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Abstract
As part of routine histological grading, for every invasive breast cancer the mitotic count is assessed by counting mitoses in
the (visually selected) region with the highest proliferative activity. Because this procedure is prone to subjectivity, the
present study compares visual mitotic counting with deep learning based automated mitotic counting and fully automated
hotspot selection. Two cohorts were used in this study. Cohort A comprised 90 prospectively included tumors which were
selected based on the mitotic frequency scores given during routine glass slide diagnostics. This pathologist additionally
assessed the mitotic count in these tumors in whole slide images (WSI) within a preselected hotspot. A second observer
performed the same procedures on this cohort. The preselected hotspot was generated by a convolutional neural network
(CNN) trained to detect all mitotic figures in digitized hematoxylin and eosin (H&E) sections. The second cohort comprised
a multicenter, retrospective TNBC cohort (n= 298), of which the mitotic count was assessed by three independent observers
on glass slides. The same CNN was applied on this cohort and the absolute number of mitotic figures in the hotspot was
compared to the averaged mitotic count of the observers. Baseline interobserver agreement for glass slide assessment in
cohort A was good (kappa 0.689; 95% CI 0.580–0.799). Using the CNN generated hotspot in WSI, the agreement score
increased to 0.814 (95% CI 0.719–0.909). Automated counting by the CNN in comparison with observers counting in the
predefined hotspot region yielded an average kappa of 0.724. We conclude that manual mitotic counting is not affected by
assessment modality (glass slides, WSI) and that counting mitotic figures in WSI is feasible. Using a predefined hotspot area
considerably improves reproducibility. Also, fully automated assessment of mitotic score appears to be feasible without
introducing additional bias or variability.

Introduction

Breast cancer is among the most prevalent cancer types in
the world. It is estimated that the incidence of invasive
breast cancer in the United Stated of America will increase
by more than 50% in the year 2030 compared to the year
2011 [1]. One of the most powerful prognostic tools for

early stage invasive breast cancer is histological grading by
means of the Nottingham grading system [2–4]. Grading is
therefore part of the routine pathological workup of every
newly diagnosed invasive breast cancer. The histological
grade of invasive breast cancer is determined by micro-
scopical assessment of three distinct tumor features: the
extent of tubule formation, nuclear pleomorphism, and the
mitotic density. Mitotic density, which has been shown to
provide the strongest prognostic value of these three ele-
ments [5], is assessed in two steps. First, the pathologist
examines the slides containing tumor to visually select the
region with the highest proliferative activity, which is
mostly found at the tumor periphery. Next, within this
region all mitotic figures are counted in an area of 2 mm2

(consisting of 10 consecutive high-power fields (HPF). Both
the area selection and the evaluation of candidate mitotic
figures have been shown to be prone to interobserver and
intraobserver variability [6, 7].

Recent advances in machine learning, combined with the
possibility to create digital scans of tissue sections (so-called
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whole slide images; WSI) have paved the way for fully auto-
mated analysis of histological slides, even approaching the
accuracy of pathologists for certain well-defined tasks [8].
Current state of the art machine learning algorithms consist of
deep convolutional neural networks (CNN). These models
consist of interconnected artificial neurons that exchange
information in order to solve a particular vision task. They are
trained to recognize visual patterns using labeled data in order
to classify whole images or detect objects within images. In a
previous study, we trained a CNN to detect individual mitotic
figures in breast cancer WSI with high accuracy [9]. However,
translating these results into real benefit for routine clinical
practice requires careful evaluation and comparison with
existing methods.

Previous research has mostly focused on the accuracy of
deep learning methods in detecting individual mitotic figures.
The current study aimed to validate automated assessment of
mitotic density in WSI, including detection of mitotic figures
as well as objective hotspot determination. Automatically
assessed mitotic densities were compared with data from
pathologists, both using the absolute number of mitotic fig-
ures as well as translating the mitotic count into a mitotic
score as defined by the Nottingham grading system.

Materials and methods

Study design

In this study, we used a cohort of prospectively included
breast cancer cases (Cohort A) and a previously described
TNBC cohort [10, 11]. All H&E tissue slides were digitally
scanned, producing WSI on which our previously described
automated mitosis detection algorithm was applied [9].

