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Frågeställning:
Kan artificiell intelligens användas för att identifiera kvinnor med ökad risk 
för att gå från mammografiscreening med oupptäckt cancer - och föreslå 
en annan undersökning i tillägg?

Tre frågor till Fredrik:
 
Hur kan resultatet av er forskning hjälpa patienterna, rent konkret?
Våra resultat visar att AI som analyserar mammografibilder kan hitta de som 
har hög risk trots en normal mammografi, och möjliggöra riktad komplette-
rande undersökning (t.ex. magnetkamera, MR, eller kontrastförstärkt mam-
mografi). Det innebär att fler cancerfall kan upptäckas tidigare, de som mis-
sas av dagens mammografi, vilket i förlängningen kan förbättra prognosen 
och minska behovet av mer omfattande behandling. Problemet som funnits 
med tidigare metoder där urvalet till MR baserades på mammografisk täthet 
var att man behövder göra MR på 60 personer för att hitta en med cancer. 
Det blir ganska kostsamt. Med vårt AI-system hittar man en cancer per 15 
personer. AI-modellen väljer alltså ut vilka som behöver MR på ett betydligt 
mer effektivt sätt.

Hur viktigt har stödet från Bröstcancerförbundet varit för er forskning?
Stödet har varit mycket viktigt och har bidragit till att vi kunnat genomföra 
både en utveckling av AI-system och en klinisk studie som lett till interna-
tionellt uppmärksammade resultat. Utan denna finansiering hade delar av 
arbetet inte kunnat genomföras i samma omfattning.

Vad vill du hälsa alla Bröstcancerförbundets givare?
Ert stöd gör verklig skillnad. Tack vare ert engagemang kan vi utveckla nya 
metoder som bidrar till att upptäcka bröstcancer tidigare och rädda liv. 

Mer att läsa kring Fredriks forskning, samt publikationer finns på följande sidor.



Vetenskaplig Återrapportering 

Fredrik Strand, Karolinska Universitetssjukhuset 

Projektanslag 2022 & 2023 (F2023-0053) 

Stockholm, 2026-04-13 

 

Med stöd från Bröstcancerförbundet har vi kunnat delfinansiera forskning i vår grupp 
kring hur artificiell intelligens (AI) kan förbättra bröstcancerscreening. Arbetet har lett till 
viktiga resultat både från utveckling av nya AI-modeller och från en klinisk studie av 
dessa. 

Vi har i en retrospektiv studie utvecklat en AI-modell som analyserar mammografibilder 
och kombinerar flera typer av information, såsom tidiga cancertecken, hur lätt cancer 
kan döljas i vävnaden, samt individuell risk. Denna modell visade sig vara betydligt 
bättre än dagens metoder för att identifiera kvinnor som senare utvecklar cancer.   

Den största satsningen har varit den kliniska studien ScreenTrustMRI, som nyligen 
publicerats i Nature Medicine. I studien använder vi AI för att identifiera kvinnor som har 
en förhöjd risk för oupptäckt cancer trots normal mammografi, och erbjuder dessa 
kvinnor en kompletterande MR-undersökning. 

Resultaten visar att metoden är mycket effektiv: genom att undersöka en liten grupp 
kvinnor (cirka 7%) kunde vi upptäcka många fler cancerfall än med tidigare metoder. 
Upptäckten var nästan fyra gånger mer effektiv än att använda traditionella mått på 
mammografisk täthet. Dessutom var de flesta tumörerna invasiva och kliniskt relevanta, 
vilket innebär att de sannolikt hade varit svåra att upptäcka i tid utan denna strategi. 

Tillsammans visar dessa studier att AI kan bidra till att hitta cancer tidigare och mer 
träffsäkert, samtidigt som resurser som MR kan användas mer riktat. Detta är ett viktigt 
steg mot mer individanpassad bröstcancerscreening. 

Arbetet fortsätter nu med att analysera långtidsutfall. Ett manuskript med de primära 
resultaten från 27-månadersuppföljningen i ScreenTrustMRI har idag skickats in för 
vetenskaplig publicering. 

Jag tackar återigen för de generösa anslagen från Bröstcancerförbundet som 
möjliggjorde forskningen. 
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AI-based selection of individuals for 
supplemental MRI in population-based 
breast cancer screening: the randomized 
ScreenTrustMRI trial

Mattie Salim    1,2, Yue Liu3,4, Moein Sorkhei    3,4, Dimitra Ntoula2, 
Theodoros Foukakis    1, Irma Fredriksson5, Yanlu Wang1, Martin Eklund    6, 
Hossein Azizpour7, Kevin Smith3,4 & Fredrik Strand    1,2 

Screening mammography reduces breast cancer mortality, but studies 
analyzing interval cancers diagnosed after negative screens have shown that 
many cancers are missed. Supplemental screening using magnetic resonance 
imaging (MRI) can reduce the number of missed cancers. However, as 
qualified MRI staff are lacking, the equipment is expensive to purchase 
and cost-effectiveness for screening may not be convincing, the utilization 
of MRI is currently limited. An effective method for triaging individuals 
to supplemental MRI screening is therefore needed. We conducted a 
randomized clinical trial, ScreenTrustMRI, using a recently developed 
artificial intelligence (AI) tool to score each mammogram. We offered trial 
participation to individuals with a negative screening mammogram and 
a high AI score (top 6.9%). Upon agreeing to participate, individuals were 
assigned randomly to one of two groups: those receiving supplemental 
MRI and those not receiving MRI. The primary endpoint of ScreenTrustMRI 
is advanced breast cancer defined as either interval cancer, invasive 
component larger than 15 mm or lymph node positive cancer, based on a 
27-month follow-up time from the initial screening. Secondary endpoints, 
prespecified in the study protocol to be reported before the primary 
outcome, include cancer detected by supplemental MRI, which is the focus  
of the current paper. Compared with traditional breast density measures 
used in a previous clinical trial, the current AI method was nearly four times 
more efficient in terms of cancers detected per 1,000 MRI examinations  
(64 versus 16.5). Most additional cancers detected were invasive and several 
were multifocal, suggesting that their detection was timely. Altogether, our 
results show that using an AI-based score to select a small proportion (6.9%) 
of individuals for supplemental MRI after negative mammography detects 
many missed cancers, making the cost per cancer detected comparable with 
screening mammography. ClinicalTrials.gov registration: NCT04832594.

Received: 9 January 2024

Accepted: 23 May 2024

Published online: 8 July 2024

 Check for updates

A full list of affiliations appears at the end of the paper.  e-mail: fredrik.strand@ki.se

http://www.nature.com/naturemedicine
https://doi.org/10.1038/s41591-024-03093-5
http://orcid.org/0000-0003-3239-1803
http://orcid.org/0000-0001-6204-0778
http://orcid.org/0000-0001-8952-9987
http://orcid.org/0000-0001-5032-5266
http://orcid.org/0000-0003-3910-7086
https://classic.clinicaltrials.gov/ct2/show/NCT04832594
http://crossmark.crossref.org/dialog/?doi=10.1038/s41591-024-03093-5&domain=pdf
mailto:fredrik.strand@ki.se


Nature Medicine | Volume 30 | September 2024 | 2623–2630 2624

Article https://doi.org/10.1038/s41591-024-03093-5

individuals randomized to, and undergoing, supplemental MRI. It was 
prespecified in the study protocol that secondary endpoints could be 
reported before primary endpoints.

Our hypothesis was that AI-based image analysis will provide a 
more effective selection tool than traditional density in terms of the 
proportion of MRI examinations leading to a cancer diagnosis.

Results
Study population
The source screening population for the ScreenTrustMRI trial consisted 
of 59,354 women whose mammograms were screened with AISmart-
Density, of whom 4,103 were eligible to participate due to a ‘very high’ 
(top 6.9%) AISmartDensity score. The distribution of BI-RADS (Breast 
Imaging-Reporting and Data System) breast density24 and AISmartDen-
sity assessments are shown in Supplementary Table 1. Due to an invi-
tation error caused by delayed image processing, 282 women did not 
receive invitations, resulting in an invited population of 3,821 (Fig. 1).

Out of 1,315 (34% of 3,821) individuals who accepted the invitation, 
663 (50% of 1,315) individuals were randomized to undergo MRI. Among 
those randomized to MRI, 104 (16% of 663) chose not to undergo the 
examination, while 559 (84% of 663) completed the MRI examination 
to form the final cohort for this analysis (Fig. 1). The median age of the 
cohort was 56 years (interquartile range (IQR) 50–65 years) (Table 1). 
Among participants, 22 (4% of 559) had a previous history of breast can-
cer and 104 (19% of 559) individuals reported having a family member 
with a history of breast cancer.

MRI reads and subsequent procedures
A summary of the MRI results and subsequent procedures is reported in 
Table 2, including the radiologist assessment of each MRI examination, 
which was read by two breast radiologists (F.S., D.N.) with an experi-
ence level of 4 and 5 years, respectively, in MRI reading. For each MRI 
examination, the radiologists assessed fibroglandular proportion, 
corresponding to mammographic density, as well as the background 
parenchymal enhancement. Any lesions found were classified accord-
ing to BI-RADS to assess the degree of malignancy suspicion of imag-
ing findings: 464 (83%) were BI-RADS 1–2 (‘benign’); 54 (9.7%) were 
BI-RADS 3 (‘probably benign’); 27 (4.8%) were BI-RADS 4 (‘suspicious 
for malignancy’) and 14 (2.5%) were BI-RADS 5 (‘highly suggestive of 
malignancy’). In Sweden, it is common practice to biopsy BI-RADS 3 
lesions and avoid short-term follow-up. Therefore, our study protocol 
included a first attempt at biopsy using traditional methods, but, if 
not possible, we applied a short-term follow-up protocol for women 
with BI-RADS 3 lesions. There were 95 (17%) examinations that met the 
condition of BI-RADS 3–5 and were flagged accordingly for further 
work-up. Diagnostic biopsies were obtained for 12.7% (71 of 559) of the 
study cohort; 71 of the 95; 62 (65%) by guided ultrasound and 9 (9.5%) 
by MRI. Of the 24 flagged cases who had no biopsy, 23 were BI-RADS  
3 lesions that could not be localized on second-look ultrasound and  
1 was BI-RADS 4 for which no corresponding lesion could be localized 
on second-look ultrasound or during an attempt at MRI-guided biopsy; 
these patients had MRI follow-up examinations scheduled at 6, 12 and 
24 months per protocol; complete results for those are not yet available. 
In the analysis, the 24 BI-RADS 3–5 lesions that were not subjected to 
biopsy were classified as incomplete rather than benign, considering 
the unavailability of comprehensive results. Table 2 also provides an 
overview of the MRI assessments for individuals who were diagnosed 
with breast cancer and those who were not. Among the diagnosed 
individuals, the most common type of lesions were enhancing masses; 
however, among those without cancer, nonmass enhancements were 
more frequent.

