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Can artificial intelligence reduce the interval cancer rate
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Abstract
Objectives To investigate whether artificial intelligence (AI) can reduce interval cancer in mammography screening.
Materials and methods Preceding screening mammograms of 429 consecutive women diagnosed with interval cancer in
Southern Sweden between 2013 and 2017 were analysed with a deep learning–based AI system. The system assigns a risk score
from 1 to 10. Two experienced breast radiologists reviewed and classified the cases in consensus as true negative, minimal signs
or false negative and assessed whether the AI system correctly localised the cancer. The potential reduction of interval cancer was
calculated at different risk score thresholds corresponding to approximately 10%, 4% and 1% recall rates.
Results A statistically significant correlation between interval cancer classification groups and AI risk score was observed
(p < .0001). AI scored one in three (143/429) interval cancer with risk score 10, of which 67% (96/143) were either classified
as minimal signs or false negative. Of these, 58% (83/143) were correctly located by AI, and could therefore potentially be
detected at screening with the aid of AI, resulting in a 19.3% (95% CI 15.9–23.4) reduction of interval cancer. At 4% and 1%
recall thresholds, the reduction of interval cancer was 11.2% (95% CI 8.5–14.5) and 4.7% (95% CI 3.0–7.1). The corresponding
reduction of interval cancer with grave outcome (women who died or with stage IV disease) at risk score 10 was 23% (8/35; 95%
CI 12–39).
Conclusion The use of AI in screen reading has the potential to reduce the rate of interval cancer without supplementary screening
modalities.
Key Points
• Retrospective study showed that AI detected 19% of interval cancer at the preceding screening exam that in addition showed at
least minimal signs of malignancy. Importantly, these were correctly localised by AI, thus obviating supplementary screening
modalities.

• AI could potentially reduce a proportion of particularly aggressive interval cancers.
• There was a correlation between AI risk score and interval cancer classified as true negative, minimal signs or false negative.
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Abbreviations
AI Artificial intelligence
BI-RADS Breast Imaging Reporting and Data System
CAD Computer-aided detection
CI Confidence interval

Introduction

Despite population-based mammography screening and im-
proved and effective treatments, breast cancer is still a major
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cause of cancer-related death in women. In Europe, 138,000
women were estimated to have died from the disease in
2018 [1]. The aim of screening is to detect the disease in
an asymptomatic stage to enable early intervention with
improved outcome. However, due to limitations of mam-
mography screening, breast cancer can go undetected.
Contributing factors are low sensitivity of mammography
in dense breasts, certain cancer growth patterns resulting
in subtle mammographic presentation or with a fast
growth rate that outpaces screening intervals, as well as
radiologists’ reading errors (perceptual or interpretive) [2,
3]. Cancers diagnosed in the interval between two screen-
ing rounds, after a negative screening exam, are defined
as an interval cancer. Interval cancers usually have less
favourable prognosis compared to screen-detected cancer
and are more likely to be of higher grade and stage, and
with a larger proportion of triple negative and HER2-
positive breast cancer [4]. The interval cancer rate is
therefore an important indicator on the efficacy of a
screening programme [5]. The interval cancer rate in bi-
ennial screening is reported to be between 0.8 and 3.0/
1000 screened women [2, 6]. In a retrospective review,
interval cancers can be classified as either true negative,
showing minimal signs or false negative. True negative
interval cancers are not visible on the preceding screening
mammogram and account for approximately half of all
interval cancers [2]. Minimal signs refer to interval can-
cers with a subtle radiographic appearance at screening
that could be regarded as insufficient to recall. False neg-
ative interval cancers, on the other hand, could have been
recal led in screening but were ei ther missed or
misinterpreted by the readers. Depending on the review
method, including availability to diagnostic mammo-
grams, it has been shown that up to 30% of all interval
cancers are classified as false negatives [2, 6–9], which
presents an opportunity for improvement.

Recent development of computer-aided detection (CAD)
with artificial intelligence (AI) could provide means to low-
er the number of missed cancers in mammography screen-
ing. Retrospective studies have shown that AI for mam-
mography interpretation can reach human level perfor-
mance in terms of accuracy [10–14]. AI tools can be used
as a decision support for radiologists [15, 16] and as such
possibly lower perceptual and interpretive errors, or they
can be used as a means to triage exams according to risk
of malignancy [17–20]. The potential of using AI in detect-
ing false negative interval cancers, or those with minimal
signs, on the preceding screening exams has not yet been
investigated.