For cohort A, the mitotic count on glass slides was
assessed by a pathologist specialized in breast cancer (PB) as
part of routine diagnostics and additionally by a pathology
resident (MCAB). Also, both observers performed mitotic
counting for the same cases in an automatically generated 2
mm2 hotspot area on WSI. The mitotic counts on glass slides
of the TNBC cohort were obtained as part of a central his-
topathological revision, after which two additional patholo-
gists independently assessed the mitotic count.

Patient and tissue selection

Cohort A

From November 2015 until April 2017, all primary operated
breast cancers which were pathologically examined in
the Radboud University Medical Center (Radboudumc,
Nijmegen, the Netherlands) were prospectively included
(n= 221). Of this cohort, 90 cases were randomly selected

while stratifying for the mitotic frequency score given
during routine clinical practice by a specialized breast
pathologist (PB) on glass slides: 30 cases for mitotic score 1
(≤7 mitotic figures per 2 mm2), 29 cases for mitotic score 2
(8–12 mitotic figures per 2 mm2) and 31 cases for mitotic
score 3 (≥13 mitotic figures per 2 mm2). Patient and tumor
characteristics were retrieved from the pathology reports
(Table 1), but were not used as selection criteria. All breast
tumor characteristics were routinely classified by the pre-
vailing guidelines for breast cancer reporting in the Neth-
erlands [12]. A pathology resident (MCAB) independently
assessed the mitotic count for these 90 cases on glass slides,
blinded for the initial mitotic score. Both observers reported
the absolute number of their mitotic count as well as the
resulting mitotic frequency scores [2].

Cohort B, TNBC cohort

Cases were included from a previously described multicenter,
retrospective TNBC cohort [10]. In this study, three indepen-
dent observers (MCAB: pathology resident; WV and PCC:
pathologists with special interest in breast cancer) assessed the
mitotic count for every tumor by conventional microscopic
glass slide assessment according to the Nottingham grading

Table 1 Patient and tumor characteristics of cohort A and the triple
negative breast cancer (TNBC) cohort B

Cohort A (n= 90)
Number of cases (%)

Cohort B (n= 298)
Number of cases (%)

Gender

Female 90 (100.0) 298 (100.0)

Age

≥50 years 81 (90.0) 193 (64.8)

<50 years 9 (10.0) 105 (35.2)

Tumor stage*

T1 66 (73.3) 161 (54.0)

T2 18 (20.0) 124 (41.6)

T3 3 (3.3) 10 (3.4)

T4 3 (3.3) 3 (1.0)

Lymph node stage*

N0 (including isolated
tumor cells)

59 (65.6) 208 (69.1)

N1 22 (24.4) 64 (21.5)

N2 0 (0.0) 14 (4.7)

N3 1 (1.1) 6 (2.0)

Nx (regional lymph nodes
cannot be assessed)

8 (8.9) 8 (2.7)

Histological type [25]

Invasive carcinoma of no
special type

72 (80.0) 264 (88.6)

Special histological
subtypes

18 (20.0) 34 (11.4)

*For cohort B, primary tumor stage and regional lymph node stage
were classified according to TNM 6th edition [26]. For cohort A,
primary tumor stage and regional lymph node stage were classified
according to the TNM 7th edition [27]
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system [2–4] as outlined under Cohort A. For the experiments
in this study, only the mitotic count averaged over the three
observers was used (n= 298). Patient and tumor characteristics
of the TNBC cohort are summarized in Table 1.

Automatic mitotic counting

H&E tissue sections of cohort A and cohort B were scanned
using a Pannoramic 250 Flash II slide scanner (3DHistech,
Hungary) using a 40X objective (numerical aperture: 0.95;

resulting in a specimen level pixel size of 0.12 × 0.12 µm). A
previously described CNN for mitosis detection in H&E was
applied to all WSI [9]. To allow comparison with routine
manual mitotic counting, the algorithm was expanded to
automatically determine a 2mm2 circular area in the WSI
having the highest density of mitotic figures. Apart from being
restricted to a circular shape, this resembles clinical practice [2]
(Fig. 1a, b). A mitotic figure was counted if its center pixel
(being defined as the pixel with the highest detection prob-
ability in the cell neighborhood) was contained within the circle