Diagnostic outcomes
Cancerous lesions were detected in 36 participants, corresponding to 
64.4 (95% confidence interval (CI) 46.8–88.1) cancer detection rate per 

Mammography is the standard method for population-wide breast 
cancer screening, and randomized trials have confirmed that early 
cancer detection achieved through screening mammography leads to 
decreased breast cancer mortality1,2. However, around 30 percent of 
cancers in screened women are diagnosed as so-called interval cancers, 
becoming symptomatic after a negative screening and before the next 
planned screening3. Interval cancers may escape screening as they 
may be fast-growing and not present on mammograms at the time of 
screening, were missed by the radiologist reader or were undetectable 
by mammography at the time4,5. Like other symptomatically detected 
cancers, interval cancers show aggressive biology and have relatively 
poor prognosis6,7.

Contrast-enhanced MRI has been shown to be a more sensitive 
method for early detection of breast cancer compared with mammog-
raphy8. The sensitivity of mammography is reduced for women with 
extremely dense breasts, while the sensitivity of MRI is unaffected9–11. 
In addition, women with dense breast tissue experience up to a twofold 
increase in breast cancer risk compared with the average woman12–17. 
The randomized DENSE trial conducted in the Netherlands demon-
strated a 50% reduction in interval cancer for women invited to MRI 
compared with those not invited, and more than 80% reduction for 
women actually undergoing MRI compared with those not invited11. 
Based on those results, the cost-effectiveness ratio of offering MRI 
every 3 years to women with extremely dense breasts (around 8–10% 
of the population) has been estimated at €37,181 per QALY18. Due to 
the relatively high cost, MRI has not yet been included in any national 
screening program despite the European Society of Breast Imaging 
(EUSOBI) 2022 recommendation that women aged 50–70 years with 
extremely high mammographic density should have supplemental 
imaging by MRI or, if MRI is not available, by other methods, at least 
every 4 years (preferably every 2–3 years)19.

Previous studies have shown that reductions in the number of 
interval cancers can be achieved by using MRI for supplemental screen-
ing of women with high mammographic density11,20. The increased 
detection, however, comes at a substantially increased per examination 
cost, which results in lower cost-effectiveness compared with mam-
mography and hinders widespread implementation21,22. Here, we report 
interim results of a prospective clinical study using a new AI image tool 
to select high-risk women for supplementary MRI.

The ScreenTrustMRI trial (NCT04832594) is a randomized con-
trolled trial to assess the use of an AI tool—AISmartDensity—to select 
individuals for supplemental MRI. AISmartDensity was developed by 
the authors (Y.L., M. Sorkhei and K.S.) using data collected by authors 
M. Salim. and F.S. The AI tool has a modular structure with three com-
ponent models assessing underlying risk, potential masking and suspi-
cious cancer signs (Supplementary Information). The primary use case 
for the AISmartDensity algorithm is to triage women for supplemental 
MRI after negative screening mammography. The AI tool was evaluated 
in a retrospective clinical study where it showed a cancer detection 
rate up to 29 cancers per 1,000 examinations in an 8% selection of the 
population23. The primary endpoint of the ScreenTrustMRI trial is 
to examine the incidence of advanced cancer at 27-month follow-up 
after the initial screening in the group of individuals randomized to 
MRI compared with those randomized to no MRI. Advanced cancer, 
termed ‘delayed’ in the study protocol, was defined as any of the follow-
ing: interval cancer, invasive component larger than 15 mm and lymph 
node positive cancer (that is, N1), or screen-detected cancers meeting 
specific criteria such as interval cancers, cancers having an invasive 
component larger than 15 mm or lymph node metastasis. Secondary 
endpoints include cancer detection at supplemental MRI, participant 
engagement, AI score distribution, tumor characteristics, radiologi-
cal process measures and questionnaire responses. The trial started 
inclusions on 1 April 2021 and ended inclusions on 7 April 2023, and the 
follow-up period will end in August of 2025 for the last included patient. 
The current report focuses on the detection of additional cancers for 
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1,000 MRI examinations (Table 3). The proportion of cancers identified 
in individuals recalled after MRI (positive predictive value 1 (PPV1)) was 
37.9% (95% CI 28.6 to 48.1). For individuals assessed as BI-RADS 3, 4 and 
5, the PPV1 was 13.0%, 63.0% and 85.7% respectively. The proportion of 
cancers among biopsied individuals (positive predictive value 3 (PPV3)) 
was 50.7% (95% CI 39.0–62.3). Figure 2 displays four cases highlighting 

suspicious findings on MRI, enabling comparison with the preceding 
negative screening mammogram. Supplementary Fig. 1 shows the 
results normalized to a screening cohort of 10,000 individuals with 
negative mammography findings and Supplementary Table 2 presents 
the overall AISmartDensity score and the metrics for each of the three 
component models across all 36 cancers.

88,844 women
screened

59,354 women
analyzed with AI

486 women recalled
by radiologists

(excluded)

22,042 examinations
not regular screening

(excluded)

5,252 implants
(excluded)

1,710 without a
complete AI score

(excluded)

55,533 not eligible for
randomization

(not 'very high' AI
score)

4,103 eligible for
randomization

('very high' AI score)

652 not randomized
to MRI

663 randomized to
MRI

14 did not undergo
MRI due to

contraindications

559 completed MRI

90 did not attend the
scheduled MRI

282 invitation error

2,788 did not consent
to be included

Fig. 1 | Study population. CONSORT diagram for the study population.
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Cancer characteristics
A detailed overview of the MRI and histopathological characteristics of 
the cancers detected is shown in Table 4. The median size of the only, 
or the largest, malignant lesion measured on MRI images was 12 mm  
(IQR 8–18 mm), which largely agreed with the histopathological  
analysis of the surgical specimens, which showed 13 mm (IQR 8–17). The 
total extent of malignancy ranged between 7 and 85 mm with a median 
of 15 mm (IQR 12–35). A total of 13 (36% of 36) were larger than 20 mm, 
corresponding to stage 2 or higher. Among all the diagnosed cancers, 
7 (19% of 36) presented with multiple mass lesions on MRI whilst histo-
pathological analysis confirmed multifocality for 4 (11% of 36). Only 3 
(8% of 36) cases had lymph node metastases. In the histopathological 

analysis of the surgical specimens, most (22 or 61%) were a combination 
of invasive and ductal cancer in situ, with 5 (14% of 36) being in situ only. 
In terms of histological origin, according to the traditional classification 
system, 27 (75% of 36) cancers were classified as ductal breast cancer 
in the surgical specimens.

Discussion
In this report from the ScreenTrustMRI trial, we assessed the impact 
of applying the AISmartDensity tool to identify women at risk of unde-
tected cancer following negative mammography screening, focus-
ing on those who could potentially benefit from supplemental MRI. 
We observed a cancer detection rate of 64.4 cancers per 1,000 MRI 
examinations, and a positive predictive value of 38% for individuals 
recalled after MRI and 50.7% for individuals who were biopsied. Most of 
these malignant lesions had invasive components. The invasive cancers 
had a median size of 13 mm on pathology analysis, which is smaller 
than the average size of 15.8 mm and 19.6 mm for mammography 
screen-detected cancer and interval cancer, respectively, previously 
reported for a similar breast center in the Stockholm area25. Using the 
AISmartDensity method would make the detection cost per cancer 
similar to the cost in population-wide screening mammography and 
contribute to earlier detection of invasive cancer. The cancer detec-
tion rate of our trial at 64 (95% CI 46.8–88.1) cancers per 1,000 MRIs 
corresponds to about 3.8 times higher supplemental cancer detection 
rate compared with the traditional density method used in the DENSE 
trial11 at 16.5 cancers per 1,000 MRIs. A cost-effectiveness study based 
on the results from the DENSE trial estimated the cost per QALY gained 
for supplemental MRI every 3 years at €37,181. Our results suggest that 
using AISmartDensity, the cost per QALY would probably be mark-
edly lower given the close to four times higher supplemental cancer 
detection rate. As a alternative approach with potential to reduce MRI 
utilization and further increase cost-effectiveness, it may be suggested 
that radiologists should re-review the mammograms of all women with 
a very high AISmartDensity score. An assessment of this approach is 
planned as a post hoc reader study.

