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Kunstig intelligens til cancerdiagnostik i
brystkraeftscreening

alal Elhakim

STATUSARTIKEL

1) Rax

Ole Graumann

Brystkraft er den hyppigst forekommende cancer hos
kvinder i Danmark med den hgjeste dedelighed efter
lungekraft [1]. Organiseret, populationsbaseret
mammografiscreening er implementeret med det for-
mal atreducere mortaliteten af brystkraft gennem tid-
lig detektion, og efter udrulnin; af det nationa
screeningsprogram i 2007-2010 har antallet af d
gere vaeret stot stigende [2]. Pga. en gget byrde og
sparsomme radiologressourcer er omradet pragetaf et
stort arbejdspres. De J grafiscreening i
litteraturgennem: a 2
bundet med et vist al falsk positive [3] samt risiko
for overdiagnosticering og dermed potentiel overbe-
handling [4], om end danske tal efter flere screenings-
runder indikerer et forholdsvist lavere niveau [5].
Kunstig intelligens (Al) har i de senere ar tiltrukket
>sse som et potentielt varktoj, der
kan oge effektiviteten og kvaliteten inden for billed-
diagnostik. Et nyligt publiceret studie fra Google Health
i idsskriftet Nature har bl.a. medfort stor medieomtale
for konklusionen om, at Al overgr radiologer i at diag-
nosticere brystkraft [6]. Formalet med denne artikel er
at: 1) praesentere laseren for den nyeste viden om Al til
cancerdiagnostik i brystkra ftscreenir a
metodologiske problemstillinger i den eksisterend:
teratur om Al til mammografi og 3) diskutere mulig
derne samt udfordringerne i at implementer
ger i klinisk praksis.

NUVZRENDE PRAKSIS | BRYSTKR ZFTSCREENING
Alle danske kvinder ialdersgruppen 50-69 dr inviteres
hvert andet ar til screening for brystkraft. Underspgel-
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Benjamin Sc

brysti to projektioner. Screeningsbillederne lases ved
dobbelt uaft granskning af rutinerede mamma-
radiologer, og itilfalde af uenighed foretages en tredje
granskning mhp. konsensus. Screeningen afsluttes enten
ved, atkvinden forts@tter i screeningsprogrammet, eller
athun bliver genindkaldt til nzzrmere udredning med
klinisk mammografi (palpation, supplerende billeddiag-
nostik og evt. ndlebiopsi). Digital brysttomosyntese
(DBT), som er en tredimensionel mammografi, foreta-
etilfzlde. Videre udredning og behandling
r i multidisciplinaert organiseret pakkeforlgb.
Kvalite af screeningsindsatsen monitoreres
lpbende af Dansk Kvalitetsdatabase for Mammografi-
screening [2] ud fra en rakke organisatoriske krav
kliniske kvalitetsindikatorer iht. europziske retnin,
linjer [7] og nationale guidelines [8]. Opgerelserne fra
de seneste screeningsrunder viser, at den nationale
mammografiscreening har en hgj la glig standard,

men fortsat ressourcem

COMPUTERBASEREDE LOSNINGER TIL MAMMOGRAFI
De forste computerassisterede detektions (CAD)-syste-
mer blev i slutingen af 1990'erne lanceret som et
stottevaerktpj til at bista radiologer i brystkraftdiagno-
stik med store forventninger om at reducere oversete
cancere samt falsk positive. d transitionen fra
konventionel rontgen pé fisk film l digital
mammografi har CAD inden for de seneste 20 ar opnaet
bred popularitet sz rligti USA, hvor der bruges enk
granskning i screening [9]. En overvagt af studier peger
dog pa, at C/ J nostiske kvalitet, med
bl.a. afledende falsk positive markeringer, uden reel

Ugeskrift For Laeger, 2020

Hvor?

Tema: Billeddiagnostik

Hvornar?