The purpose of this study was to investigate whether a
commercially available AI system for mammography inter-
pretation could detect interval cancer, in particular those

retrospectively classified as either false negative or show-
ing minimal signs of malignancy, at screening.

Materials and methods

Study population

This retrospective study was approved by the Swedish Ethical
Review Authority (ref. 2018/322, 2019-03895). Informed
consent was waived by the IRB. Screening mammograms
from 461 women consecutively diagnosed with an interval
cancer at four different screening sites in Southern Sweden
(Malmö, Lund, Helsingborg, Kristianstad) between 2013
and 2017 were included in the study. The Swedish
population-based screening programme invites women be-
tween age 40 and 74. The screening intervals are 18 and
24 months for women below and over the age of 55, respec-
tively. Double reading is standard procedure.

Image analysis

Preceding screening mammograms of women included in the
study were collected and analysed with an AI system
(Transpara v1.5.0, ScreenPoint Medical). The AI system first
normalises the intensity of the images to remove variations
among vendors. Two different modules based on deep learn-
ing convolutional neural networks are applied to the images to
detect calcifications and soft tissue lesions [21–23]. Soft tissue
and calcification findings are later combined to determine sus-
picious regional findings. Regional findings are assigned a
score of 1–100 and are marked in the images (i.e., CAD-mark)
when above a threshold, pre-configured by the user (by de-
fault, if higher than 60), while the overall exam is assigned
with a malignancy risk score of 1–10 based on the most sus-
picious finding present across the mammographic views. The
malignancy risk scores are calibrated to yield approximately
one-tenth of screening mammograms in each category. If, in a
screening programme, the threshold for recall is set at risk
score 9.01 or over, approximately 10% of the population
would be recalled for further investigation. Recall thresholds
were also provided by the AI system at risk scores 9.67 and
9.92 corresponding to recall rates of 4% and 1%, respectively.

Published studies, with this and other versions of the AI
system, have found that using the above-mentioned function-
alities can improve radiologists’ performance when used as a
decision support [16] while it could also be used to triage
mammograms in screening according to risk score, safely re-
ducing workload in about 20% if exams with score 2 or lower
are not read by radiologists [20].
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Interval cancer review

Two breast radiologists with 7 and 47 years of experi-
ence (from one of the screening sites) reviewed the
preceding mammograms of all interval cancers in con-
sensus and classified them according to interval cancer
type: true negative (not visible), minimal signs (retro-
spectively visible cancer that due to its subtle appear-
ance could not be considered as missed) or false nega-
tive (missed or misinterpreted). The review was per-
formed on a dedicated radiology workstation (10-
megapixel monitor) in a stepwise approach where the
screening exam was reviewed before the diagnostic
mammogram to limit hindsight bias. Access to the
screen readers’ registered comments (Radiology
Information System) and annotations (Picture Archiving
and Communi ca t i on Sys t em) were ava i l ab l e .
Furthermore, they determined if the AI system correctly
localised the lesion with a CAD-mark. The review also
included a classification of breast density according to
Breast Imaging Reporting and Data System (BI-RADS)
5th ed. and the number of women with prior breast
surgery (specifically breast reduction surgery), with im-
plants and prevalent screening. Finally, the review in-
cluded an assessment of women who had died or had
metastatic breast cancer (stage IV) as a result of their
interval cancer (hereafter referred to interval cancer with
grave outcome), based on the clinical history ascertained
in the Radiology Information System. The follow-up
period after interval cancer diagnosis ranged from 3 to
9 years.

Statistical analyses

The correlation of interval cancer types in relation to AI
risk score was analysed with the Kruskal-Wallis test.
Comparison of AI risk scores among different classifi-
cation groups of interval cancer was performed with a
post hoc analysis with the Dunn’s test with Bonferroni
correction for multiple comparisons. The potential re-
duction of interval cancers with AI was determined by
the number of interval cancers classified as minimal
signs and false negative that were correctly localised
by AI, at the different recall rate thresholds. The same
conditions were applied in the calculation of the poten-
tial reduction of interval cancers with grave outcome.
The reductions were computed with 95% confidence
intervals (CI) using the Wilson binomial method. The
significance threshold was set at 0.05. Open-access sta-
tistical packages for Python were used for analyses
(www.statsmodels.org/stable/index.html, https://docs.
scipy.org/doc/scipy/reference/stats.html).

