
https://helda.helsinki.fi

Independent evaluation of a multi-view multi-task 
convolutional neural network breast cancer 
classification model using Finnish mammography 
screening data
Isosalo, A.; Inkinen, S.I.; Turunen, T.; Ipatti, P.S.; Reponen, J. ...

2023-07
Elsevier Ltd.
http://hdl.handle.net/10138/575396
Isosalo, A, Inkinen, S I, Turunen, T, Ipatti, P S, Reponen, J & Nieminen, M T 2023, 
'Independent evaluation of a multi-view multi-task convolutional neural network breast 
cancer classification model using Finnish mammography screening data', Computers in 
Biology and Medicine, vol. 161, 107023. https://doi.org/10.1016/j.compbiomed.
2023.107023

Downloaded from Helda, University of Helsinki institutional repository. https://helda.helsinki.fi 
This is an electronic reprint of the original article. 
This reprint may differ from the original in pagination and typographic detail. 
Please cite the original version.

https://helda.helsinki.fi
http://hdl.handle.net/10138/575396
https://helda.helsinki.fi


Journal Pre-proof

Independent evaluation of a multi-view multi-task convolutional neural
network breast cancer classification model using Finnish mammography
screening data

A. Isosalo, S.I. Inkinen, T. Turunen, P.S. Ipatti, J. Reponen,
M.T. Nieminen

PII: S0010-4825(23)00488-2
DOI: https://doi.org/10.1016/j.compbiomed.2023.107023
Reference: CBM 107023

To appear in: Computers in Biology and Medicine

Received date : 31 December 2022
Revised date : 30 April 2023
Accepted date : 9 May 2023

Please cite this article as: A. Isosalo, S.I. Inkinen, T. Turunen et al., Independent evaluation of a
multi-view multi-task convolutional neural network breast cancer classification model using
Finnish mammography screening data, Computers in Biology and Medicine (2023), doi:
https://doi.org/10.1016/j.compbiomed.2023.107023.

This is a PDF file of an article that has undergone enhancements after acceptance, such as the
addition of a cover page and metadata, and formatting for readability, but it is not yet the definitive
version of record. This version will undergo additional copyediting, typesetting and review before it
is published in its final form, but we are providing this version to give early visibility of the article.
Please note that, during the production process, errors may be discovered which could affect the
content, and all legal disclaimers that apply to the journal pertain.

© 2023 Published by Elsevier Ltd.

https://doi.org/10.1016/j.compbiomed.2023.107023
https://doi.org/10.1016/j.compbiomed.2023.107023


Journal Pre-proof

Ind
neu
ma
A. Is D,
PhD
aResea
bDepa
cMedic
dHUS d

A R T
Keywo
breast
compu
screen
mamm
classifi
DICOM

sifica-
odels
tions.
ancer
t.
exam-
ions).

ignant
luated
) and

with
, 0.85
tively.
enign

ution
phics.
ecting
tting.

A. Iso

Revised manuscript (clean) Click here to access/download;Revised manuscript
(clean);Independent_evaluation_Isosalo_et_al_v2.pdf

Click here to
Jo
ur

na
l P

re
-p

ro
of

ependent evaluation of a multi-view multi-task convolutional
ral network breast cancer classification model using Finnish
mmography screening data⋆,⋆⋆,⋆⋆⋆
osaloa,∗, MSc, S.I. Inkinena,d, PhD, T. Turunenb, MD, P.S. Ipattib, MD, J. Reponena,c, M
and M.T. Nieminena,b,c, PhD
rch Unit of Health Sciences and Technology, Faculty of Medicine, University of Oulu, Oulu, Finland
rtment of Diagnostic Radiology, Oulu University Hospital, Oulu, Finland
al Research Centre Oulu, Oulu University Hospital and University of Oulu, Oulu, Finland

Diagnostic Center, Clinical Physiology and Nuclear Medicine, Helsinki University and Helsinki University Hospital, Helsinki, Finlan

I C L E I N F O
rds:
radiology
ter vision
ing
ography
cation

A B S T R A C T
Background: Development of deep convolutional neural networks for breast cancer clas
tion has taken significant steps towards clinical adoption. It is though unclear how the m
perform for unseen data, and what is required to adapt them to different demographic popula
In this retrospective study, we adopt an openly available pre-trained mammography breast c
multi-view classification model and evaluate it by utilizing an independent Finnish datase
Methods: Transfer learning was used, and the pre-trained model was finetuned with 8,829
inations from the Finnish dataset (4,321 normal, 362 malignant and 4,146 benign examinat
Holdout dataset with 2,208 examinations from the Finnish dataset (1,082 normal, 70 mal
and 1,056 benign examinations) was used in the evaluation. The performance was also eva
on a manually annotated malignant suspect subset. Receiver Operating Characteristic (ROC
Precision-Recall curves were used to performance measures.
Results: The Area Under ROC [95%CI] values for malignancy classification obtained
the finetuned model for the entire holdout set were 0.82 [0.76, 0.87], 0.84 [0.77, 0.89]
[0.79, 0.90], and 0.83 [0.76, 0.89] for R-MLO, L-MLO, R-CC and L-CC views respec
Performance on the malignant suspect subset was slightly better. On the auxiliary b
classification task performance remained low.
Conclusions: The results indicate that the model performs well also in an out-of-distrib
setting. Finetuning allowed the model to adapt to some of the underlying local demogra
Future research should concentrate to identify breast cancer subgroups adversely aff
performance, as it is a requirement for increasing the model’s readiness level for a clinical se

 view linked References
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Independent evaluation of a multi-view multi-task breast cancer classification model

menclature
Active Learning
Average Precision

PR Area Under the Precision-Recall curve
ROC Area under the Receiver Operating Characteris-

tic curve
ADS Breast Imaging Reporting and Database System
D Computer aided detection

Bilateral craniocaudal
Confidence Interval

N Convolutional Neural Network
OM Digital Imaging and Communication in Medicine

Deep learning
Fully-connected

M Full-field digital mammography

GPU Graphics Processing Unit
MIS Mammographic Information System
MLO Mediolateral oblique
NYU-BCSD New York University Breast Cancer Scree

ing Dataset
PACS Picture Archiving and Communication System
PR Precision-Recall
QHAdam Quasi-Hyperbolic Adam
ResNet Residual neural network
ROC Receiver Operating Characteristic
SOP Standard Operating Procedure
UID Unique Identifier
VOI LUT Value of interest look-up table

troduction

Background
t cancer is the most common form of cancer among women. There are approximately 2.3 million new fe
t cancer incidents per year representing 11.7% of all cancer incidents. [41] One effective means to detect b
r is screening mammography. In screening mammography, symptomless women are imaged to detect pos
nant findings in an early stage. Full-field digital mammography (FFDM) is the standard means of imagin
ning purposes [32]. Typically, two projection images, i.e. bilateral craniocaudal (CC) and mediolateral ob

), are taken from both breasts [3]. These images are then visually interpreted by a radiologist. If a malig
g is suspected, consensus reading is typically conducted, though practices and conventions can vary.

everal factors affect the interpretation from FFDM. Dense breast tissue can be accounted as one of the fa
ring detection of tumors difficult. Another factor is that observable objects in screening mammograms can
ly in size, some of the anomalies having sub-millimeter size. The latter creates high requirements, for exam
age resolution. Overall, the reading is considered to be a demanding task where experience and training

he authors received the following financial support for the research, authorship, and publication of this article: This study was fund
e and Aatos Erkko Foundation, Helsinki, Finland, and the Technology Industries of Finland Centennial Foundation, Helsinki, Finlan

n received funding from the Academy of Finland, Helsinki, Finland (project no. 316899). A. Isosalo received funding from the Jenn
ihuri Foundation, Helsinki, Finland (grant no. 210099).

pproval for a register-based study was obtained prior to initiating the study from the City of Oulu (35/2019), Oulu, Finland, and the No
othnia Hospital District (179/2019), Oulu, Finland.
he CLAIM guidelines [33] were followed when preparing this manuscript (where applicable).
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Independent evaluation of a multi-view multi-task breast cancer classification model

role [35]. It should be noted that the factors affecting the interpretation done by humans are also present in
ated image analysis.

