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Introduction 
The yearly worldwide breast cancer (BC) 

incidence is over 2 million, which makes it the 

most diagnosed cancer. Female BC currently 

occupies the fifth place in cancer mortality 

worldwide, and incidence keeps rising. 1 

However, when diagnosed in an early stage, 

the prognosis of BC can be good. 1,2 One of the 

strongest factors to determine BC prognosis is 

histological grade, usually assessed according 

to the Nottingham modification of Bloom-

Richardson grade (BR). 3,4 BR requires the 

pathologist to score three features: tubule 

formation, nuclear pleomorphism and mitotic 

count (MC). Each category gets a score from 1-

3. Scores 3-5 define grade I, 6-7 grade II and 8-

9 make up grade III BC. Grade I cancers have a 

significantly better survival than grade II or III 

cancers. 3,5,6 Studies have shown histological 

grading, tumor size and lymph node status to 

be of equal importance for the prognosis of 

BC. 5,6 Furthermore, histological grade proved 

to be decisive in up to a third of treatment 

decisions.7 

MC is, as a marker of tumor 

proliferation, the strongest constituent of 

grade, a high MC associated with poor 

prognosis.8,9,10 Several studies have shown a 

moderate to good reproducibility for BR.11–13 

Despite this there are concerns when focusing 

solely on MC reproducibility also ranges from 

moderate to high.14,15 However, one recent 

study again found substantial inter- and intra-

laboratory variations in BR in more than 

33,000 patients. 7 Because of significant inter- 

and intra-laboratory variations and the 

importance of MC for the prognosis of BC, 

higher reproducibility is required. 

With the development of digital  

Whole Slide Imaging (WSI), breast 

cancer diagnostics have increasingly been 

performed digitally as WSI has been validated 

for diagnostic purposes.16,17 It has been argued 

that WSI has limitations for reliable histologic 
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grading, as the quality of the images may not 

be high enough for properly assessing the MC 

in all cases due to lack of a z-axis, which 

pathologists often use when microscopically 

assessing MC, in standard WSI. Two studies 

have shown that MCs in WSI and traditional 

light microscopy (LM) show comparable 

results. 18,19 However, several studies suggest 

that although the inter-observer agreement 

on WSI is similar to LM, MC tended to be 

systematically lower on WSI. 16,17,20,21 

The increased usage of WSI has 

stimulated the rise of artificial intelligence (AI) 

algorithms in pathology. Several of these have 

been developed for assessing MC, or at least 

assisting the pathologist in performing MC. 

Most AI assisted MC has only been tested on 

validation cohorts. 19,22–26 Experts expect these 

developments to improve the reproducibility 

of the MC.27 The next step is to test an AI 

algorithm in a clinical setting. The present 

study tried to answer two questions: does 

mitoses counting in BC using digital WSI 

compare better to light microscopic MC when 

assisted by AI, and to which extent do 

differences in digital MC (AI assisted or not) 

result in BR grade variations? 

 

Methods 

Study design and population 
Fifty BC patients with paired core biopsies and 

resections were randomly selected from the 

workflow of the department of pathology at 

the UMC Utrecht between December 2018 

and February 2020. For each patient, tubular 

differentiation (scored 1, 2 or 3) and nuclear 

polymorphism scores (1, 2 or 3) according to 

Elston and Ellis3 were taken from the original 

pathology report. An experienced Pathology 

Assistant trained in breast microscopy 

reassessed MC using LM (LM-MC) in 2 mm2 of 

adjacent fields in the most cellular and 

proliferative area of the tumor.14 MC was 

scored 1, 2 or 3 points, for respectively ≤7, 8-

12 and ≥13 mitoses. After a washout period of 

at least 2 months, MC was assessed digitally 

using WSI (WSI-MC), and after another 2 

months washout period MC was assessed 

supported by the AI algorithm (AI-MC).  

 

Digital pathology and AI 
Slides had routinely been scanned 

within the workflow of the UMC Utrecht at 

40x magnification (resolution 0f 0.22 µm per 

pixel) with a Nanozoomer 2.0-XR (Hamamatsu, 

Japan). All WSI were viewed using standard 

high-resolution 4k computer screens in the 

Sectra PACS (Linköping, Sweden). 

The MC AI algorithm was in-house 

developed based on the winner of the 

AMIDA13 challenge. In short, in the Sectra 

PACS, an area of interest of the appropriate 

size of 2 mm2 (as described for LM-MC) is 

interactively drawn, after which the algorithm 

automatically identifies candidate mitoses and 

mitoses-like objects and displays them in 2 

galleries. Objects are interactively reviewed 

and dragged to the correct gallery, resulting in 

a final AI MC per 2 mm2 (Figure 1).  