Results

Study population characteristics

Thirty-two women were excluded from the analysis due to
import failure (n = 3), processing failure due to incompatible
modality, e.g. computed radiography (n = 27), and diagnosis
of lobular carcinoma in situ (n = 2). Thus, information from
429 womenwere included in the analysis. Mean age at screen-
ing was 58 years (range 39–76) (Table 1), of which 176 wom-
en were under the age of 55, i.e. screened with 18 months
interval. Notably, 80% (345/429) of the women had dense
breasts (BI-RADS c or d) and 14% (60/429) had undergone
breast surgery.

Of the 429 women, 8% (35/429) had an interval cancer
with grave outcome. Population characteristics for these
women were prevalent screening (n = 4), prior breast sur-
gery (n = 8, of which 2 had breast reduction surgery), breast
implant (n = 1) and dense breasts (n = 27).

The 429 screening exams had been acquired with the fol-
lowing digital mammography devices: Philips (n = 77, 18%),
Siemens (n = 143, 33%) and General Electric (n = 209, 49%).

Interval cancer classification and AI risk score

The proportion of interval cancers classified as true negative
was 60.6% (260/429), while 26.3% (113/429) was classified
asminimal signs and 13.1% (56/429) as false negative. Hence,
39.4% (169/429) were considered visible in retrospect, i.e.
minimal signs or false negative interval cancers. One in three
interval cancers (33.3%, 143/429) had the highest AI risk
category of 10 at screening. Of these, 67.1% (96/143) were
classified as minimal signs or false negative interval cancer

Table 1 Characteristics of 429 women diagnosed with interval cancers
at four different screening sites in Southern Sweden between 2013 and
2017

n (%)

Prevalent screening 29 (7)

Time from screening to interval cancer

0–12 months 184 (43)

13–24 months 245 (57)

Prior breast surgery 60 (14)

Breast reduction surgery 17 (4)

Breast implants 8 (2)

BI-RADS breast density

a 11 (3)

b 73 (17)

c 196 (46)

d 149 (35)
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(Fig. 1). The median continuous AI risk scores were 6.7 (IQR
3.8–8.6) for true negative, 9.0 (IQR 7.6–9.6) for minimal
signs and 9.7 (IQR 8.2–9.8) for false negative interval cancer,
resulting in a statistically significant correlation between clas-
sification groups of interval cancer and AI risk score
(p < .0001). Comparison between interval cancer classifica-
tion groups showed a significant difference between risk
scores for true negative compared with minimal signs and
false negatives (p < .0001), but no significant difference be-
tween minimal signs and false negative interval cancer
(p = .217). A true negative interval cancer with continuous
risk score 8.5 is presented in Fig. 2.

The majority of the interval cancers with grave outcome
were classified as true negative (57%, 20/35), while 7 were
false negative (Fig. 3) and 8 were minimal signs.

Potential reduction of interval cancer

The total number of interval cancers, specifically those with
grave outcome, classified as retrospectively visible, i.e. either
minimal signs or false negative, and that were correctly local-
ised by AI for the different AI thresholds is presented in
Table 2. Under these premises, the potential reduction of in-
terval cancers in screening for the different AI recall thresh-
olds (AI scores 9.01, 9.67 and 9.92, respectively) was 19.3%
(83/429; 95% CI 15.9–23.4), 11.2% (48/429; 95% CI 8.5–
14.5) and 4.7% (20/429; 95% CI 3.0–7.1). The maximum
potential reduction of interval cancers at AI recall threshold
9.01 (i.e. score 10) is illustrated in Fig. 4a. The corresponding
maximum reduction of interval cancers with grave outcome
was 8 out of 35; 23% (95% CI 12–39) (Fig. 4b).