Deep learning in mammography-based breast cancer evaluation
uter aided detection (CAD) systems for breast cancer evaluation from mammography images has been stu

sively for several decades [9, 11, 12, 15]. Currently the focus is gradually shifting from conventional artifi
igence-based solutions towards deep learning (DL) systems, and more precisely methods utilizing convolut
l networks (CNN) for image evaluation. In this paradigm, relevant representations are learned directly from
[12] Recently applied DL methods for breast cancer detection and classification can be roughly divided into stu
ring pixel-level labels and strong supervision [1], and to those utilizing image-level labels and weak superv
7, 24, 22]. Pixel-level labels are typically utilized for segmentation purposes aiming, for example, for localiz
esion. Training such a model involves comparing the predicted segmentation maps against expert annotat
image-level labels the annotated meaning, whether some particular object category appears in the imag
to an image as a whole. In this case, the training task deals with focusing on the object category and the pat
ctive to it. However, it is worth mentioning, that CNN’s trained on image-level labels are also applicabl
t detection (e.g., [39, 29]).
a recent paper, Wu et al. [46] propose to perform screening examination classification by combining inform

taneously from several views, namely MLO and CC views. This is one of the few works processing mammog
ir native resolution in addition to the multi-view setting. Their classification method achieved the area unde
er operating characteristic (AUROC) curve of 0.895 in detecting malignant and AUROC of 0.779 in dete
n findings in examinations of a screening population. In a later study, Wu et al. [45] demonstrated that mod
ut (i.e., methodology effectively masking out one of the views/modalities completely with a preset probab
positive impact on improving a model performance in a multi-view setting. Furthermore, they show that sha
ts between the classifier branches can boost the model performance. Another study approaching breast ca

tion with multi-view setting and learning simultaneously several breast cancer indicators in a multi-task ma
onducted by Kyono et al. [24] Their method was able to reach AUROC of 0.855 and area under the Preci
l (AUPR) curve of 0.646 in its main task of classifying samples as malignant or benign with biopsy resul
nce. Akselrod-Ballin et al. [2] have concentrated on predicting early breast cancer utilizing machine lear
ls learning from clinical health records and digital mammograms in a multi-view setting. They demonstrated
model can significantly reduce false-negative results.
reast cancer classification from single and dual views has also been proposed in the literature. In a recent s
et al. [39] propose a lesion localization and classification model which can be trained using only image-
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 3 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

. For a better initialization of the model the authors use model parts from a related auxiliary classific
39]. Their proposed model and architecture has benefits as producing pixel-wise reference contours for trai
e a time-consuming task and requires usually special expertise. Single-view models in breast cancer classific
the obvious drawback of not being able to directly benefit from the added information provided by the suppo
d view. Chen et al. [7] have approached the malignant classification task with a dual-view architecture. T
oped a method for modelling the consistency in global feature representations. In addition, they implemen
d to estimate the relationship of local regions of the views. Their method was able to achieve AUROC of 0
rivate dataset [7].

ven though several interesting approaches have already been developed for breast cancer evaluation
ography screening images, only few works [46, 45, 39, 29, 42, 21] have been reported to exploit the rec

shed models. Also, the published DL models many times lack evaluation with data from different populations
have been trained with. Examples of different populations would include images from different manufactu
ent demographics, such as age distribution, and differences in the mammography scoring system (see Willem
[43] for additional biases).

Objectives
s retrospective study we have adopted an openly available deep learning model1, which has been trained on
largest FFDM datasets reported in the literature with 1,000,000 mammograms, namely the NYU Breast Ca

ning Dataset (NYU-BCSD) [47, 46]. Furthermore, we have performed an independent evaluation to asses
ls performance by applying transfer learning (see Yosinski et al. [49]) scheme and finetuned the pre-tra
l using Finnish mammograqphy screening data. At present, we have only little knowledge on how exclusiv
ed correlations are to the original dataset and how to finetune such a model to adapt to differing demograp

is known in advance is that the Finnish definition of benign differs from the Breast Imaging Reporting
ase System (BIRADS) [27], putting several underlying subclasses under a single category. Similarly, we
g information on what kind of richness is required from data used in finetuning and whether single center
a small catchment area is enough to retain good model performance. To test this, we have created a refer
ard that complies with the training data requirements described in [46]. The baseline has been set by run
sponding predictions using the pre-trained weights without finetuning. The benefit of transfer learning has
ined by training the model from random initialization instead of using pre-trained weights. Additional evalu
een conducted by assessing the model performance on an independent Portuguese INbreast dataset [34]. We
our annotation tool [20], used in facilitating this study, openly available for the scientific community.
ttps://github.com/nyukat/breast_cancer_classifier
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 4 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

aterials and methods

Dataset and curation
. Finnish dataset

he secondary use of the existing data, we obtained a permit for a registry-based study from the Nort
bothnia Hospital District (179/2019), Finland, and the City of Oulu (35/2019), Finland, prior to initiating
xtraction. A dataset of 49,634 mammography screening examinations (with 22,739 unique patients) condu
he 2011-2019 period were extracted. The extracted data originated from two different data sources, namely
icture and archiving communication system (PACS) and the mammographic information system (MIS).
ination in the dataset contained digital screening mammograms originating from the PACS in Digital Ima
ommunication in Medicine (DICOM) format. Imaging data was coupled with textual information in a mach
ble form from the MIS. Among the data from the MIS were, for example, screening assessments, patient
ossible confirmation study results, such as additional imaging results and histology responses. As extra
tions, examinations with patients who had gone through mastectomy, examinations which had breast imp
nt, and patients for which the hospital care was ongoing were left out from the data collection. All data
entified after linking the images with the MIS data, effectively assigning each patient an anonymous univ
fier. The MIS data was further supplemented with a column to indicate the interval of screening for patients
al examinations in the dataset.
everal exclusions were made according to pre-established constraints on an examination-level to curate
ted dataset (Figure 1). The dataset was curated to have only examinations with images having Stan
ting Procedure (SOP) Class Unique Identifier (UID) than 1.2.840.10008.5.1.4.1.1.1.2 referring to Di

mography X-Ray Image Storage for presentation (Figure 1a). Furthermore, referring to the model archite
re 2), also examinations which did not have all four standard views, namely R-MLO, L-MLO, R-CC and L
nt, were excluded from the dataset (Figure 1a). The training data was further standardized by limiting to n
tions of 3062-by-2394 and 2294-by-1914 (Figure 1a). The vast majority of exclusions were done from the

rmal and benign examinations with no label-preserving (future) screening study or an endpoint of any kind
g irregular screening interval (Figure 1b). It should be noted that, all malignant suspect examinations, thus ha
rral study (e.g., biopsy), with the exception of patients living with breast cancer, were kept in the dataset.
cted exclusions resulted a total of 11,037 examinations with 4 standard views for the experiments (Table 1

egarding the imaging equipment, all digital mammograms in the dataset originated from single manufac
es, namely Senograph Essential and Senograph Essential DS (GE Healthcare, Chicago, Illinois, US).

ograms had a bit depth of either 12 or 14 bits and pixel spacing of either 100 𝜇𝑚 or 94 𝜇𝑚. Organ Dose (m
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 5 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

ular dose) varied within interval [0.423, 4.144] 𝑚𝐺𝑦 with median being at 1.063 𝑚𝐺𝑦. Peak kilo voltage ou
X-ray generator ranged within interval [26.0, 31.0] 𝑘𝑉 𝑝. X-ray tube current varied within interval [59, 100
dataset. Mo/Mo and Rh/Rh (anode/filter) were used. It should be noted that, the manufacturers represente

YU-BCSD [47] does not include GE Healthcare devices, i.e., the data on which the model that we evalua
tudy was originally trained with. Though this will not interfere with the planned finetuning experiments, it
some effects on the performance of the pre-trained model used as baseline without finetuning.

