions from human readers in same cases

Yes - Otherwise

If a threshold was used, was it pre-
specified?

Yes - If using a commercially available Al system which
gives a yes/no result, or threshold clearly pre-specified
in methods

Yes - For systems giving a risk score and study explicitly
states the pre-specified threshold

No - Using sensitivity / specificity of the reader as
benchmark using the same dataset

No - Setting the threshold with the validation set
without temporal evidence (e.g. published protocol)
that threshold was truly pre-specified

NA - Human readers or human/Al combinations

Where human readers are part of the
test, were their decisions made in a
clinical practice context? (i.e.
avoidance of the laboratory effect)

Yes - If the readers made decisions in the clinical context,
and those decisions were used to decide whether to recall
women (either prospectively as part of a trial or test
accuracy study or retrospective studies using the original
decision)

No - If readers examined a test set (of any prevalence)

outside clinical practice, or any other context likely to
result in the laboratory effect!




INDEX TESTS - B. CONCERNS REGARDING APPLICABILITY

Is there concern that the index test(s)
or comparator, its conduct, or
interpretation differ from the review
question?

High - If ‘yes’ for any of the following
Unclear — If no details are provided
Low - If ‘'no’ for all of the following

e Al system not yet commercially available, e.g. in
house systems;

e Study did not use a pre-specified threshold for
Al system;

e Not a complete testing pathway applicable to
clinical practice (for example Al accuracy for
single read, but not integrated into screening
centre decisions, e.g. arbitration);

e Human comparator not a complete testing
pathway applicable to clinical practice (human
double reading with arbitration at clinical
threshold);

e Al system / reader had no access to prior
mammograms / not 4 views available

REFERENCE STANDARD - A. RISK OF BIAS

Is the reference standard likely to
correctly classify the target condition?

Yes - If the reference standard is histopathology results
from biopsy (cancer present or absent) with at least 2
years follow up to interval cancers

No - If the reference standard is histopathology results
from biopsy (cancer present or absent) with no follow

up

Were the reference standard results
interpreted without knowledge of the
results of the index test?

Yes - Retrospective studies where readers read
mammograms prospectively (enriched test sets)

No - For retrospective studies (if we include the human
reader comparator as an index test)

No - For prospective studies if the investigators did not
blind the clinicians undertaking the follow up tests to
which index test examined the mammograms, for
example by putting location marks in the same format
for Al and human readers

REFERENCE STANDARD - B. CONCERNS REGARDING APPLICABILITY

Is there concern that the target
condition as defined by the reference
standard does not match the review
question?

High - If ‘yes’ for any of the following
Unclear - If no details are provided
Low - If ‘no’ for all of the following
e Length of screening rounds <2 years for follow-
up / definition of interval cancers;
e (Classification not by biopsy/follow-up

FLOW AND TIMING — A. RISK OF BIAS

Did all patients receive a reference
standard?

No - If there was significant (>10%) loss to follow up for
reference standards of interval cancers or subsequent
screening results

No - If any women who should have received a biopsy or
follow-up tests after index test positive results did not
receive one or results were unavailable

Yes - otherwise




Did the study avoid choosing which
reference standard based on results of
just one of the index tests? (All studies
will necessarily have differential
verification, because not all women
can or should be biopsied. Here we are
measuring whether deciding which
reference standard is received based
on results of just one of the index tests
is avoided.)

Yes - For test-treat RCTs randomizing to different test
strategies and their associated recall decisions

Yes - If women testing positive in any of the included
index tests (Al pathways or comparator human
pathways) all receive follow up tests/biopsy in a
prospective study

No - If women were recalled for further tests on the
basis of one of the index tests, and not other(s) then this
will cause bias because cancer, when present, is more
likely to be found if the person receives follow-up tests
after recall from screening

No - In retrospective studies, the decision whether to
recall for follow-up tests/biopsy was made on the basis
of the human readers’ decision. We do not know
whether Al positive, human reader negative women are
false positive or true positive, and what type of true
positive. Follow-up to development of interval cancers
will detect some, but not all of these cancers, so
reduces, but does not eliminate this bias

No - For prospective studies where decision to recall is
informed by one index test but not all, or is more
influenced by one index test than others

Unclear - Retrospective reader studies (enriched test set
studies) in which readers prospectively read
retrospective data, the reference standard is not based
on any index test but the reference standard is based on
the original human reader decision. The reviewers are
unclear about the risk of bias.