Fremtidens screening

for brystkraeft

bruger kunstig intelligens

MAG I er et stort billeddiagnostisk valideringsprojekt, som underseger, i hvilket
omfang kunstig intelligens kan blive en fast del af screeningen for brystkreeft.
P& sigt kan det bade oge kvaliteten og aflaste radiologer.
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Brystkraeft er den hyppigste form for cancer blandt kvinderi Danmark, og omtrent en tredjedel af
tilfeldene opdages gennem screeningsprogrammet (modelfoto).
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Use of artificial intelligence for image analysis in breast cancer Independent External Validation of

screening programmes: systematic review of test accuracy

Karoline Freeman, Julia Geppert, Chris Stinton, Daniel Todkill, Samantha Johnson, Aileen Clarke,

Artificial Intelligence Algorithms for

Sian Taylor-Philips Automated Interpretation of Screening
S Ry e Mammography: A Systematic Review

To examine the accuracy of artificial intelligence (Al) including 79910 women, of whom 1878 had screen

for the detection of breast cancer in mammography detected cancer or interval cancer within 12 months Anna W. Anderson. MD®* M. Luke Marinovich, PhD MPHD’*
at Houssami, MBBS, PhD“?, Kathryn P. Lowry, MD?, Joann G. Elmore, MD, MPH® ",
5 S. M. Buist, PhD, MPHY" Solveig Hofvind, PhD', Christoph I. Lee, MD, MS®’

screening practice. of screening. Thirty four (94%) of 36 Al systems
DESIGN o
SRGUETRCYENEy | ORIGINAL RESEARCH - EVIDENCE-BASED PRACTICE

DATA SOURCES
Medline, Embase,

Database of System Machine Learning for Workflow Applications in Screening
to 17 May 2021. ) X .
SR CHITER) Mammography: Systematic Review and Meta-Analysis

Studies reporting te

orin combination wi Sarah E. Hickman, MBBS © Ramona Waoitek, MD, PhD e FElizabeth Phuong Vi Le, MA * Yu Ri Im, MB BChir *
P

women’s digital ma Carina Mouritsen Luxhoj, MA, MSci * Angelica I. Aviles-Rivero, BSc, MSc, PhD * Gabrielle C. Baxter; PhD  *

orin test sets. Refe James W, MacKay, MA, MB BChir, PhD  Fiona ]. Gilbert, MD

histology or follow- Radiology 2022; 302:88-104 +  htps://doi.org/10.1148/radiol. 2021210391 * Content codes:

Outcomes included

detected.

Background:  Advances in computer processing and improvements in data availability have led to the development of machine learn-

STUDY SELECTION A ing (ML) techniques for mammographic imaging.

Two reviewers indep

inclusion and asses Purpose:  To evaluate the reported performance of stand-alone ML applications for screening mammography workflow.

of included studies

Diagnostic Accurac Materials and Methods: ~ Ovid Embase, Ovid Medline, Cochrane Central Register of Controlled Trials, Scopus, and Web of Science lit-

single reviewer extr erature databases were searched for relevant studies published from January 2012 to September 2020. The study was registered with

b d tevi the PROSPERO International Prospective Register of Systematic Reviews (protocol no. CRD42019156016). Stand-alone tech-
g sCranciTcyicws nology was defined as a ML algorithm that can be used independently of a human reader. Studies were quality assessed using the

performed. Quality Assessment of Diagnostic Accuracy Studies 2 and the Prediction Model Risk of Bias Assessment Tool, and reporting was

RESULTS evaluated using the Checklist for Artificial Intelligence in Medical Imaging. A primary meta-analysis included the top-performing

Twelve studies totall algorithm and corresponding reader performance from which pooled summary estimates for the area under the receiver operating

characteristic curve (AUC) were calculated using a bivariate model.
were included. No p

test accuracy of Al i Results:  Fourteen articles were included, which detailed 15 studies for stand-alone detection ( = 8) and triage (# = 7). Triage stud-

Studies were of poo) ies reported that 17%-91% of normal mammograms identified could be read by adapted screening, while “missing” an estimated
0%-—7% of cancers. In total, an estimated 185 252 cases from three countries with more than 39 readers were included in the pri-
mary meta-analysis. The pooled sensitivity, specificity, and AUC was 75.4% (95% Cl: 65.6, 83.2; P = .11), 90.6% (95% CI: 82.9,
95.0; P = .40), and 0.89 (95% CI: 0.84, 0.98), respectively, for algorithms, and 73.0% (95% CI: 60.7, 82.6), 88.6% (95% CI:
72.4, 95.8), and 0.85 (95% CI: 0.78, 0.97), respectively, for readers.