e 1: Exclusion flowchart with pre-established (a) technical constraints and (b) clinically oriented constraints pose
tracted data. The 80-20 split, highlighted with grey, was stratified by using patient identifier and screening assess
, resulting 8,829 examinations (with 7,189 unique patients) for training and 2,208 examinations (with 2,084 un
ts) for evaluation (holdout subset). SOP stands for Standard Operating Procedure.
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 6 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

1
ations of the conducted exclusions to the distribution of underlying characteristics of the dataset, exclusions
according to pre-established constraints, namely Standard Operating Procedure Class for Digital Mammography,
terality, image dimensions, screening interval and a requirement for some type of an endpoint, e.g., a label-prese
-up study

cteristic Passing technical constraints Passing all constr

roup (y)
5,363 (11.40%) 1,664 (15.08%)
23,272 (49.49%) 5,879 (53.27%)
18,391 (39.11%) 3,494 (31.65%)
0 (0%) 0 (0%)

ning assessment
al 32,140 (68.35%) 3,830 (34.70%)
n 11,949 (25.41%) 4,298 (38.94%)
nancy cannot be ruled out 2,818 (5.99%) 2,793 (25.31%)
y suspicious of malignancy 110 (0.24%) 110 (1.00%)
nant 6 (0.01%) 6 (0.05%)

ral study (e.g., biopsy)
2,934 (6.24%) 2,909 (26.36%)
44,092 (93.76%) 8,128 (73.64%)

47,026 (100%) 11,037 (100%)

. Portuguese dataset

supplementary evaluation dataset of digital mammograms, 86 examinations with 4 standard views from a w
n Portuguese INbreast dataset [34] were used. Among those were 36 malignant (of which 28 containing
n findings), 47 benign and 3 normal examinations. All mammograms were reported to originate from s
facturer device, namely Mammomat Novation (Siemens AG, Munich, Germany), with bit depth of 14 bits
spacing of 70 𝜇m. The anode target and filter materials were not reported. [34] This dataset was used in fu
ation purposes (see Section 2.8).

Data post-processing
ost-processing step, value of interest lookup table (VOI LUT) mapping was performed to standardize the im
Python based pydicom [31] library (version 1.4.2). Moreover, DICOM files in the INbreast dataset were rep
proper Siemens VOI LUT, as these were found to be missing. Additionally, the original images with two diff
resolutions of 3062-by-2394 and 2294-by-1914 in the Finnish dataset and 3328-by-2560 and 4084-by-332

ortuguese dataset were cropped to remove some of the background (areas not containing useful informatio
east cancer classification) prior to training to reduce the processing time (see [46] for details). Finally, the im
padded to match the dimensions expected by the deep learning model on the fly during model training/finetu
ection 2.5).
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 7 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

Reference standard
reference standard for each examination was defined as eight (8) binary labels, i.e., four labels indic
nancy (labelled as 1) or the absence of it (labelled as 0) and four for benignity (labelled as 1) or the absence
led as 0), similarly as in [46]. As a result, for examinations which had received screening assessment "nor
th sides, right and left, all eight labels were filled with zeros. Furthermore, labels for those examinations
sment "benign" for either or both sides, were populated with ones and zeros accordingly. It should be noted t
e of error was introduced here since the MIS data available for this study did not provide information in whi
ojections CC or MLO the benign mammographic change was present. Considering the fact that the breast t
not fully overlap for the CC and MLO projections, the projections should not, in principle, receive the same
fault.
ith several simultaneous malignant and benign findings present in a single screening examination, the most se
gs taking precedence, manual annotations were carried out to refine the labelling. The manual annotations
rmed for a subset of examinations (2, 934), having consensus reading assessment "malignancy cannot be r
esulting from the screening (performed by at least two certified radiologists). The examinations were lab
diology resident T. T. Moreover, annotations provided necessary information on which of the projection
rmation studies proven findings were radiologically visible. MATLAB (2020a, Massachusetts, United St
d in-house mammogram annotation tool [20] (version 1.0) was used for the work. Furthermore, all histo
present in the MIS were labelled to indicate either malignancy or benignity. These were then compared ag

nancy-benignity labels derived from the manual annotations.
or the Portuguese dataset, the reference standard was derived from the BIRADS scores provided with the
tive examinations were labelled as "normal", examinations which had received assessment from "benign" to
cion for malignancy" were labelled as "benign". All above or equal to "moderate suspicion for malignancy"
ed as "malignant".

Training data sampling
innish data was split into a training set and a holdout set (the latter was kept aside during the method developm
g proportions 80% and 20% of the total amount of curated and confirmed samples respectively, i.e., accordin
areto Principle. The splitting was performed using StratifiedShuffleSplit function from publicly available sc
package [37] (version 0.22.2.post1), which creates a stratified split preserving the percentage of samples for
Furthermore, the selection was randomized. Stratification was performed here according to the screening sc
ection 2.1). In addition, we extended the default ability of the function by introducing an encoded catego
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 8 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

ining the left and right side screening assessments to ensure findings on both left and right side images are pre
splits, considered crucial for successful training.

or training, the data was split into 5 folds using a K-fold iterator with non-overlapping groups, namely GroupK
ion with anonymous Patient ID as group identifier. The utilized splitting scheme ensured that all examina
a patient were either in training or testing subset. Due to the small number of malignant examples in the dat
xaminations in total in the training set, we resampled the dataset by oversampling the examples that have malig
g in the breast on either side. Thus, additional copies were sampled randomly with replacement to incr

umber of malignant examples fivefold, i.e., the number of malignant examinations was increased up to 1
inations, where all original examples appear at least once.
uring the inference of the holdout set, the data was from the original distribution with the reported exclus
re 1). Here, the inference refers to applying the trained model to unseen data samples for prediction output.

Deep learning model architecture
icated convolutional neural network (CNN) is used for learning from all four standard views in a multi-
n (Figure 2). The architecture is designed to manage high-resolution input without the need for down-sc
input mammograms [46]. For each of the views there is a dedicated 22-layer ResNet (ResNet22) with adju

l resolutions, namely depth and width, and stride, in comparison to the ordinary ResNet [16]. The ResN
ts a hidden representation of each of the projections, which are then concatenated view-wise for CC and M
. After the concatenation two fully-connected layers are employed in learning the non-linear combinations o
level features in the data and interactions between the views. The resulting view-wise activations are conve
babilities (real values that sum up to 1) using a PyTorch LogSoftmax function [36].
riginally, the model has two variants, namely 1-channel image-only model with a single input and a 3-cha
t with three inputs [46]. In this work, we concentrate on the 3-channel variant. The 3-channel model receive
al mammogram as an input into the first channel. The other two channels receive specific heatmap representa
original mammogram for possible malignancy and benignity (Figure 3). The heatmaps are generated usin

ary patch-level network. Furthermore, the 3-channel model expects all inputs to have dimensions of 2677-by-
and 2974-by-1748 pixels for the CC and MLO views respectively (Figure 2). For the experiments, the auxi
ap generating network was adopted as implemented and pre-trained by Wu et al. [46] and its predictions

as such.