Were all patients included in the
analysis?

Yes - If there were any exclusions after the point of
selecting the cohort, for example intermediate or
indeterminate results

No - Otherwise

References for Appendix 4

1. Gur D, Bandos Al, Cohen CS, et al. The "laboratory" effect: comparing radiologists' performance
and variability during prospective clinical and laboratory mammography interpretations.
Radiology 2008;249(1):47-53. doi: 10.1148/radiol.2491072025 [published Online First:

2008/08/07]




Supplementary Figure 1. PRISMA diagram. Summary of publications included and excluded at each stage of the review (original
searches / update searches)
FFDM, Full field digital mammogram; NA, Not applicable; ND, Not done
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Appendix 3 Publications and sub-studies excluded after review of full-text articles

Key to reasons for exclusions and justifications

Population — Image type: Studies evaluating Al on image types other than full field digital
mammaography (FFDM) (mainly digitised film images). Screening mammography is typically
undertaken using FFDM in women attending breast screening. Other imaging techniques not
classed as mammography or not digital are not relevant. Results from imaging other than
FFDM may not be applicable to FFDM in screening programmes.

Population — Mammography type not reported: Studies evaluating Al on image types
which were not clearly identified as FFDM. Screening mammography is typically undertaken
using full field digital mammography (FFDM) in women attending breast screening. Other
imaging techniques not classed as mammography or not digital are not relevant. Results
from imaging other than FFDM may not be applicable to FFDM in screening programmes.

Population — Incomplete images: Studies evaluating Al using regions of interest (ROIs) of
images. Images of part of a mammogram do not represent the use case in the screening
context, which requires recall or not decisions to be made on women’s (craniocaudal and
mediolateral oblique) screening mammograms for both breasts.

Population — Subpopulation: Studies only including images with cancer. These are not
sufficient to estimate test accuracy of Al for screening mammograms, as it excludes
specificity, and the trade-off between sensitivity and specificity. Studies on images of
subpopulations by screening risk or screening outcome. They do not represent the screening
population and no inference on the performance of the Al system in a screening population
can be drawn (however, subpopulations by ethnicity or socioeconomic status are included as
the impact of any change on equity is important). This does not apply to populations which
represent a group of women at any stage within the screening pathway (e.g. recalled women
without selection on final diagnosis) on the assumption that Al could be incorporated for this
subgroup only.

Population — <90% screening mammograms or unclear proportion: Studies on images
of diagnostic mammograms, with >10% diagnostic mammograms or an unclear proportion of
diagnostic mammograms. These do not represent the use case in the screening context.

Internal validation — Cross validation, Leave-one out, Split sample: Studies using
internal validation whereby the validation dataset used to assess a model uses data which
were used to develop that model. Cross validation and leave-one out are resampling
techniques which use the original data to assist with preliminary assessment and fine-tuning
of the model during validation. The issue of using data on which an algorithm was trained
with is that models can be prone to overfitting; whereby the model fits the trained data
extremely well, but to the detriment of the model’s ability to perform when presented with
new data, which is known as poor generalization. The split-sample approach is generally an



inefficient form of internal validation because it does not accurately reflect a model’s
generalisability.

Intervention — Detecting subtypes: Studies using Al to detect cancer subtypes such as
microcalcifications or architectural distortions only. The detection of cancer subtypes does
not present the complete picture of cancer detection (e.g. microcalcifications are associated
mainly with DCIS and not with cancer; detecting microcalcifications only will miss some
types of cancers). On their own, these Al systems do not provide the information on cancer
present/ not present to inform a decision whether to recall or not recall. Systems reporting
single features could be combined to provide a more complete picture, however, studies
would need to report an overall outcome of test accuracy of the combination of systems.