 

  

Abbreviations  

BC Breast Cancer 

LM Light microscopy 

WSI Whole slide imaging 

AI Artificial intelligence 

BR Nottingham modification of 

Bloom-Richardson 

MC Mitotic Count 

LM-MC Mitotic count assessed by light 

microcopy 

WSI-MC Mitotic count assessed by 

whole slide imaging 

AI-MC Mitotic count assessed by 

artificial intelligence 
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Data analysis 

Using the MC from the 3 modalities, three BR 

grades were composed for each biopsy and 

resection as usual summing up the scores 

from tubular differentiation, nuclear 

polymorphism, and MC, total score 3-5 

defining grade 1, scores 6-7 grade 2 and 

scores 8-9 grade 3.  

Data for biopsies and resections were 

separately analyzed. MC data were pairwise 

displayed in logarithmic scatterplots and linear 

regression was used to determine the  

 

correlation between the different MC 

modalities (LM-MC, WSI-MC, and AI-MC), 

calculating R2 and noting slope and intercept 

to detect systematic differences. To assess the 

concordance in BR resulting from the different  

MC modalities, crosstabs were created, using 

Cohen’s Kappa to assess BR agreement 

between the different MC modalities. Scores 

of 0 meant no agreement, 0.01-0.20 none to 

slight, 0.21-0.40 fair, 0.41-0.60 moderate, 

0.61-0.8 substantial and 0.81-1.00 almost 

perfect agreement.28  

All statistics were done using SPSS 

version 27 for Windows (IBM Corp, Armonk, 

NY, USA). 

 

Results 

Case characteristics 

See table 1 for demographic data of the 

collected cases. There were 50 different 

patients, age ranged from 34-74, BR grade 2 

was most common (56%), followed by 1 

(28%).  

 

 

 

 

Case 
characteristics 

 N (%) 

 N 50 (100) 

Age (years) Range 34-74 

Mean 57 

Median 60 

Estrogen 
receptor 

Positive 48 (96) 

Negative 2 (4) 

Progesterone 
receptor 

Positive 37 (26) 

Negative 13 (74) 

HER2 Positive 1 (2) 

Negative 49 (98) 

BR grade 1 14 (28) 

2 28 (56) 

3 8 (16) 
Tabel 1.  Demographics and BR grade of 
collected cases 

Figure 1. Screen shot of the 
Sectra PACS where an area 
of interest has interactively 
been drawn on the right-
hand side, after which an 
AI algorithm has found 
candidate mitoses and 
mitosis-like objects which 
are displayed in the 
galleries in the upper left-
hand side of the screen. By 
clicking on a thumbnail in 
either of the galleries, the 
PACS displays the 
candidate object in the 
center on the right for 
review, and false positives 
can be dragged to the 
negative gallery and vice 
versa, after which a final AI 
supported MC is 
established. 
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Biopsies 

Scatterplots for pairwise comparison between 

the three MC modalities are shown in figures 

2, 3 and 4. All MC modalities were strongly 

correlated: R2 between LM-MC and WSI-MC 

was 0.737, 0.545 between LM-MC and AI-MC, 

and 0.692 between WSI-MC and AI-MC.  

The crosstabs for the BR grades 

resulting from the different MC modalities are 

shown in tables 2, 3 and 4, all showing high 

kappa values: 0.93 for LM-MC versus WSI-MC 

based BR, 0.89 for LM-MC versus AI-MC based 

BR, and 0.96 for WSI-MC versus AI-MC based 

BR.

 

Figure 2. 
Scatterplot 
showing a high 
concordance 
between Whole 
Slide Image 
based digital 
Mitotic Mount 
(WSI-MC) and 
Light-
Microscopic MC 
(LM-MC) in 50 
breast cancer 
biopsies. Slope= 
0.78, intercept= 
1.2 
 

 

Figure 3. 
Scatterplot 
showing a high 
concordance 
between 
Artificial 
Intelligence 
based Mitotic 
Mount (AI-MC) 
and Light-
Microscopic MC 
(LM-MC) in 50 
breast cancer 
biopsies. Slope= 
0.79, intercept= 
1.05 
 

 

Figure 4. 
Scatterplot 
showing a high 
concordance 
between 
Artificial 
Intelligence 
based Mitotic 
Mount (AI-MC) 
and Whole Slide 
Image based 
digital MC (WSI-
MC) in 50 breast 
cancer biopsies. 
Slope= 0.89, 
intercept= 0.31 
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BR grade WSI-MC based Total 

1 2 3 

LM-
MC 
based 

1 17 0 0 17 

2 1 27 0 28 

3 0 1 4 5 

Total 18 28 4 50 
Table 2. Crosstab between Bloom&Richardson (BR) 
grade based on Light Microscopic Mitotic Count (LM-
MC) and Whole Slide Image based digital MC (WSI-
MC) in 50 breast cancer biopsies (kappa=0.928, 95% 
CI 0.83-1.01). 