A recent meta-analysis8 evaluated various supplementary screen-
ing methods in women with dense breasts and a negative screening 
mammogram across 22 studies and a total of 132,166 individuals. Of 
the 22 studies, 3 focused on supplementary screening with MRI11,26,27, 
totaling 43,577 individuals screened, of whom 7,021 had dense breasts 
and were eligible for supplemental MRI. The pooled estimate of can-
cer detection rate for MRI was 25.7 per 1,000 MRI exams, with PPV1 
27.7% and PPV3 34.1%. MRI was superior in terms of cancer detection 
compared with other supplemental screening methods: digital breast 
tomosynthesis, handheld ultrasound and automated breast ultra-
sound. One of the evaluated trials was the DENSE randomized trial, 
in which Bakker et al. assessed the effectiveness of supplemental MRI 
screening for individuals aged 50–75 years selected by traditional mam-
mographic density11. Breast density was measured using automated 
software, and individuals with a BI-RADS D density score (correspond-
ing to dense breast tissue) were invited to the study. The results showed 
that early detection by supplemental MRI screening led to a decrease 
in interval cancers by more than 80 percent. In the DENSE trial, the 
cancer detection rate among women undergoing MRI was 16.5 per 
1,000 MRI examinations with a PPV for recall of 17.4%. The second 
trial26 included females aged 40–70 years of average risk (lifetime risk 
of 6–12%) assessed using the Gail model that uses personal medical 
and reproductive history, as well as the breast cancer history among 
first-degree relatives, but does not include breast density as a risk fac-
tor28. The supplementary cancer detection rate in the study was 22.6 
per 1,000 examinations. The third study27 compared abbreviated MRI 
protocols (AP) with full diagnostic protocols (FP). The study included 
females aged 30–71 years with dense breasts (per BI-RADS) and normal 
mammography results, although the indication for supplementary 
examination in this study was unclear to us. The cancer detection rate 

Table 1 | Description of the study population of individuals 
undergoing MRI (n = 559)

All Value

Age, years (0 missing), median (IQR) 56 (50–65)

  40–49 (n = 129) 46 (43–47)

  50–59 (n = 214) 54 (52–56)

  60–69 (n = 145) 65 (63–67)

  ≥70 (n = 71) 72 (71–73)

  Weight, kg (24 missing) (median, IQR) 69 (63–77)

  Height, cm (13 missing) (median, IQR) 167 (163–172)

Breast self-examination (21 missing) (n, %)

  Never 62 (11.5%)

  Occasionally 400 (74%)

  Often 76 (14.1%)

  Previous breast MRI (20 missing) (n, %) 26 (4.7%)

  Previous breast cancer (13 missing) (n, %) 22 (4.0%)

  Previous breast disease (18 missing) (n, %) 64 (11.8%)

  Breast cancer relative (12 missing) (n, %) 104 (19%)

  Ovarian cancer relative (14 missing) (n, %) 22 (4.0%)

Age at menarche (39 missing) (n, %)

  11 years or younger 77 (14.8%)

  12–14 years 375 (72.1%)

  >14 years 68 (13.1%)

Number of pregnancies (29 missing) (n, %)

  0 pregnancies 30 (5.66%)

  1–2 pregnancies 244 (46.0%)

  ≥3 pregnancies 256 (48.3%)

Age first pregnancy (77 missing) (n, %)

  <19 years 46 (9.5%)

  20–29 years 269 (55.8%)

  >30 years 167 (34.6%)

Number of births (44 missing) (n, %)

  1 birth 91 (17.7%)

  2–3 births 369 (71.7%)

  ≥4 births 19 (3.69%)

History of breastfeeding (90 missing) (n, %)

  <1 month 24 (5.1%)

  1–11 months 235 (50%)

  ≥12 months 210 (44.8%)

Percentages do not always sum to 100% due to rounding and some values are missing due to 
incomplete participant reporting.

http://www.nature.com/naturemedicine
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was between 31 for AP and 33 for FP per 1,000 MRI examinations, while 
the PPV for recall varied between 27.8% (AP) and 41% (FP). It is notable 
that the additional cancer detection rate in the present study was two to 
four times higher than the three studies included in the meta-analysis. 
Traditional mammographic density and risk models thus seem to cap-
ture a markedly lower amount of relevant image information compared 
with the AISmartDensity tool.

When comparing mammographic density with AISmartDensity in 
the source population, we note associations between different mam-
mographic density categories and the ‘very high’ category of AISmart-
Density. Across all mammographic density categories, most individuals 
were classified as not ‘very high.’ However, within each density category 
there were notable variations in the proportions classified as ‘very 
high.’ Individuals categorized as BI-RADS D had the highest proportion 
12% (682 of 5,515) classified as ‘very high’, followed by BI-RADS C 11% 
(3055 of 27742) and BI-RADS B 1.9% (358 of 19170). In contrast, those 
with BI-RADS A had the lowest proportion 0.1% (8 of 6927) classified 
as ‘very high.’ These findings indicate that there is some association 

between traditional mammographic density and AISmartDensity but 
far from full agreement.

Not all women with a very high density (BI-RADS D) by tradi-
tional measures are included in the very high AISmartDensity cat-
egory. An important purpose of density classification is to ensure 
that we efficiently allocated supplemental screening resources to 
find as many undetected cancers as possible given a specific budget or 
cost-effectiveness goal. In that capacity, our results suggest that using 
AISmartDensity is superior to traditional density. It should be noted 
that, even if AISmartDensity is likely to catch around four times as many 
cancers as using BI-RADS D, there could be some cancers identified by 
BI-RADS D that AISmartDensity ‘very high’ might miss.

The results in terms of cancers detected should be put in per-
spective of what would be the expected future cancers without our 
intervention. Once the 27-month follow-up time is complete in our 
trial, we can compare with the women randomized to not have MRI. At 
present, an approximation is still possible. There were 559 individuals 
having MRI, which forms 6.9% of a total population of 8,101 individuals. 

Table 2 | MRI radiologist reads and procedures (n = 559)

Overall (n = 559)
n (%)

No breast cancer (n = 523)a

n (%)
Diagnosed breast cancer (n = 36)

n (%)
P valueb

Amount of fibrograndular tissue

  Almost entirely fat 4 (0.7%) 4 (0.77%) 0 (0%) N/A

  Scattered fibroglandular tissue 206 (36.9%) 188 (36%) 18 (50%) 0.098

  Heterogenous fibroglandular tissue 288 (52%) 275 (53%) 13 (36%) 0.057

  Extreme fibroglandular tissue 59 (10.6%) 54 (10.3%) 5 (13.9%) 0.508

Background parenchymal enhancement

  Minimal 174 (31.3%) 161 (30.8%) 13 (36%) 0.541

  Mild 230 (41.1%) 212 (40.5%) 18 (50%) 0.296

  Moderate 114 (20.4%) 110 (21%) 4 (11%) 0.153

  Marked 34 (6.1%) 33 (6.3%) 1 (2.8%) 0.397

BI-RADS abnormality score

  1
  2

346
118

(61.9%)
(21.1%)

346
118

(66%)
(23%)

0
0

(0%)
(0%)

N/A
N/A

  3
  4
  5

54
27
14

(9.7%)
(4.8%)
(2.5%)

47
10
2

(9%)
(1.9%)
(0.38%)

7
17
12

(19.4%)
(47.2%)
(33.3%)

0.046
<0.001
<0.001

Type of lesion (BI-RADS 3–5)

  Focus 11 (1.9%) 9 (15.3%) 2 (5.5%) 0.136

  Nonmass enhancement 28 (5%) 23 (39%) 5 (13.9%) 0.006

  Mass 50 (8.9%) 21 (36%) 29 (81%) <0.001
aIncludes women that were biopsied with a benign finding and women that are undergoing follow-up. bP value for the comparison between no breast cancer and diagnosed breast cancer. 
Percentages do not always sum to 100% due to rounding. Numbers do not always equal 559 due to missing radiologist assessments. N/A, not available.

(464 (83%))

Table 3 | Breast cancer detection by supplemental MRI

BI-RADS Examinations, n Breast cancer detected No breast cancer detected

Cancer detection rate PPV of BI-RADS 3–5 (%) Not recalled Benign 
biopsy

Incomplete 
MRI follow-up

n per 1,000 MRI exams PPV1 (95% CI) PPV3 (95% CI)

All 559 36 64.4 (95% CI 46.8–88.1) 464

3–5 95 36 37.9 (28.6–48.1) 50.7 (39.0–62.3) 35 24

3 54 7 13.0 (6.2–25.1) 22.6 (10.8–41.2) 24 23

4 27 17 63.0 (42.8–79.4) 65.4 (44.7–81.5) 9 1

5 14 12 85.7 (53.5–96.9) 85.7 (53.5–96.9) 2 0

Two women decided to not pursue MRI follow-up. PPV1, PPV of BI-RADS 3–5 read; PPV3, PPV of biopsy performed after BI-RADS 3–5 read; 95% CI, estimated 95% CI by Stata ‘proportion’ command.

(95 (17%))

http://www.nature.com/naturemedicine


Nature Medicine | Volume 30 | September 2024 | 2623–2630 2628

Article https://doi.org/10.1038/s41591-024-03093-5

The expected number of interval cancers in the underlying population 
would be 16 at the approximate 0.2% interval cancer rate in Sweden, and 
the expected number of next-round screen-detected cancers would be 
41 at the approximate 0.5% cancer detection rate in the regular Swedish 
breast cancer screening system. The detected 36 cancers in the selected 
individuals correspond to 63% of the 57 expected future cancers in the 
entire screening population. The potential to pre-emptively detect 
most cancers by offering MRI to a small proportion of individuals 
represents an important healthcare value proposition.

In hindsight, some of the mammograms could be seen as showing 
subtle suspicious findings (Fig. 2). To understand whether this would 
be enough for radiologists to correctly recall them, all examinations 
included in this trial will be assessed in the planned post hoc reader study.

For mammography, examinations classified as BI-RADS 3 should 
ideally have a PPV below 2%. However, the interpretation of BI-RADS 3 in 
MRI is not as firmly established due to the lack of knowledge regarding 
features that constrain the risk to the 2% threshold. The relatively high 
PPV of 13% in the current study indicates that the radiologists involved 
were not fully calibrated to the expected 2% level and underscores the 
challenge in classifying BI-RADS 3 for MRI.

It is notable that most of the cancers detected in the population 
selected for supplementary MRI exhibited invasive features. This could 
be attributed to a combination of the AI tool and the use of MRI. It is 
known that MRI has increased sensitivity for invasive breast cancer, 
due primarily to increased contrast enhancement29, compared with 
more indolent cancer in situ30.