Fig. 1 Example of results of the CNN applied on the digitized H&E
section of one of the tumors in cohort A. a Overview on low mag-
nification of the CNN output. Every detected mitotic figure is pointed
out with a green dot. The yellow circle indicates the 2 mm2 area with
the highest number of mitotic figures. b Hotspot area as found by the
CNN on higher magnification with the detected mitotic figures by the
CNN labeled with green circles. c Identical hotspot area as in B in
which the mitotic figures which were detected by observer 1 are

labeled with red circles. Green arrow: mitotic figure detected by
observer 1 and not labeled by the CNN. Green arrow head: mitotic
figure detected by the CNN and not labeled by observer 1. d Identical
hotspot area as in B in which the mitotic figures which were detected
by observer 2 are labeled with blue circles. Green arrows: mitotic
figures detected by observer 2 and not labeled by the CNN. Green
arrow heads: mitotic figures detected by the CNN and not labeled by
observer 2
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boundary. Because this CNN was not trained to discriminate
mitotic figures in different tissue types (benign versus malig-
nant), a number of cases with a very low mitotic count showed
a hotspot outside the tumor. For these cases, the tumor was
manually delineated and the CNN was applied again, now
forced to select the hotspot in the delineated invasive tumor
area. The absolute number of automatically detected mitotic
figures was reported and additionally translated into the mitotic
frequency scores.

Manual mitotic counting in CNN generated hotspot area in
cohort A

To study the effect of hotspot selection on the mitotic count,
the CNN generated hotspot was visually marked in all 90
WSI of cohort A. The two observers who assessed the mitotic
count on glass slides (PB, MCAB) independently assessed the
mitotic count in the designated hotspot by clicking each
mitotic figure in the predefined circle on a computer screen
using in-house built software [13] (Figs. 1c, d). If a mitotic
figure was situated in the border of the circle, it was counted
when minimal half of the mitotic figure was contained within
the circle boundary, regardless of the rest of the cell body. The
washout period between glass assessment and digital assess-
ment ranged from two months to more than 1 year.

Ethical approval

The requirement for ethical approval was waived by
the institutional review board (cohort A: case number
2015-1637; cohort B: case number 2015-1711) of the
Radboudumc. All patient material and data were treated
according to the code of conduct for the use of data in
health research [14] and the code of conduct for dealing
responsibly with human tissue in the context of health
research [15].

Statistical analysis

To test the agreement of the mitotic scores, linearly weighted
kappa scores were calculated. To assess the observer
agreement for the absolute numbers of detected mitotic
figures, the intraclass correlation coefficient (ICC) was used.
A 2-way random-effects model tested for absolute agree-
ment with reliability calculated from a single measure
(corresponding to ICC [1, 2] according to the Shrout and
Fleiss convention[16]) was used. The widely applied
guidelines by Cicchetti [17] were used for the interpretation
of the kappa and ICC values (>0.40: poor; 0.40–0.59: fair;
0.60–0.74: good; >0.75: excellent). To visualize observer
variability for the mitotic counts, Bland-Altman plots were
generated with corresponding 95% limits of agreement (LA)
which are equivalent to a distance of 1.96 SD of the mean of

the observations [18]. Outliers were defined as detections
lying outside these 95% limits of agreement. In addition,
mean absolute differences were calculated.

Per observer, the repeated measures ANOVA analysis
was performed to test if the mean difference between glass
assessment and assessment with predefined hotspot selec-
tion was statistically different.

Because triple negative breast cancers display wide ranges
of mitotic counts, cohort B was additionally used to study the
relationship between the absolute numbers of detected mitotic
figures by observers and the CNN. A scatterplot was made to
visualize the relation between the averaged and automatic
mitotic counts in cohort B. Linear regression analysis without a
constant was used to calculate the equation which described the
relationship between manual and automatic mitotic counts most
accurately.

For all analyses, confidence intervals were set at the 95%
level and a minimal p value of <0.05 was considered sta-
tistically significant. All analyses were performed using
statistical software SPSS (version 25.0; IBM, Chicago,
USA) and R (version 3.5.1).

Results

Automatic mitotic counting

All CNN detected mitotic figures in cohort A and B were
visualized on the WSI with the corresponding 2 mm2 circle
in which the highest density of mitotic figures was detected
(Figs. 1a, b, cohort A). For 52 of the 90 cases in cohort A, a
tumor annotation was made to force the CNN to count
within the tumor area. Figure 2a shows an example of
correctly identified mitotic figures by the CNN in a tumor
from cohort A. The CNN was able to handle tumors with
extremely aberrant nuclear morphology (Fig. 2b, cohort B).
The CNN was not completely robust against several phe-
nomena (Fig. 2c: ink; Fig. 2d: lymphocytes and fibroblasts)
which in some cases resulted in false positive detections.