Intervention — No detection/classification: Studies using Al for lesion enhancement or
segmentation of pectoral muscle regions. These studies do not report on the classification of
images into recall or no recall and are uninformative in terms of test performance of Al.

Intervention — Not Al: Studies using traditional computer aided detection without machine
learning features for the detection of lesions in images. In Al the layers of features are not
designed by human expertise; instead they are learnt from the underlying data. Therefore,
studies reporting the test accuracy and effectiveness of traditional CAD systems were
considered significantly different from studies assessing machine learning Al systems.

Intervention — Prediction of cancer: Studies using Al for the prediction of future cancer
risk including the detection of breast density and parenchymal patterns as risk factors. These
studies did not consider the detection of cancer present on screening mammograms.

No relevant outcomes: Studies reporting accuracy without outcomes characterising the
trade-off between false positive and false negative results including global measures such as
the area under the curve (AUC). The trade-off between false positive and false negative
results is critical to test accuracy.

Study type — Systematic reviews with no relevant outcomes: Studies reporting
systematic reviews that were off topic and did not provide additional references for the
review.

Document Supply cancelled request: no location found: Studies unavailable following
internet searches, contacting authors and pursuing interlibrary requests.



Publications excluded with reason — Original database searches

Reference

Main reason for exclusion

Population — Image type (e.g. digitised film images; not FFDM images) (n=150)

1.

Abbas Q, Fondo'n I, Celebi E. A Computerized System for Detection of Spiculated Margins

based on Mammography. International Arab Journal of Information Technology.
2015;12(6):582-8.

Agnes SA, Anitha J, Pandian SIA, Peter JD. Classification of Mammogram Images Using
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Sub-studies or datasets of included studies

Reference Excluded study / dataset and reason
Balta 2020%° None
Dembrower 2020%6 None
Lang 2020%" None

McKinney 2020%°

1) Retrospective clinical comparison with original decisions of UK and US readers, respectively, excluded due to
internal validation test set (split sample).

2) Comparison with reader study excluded due to internal validation test set (split sample).

3) Simulation study excluded as it is based on test accuracy estimated obtained using internal validation test sets
(split sample).

Pacilé 2020°°

None

Rodriguez-Ruiz 2018%

Excluded Al as stand-alone reader due to lack of outcomes such as sensitivity and specificity (only AUC).

Rodriguez-Ruiz 201932

Excluded Al as stand-alone reader due to lack of outcomes such as sensitivity and specificity (only AUC).

Rodriguez-Ruiz 2019%

Excluded data sets A and D-H as <90% screening mammograms or unclear proportion of screening mammograms.

Excluded data set B as no relevant outcomes reported.

Salim 2020%

None

Schaffter 202036

Excluded the Kaiser Permanente Washington (KPW) dataset as it was used for training and evaluation (split sample).

Watanabe 2019%7

None

Lotter 202128

The paper reports on 5 test sets; only one data set (Site D) is an external test set of screening FFDMs.
Two test sets are excluded as they are also used for training, one test set uses DBT (not FFDM) images, and one test
set uses diagnostic (not screening) FFDMs.

The study of pre-index cancers was excluded as the analysis included a sub-population of cancers with a negative
previous screening result, therefore the analysis was based on images of subpopulations by screening outcome.

Raya-Povedano 20213!

Simulated autonomous Al triaging strategy excluded as simulation study.




Appendix 4 Additional baseline characteristics of included studies

a local cancer registry.

Non-cancer cases: selected from a single
health system in Massachusetts to have a
similar distribution in patient age and
breast density compared with the cancer
cases using bucketing (negative exam
followed by an additional BI-RADS 1 or 2
interpretation at the next screening exam
9—-39 months later).