Model training
e experiments, the model state dictionary of the Wu et al. [46] 3-channel model variant was loaded and finet
our Finnish training subset (Figure 1b). For the optimizer, the Quasi-Hyperbolic Adam [30] was used. More
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 9 of 28



Journal Pre-proof

Figur s are
flippe n of
0.01 i ated
ResN lting
a 𝐻-b iews
respec [18]
layers ade
using

A. Iso
Jo
ur

na
l P

re
-p

ro
of

Independent evaluation of a multi-view multi-task breast cancer classification model

2974 x 1748 x C

2974 x 1748 x C

2677 x 1942 x C

2677 x 1942 x C

256 * 2 x 1

256 * 2 x 1 256 * 2 x 1

LogSoftmax

LogSoftmax

AvgPool

AvgPool

AvgPool

AvgPool

ResNet22

ResNet22

ResNet22

ResNet22

FC1
ReLU

FC1
ReLU

FC2

FC2

LogSoftmax
outputs of logits,
both malign and
bening for the
four views

Concat

Concat

L-CC

R-CC

L-MLO

R-MLO

47 x 28 x 256

47 x 28 x 256

42 x 31 x 256

42 x 31 x 256

4 x 2

4 x 2

256 * 2 x 1

256 * 2 x 1 256 * 2 x 1

8 x 2

e 2: Multi-view model architecture. Images are inputted into the model so that the left side view representative
d to have the same orientation as the right side view representatives. Gaussian noise with a standard deviatio
s added to the images prior ResNet22 block (depicted with a blue cuboid). For each of the views there is a dedic
et22 with adjusted spatial resolutions. Number of channels is doubled by each ResNet block of the ResNet22 resu
y-𝑊 -by-256 tensor as output, where 𝐻 = 42 and 𝑊 = 31, and 𝐻 = 47 and 𝑊 = 28 for the CC and MLO v
tively. Stride of two (2) is used to reduce the feature map size. ResNet has ReLU [23] and Batch Normalization
included. Fully-connected layers compile the information extracted by the preceding layers. Illustration was m
PlotNeuralNet tool [19].
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 10 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

e 3: 3-channel model L-CC-branch inputs: (a) original VOI LUT mapped image, (b) malignant and (c) be
aps. Arrows in the leftmost image point out two benign masses. The auxiliary patch-classifier responsible fo
ap generation was used without finetuning. Mammogram courtesy of Breast Research Group, INESC Porto, Port

eter values 𝜈1 = 0.7 and 𝜈2 = 1, 𝛽1 = 0.9, 𝛽2 = 0.999 and 𝜀 = 1e-8 from the Ma et al. [30] were chosen fo
iments. Separate learning rates, 1e-4 and 1e-7, were applied to model base parameters and output layer param
spondingly. Optimizer weight decay was set as 1e-5. Furthermore, no learning rate scheduler was used. Base
antity and how we chose to split our data, we further chose to finetune the whole model and not just the f
cted layers. The base layers of the model were refrained from training (frozen) during the first 5 epochs to pre
connected layers from corrupting the pre-trained weights of the convolutional layers during backpropaga
the errors from the new task were not propagated to the frozen weights [49] during backward pass in the

s of finetuning.
o comply with the Wu et al. [46] model definition, we used the PyTorch Negative Log-Likelihood Loss
lating the mean loss), which follows from the use of LogSoftmax in the model. During finetuning, training
alculated based on the eight labels defined in Section 2.3. In this work, we computed the loss separately for
nd four MLO view outputs (logits related to the tasks predicting benignity and malignancy) and summed t
a loss for a batch.

ollowing Wu et al. [46] implementation, image pixels were standardized in-place by subtracting the im
and dividing with the image standard deviation. Augmentations used in Wu et al. [46], namely ad

ion to window size and location, were adopted as such. This process included padding the images to match
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 11 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

sions expected by the pre-trained deep learning model. Further details can be found in [46]. Additionally, Cu
entation [8] was used in randomly masking out input image sections during training for regularization. More
t was performed randomly with probability of 0.3. Cut out size was 500-by-500 pixels, and number of ma
ctions was 3. Augmentations were performed on the fly during finetuning. Furthermore, no augmentations

during validation stage.
e used training batch size of 8 (twice the size used in [46], making the training more well-conditioned)
tion batch size of 12. Number threads was 10. Fold training time was set to 70 epochs and the best perform
l was saved whenever the validation loss was less than with the previously saved model checkpoint. To guara
producibility of the experiments, our training pipeline was implemented to store the previously menti
eters, such as the choice of optimizer and its parameters, learning rate, batch-size, model choice, and c
tion split indices.

urthermore, the model finetuning and evaluation was carried out on a single 4,608-core Turing archite
RTX (NVIDIA, Santa Clara, California, US) graphics processing unit (GPU) with 24 GB of memory. In
mentation, finetuning of all network layers reserved approximately 22 GB of GPU memory. Completing a 5
ng to produce models for the method evaluation phase took approximately 14 days using our hardware.

Method evaluation
ethod was evaluated using the Receiver Operating Characteristic (ROC) curve and Precision-Recall (PR) c

senting classification performance at various thresholds and the corresponding AUROC and Average Prec
metrics and their 95% Confidence Intervals (CI) (values ranging from 0 to 1) estimated from 2,000 boot
les. Each of the standard views received their own ROC and PR curves in our evaluation—for both malignan
n classification task. Youden index [50], and more precisely its maximum value, was used to find ROC curve
ints where the absolute value of the difference between sensitivity and specificity is at its minimum. Sensit
pecificity were calculated in those cut-off points for convenience. In addition, we reported the maximum
for each standard view and classification task (50 evenly spaced values were calculated over a specified int
, 1]). Furthermore, the index of the maximum F1 score among the calculated ones, was used for finding
sponding values for Precision and Recall. Furthermore, we averaged the predictions of the five models resu
the 5-fold cross-validation prior computing the listed evaluation metrics.

Test populations
test populations were chosen to study our research questions and perform model evaluation. First, the anno

alignant suspect subset (S1) of the Finnish holdout data (Figure 1) was used for the inference. Second, the w
sh holdout subset (S2) of data, where also samples of "normal" and "benign" which were assumed not to con
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 12 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

alignant characteristics, was used. Third, completely unseen examinations of the Portuguese data (S3) was
dy the training/finetuning effects. Wu et al. [46] pre-trained model weights were used here as a baseline i
iments.

esults
following we present the ROC and PR curves for model predictions for each standard view. Youden in

tivity, Specificity, F1 score, Precision and Recall values for the malignant and the benign classification task
in the Appendix A (Table A.1 and Table A.2).

Evaluation using the Finnish data
. Annotated malignant suspect holdout subset (S1)

uning only slightly improved the malignant classification in terms of AUROC and AP (Figure 4a). The propo
sitive malignant samples (differs for different projections) in the annotated malignant suspect holdout da
0.09 and 0.09 for the L-MLO and L-CC and 0.09 and 0.10 for the R-MLO and R-CC projections respect
picted by the dotted lines in the PR curves. For the benign classification the finetuning appears to have
what harmful (Figure 4b) and the benign detection in this subset lowered surprisingly for the CC view. T
inimal improvement on the left side when looking at the PR curve representing the MLO view (Figure 4b).
rtion of positive benign samples in the annotated malignant suspect holdout dataset were 0.27 and 0.30 fo
O and L-CC and 0.27 and 0.28 for the R-MLO and R-CC projections, respectively.

. Entire holdout subset (S2)

g exams which have received assessment "normal" or "benign" in the screening phase introduced false pos
ctions which is depicted in the PR curves (Figure 5a). The suboptimal performance depicted by the bas
and R-CC curves for the benign classification seem to have been slightly rectified with the finetuning (PR c
ure 5b). The proportion of positive malignant samples in the holdout dataset were 0.02 and 0.02 for the L-M
-CC and 0.02 and 0.02 for the R-MLO and R-CC projections respectively, and the proportion of positive be
les 0.33 and 0.33 for the L-MLO and L-CC and 0.31 and 0.34 for the R-MLO and R-CC projections.

Evaluation using the Portuguese data (S3)
alignant classification performance on Portuguese evaluation data was not greatly affected by the finetu

re 6), which was performed solely using the Finnish data. The proportion of positive malignant samples fo
guese data were 0.23 and 0.23 for the L-MLO and L-CC and 0.20 and 0.19 for the R-MLO and R-CC projec
ctively. For benign classification, there is a noticeable improvement seen in the CC projection ROC and PR cu
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 13 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

(a) (b)

e 4: Results for annotated malignant suspect subset (S1) of the Finnish holdout data. Here the pre-trained m
ut finetuning as baseline is compared to the model finetuned on our Finnish data. Results are depicted laterality-
subfigures, depicted are the Receiver Operating Characteristic Curve (ROC) and Precision-Recall (PR) curve

) malignant and (b) benign classification tasks. Dotted diagonal line in ROC curve represents a classifier which
m results. The dotted vertical lines in the PR curve plot resemble a classifier which gives random results, whi
nt for each projection due to the amount of examples per side and view. In the PR curve the dotted line also s
oportion of positive samples in the used holdout dataset. AUROC and AP and their 95% CI are shown in the le
C and PR curves correspondingly. cut-off points, marked with an asterisk in the ROC curves are achieved via Yo

, its maximum value.

ly surpassing the uninformative classifier, though with poor early retrieval for L-CC (Figure 6b). The propo
sitive benign samples were 0.58 and 0.59 for the L-MLO and L-CC and 0.67 and 0.69 for the R-MLO and R
ctions respectively.