Discussion

The aim of this retrospective study was to assess the
potential of using AI to reduce interval cancers in mam-
mography screening. We found that AI could potentially

aid radiologists in detecting up to 19.3% of the interval
cancers at screening that in addition showed at least
minimal signs of malignancy. Since interval cancers in
general are more aggressive than screen-detected can-
cers, the clinical benefit could be considerable. In this
cohort, 8% of the women had interval cancer with grave
outcome, of which 23% were correctly located and clas-
sified as high risk by AI. Since the shortest follow-up

Fig. 1 Distribution of interval cancer and classification groups of interval
cancer by AI risk score

Fig. 2 True negative interval cancer. A 56-year-old woman with a neg-
ative screen exam. AI assigned a continuous risk score of 8.5 correspond-
ing to exam score 9. The area of the cancer was not CAD-marked (a).
Sixteen months later, she was diagnosed with a 27-mm-large triple neg-
ative breast cancer with histologic grade 3 and Ki67 72% (b, blue frame)
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period was 3 years, the number of interval cancers with
grave outcome was likely on the lower end.

In a retrospective study on screening data from the
USA and UK, McKinney e t a l showed tha t a
mammography-AI system could reduce false negatives
by 9.4% and 2.7% (US and UK dataset, respectively)
[10]. In this study, including a larger number of cases,
we found a larger reduction of interval cancer. As far as
we are aware, no other published study includes an in-

depth analysis of AI performance in relation to false neg-
ative interval cancers.

The majority (61%) of interval cancers were classified as
true negative, of which 82% had dense breasts, a well-
known risk factor for interval cancer [2, 24]. Over all, the
study population had a high proportion of women with
dense breasts, similar to a previously reported interval can-
cer cohort [25]. Using a screening modality that is less
affected by breast density than mammography could be

Fig. 3 False negative interval cancer. A 57-year-old woman with prior
breast reduction surgery undergoing screening classified as negative by
double reading at two screening rounds (a and b). An indistinctly mar-
ginated mass, enlarging since the prior screen exam, was correctly

identified as high risk by the AI system (exam risk score 10, regional
score 81) (b, blue frame). Fourteen months later, she was diagnosed with
a 12-cm-large metastasised triple negative breast cancer with histologic
grade 3 and Ki67 95% (c)
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one way of increasing the sensitivity of the screening ex-
amination. Breast tomosynthesis can reduce the problem
with dense tissue although the results of screening with
tomosynthesis in terms of reduction of interval cancer have
been conflicting [26, 27]. Supplementary screening with
ultrasound and magnetic resonance imaging has been
shown to reduce interval cancer rate, but at the expense of
false positives and increased cost [28, 29]. This study sug-
gests that AI can be used in a simple way to enhance the
sensitivity of mammography screening without introducing
supplementary modalities.

We do not suggest that all screening exams with high AI
risk should be recalled, which would result in an unacceptable
high recall rate (10%). The cancer frequency in mammogra-
phy screen exams with risk score 10 is about 44/1000 [30],
which means that the majority of the exams are cancer-free. In
a prior retrospective study on screening data, we found that the
highest proportion of false positives were found in risk group
10, which implies that the mammograms were challenging to
analyse both for humans and AI [20]. In addition, reader
awareness of high AI risk could influence radiologists to low-
er the threshold to recall, resulting in a reduction of false
negatives at the expense of an increase in false positives [3].

To address the potential clinical utility of using AI to lower
interval cancer rate at a clinically acceptable specificity, we
therefore chose to confine the potential interval cancer reduc-
tion to retrospectively visible cancers that were correctly
CAD-marked as high risk. Roughly 1/3 of interval cancers
received risk score 10, but only half of these were considered
to have a suspicious finding that was correctly located with a
CAD-mark. It is important to bear inmind that even if a cancer
is correctly CAD-marked, it does not necessarily mean that it
will be recalled by radiologists, as was shown in a retrospec-
tive reader study by Nishikawa et al [31], nor that a cancer
necessarily will be diagnosed in the work-up [32, 33], which
applies especially to those with minimal signs at screening.