Lymph node metastases were relatively rare in our study. Only 8% 
of the 36 cases demonstrated lymph node metastasis, with 6% of cases 
showing evidence of this during the initial biopsy and 8% in the surgical 
specimen. These findings may be indicative of early detection when 

using MRI as a supplemental screening method. The larger tumor size 
observed in some of the lesions may be partially attributed to the preva-
lent screening nature of this study. We anticipate that the frequency of 
larger tumors will diminish in subsequent screening rounds. As per our 
study protocol, after 27 months follow-up we will report differences 
between the MRI arm and the control arm in terms of the number of 
cancers with adverse prognostic features.

Based on results from the previously published retrospective 
evaluation, it would seem that the cancer signs part of the AISmart-
Density score would be just as good, in terms of AUC, as the summary 
score. However, in the current prospective implementation, 16 of 36 
cancers actually had a higher masking or risk score than cancer signs 
score (Supplementary Table 2)23. The ground truth on which the AUC 
calculation is based naturally differ between the retrospective evalu-
ation (based on a 3-year follow-up time) and the prospective imple-
mentation (cancers that near time of screening are actually detected 
by MRI). We believe that the three components adds robustness and 
are valuable in practice.

The main strength of this study is its prospective nature, using a 
population derived from a well-controlled prespecified randomized 
clinical trial conducted within a population-based screening program. 
The use of the automated AISmartDensity assessment ensured there 
was no interreader variability in mammogram assessment. The soft-
ware was developed in-house (patent pending) and has not yet received 
CE mark or United States Food and Drug Administration approval. A 
key limitation of the present report is that the cancer detection rate 
using this method can be compared only with results using traditional 
density in other studies, not within this study. Also, a limitation is that 
we do not have patient parameters required to compare with traditional 
risk model scores. Furthermore, although this study provides clear 
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Fig. 2 | Cancers detected by supplemental MRI after negative mammography. 
a, Case A was a 13-mm large BI-RADS 4 finding on MRI that corresponded to a 
13-mm large invasive cancer as diagnosed in the surgical specimen. b, Case B was 
a 9-mm large BI-RADS 4 finding on MRI that corresponded to an 8-mm invasive 
cancer and 14-mm ductal cancer in situ. c, Case C was three suspicious lesions 

within a total area of 60 mm, BI-RADS 5 finding on MRI, that corresponded to a 
50-mm multifocal invasive lobular cancer. d, Case D was two suspicious lesions, 
the largest 13 mm, BI-RADS 3 on MRI, which corresponded to a 10-mm invasive 
lobular cancer with 85-mm extent including ductal cancer in situ.
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proof-of-principle, the AI tool was trained only on mammography 
images from Hologic equipment, using images of high quality assessed 
by highly experienced radiologists will need to be validated for other 
equipment for the method to be generalized. Additionally, the trial did 
not explicitly assess the efficacy of AISmartDensity in women with a his-
tory of cancer. The small number of cancer cases also hinders the possi-
bility of conducting subgroup analyses related to cancer characteristics 
and the incomplete results from MRI follow-up of the 24 BI-RADS 3–5 
lesions have the potential to bias results towards more conservative 
estimates. Furthermore, it should be noted that the applicability of 
this study may be limited to centers or regions with similar breast 
cancer screening programs and intervals. Additionally, the women who 
chose to participate in the study may have a higher incidence of cancer 
compared with the average population, for example, caused by being 
more aware of the risk of cancer due to having a higher frequency of 
cancer in their family history31,32. However, women with a strong fam-
ily history of breast cancer or genetic mutation are all excluded, as are 
women who have already noticed a lump in their breast. It is important 
to clarify that our study exclusively reports on the prevalence round 
of supplemental MRI screening, that is, the first time this approach is 
used. For our study, as for any prevalence screening, one would expect 
a higher cancer detection rate compared with previous and subsequent 
screening rounds. We would also expect that the stage distribution 
of screen-detected cancers is shifter towards lower stages compared 
with previous mammography-only rounds and will be further shifted 
towards lower stages in subsequent rounds.

In conclusion, using an approach of analyzing mammograms 
with AI as a selection method for supplemental MRI is around four 
times more efficient, in terms of cancer detection, than second-best 
approaches based on traditional density measures and risk models. 
Subsequent follow-up research will determine primary outcomes of 
the effect on prognostically important cancer characteristics.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41591-024-03093-5.

Table 4 | Characteristics of cancers detected by 
supplemental MRI (n = 36)

Median (IQR) or n (%)

MRI

  Lesion diameter, mm, median (IQR) 12 (8–18)

  Multiple lesions, n (%)

  No 29 (81%)

  2 lesions 5 (14%)

  ≥3 lesions 2 (6%)

Biopsy (n = 36)

  Invasiveness, n (%)

  In situ only 4 (11.1%)

  Invasive only 27 (75%)

  In situ and invasive 5 (13.9%)

  Histology, n (%)

  Ductal 30 (83.3%)

  Lobular 5 (13.9%)

  Mucinous 1 (2.8%)

  Grade, n (%) (1 missing)

  1 6 (17%)

  2 26 (74.3%)

  3 3 (8.6%)

  Receptor expression, n (%)

  HR+ 33 (91.7%)

  HER2+/HR− 0 (0%)

  HER2−/HR− 3 (8.3%)

  Ki-67, n (%) (5 missing)

  Low 5 (14%)

  Intermediate 22 (61%)

  High 4 (11%)

  Lymph node, n (%)

  No biopsy 31 (86%)

  Metastasis 2 (6%)

  No metastasis 3 (8%)

Surgical specimen (n = 35; 1 in neoadjuvant therapy)

  Lesion diameter, mm, median (IQR) 13 (8–17)

  Total extent, mm, median (IQR) 15 (12–35)

  Total extent, mm, min and max 7 and 85

  Multiple lesions, n (%)

  No 32 (89%)

  2 lesions 2 (6%)

  ≥3 lesions 2 (6%)

  Invasiveness, n (%)

  In situ only 5 (13.8%)

  In situ and invasive 22 (61%)

  Invasive only 8 (22.2%)

  Histology, n (%)

  Ductal 27 (75%)

  Lobular 6 (16.7%)

  Mucinous 1 (2.78%)

Median (IQR) or n (%)

  Grade, n (%)

  1 3 (8.3%)

  2 27 (75%)

  3 5 (13.9%)

  Receptor expression, n (%)

  HR+ 33 (91.7%)

  HER2+/HR− 0 (0%)

  HER2−/HR− 2 (5.6%)

  Ki-67, n (%)

  Low 10 (27.8%)

  Intermediate 14 (38.9%)

  High 6 (16.7%)

  Lymph node, n (%)

  None excised 14 (38.9%)

  Metastasis 3 (8.3%)

  No metastasis 19 (52.8%)

Table 4 (continued) | Characteristics of cancers detected by 
supplemental MRI (n = 36)
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Methods
The ScreenTrustMRI trial (ClinicalTrials.gov: NCT04832594) is a ran-
domized trial to evaluate the use of AI to select individuals for sup-
plemental MRI within population-based breast cancer screening at 
Karolinska University Hospital. Participants in the study were enrolled 
between 1 April 2021, and 7 April 2023. The current report focuses on 
predefined secondary outcomes, and an ad hoc cost-comparison 
analysis, based on a subset of the study population as discussed below.

Study setting
The study was conducted at the breast imaging department of Karolin-
ska University Hospital. Under the Swedish national breast screening 
program, women between 40 and 74 years old are invited for mammo-
graphic screening every 2 years. After the age of 74 years, individuals 
may sometimes undergo screening on their own request. Screening 
consists of a two-view full-field digital mammogram of each breast. At 
Karolinska University Hospital, the screening examination is assessed 
with nonblinded double-reading (that is, the second reader can view 
the decision by the first reader). Examinations flagged by either reader 
are routed to a consensus discussion between two radiologists, who 
decide whether to recall a woman or not. There are no other methods 
than mammography for the general population, that is, no tomosyn-
thesis, ultrasound or MRI, and radiologists do not report on mam-
mographic density. All mammograms in the study were obtained on 
Hologic 3Dimensions mammography equipment.

AISmartDensity—software analyzing mammograms
All screening mammograms at Karolinska University Hospital were 
analyzed by the AISmartDensity model, which is image analysis soft-
ware developed collaboratively by investigators at the Karolinska Insti-
tute and at the Royal Institute of Technology in Stockholm, Sweden23. 
Briefly, it comprises three types of AI models that utilize previously 
well-described convolutional neural network approaches for image 
classification: (1) inherent breast cancer risk—an EfficientNetB3 archi-
tecture trained on images of females without current cancer, with the 
task being to classify females likely to be diagnosed with breast cancer 
within the next 5 years from those remaining healthy; (2) masking 
potential—a ResNet34 architecture trained to rank normal mammo-
grams by varying difficulty levels based on radiologists’ subjective 
assessments; and (3) cancer signs—a ResNet34 architecture trained 
to classify between images with current cancer and those with normal 
mammograms. AISmartDensity uses an average of standardized scores 
from the three models. For the cancer signs model, the in-house model 
was combined with the output of a similar commercial AI (Insight 
MMG, Lunit Inc.), which also generated conventional breast density 
measures. The training data for the in-house algorithms were derived 
mainly from the CSAW dataset, obtained from the Karolinska University 
Hospital33. AISmartDensity is calculated as the age-adjusted sum of 
the standardized scores from each model. The ‘very high’ category of 
AISmartDensity, was calibrated using the retrospective development 
data to align with the top 8% of the AISmartDensity score, correspond-
ing to a cut-off value of 1.97 (ref. 23).