Training from random initialization
idering our relatively large dataset, (re-)training the models from random initialization resulted in a rather
rmance for both S1 and S2 when compared to the baseline and the finetuned models (Figure 7 and Figure 8

iscussion

Immediate findings and comparison to existing work
l performance on the malignant classification task was satisfactory on the Finnish holdout data, and espec
e annotated malignant suspect subset of the holdout data. The AUROC values for malignancy classific
ned with pre-trained model weights initialization were 0.81, 0.82, 0.86, and 0.84 for R-MLO, L-MLO, R
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 14 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

(a) (b)

e 5: Results for the entire Finnish holdout subset (S2) with also normal and benign examinations without susp
lignancy in addition to examinations suspected of malignancy. Here the pre-trained model without finetunin
ne is compared to the model finetuned on our Finnish data. Results are depicted laterality-wise. In the subfig
ed are the Receiver Operating Characteristic Curve (ROC) and Precision-Recall (PR) curves for the (a) malig
b) benign classification tasks. Dotted diagonal line in ROC curve represents a classifier which gives random re
otted vertical lines in the PR curve plot resemble a classifier which gives random results, which is different for
tion due to the amount of examples per side and view. In the PR curve the dotted line also shows the propo
sitive samples in the used holdout dataset. AUROC and AP and their 95% CI are shown in the legend for ROC
rves correspondingly. Cut-off points, marked with an asterisk in the ROC curves are achieved via Youden inde
um value.

-CC views respectively for the malignant suspect subset (S1), whereas the average AUROC obtained by
[46] for their view-wise model was 0.843 for their biopsied subpopulation. The malignancy classification AUR
s for the entire holdout subset (S2) were 0.82, 0.84, 0.85, and 0.83 for R-MLO, L-MLO, R-CC and L-CC v
ctively, whereas the average AUROC obtained by Wu et al. [46] was 0.886 for their screening population. E
h AUROC is considered prevalence invariant direct comparison should be taken with caution. The results
rtuguese dataset suggest that the finetuning which was conducted solely with the Finnish data does not harm

ls generalizing ability to unseen examinations from the INbreast dataset.
odel performance on the auxiliary benign classification task remained low. This is not surprising, since

sh class "benign" has more within class variation (see Section 4.2) than the BIRADS "benign", the latter in ess
ed as "0% probability of malignancy". The AUROC values for benign classification obtained with pre-tra
l weights initialization were 0.68, 0.69, 0.52, and 0.55 for R-MLO, L-MLO, R-CC and L-CC views respect
e malignant suspect subset (S1), whereas the average AUROC obtained by Wu et al. [46] for their view-
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 15 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

(a) (b)

e 6: Results for the independent Portuguese INbreast data (S3). Here the pre-trained model without finetunin
ne is compared to the model finetuned on our Finnish data. Results are depicted laterality-wise. In the subfig
ed are the Receiver Operating Characteristic Curve (ROC) and Precision-Recall (PR) curves for the (a) malig
b) benign classification tasks. Dotted diagonal line in ROC curve represents a classifier which gives random re
otted vertical lines in the PR curve plot resemble a classifier which gives random results, which is different for
tion due to the amount of examples per side and view. In the PR curve the dotted line also shows the propo
sitive samples in the used holdout dataset. AUROC and AP and their 95% CI are shown in the legend for ROC
rves correspondingly. Cut-off points, marked with an asterisk in the ROC curves are achieved via Youden inde
um value.

l was 0.690 for their biopsied subpopulation. The AUROC values for benign classification for the entire hol
t (S2) were 0.67, 0.66, 0.64, and 0.62 for R-MLO, L-MLO, R-CC and L-CC views respectively, wherea
ge AUROC obtained by Wu et al. [46] for their view-wise model was 0.747 for their screening populatio
parison. Although the benign classification results were not encouraging, learning several tasks simultaneo

e important for the overall learning task [6] (see also Section 4.3). It is fair to note, that our choice not to fine
uxiliary patch classifier producing the two heatmap inputs for the 3-channel model may have a role regar
eak benign classification results. Finetuning the patch classifier would have though required us to also ann
of the non-malignant suspect examinations. What we can say with high certainty is that the malignant hea
ation would not have benefited the finetuning with our sample amounts, if not to cause adverse effects.
part from the comparisons performed against the Wu et al. [46] results on their private dataset, compariso
methods found in the literature was difficult, as there are only few studies experimenting with a multi-
ecture. Moreover, many of the methods presented in the literature concentrate only on malignant classific

e experimental setup differs in some other regard. Kyono et al. [24] have studied an interesting archite
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 16 of 28



Journal Pre-proof

Figur odel
witho s are
depict sion-
Recal sents
a clas gives
rando urve
the do 95%
CI are ROC
curve

perfo el of
suspi also
non-i ples
as ma ning
cente ples
were larly
rich, pect
subse ence
and d . [7]
utiliz eak
image ancy
classi taset
of 13 ,654

A. Iso
Jo
ur

na
l P

re
-p

ro
of

Independent evaluation of a multi-view multi-task breast cancer classification model

(a) (b)

e 7: Results for annotated malignant suspect subset (S1) of the Finnish holdout data. Here the pre-trained m
ut finetuning as baseline is compared to the model trained from random initialization on our Finnish data. Result
ed laterality-wise. In the subfigures, depicted are the Receiver Operating Characteristic Curve (ROC) and Preci
l (PR) curves for the (a) malignant and (b) benign classification tasks. Dotted diagonal line in ROC curve repre
sifier which gives random results. The dotted vertical lines in the PR curve plot resemble a classifier which
m results, which is different for each projection due to the amount of examples per side and view. In the PR c
tted line also shows the proportion of positive samples in the used holdout dataset. AUROC and AP and their
shown in the legend for ROC and PR curves correspondingly. Cut-off points, marked with an asterisk in the

s are achieved via Youden index, its maximum value.

rming multi-task learning of diagnosis, imaging phenotype which the authors have named as sign, lev
cion, conspicuity referring to the radiological occultness, breast density, and patient age, while combining
maging features, an idea worth further research. Their method achieved AUROC of 0.855 in classifying sam
lignant or benign (treating benign as an equivalent to normal) on their private dataset, collected from six scree
rs in UK. They also reported an AUPR of 0.646 for the same task, but the exact proportions of positive sam
not provided. In comparison to the dataset used in this study, their dataset of 7,060 examinations is particu
with more than 1,000 malignant examinations [24, 14] and resembles to some extent our all-malignant sus
t (S1), and the AUROC value is of the same magnitude as in our study. AUPR is influenced by class preval
irect comparison to results obtained with other datasets should be avoided. A recent study by Chen et al
ing dual-view architecture with modestly downscaled CC and MLO views as an input. Their method uses w
-level labels similarly to the method evaluated in this study. Their method yielded the highest malign
fication AUROC [95% CI] among the works we have came across, 0.948 [0.937, 0.953] on their training da
9,034 examinations, of which 5,901 cancerous, and 0.926 [0.922, 0.930] on their holdout dataset of 1,691
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 17 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