Baseline agreement for mitotic counting without
predefined hotspot selection using glass slides
(cohort A)

The upper section of Table 2 shows cross comparisons for
the mitotic scores of the glass assessments of observer 1
versus observer 2 for the 90 tumors in cohort A. Using this
assessment method, the two observers never differed more
than 1 class from each other. The linear weighted kappa
statistic of the mitotic score for observer 1 and 2 using
conventional glass slide assessment was 0.689 (95% CI
0.580–0.799; p < 0.001). For the agreement on absolute
numbers of detected mitotic figures in cohort A on glass
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slides, the intraclass coefficient (ICC) was 0.835 (95% CI
0.755–0.890; p < 0.001) between both observers. Figure 3a
shows the Bland Altman plot of observer 1 and 2 with the
corresponding 95% limits of agreement for mitotic counting
on glass slides.

Interobserver variability for mitotic counting in the
CNN generated hotspot area (cohort A)

For counting in a predefined region, the kappa statistic for
agreement between observer 1 and 2 was 0.814 (95% CI
0.719–0.909; p < 0. 001). The lower section of Table 2
shows the corresponding cross comparisons for the mitotic
scores between observer 1 and 2. Figure 3b shows the Bland
Altman plot for the absolute mitotic counts of observer 1
and 2 in the CNN generated hotspot region. The mean

absolute difference between observers for conventional
glass slide assessment was 4.8 (SD 5.4) and for counting in
the predefined hotspot 4.4 (SD 6.6).

Impact of hotspot selection on the mitotic count
(cohort A)

For both observers, the intraobserver variation for detection
of mitotic figures with and without the predefined counting
area was calculated. Table 3 shows cross comparisons for
the mitotic scores for observer 1 (upper part) and 2 (lower
part). Kappa statistics on intraobserver agreement were
0.698 (95% CI 0.587–0.808) and 0.684 (95% CI
0.577–0.791) for observer 1 and 2, respectively. Intraob-
server agreement on absolute numbers of detected mitotic
figures are visualized in Fig. 4. Repeated measures ANOVA

Fig. 2 Examples of true positive and false positive detections of the
convolutional neural network (CNN). a Area with correctly detected
mitotic figures, tumor from cohort A. b Area with detected mitotic
figures in a high grade tumor with severely pleomorphic nuclear

morphology, tumor from cohort B. c Area with false positive detec-
tions (ink), tumor from cohort A. d Area with false positive detections
(left: lymphocyte; right: fibroblast), tumor from cohort A
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analysis showed no statistical difference between counting
with and without predefined hotspot selection (observer 1:
p= 0.468; observer 2: p= 0.969).

Automated versus manual mitotic counting (cohort A)

The results on agreement between the mitotic scores of the
CNN and the scores of both assessment methods of observer
1 and 2 are outlined in Table 4. For glass slide assessment
versus automatic mitotic counting, observer 1 yielded a kappa
score of 0.604 (95% CI 0.477–0.731) and observer 2 of 0.609
(95% CI 0.484–0.734). The agreement on absolute numbers
between observers using glass slide assessment and the CNN
were 0.828 (95% CI 0.750–0.883; p < 0.001) for observer 1
and 0.757 (95% CI 0.638–0.839; p < 0.001) for observer 2.
For counting in the predefined hotspot area, kappa scores
were 0.654 (95% CI 0.530–0.777) and 0.794 (95% CI
0.691–0.896) for observer 1 and 2, respectively. The agree-
ment on absolute numbers between observers counting in the
predefined hotspot and the CNN was 0.895 (95% CI
0.845–0.930; p < 0.001) and 0.888 (95% CI 0.783–0.936; p <
0.001) for observer 1 and 2, respectively. Figure 5 visualizes
the agreement between observers and automatic mitotic
counting by the CNN Table 5.