Eligibility criteria and enrollment
Women who participated in the public screening program who had 
a standard four-view mammography examination and a ‘very high’ 
AISmartDensity score of their screening mammogram were eligible 
for the trial. Individuals attending screening as part of a high-risk 
surveillance program (for example, personal history, family history or 
genetic mutations) undergo supplemental imaging and were therefore 
excluded from the trial. Additionally, individuals with breast implants, 
individuals recalled for diagnostic work-up after mammography, and 
individuals whose images could not be processed by the AI tool were 
also excluded. Eligible women received an invitation letter and written 
trial information. Those providing written informed consent were 

enrolled and randomized either to supplemental breast MRI or as part 
of an observational control arm, which is not included in the current 
analysis. Randomization was performed by having a random number 
generated in Microsoft Excel by a study administrator not involved in 
the radiological assessments. The randomization procedure did not 
include stratification or blocks. Participants randomized to the MRI 
group received an appointment for the examination within 3 months 
of their initial screening, with a few exceptions. Each participant rand-
omized to MRI only had one screening MRI. For the current report, only 
individuals who underwent MRI are included in this analysis.

Women randomized to supplementary MRI were sent a question-
naire on breast cancer risk factors and history, as well as potential 
contraindications to MRI. Individuals who had absolute or relative 
contraindications against MRI, including those breastfeeding or preg-
nant, were excluded from having MRI.

MRI protocol
All MRI images were obtained on a GE Signa Premier 3 T MRI scanner. 
We composed a dedicated MRI protocol for the trial with a total scan 
time of 12 min. The protocol consists of a localizer, a 2D Axial Fast 
Spin-Echo T2-weighted Dixon imaging sequence (FA = 111, TE = 102 ms 
and TR = 5,365 ms, 1.1 × 1.1-mm matrix size and 4-mm slice thick-
ness), a T1-weighted dynamic contrast-enhanced Dixon sequence 
(FOV = 35 mm, 0.9 × 0.9-mm in-plane and 1.4-mm slice thickness) 
with view-sharing enabled to achieve desired times. The dynamic 
contrast-enhanced sequence contained seven timeframes acquired 
at 0:00, 0:33, 1:04, 1:37, 3:00, 4:30 and 6:00 min after contrast injec-
tion. Based on the subtraction images from the fourth time frame, a 
maximum intensity projection image was produced.

MRI interpretation and diagnostic workflow
MRI images were assessed by two nonblinded breast radiologists and 
classified according to the ACR MRI BI-RADS classification. For each 
MRI examination the radiologists assessed fibroglandular proportion 
(from ‘A. almost entirely fat’ to ‘D. extreme fibroglandular tissue’), 
corresponding to mammographic density, as well as the background 
parenchymal enhancement. Any lesions found were classified accord-
ing to malignancy suspicion of imaging findings (1–5). For examinations 
with more than one lesion, the BI-RADS score on exam-level was defined 
by the highest score for any individual lesion. The second reader was 
instructed to seek consensus by discussing with the first reader for 
any marked disagreement. Examinations classified as BI-RADS 1 or 2 
(negative, benign) were considered healthy and did not undergo fur-
ther assessment. Examinations with a finding classified as BI-RADS 3, 
4 or 5 (probably benign, suspicious, highly suggestive of malignancy) 
were recalled for a second-look ultrasound. If a lesion could be iden-
tified, it was biopsied to obtain a pathology-verified diagnosis. For 
BI-RADS 3 lesions not visualized on ultrasound, follow-up MRIs at 6, 12 
and 24 months were assigned. For BI-RADS 4–5 lesions not visualized 
on ultrasound, MRI-guided biopsies were arranged. The presence or 
absence of cancer was confirmed through histopathology. Cases with 
BI-RADS 4–5 findings were reported to the multidisciplinary team 
conference and the patient responsibility transferred to the breast 
surgery department.

Outcomes
Biopsy-verified breast cancer detected by MRI after a negative screen-
ing mammography was the primary outcome measure in this report. 
Breast cancer was defined as any invasive cancer in the breast or ductal 
cancer in situ. As permitted by the informed consent, we follow each 
patient for 27 months after diagnosis. For this report, we extracted 
pathology assessments for the diagnostic biopsy and for the surgical 
specimen. Also, we recorded the radiologist interpretations of the MRI 
examinations and subsequent diagnostic work-up. All study partici-
pants will have a subsequent follow-up period of 27 months to assess 
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the total number of cancers with adverse prognostic characteristics, 
that is, interval cancer, larger than 2 cm invasive cancer, lymph node 
positive cancer.

Cost-comparison
A high-level cost-comparison analysis was carried out for a range of can-
cer detection rates from 0 to 120 per 1,000 examinations. An important 
assumption was that MRI is ten times more expensive per examination 
compared with mammography. We plotted a curve describing the 
relative cost per detected cancer compared with mammography. The 
cancer detection rate, and corresponding relative cost, observed in 
our trial and that observed in a previous trial using traditional density 
as the selection mechanism were determined.

Statistical analysis
Cancer detection rate was expressed as number of cancers detected 
per 1,000 patients receiving MRI, calculated by dividing the number 
of individuals with pathology-verified breast cancer by the number 
completing MRI screening, multiplied by 1,000. For PPV we used two 
metrics. The first metric (PPV1) was based on dividing the number of 
individuals with pathology-verified cancer by the number with a posi-
tive MRI screening result (BI-RADS 3–5). The second metric (PPV3) was 
based on the denominator of all individuals that underwent biopsy. 
Stata statistical software v.15.1 was used for all statistical analyses. All 
statistical tests were two-sided. The level for statistical significance 
was set at alpha = 0.05. There was no adjustment for multiple testing.

Study oversight
The trial was approved by the ethics review board in Stockholm County 
and was monitored by an independent Data Safety and Monitoring 
Committee. The authors assume responsibility for the accuracy and 
completeness of the data and analyses, and for the adherence of 
the trial to the study protocol. The study complies with all local and 
national regulations regarding the use of human study participants 
and was conducted in accordance to the criteria set by the Declaration 
of Helsinki. The authors of this manuscript vouch for the accuracy and 
completeness of the data reported.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
De-identified patient-level prediction scores and diagnostic outcomes 
will be shared upon request to the corresponding author who will 
respond within 4 weeks. Other patient-level data, including images, 
will be shared as far as allowed by applicable regulations including 
the GDPR and approval by the Karolinska legal department in relation 
to patient data integrity. An anonymized version of the CSAW dataset 
involved in training the in-house algorithms is available at https://doi.
org/10.5878/45vm-t798.

Code availability
Source code is available at https://github.com/radiology2023/
RetrospectiveAISmartDensity.
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B reast cancer is the most common cancer among 
women, accounting for approximately 2.26 million 

reported cases annually (1). To aid early detection, many 
countries have undertaken population-based mammo-
graphic screening, which has decreased breast cancer 
mortality by up to 30% (2). However, not all cancers 
are found during mammographic screening due to the 
limited sensitivity of mammography. In a study assessing 
eight screening programs, approximately 28% of patients 
with breast cancer who initially had a negative screening 
mammogram were diagnosed with breast cancer before 
the next planned screening 2 years later (3).

Currently, mammographic density measurement is used 
to select patients for supplemental screening (4–6). While 
mammographic density is associated with the masking of 

cancer and increased breast cancer risk (7), using only den-
sity likely does not capture all of the predictive information 
present in mammograms (8).

Artificial intelligence (AI), and recent advances in its 
use in medical imaging, offers potential for enhancing the 
accuracy and efficiency of mammogram analysis. Multiple 
studies and commercial models have focused on the task 
of detecting cancer signs present in mammograms, aiming 
to assist or replace the screening radiologist (9). One study 
demonstrated that AI could be used to select patients for 
supplemental screening after a negative screening mam-
mogram (10). There have also been efforts to develop AI 
models to evaluate the likelihood of masking (ie, cancer 
being concealed by benign structures) (11) or predict the 
future risk of breast cancer (12,13).

Background:  Mammographic density measurements are used to identify patients who should undergo supplemental imaging for breast 
cancer detection, but artificial intelligence (AI) image analysis may be more effective.

Purpose:  To assess whether AISmartDensity—an AI-based score integrating cancer signs, masking, and risk—surpasses measurements 
of mammographic density in identifying patients for supplemental breast imaging after a negative screening mammogram.

Materials and Methods:  This retrospective study included randomly selected individuals who underwent screening mammography 
at Karolinska University Hospital between January 2008 and December 2015. The models in AISmartDensity were trained and 
validated using nonoverlapping data. The ability of AISmartDensity to identify future cancer in patients with a negative screening 
mammogram was evaluated and compared with that of mammographic density models. Sensitivity and positive predictive value (PPV) 
were calculated for the top 8% of scores, mimicking the proportion of patients in the Breast Imaging Reporting and Data System 
“extremely dense” category. Model performance was evaluated using area under the receiver operating characteristic curve (AUC) and 
was compared using the DeLong test.

Results:  The study population included 65 325 examinations (median patient age, 53 years [IQR, 47–62 years])—64 870 
examinations in healthy patients and 455 examinations in patients with breast cancer diagnosed within 3 years of a negative screening 
mammogram. The AUC for detecting subsequent cancers was 0.72 and 0.61 (P < .001) for AISmartDensity and the best-performing 
density model (age-adjusted dense area), respectively. For examinations with scores in the top 8%, AISmartDensity identified 152 of 
455 (33%) future cancers with a PPV of 2.91%, whereas the best-performing density model (age-adjusted dense area) identified 57 
of 455 (13%) future cancers with a PPV of 1.09% (P < .001). AISmartDensity identified 32% (41 of 130) and 34% (111 of 325) of 
interval and next-round screen-detected cancers, whereas the best-performing density model (dense area) identified 16% (21 of 130) 
and 9% (30 of 325), respectively. 

Conclusion:  AISmartDensity, integrating cancer signs, masking, and risk, outperformed traditional density models in identifying 
patients for supplemental imaging after a negative screening mammogram.
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Moreover, considering cancer signs that may not have 
been apparent or were misinterpreted at the time of screen-
ing is crucial for short-term risk prediction. In a study that 
retrospectively analyzed mammograms of participants in the 
Spanish national breast cancer screening program, the au-
thors reported that among 1012 interval cancers, 48.2% were 
true interval cancers, 23.2% were missed cancers, 17.2% were 
cancers with minimal signs, and 11.3% were occult cancers 
(14). This highlights the importance of considering cancer 
signs as well as other risk factors when selecting patients for 
follow-up screening.