Conclusion:  Machine learning (ML) algorithms that demonstrate a stand-alone application in mammographic screening
workflows achieve or even exceed human reader detection performance and improve efficiency. However, this evidence is from a
small number of retrospective studies. Therefore, further rigorous independent external prospective testing of ML algorithms to
assess performance at preassigned thresholds is required to support these claims.

©RSNA, 2021

Online supplemental material i available for this article.

its awarded for this enduring activity are designated “SA-CME” by the American Board of Radiology (ABR) and qualify toward
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ARTICLE W) Check for updates
Deep learning in image-based breast and cervical cancer
detection: a systematic review and meta-analysis

1 =

Peng Xue(®'?, Jiaxu Wang®"*, Dongxu Qin’, Huijiao Yan?, Yimin Qu’', Samuel Seery @**, Yu Jiang®' ™ and Youlin Qiao

Accurate early detection of breast and cervical cancer is vital for treatment success. Here, we conduct a meta-analysis to assess the
diagnostic performance of deep learning (DL) algorithms for early breast and cervical cancer identification. Four subgroups are also
investigated: cancer type (breast or cervical), validation type (internal or external), imaging modalities (mammography, ultrasound,
cytology, or colposcopy), and DL algorithms versus clinicians. Thirty-five studies are deemed eligible for systematic review, 20 of
which are meta-analyzed, with a pooled sensitivity of 88% (95% Cl 85-90%), specificity of 84% (79-87%), and AUC of 0.92
(0.90-0.94). Acceptable diagnostic performance with analogous DL algorithms was highlighted across all subgroups. Therefore, DL
algorithms could be useful for detecting breast and cervical cancer using medical imaging, having equivalent performance to
human clinicians. However, this tentative assertion is based on studies with relatively poor designs and reporting, which likely
caused bias and overestimated algorithm performance. Evidence-based, standardized guidelines around study methods and
reporting are required to improve the quality of DL research.

npj Digital Medicine (2022)5:19; https://doi.org/10.1038/s41746-022-00559-z
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Fig. 1| Comparison of development pathways for drug therapies, Al in healthcare anc
guidelines, some of which are study design specific (TRIPOD-AI, STARD-AI, SPIRIT/C(

(DECIDE-AI and IDEAL). Depending on the context, more than one study design can b

Vasey et al, BMJ / Nat Med _(2022)

UK National Screening Committee’s approach to reviewing
evidence on artificial intelligence in breast cancer screening

Sian Taylor-Phillips, Farah Seedat, Goda Kijauskaite, John Marshall, Steve Halligan, Chris Hyde, Rosalind Given-Wilson, Louise Wilkinson,
Alastair K Denniston, Ben Glocker, Peter Garrett, Anne Mackie, Robert | Steele

Artificial intelligence (AI) could have the potential to accurately classify mammograms according to the presence or
absence of radiological signs of breast cancer, replacing or supplementing human readers (radiologists). The UK
National Screening Commiittee’s assessments of the use of Al systems to examine screening mammograms continues
to focus on maximising benefits and minimising harms to women screened, when deciding whether to recommend
the implementation of Al into the Breast Screening Programme in the UK. Maintaining or improving programme
specificity is important to minimise anxiety from false positive results. When considering cancer detection, Al test
sensitivity alone is not sufficiently informative, and additional information on the spectrum of disease detected and
interval cancers is crucial to better understand the benefits and harms of screening. Although large retrospective
studies might provide useful evidence by directly comparing test accuracy and spectrum of disease detected between
different Al systems and by population subgroup, most retrospective studies are biased due to differential verification
(ie, the use of different reference standards to verify the target condition among study participants). Enriched,
multiple-reader, multiple-case, test set laboratory studies are also biased due to the laboratory effect (ie, radiologists’
performance in retrospective, laboratory, observer studies is substantially different to their performance in a dinical
environment). Therefore, assessment of the effect of incorporating any Al system into the breast screening pathway
in prospective studies is required as it will provide key evidence for the effect of the interaction of medical staff with
Al, and the impact on women'’s outcomes.

CrossMark

Lancet Digit Health 2022;
4:558-65

Warwick Medical School,
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Taylor-Philips et al, Lancet Digit Health (2022)

Selvom retrospektive studier spiller en vigtig rolle i tidlig fase evaluering, har de begraensninger og bias;
prospektive studier er derfor nadvendige for at vurdere effekten af implementering af ethvert Al system i screeningsstien
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