Mathematical relationship between automatic and
manual mitotic counting (cohort B, TNBC cohort)

In the selected cases of cohort B, the mean mitotic score of
the averaged observer counts ranged from 1 to 187 mitoses
per 2 mm2 (mean 37.6; SD 23.4) and of the CNN ranged

Table 2 Cross comparisons for interobserver agreement for mitotic
scores between observer 1 and 2 using glass slides and the
convolutional neural network (CNN) generated hotspot in cohort A

Obs1-glass vs Obs2-glass

Obs2-glass

Obs1-glass Score 1 Score 2 Score 3

Score 1 25 5 0

Score 2 11 17 1

Score 3 0 8 23

Linear weighted kappa: 0.689 (95% CI 0.580–0.799)

ICC for agreement on absolute numbers: 0.835 (95% CI 0.755–0.890;
p < 0.001)

Obs1-hotspot vs Obs2-hotspot

Obs2-hotspot

Obs1-hotspot Score 1 Score 2 Score 3

Score 1 44 0 2

Score 2 6 4 3

Score 3 0 3 28

Linear weighted kappa: 0.814 (95% CI 0. 719 – 0.909)

ICC for agreement on absolute numbers: 0.852 (95% CI 0.770–0.904;
p < 0.001)

ICC: intraclass correlation coefficient

Obs1-glass: observer 1; no predefined hotspot selection; conventional
glass slide assessment

Obs2-glass: observer 2; no predefined hotspot selection; conventional
glass slide assessment

Obs1-hotspot: observer 1; CNN defined hotspot area; whole slide
image (WSI) assessment

Obs2-hotspot: observer 2; CNN defined hotspot area; WSI
assessment

Fig. 3 Bland Altman plots with mean difference (yellow dashed line)
and corresponding 95% limits of agreements (LA; blue dashed lines)
for comparison of mitotic counts between observer 1 and 2 in cohort
A. Detections lying outside the upper and lower LA are colored red.
For visualization purposes, for the x-axis a log scale was used.

a Observer 1 versus observer 2; no predefined hotspot selection;
conventional glass slide assessment. b Observer 1 versus observer 2;
convolutional neural network (CNN) defined hotspot area; whole slide
image (WSI) assessment
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between 1 and 269 mitotic figures per 2 mm2 (mean 57.6;
SD 42.2). Linear regression analysis showed a Pearson’s
correlation coefficient (r) of 0.810 (95% CI 0.762–0.855)
between manual and automatic counts (Fig. 6). The line
which approached the relationship between the averaged
manual countings and the automatic countings most
accurately was described by the equation:

Mitotic counting of CNN= 1.512 * mitotic count
averaged over observers

Discussion

In this study, we explored the possibility to use CNNs to
(partly) automate mitotic counting for breast cancer. We
studied the effect of automated hotpot selection on manual
mitotic counting compared with conventional glass slide
assessment. In addition, fully automatic mitotic counting by a
CNN was studied. We showed that manual mitotic counting
is not affected by assessment modality (glass slides, WSI).
Counting mitoses in a computer-selected hotspot area con-
siderably improved the interobserver agreement between
observers. Mitotic counts independently assessed by the CNN
were comparable to results of the observers.

Human visual mitotic counting is known to possess a
certain degree of intra and interobserver variability. Both
selection of the area to count as well as the actual counting
introduce variability, leading to interobserver kappa values
as low as 0.34 [19] for mitotic counting on glass slides.
Preselection of the counting area was shown to increase
reproducibility, having an interobserver kappa of 0.642 on

Table 3 Cross comparisons for intraobserver agreement between
mitotic scores for observer 1 and 2 using glass slides and the
convolutional neural network (CNN) generated hotspot in cohort A

Obs1-glass vs Obs1-hotspot

Obs1-hotspot

Obs1-glass Score 1 Score 2 Score 3

Score 1 28 1 1

Score 2 17 10 2

Score 3 1 2 28

Linear weighted kappa: 0.698 (95% CI 0.587–0.808)

ICC for agreement on absolute numbers: 0.808 (95% CI 0.723–0.869;
p < 0.001)

Repeated measures ANOVA: p= 0.468 (mean mitotic count Obs1-glass: 12.86;
mean Obs1-hotspot: 13.56)

Obs2-glass vs Obs2-hotspot

Obs2-hotspot

Obs2-glass Score 1 Score 2 Score 3

Score 1 35 1 0

Score 2 14 6 10

Score 3 1 0 23

Linear weighted kappa: 0.684 (95% CI 0.577–0.791)

ICC for agreement on absolute numbers: 0.764 (95% CI 0.662–0.839;
p < 0.001)

Repeated measures ANOVA: p= 0.969 (mean mitotic count Obs2-glass: 11.02;
mean Obs2-hotspot: 11.06)