In this retrospective study, we present an AI-informed score 
to select patients for supplemental screening, AISmartDen-
sity. AISmartDensity combines AI models that identify cancer 
signs, masking, and long-term risk. The goal of the study is to 
assess the effectiveness of the AISmartDensity score in identify-
ing patients likely to have an undetected cancer after a nega-
tive mammography screening, and to compare its performance 
with that of traditional density measures.

Materials and Methods
The regional ethical review board in Stockholm approved 
this retrospective study and waived the requirement for in-
formed consent.

Study Population
The study population is taken from the Cohort of Screen-Aged 
Women (15), a population-wide mammographic data set from 
the Stockholm region of Sweden. The screening program in 
Sweden invites female patients aged 40–74 years for screening 
every 18–24 months. We included randomly selected screen-
ing examinations among female patients aged 40–74 years who 
underwent screening mammography between January 2008 
and December 2015 at Karolinska University Hospital. All 
cases of pathologically verified ductal cancer in situ or invasive 

Abbreviations
AI = artificial intelligence, AUC = area under the receiver operating 
characteristic curve, BI-RADS = Breast Imaging Reporting and Data 
System, PPV = positive predictive value

Summary
AISmartDensity, an artificial intelligence (AI)–based score combining 
cancer signs, masking, and risk AI models, outperformed density 
models in selecting patients who could benefit from supplemental 
imaging for breast cancer.

Key Results
	■ In a retrospective study of 65 325 mammographic examinations 
bootstrapped from 2043 patients, AISmartDensity—combining 
artificial intelligence models for cancer signs, masking, and risk—
identified 33% of future cancers within 3 years, with a positive 
predictive value (PPV) of 2.91%, outperforming traditional 
mammographic density with age adjustment, which identified 
13%, with a PPV of 1.09% (P < .001 for both).

	■ Among examinations with the highest 8% of scores, 
AISmartDensity detected 32% and 34% of interval and next-
round screen-detected cancers, whereas age-adjusted dense area 
detected 13% and 12%, respectively.

breast cancer were included, with cancer status updated in 
2021 through linkage with regional cancer registers. Stratified 
bootstrapping was used to align the study population with the 
Swedish screening distribution with respect to interval and 
next-round screen-detected cancer. Exclusion criteria included 
prior cancers, breast implants, and incomplete examinations. 
Only screening mammograms acquired using Hologic devices 
were included. To derive the final study population, we also 
excluded images taken within 2 months of cancer diagnosis, as 
such cancers are considered screen-detected, and those taken 
more 3 years before diagnosis, to ensure a follow-up duration 
that was sufficiently long to allow for the inclusion of all can-
cers detected in subsequent screening rounds.

Mammographic Density
According to Swedish practice, radiologists assign only a binary 
read, normal or abnormal, to each screening examination, and 
Breast Imaging Reporting and Data System (BI-RADS) mam-
mographic density is not assessed. In this study, breast density 
was calculated with the open-source Laboratory for Individual-
ized Breast Radiodensity Assessment (LIBRA) software, version 
1.0.4, from the University of Pennsylvania, which uses mam-
mographic images as input and calculates the density through a 
learning-based approach (16).

Imaging Procedure
The examinations included bilateral digital mammograms with 
two standard views, craniocaudal and mediolateral oblique. 
Images were acquired using Hologic devices during routine 
mammographic screenings at Karolinska University Hospital; 
variables such as study date, patient age, laterality, and view posi-
tion were also recorded.

Model Development
AISmartDensity combines three mammography-based AI mod-
els for breast cancer prediction: The first detects cancer signs, 
the second assesses masking, and the third estimates the risk 
of developing breast cancer. The cancer signs model (an AI 
computer-aided diagnosis, or AI-CAD, model) includes a com-
mercial computer-aided design model (Insight MMG; Lunit) 
and an in-house model trained on various data sets including 
the Cohort of Screen-Aged Women, the Curated Breast Imag-
ing Subset of the Digital Database for Screening Mammography 
(CBIS-DDSM) (17), and the INBreast database (18) (flowchart 
of training data selection provided in Fig S1). The masking 
model uses ResNet-34 (19) architecture and was trained on the 
CSAW-M public data set (11) and mammographic images from 
Karolinska University Hospital acquired using Hologic devices. 
The risk model is based on EfficientNet-B3 (20) and was trained 
on cancer-free mammograms from the Cohort of Screen-Aged 
Women (flowchart of training data selection provided in Fig S2). 
All in-house models were trained on data that did not overlap 
with the study population.

The AISmartDensity score is the mean of the standardized 
scores from the three models, ranging from 0 to 1. A higher score 
suggests a higher probability of undetected cancer. The in-house 
cancer signs and risk models were trained on data from various 
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Stockholm hospitals and use ensembling of five independent 
networks, and all models make use of test time augmentation 
(21). A cross-validation method was applied for these models to 
improve accuracy.

Evaluation
The performance of AISmartDensity in the study population 
was compared to that of two mammographic density measures 
(percent density and dense area) and age-adjusted versions of 
these measures (from combined age and density logistic regres-
sion models).

Four risk categories were established for predictions from 
each model, mirroring the BI-RADS density standard: very low 
(below eighth percentile), low (eighth to 49th percentile), high 
(50th to 92nd percentile), and very high (above 92nd percen-
tile). These categories were sized to reflect the prevalence of the 
four BI-RADS density categories: fatty, scattered fibroglandular 
density, heterogeneously dense, and extremely dense.

We evaluated the performance of the traditional density mod-
els and AISmartDensity in predicting future cancer in the study 
population. Further analysis was conducted based on different 
cancer characteristics, including next-round screen-detected 
cancer, interval cancer, advanced cancer (which is a composite 
end point of interval cancer, cancer with invasive components 
larger than 15 mm, or cancer with lymph node metastasis), and 
cancers categorized by invasiveness (invasive vs in situ only) and 
grade (low, medium, or high).

Finally, we explored the setting in which the cancer signs 
model is clinically deployed as a reader, assessing AISmart
Density in scenarios where the cancer signs model may flag cases, 
which we termed “forewarning.” We specifically analyzed the 
performance of AISmartDensity in cases not previously identi-
fied with the cancer signs model—that is, not in the top 4% 
of scores from the cancer signs model—based on a prior study 
showing the effective cancer detection rate of this model to be 
at this level (22).

Statistical Analysis
Analyses were conducted at the examination level, considering all 
four image views. To evaluate overall classification performance, 
the area under the receiver operating characteristic curve (AUC), 
along with its 95% CI, was calculated. One thousand repetitions 
of bootstrapping were conducted to calculate CIs. The examina-
tions with the highest 8% of scores in the bootstrapped study 
population were assigned to the “very high” category (mimicking 
the proportion of patients assigned to the BI-RADS “extremely 
dense” category), and these examinations were used to deter-
mine sensitivity and positive predictive value (PPV), which are 
reported with 95% CIs.

We also computed the years of life saved, which is a theo-
retical measure of the utility of a method for supplemental 
screening. Years of life saved was calculated as (85 − age at 
screening) × 0.41, which estimates the maximum theoretical 
reduction in mortality for individuals with cancer examina-
tions in the top 8% category. It was based on the mean ex-
pected age of death for Swedish women (85 years) (23) and 
the 41% mortality reduction associated with mammographic 

screening reported in a Swedish screening trial (24). This cal-
culation serves as a basis for comparison between the methods 
and not as an absolute estimate (25).

The number of examinations positive for next-round 
screen-detected cancer, interval cancer, cancer with invasive 
components larger than 15 mm, cancer with lymph node me-
tastasis, cancer with high grade, and cancer of different mo-
lecular subtypes was determined using stratified bootstrapping 
in the study population. We used the Wilcoxon rank sum test 
to compare age and breast density between patients diagnosed 
with cancer and those not diagnosed with cancer and the 
DeLong test for AUC comparisons. For sensitivity and PPV, 
we applied the χ2 test. The distributions of the data were as-
sessed using the Shapiro-Wilk test for normality. P < .05 was 
considered to indicate a statistically significant difference. All 
statistical analyses were conducted by one author (Y.L.) using 
Python’s statistical library SciPy (version 1.11.4).

Further details related to the materials and methods are pro-
vided in Appendix S1. The source code is publicly available at 
https://github.com/radiology2023/RetrospectiveAISmartDensity.

Results

Patient Characteristics
The initial cohort for developing the cancer signs and risk mod-
els included 57 901 patients. After implementing a threefold 
cross-validation approach and after exclusions, the training set 
for the cancer signs model included images from 54 888 pa-
tients, and the training set for the risk model included data from 
34 306 patients. For the masking model, the training set con-
sisted of 9523 patients. The study population included examina-
tions from 2043 patients held out from the training data, as seen 
in the flowchart in Figure 1. The study population comprised 
258 patients with breast cancer and 1785 healthy individuals 
(Table 1). Among the 258 patients with cancer, there were 130 
interval cancers, while 128 cancers were detected during the 
subsequent round of screening. Bootstrapping was performed to 
ensure interval cancer and screen-detected cancer rates of 0.2% 
and 0.5%, respectively, in the study population, resulting in a 
total of 65 325 examinations: 64 870 in healthy patients and 455 
in patients with cancer.

The median age at mammography was 53 years (IQR, 47–62 
years) for healthy patients, which was younger than for patients 
later diagnosed with breast cancer (59 years [IQR, 49–65 years]; 
P < .001). Healthy individuals had a median percent density 
of 22.2% (IQR, 14.2%–32.5%) and a median dense area of 
32 cm2 (IQR, 23.8–42.6 cm2). Patients diagnosed with breast 
cancer had a similar median percent density of 22.8% (IQR, 
14.5%–32.6%; P = .25) but a higher median dense area of 34.6 
cm2 (IQR, 25.9–43.2 cm2; P = .01).