The potential reduction of interval cancer using AI was
modest, but involved women diagnosed with interval can-
cer with grave outcome that most likely would have
benefitted from an early detection. Furthermore, even with
the use of a high-sensitivity modality such as MRI, not all
interval cancers will be detectable at screening [28]. The
tumour biology of certain subtypes of breast cancer has a
rapid growth rate and/or with an initial subtle or benign
radiographic appearance, such as the triple negative sub-
type [4, 23]. AI performance in relation to tumour biology

Table 2 Retrospectively visible
interval cancers, i.e. minimal
signs or false negative, at different
AI risk score thresholds and
proportion correctly localised by
AI. The thresholds correspond to
approx. 10% (score 9.01), 4%
(score 9.67) and 1% (score 9.92)
recall rates

Interval cancer classified as minimal signs or false
negative

Recall threshold n, % (95% CI) Correctly localised, n,
% (95% CI)

Total (n=169) 9.01 96, 56.8 (49.3–64.3) 83, 49.1 (41.7–56.6)

9.67 56, 33.1 (26.0–40.2) 48, 28.4 (22.1–35.6)

9.92 20, 11.8 (7.0–16.7) 20, 11.8 (7.0–16.7)

Interval cancer with grave outcome (n=15) 9.01 9, 60.0 (35.2–84.8) 8, 53.3 (30.1–75.2)

9.67 5, 33.3 (9.5–57.2) 4, 26.7 (10.9–52.0)

9.92 3, 20.0 (0.0–40.2) 3, 20.0 (7.0–45.2)

Fig. 4 The potential reduction (grey) of interval cancers in screening using AI for all interval cancers (a) and for interval cancers with grave outcome (b).
Note the different scales on the y-axis
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and stage of interval cancers will be included in future
studies.

Notably, the interval cancer cohort in this study included a
high proportion of women with prior breast surgery, including
surgery of cancer, benign lesions and breast reduction. The
surgical deformation of normal breast parenchymal architec-
ture can lead to a tumour masking effect that might compose
an independent risk factor of interval cancer. Since we do not
have data on how common surgical procedures are in a screen-
ing population, a conclusion cannot be drawn. To the best of
our knowledge, prior breast surgery has not previously been
reported as a risk factor for interval cancer and warrant further
studies.

There was a significant correlation between classifica-
tion groups of interval cancer and AI risk scores. This find-
ing raises an intriguing question whether AI could be used
in the clinical audit of interval cancers [24], taking advan-
tage of AI as an interval cancer classifier that is free from
hindsight bias. However, this has to be further studied, con-
sidering that the review process of interval cancers in this
study was subjected to limitations, informed review of a
cohort consisting solely of interval cancers. This review
method has been shown to lead to a higher proportion of
interval cancers classified as false negative compared with
a review process that is blinded or with a mix of cases, or
even seeded into routine screening [8, 9].

The limitations of this study are several. The informed review
process of interval cancer could have inflated the number of false
negatives, as mentioned above. The generalizability is further
limited due to the use of a single AI system. A study comparing
the performance of other AI systems on the same interval cancer
cohort is ongoing. In addition, the AI algorithm used in this study
has since study completion been updated to an improved version,
implying that the potential reduction of interval cancers could be
higher. The study was performed in a Swedish screening setting,
e.g. starting at a younger age with initial shorter screening inter-
vals than European recommendations [5]. The recall rate, cancer
detection rate and interval cancer rate in this screening setting are
aligned with European recommendations (approx. 3%, 6/1000
screened women, and 2/1000, respectively). The screening
exams were acquired using different mammography devices
but did not cover all major mammography vendors. The main
limitation is, however, the retrospective design that only provides
a theoretical estimation on interval cancer reduction. The use of
AI in screening and how the risk scores and CAD-marks influ-
ence radiologists’ decisions, and whether AI should be added to
double reading or replace one reader, has to be further evaluated
in a prospective setting, taking false positives into account.

In conclusion, this study has shown that an AI system detect-
ed 19% of interval cancers at the preceding screening mammo-
grams that in addition showed at least minimal signs of malig-
nancy. Importantly, these cancers were correctly located and
classified as high risk by AI, thus obviating supplementary

screening modalities. AI could therefore potentially aid radiolo-
gists in their screen reading to reduce the number of interval
cancer and consequently contribute to a further reduction of
breast cancer mortality. The implications in a screening pro-
gramme have to be evaluated in a prospective study.
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