ICC: intraclass correlation coefficient

Obs1-glass: observer 1; no predefined hotspot selection; conventional glass slide
assessment

Obs2-glass: observer 2; no predefined hotspot selection; conventional glass slide
assessment

Obs1-hotspot: observer 1; CNN defined hotspot area; whole slide image (WSI)
assessment

Obs2-hotspot: observer 2; CNN defined hotspot area; WSI assessment

Fig. 4 Bland Altman plots with mean difference (yellow dashed line)
and corresponding 95% limits of agreements (LA; blue dashed lines)
for comparison of mitotic counts between no predefined hotspot
mitotic count assessment and assessment in a convolutional neural
network (CNN) predefined area in cohort A. Detections lying outside
the upper and lower LA are colored red. For visualization purposes, for

the x-axis a log scale was used. a Observer 1; no predefined hotspot
selection; conventional glass slide assessment versus CNN defined
hotspot area; whole slide image (WSI) assessment. b Observer 2; no
predefined hotspot selection; conventional glass slide assessment
versus CNN defined hotspot area; WSI assessment

1602 M. C. A. Balkenhol et al.



glass slides [20]. In the same study they found an inter-
observer variability on WSI which is comparable to glass
slides, having a kappa of 0.635 (ICC of 0.924) for the same
cases and in the identical preselected hotspot. This ICC was
somewhat higher than that found in the present study
(0.852), whereas the kappa value in the present study of
0.814 is higher. The latter may be attributed to the fact that
we calculated a linearly weighted kappa rather than an
unweighted kappa. This shows that observer reproducibility
can be enhanced by pre-selecting the area to count and also
that transitioning to WSI does not impact reproducibility of
mitotic counting.

After the United States Food and Drug Administration
allowed the use of WSI for routine clinical practice [21],
professional associations such as the College of American
Pathologists and The Royal College of Pathologists (UK)
have made recommendations to validate the use of WSI in
the diagnostic setting [22, 23]. The use of WSI in primary
diagnostics should be validated for a specific task of inter-
est. With respect to the use of WSI for breast cancer
grading, multiple comparison studies have been performed
which show that using WSI is feasible for this particular
task [22, 23]. The mitotic count is potentially the most
challenging element of the three-tier breast cancer grading
system to assess on WSI. To be able to detect mitotic fig-
ures, WSI should be of high resolution to appreciate the
subtle features that identify a mitotic figure. In addition, the
inability to inspect different focal planes can influence the
number of detected mitotic figures when using WSI.

In a recent publication of Rakha et al [24], the histolo-
gical grade scored on glass slides was reassessed by an
expert pathologist on WSI after a washout period in more
than 1600 retrospective breast cancer cases. Comparison
between the original mitotic score on glass slides versus
WSI resulted in an interobserver kappa of 0.47 which is
markedly higher than the kappa of 0.34 found for inter-
observer glass slide mitotic score assessment [19]. In the
present study, we found an average intraobserver kappa
between glass slide and WSI mitotic scores of 0.691 (range:
0.684–0.698; ICC= 0.786), applying a preselected hotspot
in WSI assessment. Counting in identical hotspot regions in
both glass slide and WSI assessment even resulted in a
kappa of 0.779 [20]. The transition from glass slides to WSI
appears to introduce less variability than hotspot selection
or the variability caused by having different observers.

Transitioning to fully automated assessment of mitotic
density on WSI potentially can reduce both observer
variability and variability caused by hotspot selection. Fully
automatic generation of the mitotic counts by a CNN was
compared with both conventional glass slide assessment
and WSI with hotspot assessment of the mitotic count by
the observers. The agreement based on the linear weighted
kappa was good and the ICC values were excellent, which

Table 4 Cross comparisons for agreement between both assessment
methods of observer 1 and 2 compared to the convolutional neural
network (CNN) automatic mitotic counting

Obs1-glass vs CNN

CNN

Obs1-glass Score 1 Score 2 Score 3

Score 1 25 2 3

Score 2 17 8 4

Score 3 1 3 27

Linear weighted kappa: 0.604 (95% CI 0.477–0.731)

ICC for agreement on absolute numbers: 0.828 (95% CI 0.750–0.883;
p < 0.001)

Obs2-glass vs CNN

CNN

Obs2-glass Score 1 Score 2 Score 3

Score 1 29 5 2

Score 2 13 8 9

Score 3 1 0 23

Linear weighted kappa: 0.609 (95% CI 0.484–0.734)