Overall Diagnostic Accuracy and Performance
AISmartDensity achieved an AUC of 0.72, a sensitivity of 33% 
(152 of 455), and a PPV of 2.91% for detecting next-round 
screen-detected cancers or interval cancers (Table 2). These 
values were higher than those achieved using traditional den-
sity measures. The best among the traditional density measures, 
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age-adjusted dense area, per-
formed significantly worse, with 
an AUC of 0.61, a sensitivity of 
13% (57 of 455), and a PPV of 
1.09% (P < .001 for all com-
parisons). The corresponding 
receiver operating characteris-
tic curves are provided in Fig-
ure  2. The theoretical years of 
life saved using AISmartDensity 
was more than double that of 
the best-performing traditional 
density measure (dense area).

Categorization of 
Examinations with 
AISmartDensity
The numbers of cancers with 
different characteristics sorted 
into the four AISmartDensity 
categories are shown in Table 3. 
Of 455 cancers in total, 152 
(33%) and 197 (43%) were 
categorized as very high and 
high, respectively, based on the 
previous screening mammo-
gram, while only two cancers, 
both next-round screen-de-
tected cancers, were categorized 
as very low. AISmartDensity 
demonstrated consistent sensi-
tivity for sorting mammograms 
into the “very high” category 
for next-round screen-detected 
cancer, interval cancer, and 
advanced cancer (sensitivity 
range, 32% [41 of 130] to 37% 
[96 of 259]).

AISmartDensity surpassed 
all traditional density-based 
predictors in predicting (ie, 
categorizing as very high) ad-
vanced cancers and overall 
cancer (P < .001 for all com-
parisons). It was also superior 
at predicting invasive cancers, 
high-grade cancers, next-
round screen-detected cancers, 
and interval cancers (P < .05 
for all comparisons). Consider-
ing invasiveness, AISmartDensity detected more future invasive 
cancers (139 of 405 [34%]) compared with age-adjusted dense 
area (48 of 405 [12%]; P < .001), although it found fewer in situ 
cancers (11 of 42 [26%]) compared with percent density (13 of 
42 [31%]; P = .003). Considering cancer grade, AISmartDen-
sity found 19 of 116 (16%) future high-grade cancers; the best-
performing traditional density measurement, percent density, 

was competitive, finding 18 of 116 (16%). For medium- and 
low-grade cancer, AISmartDensity outperformed the traditional 
models. AISmartDensity identified 83 of 227 (37%) future me-
dium-grade cancers, while the best-performing traditional den-
sity measurement (age-adjusted dense area) detected 36 (16%). 
AISmartDensity detected 36 of 93 (39%) future low-grade can-
cers, while age-adjusted dense area detected only six of 93 (6%).

Figure 1:  Study population flowchart. CSAW = Cohort of Screen-Aged Women.
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Performance Excluding Examinations Forewarned by the 
Cancer Signs Model
In Table 4, we repeated the analysis shown in Table 2—in which 
AISmartDensity was compared against the density measures in 
terms of AUC, sensitivity, PPV, and years of life saved—but 
with forewarned examinations (ie, the top 4% from the cancer 
signs model) excluded from the analysis under the assump-
tion they would be identified in routine screening. There was 
a noticeable drop in the performance of AISmartDensity, but 

it still outperformed traditional density measures in terms of 
AUC (0.67 vs 0.54–0.60; P < .001 for all), sensitivity (21% vs 
9%–13%; P value range, <.001 to .01), and PPV (1.46% vs 
0.64%–0.94%; P value range, <.001 to .02); theoretical years 
of life saved was 761 for AISmartDensity versus 576 for the 
best-performing density measure.

Finally, for a breakdown of the performance of the com-
ponents of AISmartDensity, refer to Appendix S1 and Table 
S1. For examples of mammograms from the study population 

Table 1: Characteristics of the Study Population

Characteristic All Patients Healthy Patients
Patients Diagnosed  
with Breast Cancer P Value

No. of examinations 65 325 64 870 455
Age at mammography (y)* 53.0 (47.0–62.0) 53.0 (47.0–62.0) 59.0 (49.0–65.0) <.001
Percent density (%)* 22.2 (14.2–32.5) 22.2 (14.2–32.5) 22.8 (14.5–32.6)   .25
Dense area (cm2)* 32.0 (23.8–42.6) 32.0 (23.8–42.6) 34.6 (25.9–43.2)   .01
Tumor characteristics in patients later diagnosed 

with cancer
  Detection mode
    Next-round screen-detected cancer 325 (71)
    Interval cancer 130 (29)
  Invasiveness
    In situ cancer only 42 (9)
    Invasive cancer 405 (89)
    Missing information 8 (2)
  Histopathologic size of the invasive cancer
    ≤15 mm 226 (50)
    >15 mm 159 (35)
    Missing information 70 (15)
  Metastasis to lymph nodes
    Yes 102 (22)
    No 338 (74)
    Missing information 15 (3)
  Grade
    Low 93 (20)
    Medium 227 (50)
    High 116 (25)
    Missing information 19 (4)
  Histologic type
    Ductal 333 (73)
    Lobular 46 (10)
    Other 31 (7)
    Missing information 45 (10)
  Molecular subtype
    Luminal A 276 (61)
    Luminal B 37 (8)
    Her2-overexpressing 16 (4)
    Basal 15 (3)
    Missing information 111 (24)

Note.—Categorical data are presented as numbers of examinations, with percentages in parentheses. The study population was 
bootstrapped from 1785 examinations in healthy patients and 258 examinations in patients diagnosed with breast cancer, to be in line with 
population rates of interval and next-round screen-detected cancer. Cancer status was ascertained through a 36-month follow-up time, 
excluding screen-detected cases diagnosed during the first 2 months after screening mammography.
* Continuous data are presented medians, with IQRs in parentheses. The two groups were compared using the Wilcoxon rank sum  
test (P value).
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categorized by the component models (cancer signs, masking, 
and risk), see Figure S4.

Discussion
In screening programs that offer supplemental imaging after 
negative screening mammogram, the current method used 
to select participants is based on traditional mammographic 
density measures. However, summary measures of density 
alone may not capture all predictive information available in 
mammograms (8). Therefore, we developed AISmartDensity, a 
composite score that integrates artificial intelligence models of 
cancer signs, masking, and the risk of breast cancer. By select-
ing the 8% of examinations with the highest AISmartDensity 
scores among patients with negative mammograms, we could 
more correctly identify patients who would be diagnosed with 
cancer within the next 3 years (with a sensitivity of 33%, a 
positive predictive value [PPV] of 2.91%, and an area under 
the receiver operating characteristic curve [AUC] of 0.72) than 
when using age-adjusted dense area (with a sensitivity of 13%, 
a PPV of 1.09%, and an AUC of 0.61; P < .001 for all com-
parisons). AISmartDensity would potentially save over twice 
the number of years of life compared with the best-performing 
density measure (1579 years vs 675 years).

Density is commonly used to simultaneously convey infor-
mation about the risk of breast cancer and the potential mask-
ing of cancer. A higher density could warrant the use of MRI 
for screening, which has higher sensitivity but is more costly 
and time-consuming. Age-adjusted density models have been 
shown to be predictive of breast cancer according to several stud-
ies (7,26). In our study, we found an AUC of 0.61 for the age-
adjusted dense area model, which is in line with the AUC values 
of 0.58 and 0.55 found in previous studies (27,28).

We found that AISmartDensity score, which combines the 
output scores of three AI models, greatly outperformed density-
based models in predicting short-term breast cancer diagnosis (P 
< .001). This enhanced performance persisted when forewarned 
examinations (the top 4% of examinations from the cancer signs 

model) were excluded, illustrating the effectiveness of AISmart-
Density even in a practical scenario where the cancer signs model 
may be employed in routine screen-reading. In clinical practice, 
individuals with very high AISmartDensity score may benefit 
from supplemental screening tests to enhance early detection. 
Moreover, this risk categorization might also prompt an addi-
tional image review by radiologists, particularly when informed 
of a high AISmartDensity score.

Apart from being the best in selecting which examinations 
were likely to be followed by cancers of any kind, AISmartDen-
sity outperformed traditional density indicators in selecting 
which examinations were likely to be followed by interval cancer 
or advanced cancer (P < .001 for all comparisons). Using the 
AISmartDensity “very low” category to suggest which patients 
could skip the subsequent screening round without posing a ma-
jor risk would achieve a very low false-negative rate of 0.44%, 

Table 2: Performance Metrics for Detecting Subsequent Cancers

Predictor

AUC Sensitivity (%)† PPV (%)
Years of  
Life Saved‡Value* P Value Value P Value Value P Value

Percent density 0.51 (0.51, 0.51) <.001   9 (40/455) <.001 0.77 (40/5226) <.001 598
Age-adjusted percent density 0.60 (0.60, 0.60) <.001   9 (40/455) <.001 0.77 (40/5226) <.001 307
Dense area 0.53 (0.53, 0.53) <.001 11 (51/455) <.001 0.98 (51/5226) <.001 675
Age-adjusted dense area 0.61 (0.61, 0.61) <.001 13 (57/455) <.001 1.09 (57/5226) <.001 455
AISmartDensity 0.72 (0.72, 0.72) Ref. 33 (152/455) Ref. 2.91 (152/5226) Ref. 1579

Note.—Except where noted, data in parentheses are numbers of examinations. The highest 8% of scores (ie, those categorized as very high) 
were used to determine the sensitivity, PPV, and years of life saved. P values are from statistical tests (DeLong test for AUC and χ2 test 
for sensitivity and PPV) comparing the result for each predictor with that of AISmartDensity. AUC = area under the receiver operating 
characteristic curve, PPV = positive predictive value.
* Data in parentheses are 95% CIs.
† Total cancers bootstrapped from 258 (130 interval cancers and 128 next-round screen-detected cancers) to 455 (130 interval cancers and 
325 next-round screen-detected cancers).
‡ Years of life saved estimates the total additional years of life expectancy gained aggregated among patients identified as very high risk by 
the model.