(a) (b)

e 8: Results for the entire Finnish holdout subset (S2) with also normal and benign examinations without suspici
nancy in addition to examinations suspected of malignancy. Here the pre-trained model without finetuning as bas
pared to the model trained from random initialization on our Finnish data. Results are depicted laterality-wis
bfigures, depicted are the Receiver Operating Characteristic Curve (ROC) and Precision-Recall (PR) curves fo
alignant and (b) benign classification tasks. Dotted diagonal line in ROC curve represents a classifier which
m results. The dotted vertical lines in the PR curve plot resemble a classifier which gives random results, w
erent for each projection due to the amount of examples per side and view. In the PR curve the dotted line
the proportion of positive samples in the used holdout dataset. AUROC and AP and their 95% CI are shown i
for ROC and PR curves correspondingly. Cut-off points, marked with an asterisk in the ROC curves are ach

uden index, its maximum value.

inations, of which 5,232 cancerous. For a subset of Portuguese INbreast dataset Chen et al. [7] report AUR
CI] 0.994 [0.985, 1.000] and AUPR [95% CI] 0.986 [0.966, 1.000] for malignant classification. Even thoug
used a different subset (86 examinations with 36 malignant) of the Portuguese dataset for evaluation than C
(31 examinations with 15 malignant), a similar trend in the results can be observed. Comparison of various stu
nting multi-view models for breast cancer evaluation cited by this paper can be found in Table 2.
ome conclusions of the clinical relevance of a method can be drawn by comparing to human-level performanc
t study utilizing 2,512,577 mammography screening examinations from 146 screening centers in the US repo
tivity for the initial screening assessment 0.85 [0.848, 0.86.] and Specificity 0.918 [0.910, 0.974] [40]. Ano
benchmarking mean screening performance reported Sensitivity [95%CI] of 0.869 [0.863, 0.876] and Specifi

CI] 0.889 [0.888, 0.889] [25]. As we can see from the malignant classification results (Appendix A, Table A
aluated method was not able to retain this level on our private dataset
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 18 of 28



Journal Pre-proof

C was
alread hold
would the
mode here
is an e the
propo ith a
low F st F1
score tion,
but it

S have
exper ctive
moda ered
a so-c hich
it is f sues
with that
a care oints
(see f

W nce,
thus t del)
variat ning
techn [38].
The b erent
vendo .

L ork
result etter
to kee ntire
traini

4.2.
Assig It is
for ex level
cance ding

A. Iso
Jo
ur

na
l P

re
-p

ro
of

Independent evaluation of a multi-view multi-task breast cancer classification model

omparison performed using various metrics (Appendix A, Table A.1 and Table A.2) mainly confirmed what
y seen in the ROC and PR curves. Literature suggests that for well calibrated model outputs the optimal thres
be approximately half of the optimal F1 value [28]. This seems to hold for our experiments even though

l outputs have not been calibrated. Furthermore, high F1 score usually guarantees good results also when t
inherit imbalance between the positive and negative class, such as the breast cancer screening scenario wher
rtion of malignant samples is very low (e.g., for our private holdout dataset this proportion was 0.02). W
1 score there is no telling which type of error the model is suffering. It should be noted, that using the highe
for finding the corresponding values for Precision and Recall might not be the best choice for this applica
was the only reproducible way to determine the index that can be offered here.

uccessfully training and finetuning a multi-view models is still an open research question. Studies which
imented on the same model as we have, have reported that the model has a tendency of ignoring a less predi
lity (i.e., one of the views MLO or CC) [46, 45] and our results support these findings. Recent research has off
alled greedy learner hypothesis [44] as an explanation, i.e., that the model learns from the modality from w

astest to learn. Suboptimal view-wise performance which can not be explained by noisy data (e.g., quality is
the medical record or errors in annotations) is seen on the CC view. Our observation on the other hand was
ful choice of optimizer may alleviate this phenomenon (see also Section 4.3). Slight differences in cut-off p
or example Figure 5a) though remain.
e note that in contrast to Wu et al. [46] the results were achieved without test-time augmentation during infere
here can be slight decrease in the performance metrics as such method can produce more favorable (for the mo
ions of the unseen input. Our aim was to study the effects of the training to the model as such without post-trai
iques for improved performance. There is only little research on the design choices of test-time augmentation
aseline results, i.e., without finetuning, indicate that the patterns in breast tissue appear alike even for diff
rs in full-field digital mammography and that the model performs well also in an out-of-distribution setting

astly, in our experiments optimizing the whole feature space, i.e., updating the weights of the whole netw
ed the best outcome. Our finding is contrary to Wu et al. [45] as they found in their experiments that it is b
p the base of the model (other than the FC layers) frozen. Moreover, finetuning was best done using the e

ng subset.

Reference standard considerations
ning reference labels should reflect the patient records as well as what is actually seen in the images.
ample important to notice that MLO and CC views should not automatically receive the same image
r label, as the views represent partially different tissue areas. This is rarely mentioned in studies regar
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 19 of 28
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arious studies utilizing multi-view models for breast cancer evaluation

Method Dataset used Experimental setup Performance met

l. InceptionResNetV2-based
multi-task CNN; pre-trained
weights from ImageNet
classification

NHS Breast Screening Program
(NHSBSP) dataset originating
from six screening centers [14];
7,060 examinations, with more
than 1,000 malignant examina-
tions

Amount of 2,000 examinations were used for 10-fold cross-
validation training of the multi-view multi-task model; multi-task
CNN’s was trained using a randomly partitioned subset of the
remaining examinations with 75-25 spliting scheme; radiological
assessments, density estimates, age at examination, pathology
outcomes from core biopsy or cancerous breast tissue removal
were used in creating the reference standard

Malignant classifi
of 0.795

) ResNet-based 22-layer CNN;
pre-trained weights from
BIRADS classification; several
multi-view model variations
receiving four standard views as
input

NYU Breast Cancer Screen-
ing Dataset (NYU-BCSD) [47];
229,426 screening examinations
in total; 985 mammograms with
biopsy confirmed malignant and
5,556 with benign findings, 234
mammograms with both benign
and malignant findings; image
level labels

Data was split into training, validation, and testing sets with
80-10-10 splitting scheme [47]; all 4,844 biopsy confirmed
examinations were used each epoch and among the examinations
not having biopsy taken randomly sampled subset of 4,844
examinations were drawn each epoch during model training;
pathology reports were used in creating the reference standard

Malignant classifi
wise model) AU
for biopsied subp
0.886 for screeni
benign classificat
model) AUROC
biopsied subpopu
ROC of 0.747 for
ulation; ensembl
the performance

) ResNet-based 22-layer CNN;
several dual-view model varia-
tions used in conjunction with
different regularization methods
receiving CC and MLO views as
input

NYU Breast Cancer Screen-
ing Dataset (NYU-BCSD) [47];
229,426 screening examinations
in total; 985 mammograms with
biopsy confirmed malignant and
5,556 with benign findings; im-
age level labels; CC and MLO
views share the same label

Training procedure similar to Wu et al. (2020b); pathology
reports were used in creating the reference standard

Classification wit
ing model AURO
the test set; en
boost the perform

l. EfficientNet-b0-based CNN;
pre-trained weights from
ImageNet classification;
dedicated global consistency,
local co-occurence and fusion
modules trained end-to-end

Annotated Digital
Mammograms and Associated
Non-Imaging data (ADMANI)
datasets originating from several
screening centers [10]; 139,034
examinations (ADMANI1)
with 5,901 cancerous cases
having malignant findings
for training; 1,691,654
examinations (ADMANI2)
with 5,232 cancerous cases for
evaluation; image level labels

Data was split into training, validation, and testing sets with
80-10-10 splitting scheme for training on ADMANI1, additional
evaluation on ADMANI2; pathology outcomes from biopsy and
surgery, or reporting of interval cancer were used in creating the
reference standard

Malignant classifi
of 0.926 on ADM

l. ResNet-based 22-layer CNN;
pre-trained weights from NYU;
multi-view model receiving four
standard views as input

Oulu Dataset of Screening
Mammography originating from
a single screening center; 49,634
screening examinations in total;
11,037 screening examinations
curated for experiments; image
level labels