ICC for agreement on absolute numbers: 0.757 (95% CI 0.638–0.839;
p < 0.001)

Obs1-hotspot vs CNN

CNN

Obs1-hotspot Score 1 Score 2 Score 3

Score 1 35 7 4

Score 2 8 2 3

Score 3 0 4 27

Linear weighted kappa: 0.654 (95% CI 0.530–0.777)

ICC for agreement on absolute numbers: 0.895 (95% CI 0.845–0.930;
p < 0.001)

Obs2-hotspot vs CNN

CNN

Obs2-hotspot Score 1 Score 2 Score 3

Score 1 40 7 3

Score 2 3 4 0

Score 3 0 2 31

Linear weighted kappa: 0.794 (95% CI 0.691–0.896)

ICC for agreement on absolute numbers: 0.888 (95% CI 0.783–0.936;
p < 0.001)

CNN: convolutional neural network

ICC: intraclass correlation coefficient

Obs1-glass: observer 1; no predefined hotspot selection; conventional
glass slide assessment

Obs2-glass: observer 2; no predefined hotspot selection; conventional
glass slide assessment

Obs1-hotspot: observer 1; CNN defined hotspot area; whole slide
image (WSI) assessment

Obs2-hotspot: observer 2; CNN defined hotspot area; WSI assessment
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is in line with the results of Veta et al [7]. The agreement
between the observers and the CNN improved when the
predefined hotspot area was used by the observers. Our
experiment with the TNBC cohort, in which mitotic figures
usually are abundantly present, shows that for higher
numbers of mitoses the CNN has an increasingly higher
mitotic count as compared to the observers. It is conceivable
that humans are less critical in their counting when the
mitotic density is much higher than the highest Nottingham
grading system cut off value, a phenomenon that will not
hamper CNN based counting.

This study has several strengths. We used two different
breast cancer cohorts to study the effect of automating
mitotic count for invasive breast cancer. The TNBC cohort
comprised of cases from 5 different hospitals (including

both academic and general hospitals), introducing essential
variation in tissue morphology which is needed to ade-
quately compare and evaluate assessment methods for
obtaining the mitotic count. To the best of our knowledge,
this is the first study which performed a stepwise evaluation
of mitotic count assessment from the conventional glass
slide assessment method which served as baseline, to CNN
assisted assessment of the mitotic count by generating a
predefined hotspot area, and fully automatic mitotic count-
ing by a CNN. Our research is limited by the selection
criteria of tumors in cohort A, which were selected based on
the initial mitotic count of one of the involved observers
during routine clinical work up. For tumors in which sparse
mitotic figures were present, the CNN defined the hotspot
area on false positive detections. Therefore, for 52 of the 90

Fig. 5 Bland Altman plots with mean difference (yellow dashed line)
and corresponding 95% limits of agreements (LA; blue dashed lines)
for comparison of mitotic counts between observers and the con-
volutional neural network (CNN) in cohort A. Detections lying outside
the upper and lower LA are colored red. For visualization purposes, for
the x-axis a log scale was used. a Observer 1 versus CNN; CNN

defined hotspot area; whole slide image (WSI) assessment. b Observer
2 versus CNN; CNN defined hotspot area; WSI assessment.
c Observer 1 versus CNN; no predefined hotspot selection; conven-
tional glass slide assessment. d Observer 2 versus CNN; no predefined
hotspot selection; conventional glass slide assessment
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cases in cohort A, an outline of the tumor area was made to
force the CNN to count in this area. In the future we aim to
extend the training of the CNN to overcome some
straightforward false positive detections. In addition, to
make automatic mitotic counting more robust, the current
CNN for mitoses detection can be combined with a CNN
which is trained to detect invasive breast cancer.

In conclusion, by using a stepwise approach we studied
the effect of using WSI and introducing CNN based features

to improve the accuracy and reproducibility of the mitotic
count in breast cancer. We showed that observer agreement
was not affected by assessment modality (glass slides,
WSI), which suggests that using WSI to count mitoses in
breast cancer can be done reliably. Counting mitotic figures
in a hotspot area which was generated by a CNN remark-
ably improved interobserver agreement. Comparison of
fully automatic assessment of the mitotic count by a CNN
with observers yielded results which were comparable with
agreement results between observers.
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