Figure 2:  Receiver operating characteristic curves for traditional mammo-
graphic density models and an artificial intelligence–based score, AISmartDensity, 
for detecting subsequent cancers. + = operating point, AUC = area under the re-
ceiver operating characteristic curve.
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again highlighting the value of combining all three component 
models into one score.

Earlier studies used image-based computational models for 
short-term breast cancer risk prediction. In 2019, Yala et al (12) 
and our group (13) reported on early AI models predicting 
breast cancer risk. A comparative study of five models by Arasu 
et al (29) showed that the best models had AUCs of 0.71 and 
0.69 for interval cancer prediction up to 3 years. Our model 
predicted cancer between 60 days and 3 years after screening 
with an AUC of 0.72. In terms of clinical relevance, AISmart-
Density achieved a detection rate of 29 cancers per 1000 MRI 
examinations with a top 8% population selection. Lauritzen 
et al (30) combined a measure of texture risk and examination 
score, achieving a detection rate of 36 cancers per 1000 MRI 
examinations with a 10% population selection in a population 
with a median follow-up time of 38 months (75th percentile, 
50 months). A validation study of the iCAD ProFound AI Risk 
model revealed a detection rate of 23 cancers per 1000 MRI ex-
aminations with a 6.2% population selection and 20 cancers per 

1000 MRI examinations with a 10% population selection (31). 
These metrics from retrospective studies can be compared with 
the results of the DENSE trial (32), a randomized controlled 
trial in the Netherlands, where selecting patients with the highest 
BI-RADS density (8% of the Dutch population) for supplemen-
tal MRI screening achieved a detection rate of 16.5 cancers per 
1000 MRI examinations. Importantly, potential cancer detec-
tion in retrospective studies, including ours, may not manifest 
as the actual cancer detection rate in a real-world setting. While 
AISmartDensity shares similarities with the above models, it dis-
tinguishes itself in that it uses three models targeting crucial fac-
tors for predicting future cancers.

A strength of our study is the streamlined three-component 
model applied, offering simplicity and effectiveness compared 
with other complex scoring systems. By individually scoring for 
cancer signs, masking, and risk, the model allows more precise 
action based on which component score is most pronounced. 
For example, if the cancer signs score is prominent, it might be 
worth having the screening radiologist take another look at the 

Table 3: Detection of Cancers with Different Characteristics

Predictor

Any 
Cancer  
(n = 455)

Advanced 
Cancer  
(n = 259)*

Invasiveness Grade Detection Mode

In Situ Cancer  
Only (n = 42)

Invasive Cancer  
(n = 405)

Low  
(n = 93)

Medium  
(n = 227)

High  
(n = 116)

Next-Round  
Screen-Detected  
(n = 325)

Interval  
Cancer  
(n = 130)

Percent density
  Very low 36 (8) 18 (7) 4 (10) 32 (8) 10 (11) 12 (5) 14 (12) 31 (10) 5 (4)
  Low 182 (40) 93 (36) 9 (21) 170 (42) 45 (48) 96 (42) 38 (33) 145 (45) 37 (28)
  High 197 (43) 126 (49) 16 (38) 177 (44) 33 (35) 106 (47) 46 (40) 127 (39) 70 (54)
  Very high 40 (9) 22 (8) 13 (31) 26 (6) 5 (5) 13 (6) 18 (16) 22 (7) 18 (14)
Age-adjusted 

percent density
  Very low 15 (3) 7 (3) 0 (0) 15 (4) 2 (2) 7 (3) 5 (4) 8 (2) 7 (5)
  Low 143 (31) 72 (28) 13 (31) 128 (32) 29 (31) 52 (23) 56 (48) 104 (32) 39 (30)
  High 257 (56) 157 (61) 21 (50) 230 (57) 59 (63) 143 (63) 47 (41) 194 (60) 63 (48)
  Very high 40 (9) 23 (9) 8 (19) 32 (8) 3 (3) 25 (11) 8 (7) 19 (6) 21 (16)
Dense area
  Very low 30 (7) 9 (3) 4 (10) 26 (6) 8 (9) 12 (5) 10 (9) 25 (8) 5 (4)
  Low 174 (38) 98 (38) 5 (12) 167 (41) 46 (49) 89 (39) 36 (31) 131 (40) 43 (33)
  High 200 (44) 123 (47) 21 (50) 173 (43) 35 (38) 102 (45) 53 (46) 139 (43) 61 (47)
  Very high 51 (11) 29 (11) 12 (29) 39 (10) 4 (4) 24 (11) 17 (15) 30 (9) 21 (16)
Age-adjusted  

dense area
  Very low 8 (2) 4 (2) 0 (0) 8 (2) 0 (0) 5 (2) 3 (3) 4 (1) 4 (3)
  Low 154 (34) 83 (32) 15 (36) 137 (34) 29 (31) 65 (29) 54 (47) 107 (33) 47 (36)
  High 236 (52) 132 (51) 18 (43) 212 (52) 58 (62) 121 (53) 48 (41) 174 (54) 62 (48)
  Very high 57 (13) 40 (15) 9 (21) 48 (12) 6 (6) 36 (16) 11 (9) 40 (12) 17 (13)
AISmartDensity
  Very low 2 (0) 0 (0) 0 (0) 2 (0) 0 (0) 0 (0) 2 (2) 2 (1) 0 (0)
  Low 104 (23) 49 (19) 4 (10) 99 (24) 22 (24) 57 (25) 24 (21) 79 (24) 25 (19)
  High 197 (43) 114 (44) 27 (64) 165 (41) 35 (38) 87 (38) 71 (61) 133 (41) 64 (49)
  Very high 152 (33) 96 (37) 11 (26) 139 (34) 36 (39) 83 (37) 19 (16) 111 (34) 41 (32)

Note.—Data are numbers of cases, with percentages in parentheses.
* Advanced cancer was defined as interval cancer, cancer with invasive components larger than 15 mm, or cancer with lymph node 
metastasis.
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mammogram. On the other hand, if the masking and cancer 
risk signals are highlighted, this suggests supplemental imag-
ing would be more appropriate. Furthermore, our modular ap-
proach of building separate models for different aspects of the 
risk-assessment process offers a level of explainability to the AI, 
as each module can be understood and analyzed independently. 
In Figure S4, the differences in how each model selects women at 
high risk is apparent. Another strength is the use of a population-
based screening cohort linked to regional cancer registers with 
details on cancer characteristics, assuring accurate determination 
of interval cancers.

Our study had certain limitations. First, because the mammo
graphic data used in both model development and validation 
were obtained from a specific demographic population, time pe-
riod, and geographic area and were acquired on imaging equip-
ment from a specific vendor, the robustness of our models would 
need to be validated before being applied in a different setting. 
Second, the retrospective nature of the study could introduce se-
lection bias and limit the applicability of the findings to prospec-
tive settings. Third, our inclusion of only the last mammogram 
before diagnosis for individuals with cancer while including all 
available examinations for individuals without cancer could po-
tentially introduce bias and cause us to underestimate the effect 
of using AISmartDensity, since the AI tool could possibly have 
identified the need for supplemental imaging in an even earlier 
mammogram for the women who were diagnosed with cancer. 
Fourth, since AISmartDensity considers age in the risk model, it 
tends to identify as high risk patients who are on average older 
than the screening population; it may be beneficial to recalibrate 
the model to select younger patients. Fifth, due to the unavail-
ability of race and ethnicity information, our analysis does not 
account for potential variations in mammogram interpretation 
across different racial and ethnic groups. Additionally, selecting 
the top 8% of scores from the bootstrapped study population 
presents a limitation, as this approach may not fully capture 
the variability encountered in a broader, real-world population. 

Last, we gave equal weight to standardized predictions from each 
model for every examination. One might consider more sophis-
ticated methods for combining the cancer signs, masking, and 
risk models.

The model is currently being deployed as part of a random-
ized clinical trial, acting as a postscreening reader to flag high-
risk mammograms for supplemental MRI (ClinicalTrials.gov: 
NCT04832594). This trial will provide further evidence regard-
ing the efficacy of the model in a clinical setting and offer in-
sights into its real-world performance.

In conclusion, AISmartDensity effectively identified patients 
who were likely to benefit from supplemental imaging after a 
negative screening mammogram.
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Table 4: Performance Metrics after Exclusion of Cancers Forewarned by the Cancer Signs Model

Predictor

AUC Sensitivity (%)† PPV (%)
Years of  
Life Saved‡Value* P Value Value P Value Value P Value

Percent density 0.54 (0.54, 0.54) <.001 11 (38/353) <.001 0.76 (38/5017) .001 572
Age-adjusted percent density 0.60 (0.60, 0.60) <.001   9 (32/353) <.001 0.64 (32/5017) <.001 244
Dense area 0.55 (0.55, 0.55) <.001 12 (43/353) .003 0.86 (43/5017) .007 576
Age-adjusted dense area 0.59 (0.59, 0.59) <.001 13 (47/353) .01 0.94 (47/5017) .02 371
AISmartDensity 0.67 (0.67, 0.67) Ref. 21 (73/353) Ref. 1.46 (73/5017) Ref. 761

Note.—Except where noted, data in parentheses are numbers of examinations. Forewarned examinations (the top 4% from the cancer 
signs model) were excluded from the analysis. The highest 8% of scores (ie, those categorized as very high) were used to determine the 
sensitivity, PPV, and years of life saved. P values are from statistical tests (DeLong test for AUC and χ2 test for sensitivity and PPV) 
comparing the result for each predictor with that of AISmartDensity. AUC = area under the receiver operating characteristic curve, PPV = 
positive predictive value.
* Data in parentheses are 95% CIs.
† Total cancers bootstrapped from 258 (130 interval cancers and 128 next-round screen-detected cancers) to 455 (130 interval cancers and 
325 next-round screen-detected cancers).
‡ Years of life saved estimates the total additional years of life expectancy gained aggregated among patients identified as very high risk using 
the model.
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filed with the Swedish patent office; and founded a start-up company in Sweden, 
ClearScanAI, based on the material presented in this article.
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