BI-RADS >2: 131 (46%)

BI-RADS 1 or 2: 154 (54%)

45 (34.35%)

STUDY Method of enrichment Confirmed cancer | Cancer type n (%) Cancer Breast density n
(prevalence) n (%) size/grade (%)
(invasive
only)
Lotter Matched case-control study: 131 (46.0%) ILC or IDC: 88 (67.2%) For all 131 Non-cancer
2021%8 Cancer cases: all patients from a single DCIS: 38 (29.0%) cancers: (n=154):
health system in Massachusetts with Other: 5 (3.8%) 0-1cm: 45 Non-dense (A&B)
qualifying index (screening mammograms (34.35%) 96 (62.3%)
interpreted as suspicious and confirmed to Lesion type 1-2cm: 27 Dense (C&D) 58
be malignant by pathology within three Soft tissue 87 (20.6%) (37.7%)
months) and pre-index exams (from the Calcifications 53 2-5cm: 11
same set of women as the index exams: (adds up to 140 though) (8.4%) Cancer (n=131):
screening exams interpreted as BI-RADS 1 >5cm: 3 Non-dense (A&B)
or 2 12-24 months prior to the index (2.3%) 81 (61.8%)
exams) over the specified time period using Unknown: Dense (C&D) 50

(38.2%)




STUDY Method of enrichment Confirmed cancer | Cancer type n (%) Cancer Breast density n
(prevalence) n (%) size/grade (%)
(invasive
only)
McKinney Images from all women at one US academic | 686 (22.2%) Data for 553/686 with BI-RADS NR NR
2020% medical centre who were biopsied during score:
this time period and a random subset of Invasive 364/553 (65.8%)
women (~5%) who never underwent DCIS 163/553 (29.5%)
biopsy. Other 26/553 (4.7%)
BI-RADS 0, 4 or 5: 929 (30%)
BI-RADS 1,2 or 3: 1,809 (58%)
No Bi-RADS score: 359 (12%)
Rodriguez- | Mammograms collected on cancer outcome | 79 (39.7%) NR NR NR
Ruiz 2019% | from Dutch digital screening pilot project:

80 biopsy-proved cancer cases and 120
negative cases.

Case selection: 1) cases in which the lesion
was rated as obvious, cases with only
microcalcifications, and cases in which not
all four cranial-caudal and mediolateral
oblique views of both breasts were
available were excluded. 2) Prior screening
mammograms in which a malignant lesion
was already visible n=17 mammograms. 3)
From the remaining cases, random
selection of 63 screen-detected cancer
cases from incident screening rounds.
Negative case selection: 1) 20 false-positive
cases that were verified by normal follow-
up (no biopsy), 2) random selection of 100
non-referred mammograms with at least
one normal follow-up screen.




STUDY Method of enrichment Confirmed cancer | Cancer type n (%) Cancer Breast density n
(prevalence) n (%) size/grade (%)
(invasive
only)
Salim All women with a diagnosis of breast cancer | 739 (8.4%) Invasive 640 (86%) Median Mammographic
2020% from the Swedish Cohort of screen-age IDC 514/640 (80%) 15mm percent density, %
women were included and a random ILC 82/640 (13%) (IQR 10- Median 21.9
sample of healthy women. other 43/640 (7%) 21mm) IQR 13.8-32.1
missing 1/640 (0.15%)
In situ 85 (12%)
Missing information 14 (2%)
Schaffter No enrichment: consecutive sample of 780 (1.1%) Invasive 681 (87.3%) NR NR
2020°%¢ screened women from 1 Swedish centre DCIS 99 (12.7%)
Balta No enrichment: consecutive sample of 114 (0.64%) NR NR NR
2020% screened women from 1 German centre
Dembrower | All women diagnosed with breast cancer 547 (7.4%) NR NR NR
2020% who attended two consecutive screening
rounds from the Swedish Cohort of screen-
age women were include. Healthy women
were randomly sampled from the same
cohort.
Lang 2020%?7 | No enrichment: Consecutive sub cohort of 68 (0.71%) IDC 33/68 (48.5%) Grade 1 NR
the prospective population-based Malmo ILC 11/68 (16.2%) 24/56
Breast Tomosynthesis Screening Trial in ITC 10/68 (14.7%) (42.9%)
which every third woman who was invited DCIS 11/68 (16.2%) Grade 2
to attend regular screening was invited to Other (e.g. papillary carcinoma, 25/56
participate (random sample) apocrine tumour) 3/68 (4.4%) (44.6%)
Grade 3