Data was split into training and holdout sets with 80-20 splitting
scheme; 5-fold cross-validation was used for finetuning/training
the model; 8,829 examinations with 362 examinations with
malignant findings, 4,146 with benign findings (76 examinations
having also malignant findings) for training; holdout set of
2,208 examinations with 70 malignant examinations, 1,056
examinations with benign findings (16 examinations having also
malignant findings) for evaluation; mammographic information
system data including screening assessments, patient age, and
possible confirmation study results, such as additional imaging
results and histology responses, were used in creating the
reference standard

Malignant classifi
values of 0.82, 0
0.83 for the hold
MLO, L-MLO, R
views respectively
fication AUROC
0.66, 0.64, and 0.
L-MLO, R-CC an
respectively for th
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Independent evaluation of a multi-view multi-task breast cancer classification model

ning mammography data. Radiologically occult findings [17] present a slightly different problem. Occult find
resent, but not visible for the human annotator. Also in this work, several such cases were identified am
alignant suspect examinations. Moreover, excluding these would have resulted a significant reduction in
nant samples. Therefore, it was decided to consistently label the views with radiologically occult lesions accor
tological response retrieved from the MIS. An identical label was assigned to CC and MLO views in these c
ucing a potential error. However, we observed this choice to have a favorable overall effect to the model train

arge and partially uncharted area are the "normal" representing the majority of examinations and the second la
of "benign" in the Finnish screening assessment scale. It is not uncommon that breasts assessed as "nor

in some mammographic changes. Among these can be, for example, certain calcifications and steatonecr
some of the clearly benign findings such as fibroadenomas, calcification which have remained unchange

g period of time can end up assigned as "normal" in the screening. Several benign findings, e.g., circumscr
s with macrocalcifications, masses of fatty or mixed density, and calcification of the arteries (vascular b
cations), do have visually distinctive benign morphology. However, for example, benign cysts and lymph n
visual characteristics to those considered as malignant (see for example [4]). Thus, such breast patterns
licate the efforts of training a successful breast cancer classifier. Furthermore, based on our data, scree
sment "malignancy cannot be ruled out" in the Finnish scale is used to expresses nonspecific findings
re further assessment with other methods such as ultrasound. There is broad variation within this categ
hat is more, variation which does not necessarily have a common denominator. Radiological and patholo
ation should nonetheless be in concordance. Moreover, breasts that end up having benign finding in the fol

amination, assessed as "malignancy cannot be ruled out" during screening, have visual characteristics poin
ds malignant. Breasts receiving assessment "highly suspicious of malignancy" or "malignant" in the Finnish
ear to decide upon for a human eye. Therefore, as an implication, we see that category "malignancy canno
out" representatives having nonspecific findings should be looked in detail in further studies.

Training considerations
able model initialization can be seen important in training CNN’s. Wu et al. [46] reused model parts from
ng on BIRADS classification, a task similar to the one described in Geras et al. [13]. The authors justify this
amount (𝑁 = 5,832) of biopsied samples. Their pre-training on BIRADS resulted in more robust model
end better classification performance than training from random initialization. In our study, we had far f

les with pathological-anatomical diagnosis (N=1,012), and thus when training from randomly initialized we
rformance remained notably low. Moreover, in this type of studies, we should look closely also at the underl

t cancer subtypes, parenchymal patterns (see for example Li et al. [26]). In our case, among our 1,012 examina
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 21 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

pathological-anatomical diagnosis there were 63 different subtypes and furthermore their visual manifesta
mammograms. With some subtypes this leaves us with only few samples to learn from. Therefore, initial

l weights from a strong pre-trained model is preferred. Moreover, as depicted in the results presented in Se
raining from random initialization results in suboptimal performance also in our case.
longside with suitable model initialization, optimization method can have a key role. The quasi-hyperbolic A
t, proposed by Ma et al. [30], was chosen as an optimizer in our implementation because of its appe
rties related to improved stability of the training and potential improvement on the generalization ability o
l. It would be of interest to invest time searching optimal parameters for the optimizer and experiment with 𝜈2

might further improve stability of the training [30] and allow the reduction of training time with potentially b
rgence. There was some indication that multi-view model finetuning might benefit from QHAdam in compar
am (data not shown).
ulti-task learning can be hypothesized to induce learning bias [6] and therefore steer the model to learn m
ingful representations. In essence this happens through learning more versatile patterns and therefore ach
generalization to unseen data. Wu et al. [46, 45] regard the multi-task learning scenario of predicting

nancy and benignity of the sample having also an important regularizing effect.
nother way of regularizing a model training is to include augmentations. In their original work, Wu et al.
ted only to augmentations which modify the image size and crop location. We added Cutout augmentatio
ies and Taylor [8], to steer the model to take into account also subtle signals instead of building on the pres
strongest visual cues for classification. As a future work, the method could benefit from additional augmentat
high resolution medical images training this model already reserves a significant amount of computat
rces. Therefore, we did not experiment any additional augmentations at this point.

Dataset sampling considerations
the multi-view setting it is difficult to fully balance the dataset when it comes to lesions appearing in just s
projections. To achieve a good side-wise balance with good number of representatives of different breast ca

pes within cross-validation fold would require a very large dataset, larger than what we have in our disposal
order to train an unbiased model, the model should be taught with data representing all different pat

ring in screening examinations. Therefore, bias is introduced by excluding large amounts of data. The la
sions in our work concern the group of examinations with irregular screening interval and missing later
rving follow-up. The requirement for irregular screening interval can be relaxed, but the requirement fo
-up is considered important requirement to have.
salo, S.I. Inkinen, T. Turunen et al.: Preprint submitted to Elsevier Page 22 of 28
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Independent evaluation of a multi-view multi-task breast cancer classification model

Future work
et al. [5] have hypothesized that for a clinically credible artificial intelligence active collaboration with hu
achine might be required. Yan et al. have proposed an active learning (AL) model for breast cancer evalu

al-view mammogram setting [48], highly compatible with the model studied in this work. Their model uti
pected consistency between the model predictions to MLO and CC views as AL criteria. If we could devise
issues arising from the fact that there is only partial tissue overlap between MLO and CC views, there wou
hanism for annotation efficient training. Finally, when AL is coupled with a well-performing pre-trained m

as the Wu et al. [46], efficient model finetuning in terms of manual annotations could be possible also for a sm
ning centers. Moreover, AL may play an important role in the future in identifying the challenging subgroups
ambiguities of the screening mammography datasets.

onclusions
is retrospective study we adopted an openly available multi-view deep learning model and performe
endent evaluation to assess its performance using Finnish full-field digital mammography data. Our aim
uire understanding on what kind of size and richness is required from a dataset for a successful finetuning
er differing demographics pose a significant hindrance for the process. Among the identified challenges
arising from the medical practice and issues related to modelling. One of the medical practise related issues

the broad definition of the benign class in the Finnish screening system, resulting a large within-class varia
aking it challenging to retain the performance reported for the evaluated model in the literature. Moreov

ult subcategory to model were the malignant suspects with nonspecific findings. Therefore, we propose tha
research should concentrate on examining the model performance to identify those breast cancer subgr

sely affecting to the results. This is one key requirement for increasing the models readiness level for a cli
g after first performing a finetuning with a rich enough dataset, locally or via collaborative effort. Having a st
ained model, which performs well also in an out-of-distribution setting, can be seen crucial when operating
center datasets. Thus far, training such a well generalizable model has required a sizable dataset.
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Table
Malig ights
from

Datas call

Anno
suspe
Basel
R-ML .55
R-CC .53
L-ML .37
L-CC .53

Finetu
R-ML .37
R-CC .47
L-ML .51
L-CC .47

Rando
R-ML .49
R-CC .56
L-ML .69
L-CC .51

Entire
Basel
R-ML .22
R-CC .32
L-ML .36
L-CC .33

Finetu
R-ML .25
R-CC .32
L-ML .24
L-CC .31

Rando
R-ML .31
R-CC .12
L-ML .36
L-CC .05

Portu
Basel
R-ML .82
R-CC .50
L-ML .90
L-CC .85

Finetu
R-ML .76
R-CC .44
L-ML .55
L-CC .75
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Independent evaluation of a multi-view multi-task breast cancer classification model