7/56 (12.5%)




STUDY Method of enrichment Confirmed cancer | Cancer type n (%) Cancer Breast density n
(prevalence) n (%) size/grade (%)
(invasive
only)
Rava- No enrichment: Mammograms from 113 (0.7%) Cancer type: Forall 113 Category A
Povedano Spanish tomosynthesis screening trial Mass 67 (59.3%) cancers: 3,648/15,986
20213 Original outcomes: Architectural distortion Grade 1 (22.8%)
Normal readings (with two-year follow-up): 21 (18.6%) 49 (43.4%) Category B
14,795 (92.5%) Asymmetry 4 (3.5%) Grade 2 8,153/15,986
FP recalls: 1,078 (6.7%) Calcification 21 (18.6%) 40 (35.4%) (51.0%)
Screen detected cancers: 98 (0.6%) Grade 3 Category C
Interval cancers: 15 (0.1%) Histologic type: 24 (21.2%) 3,749/15,986
IDC 80 (70.8%) (23.5%)
ILC 5 (4.4%) Category D
Other invasive 1 (0.9%) 436/15,986 (2.7%)
DCIS 27 (23.9%)
Pacile Enrichment method not reported. The final | 120 (50%) Histologic type: NR Category A 15.00%
2020%° dataset included 80 true-positive, 40 false- IDC 75 (62.5%) (36/240)
negative. DCIS 27 (22.5%) Category B 43.75%
Data underwent a quality check performed ILC 6 (5.0%) (105/240)
by an experienced breast radiologist to Other 12 (10.0%) Category C 34.58%
exclude examinations not meeting (83/240)

acquisition standards or presenting
identifiable features (e.g., nipple retraction,
invasive cancer larger than approximately
2.5 cm, bilateral cancer, and others to
minimize recall bias), and for false-negative
examinations, that malignant lesions were
visible and identifiable in retrospect.

Lesion type:

Mass 64 (53.3%)

Calcification 30 (25.0%)
Asymmetry 13 (10.8%)
Architectural distortion 13 (10.8%)

Category D 6.67%
(16/240)




STUDY Method of enrichment Confirmed cancer | Cancer type n (%) Cancer Breast density n
(prevalence) n (%) size/grade (%)
(invasive
only)
Rodriguez- | Examinations from cancer, false-positive 100 (41.7%) Lesion type: Median 13 BI-RADS breast
Ruiz 2019% | and normal cases were consecutively Mass 49 (49%) mm? density
collected from one US and one European Calcifications 30 (30%) IQR 4-22 A28 (12%)
centre until predefined distribution of Asymmetry 10 (10%) mm? B 133 (55%)
selection was achieved. Architectural distortion 6 (6%) C 64 (27%)
Mammograms were reviewed by one Both calcifications and mass lesions D 15 (6%)
radiologist to ensure image quality 9 were 5 (5%)
excluded (3 for poor image quality, 3
without link to case report findings and 3 Histologic type:
with obvious signs of cancer) IDC 64 (64%)
DCIS 13 (13%)
ILC 18 (18%)
Invasive tubular carcinoma 6 (6%)
Other 3 (3%)
(4 examinations showed 2
histologic cancer types)
Watanabe Mammograms were selected from an 90 (73.8%) Mass 50 (55.6%) NR Fatty 4 (4%)
2019% archive of false negative mammograms Microcalcifications 16 (17.8%) Scattered 43 (48%)

(dataset from a community healthcare
facility in Southern California).
mammograms were originally interpreted
by community-based radiologists using the
R2 ImageChecker CAD v10.0

Mass and Microcalcifications 9
(10.0%)

Architectural Distortions 5 (5.6%)
Mass and Architectural Distortions
4 (4.4%)

Asymmetry 3 (3.3%)

Architectural Distortion and
Microcalcifications 1 (1.1%)
Microcalcifications and Asymmetry
1(1.1%)

Focal Asymmetry 1 (1.1%)

Heterogeneously
dense 37 (41%)
Extremely dense 6
(7%)
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