A.1
nant classification for the three datasets using pre-trained weights from NYU without finetuning, pre-trained we
NYU with finetuning, and trained from random initialization

et, model and projection Youden index (threshold) Sensitivity Specificity F1 score (threshold) Precision Re

tated malignant
ct holdout subset (S1)
ine w/o finetuning
O 0.51 (0.03) 0.75 0.77 0.38 (0.19) 0.29 0

0.57 (0.02) 0.79 0.78 0.51 (0.25) 0.49 0
O 0.45 (0.06) 0.59 0.86 0.46 (0.23) 0.59 0

0.52 (0.02) 0.75 0.78 0.43 (0.22) 0.36 0

ned
O 0.49 (0.15) 0.73 0.77 0.40 (0.20) 0.42 0

0.59 (0.11) 0.82 0.77 0.52 (0.26) 0.57 0
O 0.54 (0.11) 0.80 0.73 0.47 (0.23) 0.43 0

0.56 (0.16) 0.73 0.83 0.49 (0.25) 0.52 0

m initialization
O 0.28 (0.11) 0.86 0.41 0.21 (0.10) 0.13 0

0.30 (0.12) 0.63 0.67 0.26 (0.13) 0.17 0
O 0.21 (0.13) 0.69 0.52 0.20 (0.10) 0.12 0

0.29 (0.14) 0.59 0.70 0.24 (0.12) 0.15 0

holdout subset (S2)
ine w/o finetuning
O 0.49 (0.03) 0.69 0.79 0.20 (0.10) 0.18 0

0.56 (0.02) 0.75 0.81 0.32 (0.16) 0.32 0
O 0.47 (0.06) 0.58 0.89 0.33 (0.17) 0.31 0

0.53 (0.02) 0.78 0.75 0.28 (0.14) 0.25 0

ned
O 0.51 (0.13) 0.71 0.80 0.27 (0.13) 0.28 0

0.58 (0.13) 0.77 0.81 0.38 (0.19) 0.46 0
O 0.58 (0.11) 0.82 0.77 0.30 (0.15) 0.41 0

0.54 (0.16) 0.67 0.87 0.36 (0.18) 0.44 0

m initialization
O 0.39 (0.11) 0.85 0.54 0.09 (0.05) 0.06 0

0.29 (0.12) 0.63 0.66 0.11 (0.05) 0.10 0
O 0.28 (0.13) 0.67 0.60 0.08 (0.04) 0.05 0

0.26 (0.14) 0.56 0.69 0.09 (0.05) 0.30 0

guese evaluation data (S3)
ine w/o finetuning
O 0.68 (0.03) 0.88 0.80 0.68 (0.34) 0.58 0

0.46 (0.07) 0.69 0.77 0.53 (0.27) 0.57 0
O 0.75 (0.03) 0.90 0.85 0.67 (0.33) 0.53 0

0.81 (0.05) 0.90 0.91 0.83 (0.41) 0.81 0

ned
O 0.62 (0.17) 0.76 0.86 0.65 (0.32) 0.57 0

0.47 (0.20) 0.69 0.79 0.54 (0.27) 0.70 0
O 0.57 (0.05) 0.90 0.67 0.65 (0.32) 0.79 0

0.73 (0.20) 0.90 0.83 0.77 (0.38) 0.79 0
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Table
Benig ights
from

Datas call

Anno
suspe
Basel
R-ML .76
R-CC .86
L-ML .73
L-CC .86

Finetu
R-ML .69
R-CC .00
L-ML .70
L-CC .98

Rando
R-ML .00
R-CC .00
L-ML .00
L-CC .00

Entire
Basel
R-ML .65
R-CC .00
L-ML .88
L-CC .00

Finetu
R-ML .64
R-CC .79
L-ML .76
L-CC .92

Rando
R-ML .00
R-CC .98
L-ML .89
L-CC .00

Portu
Basel
R-ML .00
R-CC .00
L-ML .00
L-CC .00

Finetu
R-ML .98
R-CC .98
L-ML .98
L-CC .90
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Independent evaluation of a multi-view multi-task breast cancer classification model

A.2
n classification for the three datasets using pre-trained weights from NYU without finetuning, pre-trained we
NYU with finetuning, and trained from random initialization

et, model and projection Youden index (threshold) Sensitivity Specificity F1 score (threshold) Precision Re

tated malignant
ct holdout subset (S1)
ine
O 0.27 (0.21) 0.75 0.53 0.48 (0.24) 0.36 0

0.24 (0.12) 0.89 0.35 0.49 (0.24) 0.34 0
O 0.34 (0.24) 0.76 0.58 0.52 (0.26) 0.40 0

0.19 (0.29) 0.40 0.79 0.50 (0.25) 0.35 0

ned
O 0.29 (0.26) 0.71 0.58 0.49 (0.24) 0.38 0

0.08 (0.25) 0.79 0.28 0.44 (0.22) 0.28 1
O 0.34 (0.30) 0.66 0.68 0.52 (0.26) 0.42 0

0.11 (0.25) 0.79 0.32 0.48 (0.24) 0.31 0

m initialization
O 0.01 (0.23) 0.36 0.65 0.42 (0.21) 0.27 1

0.02 (0.24) 0.07 0.95 0.43 (0.22) 0.28 1
O 0.00 (0.17) 1.00 0.00 0.43 (0.21) 0.27 1

0.12 (0.25) 0.41 0.71 0.46 (0.23) 0.30 1

holdout subset (S2)
ine
O 0.24 (0.26) 0.51 0.73 0.50 (0.25) 0.41 0

0.01 (0.15) 0.55 0.46 0.50 (0.25) 0.34 1
O 0.20 (0.24) 0.60 0.61 0.51 (0.25) 0.36 0

0.04 (0.35) 0.14 0.90 0.49 (0.25) 0.33 1

ned
O 0.27 (0.28) 0.56 0.71 0.51 (0.26) 0.42 0

0.21 (0.27) 0.68 0.52 0.53 (0.27) 0.40 0
O 0.23 (0.30) 0.50 0.73 0.53 (0.26) 0.40 0

0.18 (0.28) 0.56 0.62 0.51 (0.25) 0.35 0

m initialization
O 0.12 (0.23) 0.38 0.74 0.48 (0.24) 0.31 1

0.07 (0.22) 0.76 0.31 0.50 (0.25) 0.34 0
O 0.12 (0.22) 0.70 0.42 0.50 (0.25) 0.34 0

0.03 (0.25) 0.13 0.91 0.49 (0.25) 0.33 1

guese evaluation data (S3)
ine
O 0.05 (0.01) 0.98 0.07 0.81 (0.40) 0.67 1

0.07 (0.80) 0.07 1.00 0.81 (0.41) 0.69 1
O 0.10 (0.18) 0.66 0.44 0.74 (0.37) 0.58 1

0.03 (0.01) 1.00 0.00 0.74 (0.37) 0.59 1

ned
O 0.08 (0.50) 0.19 0.89 0.81 (0.40) 0.69 0

0.35 (0.18) 0.86 0.48 0.83 (0.42) 0.72 0
O 0.15 (0.20) 0.76 0.39 0.74 (0.37) 0.59 0

0.30 (0.24) 0.73 0.57 0.76 (0.38) 0.66 0
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educe radiologists’ overwhelming reading workload in routne mammography screening, one soluton

se computer assisted detecton sooware eor automated detecton and classifcaton oe breast cancer.

elopment oe reliable intelligent analytcs  machine learning models) in computer assisted detecton 

uires large amount oe data with rich set oe examples oe anomalies and phenotypes to automatcally 

n the required representatons eor the task.

h transeer learning, breast cancer classifcaton model can be fnetuned to adapt to diferent 

ographics, without the immediate need to collect or share large sets oe medical data.

lly, having a strong pre-trained model, which pereorms well also in an out-oe-distributon setng, can 

n crucial when operatng with single center datasets.
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