 

 

BR grade AI-MC based Total 
1 2 3 

WSI-MC 
based 

1 17 0 0 17 

2 1 26 1 28 

3 0 1 4 5 

Total 18 27 5 50 
Table 3. Crosstab between Bloom&Richardson (BR) 
grade based on whole slide image based digital 
Mitotic Count (WSI-MC) and artificial intelligence 
supported MC (AI-MC) in 50 breast cancer biopsies 
(kappa = 0.964, 95% CI 0.90-1.03). 

 

Resections 

Scatterplots for pairwise comparison between 

the three MC modalities are shown in figures 

5, 6, and 7. All MC modalities were strongly 

correlated: R2 between LM-MC and WSI-MC 

was 0.773, 0.706 between LM-MC and AI-MC 

and 0.760 between WSI-MC and AI-MC. AI-MC 

was systematically slightly lower than LM-MC 

(slope 0.82) and WSI-MC (slope 0.54). 

The crosstabs for the BR grades resulting from 

the different MC modalities are shown in 

tables 5, 6 and 7, all showing high kappa 

values: 0.834 for LM-MC based BR versus WSI-

MC, 0.825 for LM-MC versus AI-MC based BR, 

and 0.732 for WSI-MC versus AI-MC based BR. 

 

 

 

 

 

 
 
 
 

BR grade AI-MC based Total 
1 2 3 

LM-
MC 
based 

1 17 0 0 17 

2 1 26 1 28 

3 0 1 4 5 

Total 18 27 5 50 

Table 1. Crosstab between Bloom&Richardson 
(BR) grade based on Light Microscopic Mitotic 
Count (LM-MC) and artificial intelligence 
supported MC (AI-MC) in 50 breast cancer 
biopsies (kappa = 0894, 95% CI 0.78-1.01). 
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Figure 5. 
Scatterplot 
showing a high 
concordance 
between Whole 
Slide Image 
based digital 
Mitotic Mount 
(WSI-MC) and 
Light-
Microscopic 
MC (LM-MC) in 
50 breast 
cancer 
resections. 
Slope= 1.29, 
intercept= 1.55 

 

 

Figure 6. 
Scatterplot 
showing a high 
concordance 
between 
Artificial 
Intelligence 
based Mitotic 
Mount (AI-MC) 
and Light-
Microscopic 
MC (LM-MC) in 
50 breast 
cancer 
resections. 
Slope= 0.82, 
intercept= 0.6  
 

 

Figure 7. 
Scatterplot 
showing a high 
concordance 
between 
Artificial 
Intelligence 
based Mitotic 
Mount (AI-MC) 
and Whole 
Slide Image 
based digital 
MC (WSI-MC) 
in 50 breast 
cancer 
resections. 
Slope= 0.54, 
intercept= 2.55 
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BR grade WSI-MC based Total 
1 2 3 

LM-MC 
based 

1 13 1 0 14 

2 2 24 2 28 

3 0 0 8 8 

Total 15 25 10 50 
Table 4. Crosstab between Bloom&Richardson 
(BR) grade based on Light Microscopic Mitotic 
Count (LM-MC) and Whole Slide Image based 
digital MC (WSI-MC) in 50 breast cancer 
resections (kappa=0.834, 95% CI 0.70-0.97). 

 

 
BR grade AI-MC based Total 

1 2 3 

WSI-
MC 
based 

1 13 2 0 15 

2 2 23 0 25 

3 0 4 6 10 

Total 15 29 6 50 
Table 6. Crosstab between Bloom&Richardson 
(BR) grade based on whole slide image based 
digital Mitotic Count (WSI-MC) and artificial 
intelligence supported MC (AI-MC) in 50 breast 
cancer resections (kappa = 0.732, 95% CI 0.56-
0.90). 

 

Discussion 

In this study we investigated whether mitoses 

counting in BC using digital WSI compares 

better to LM-MC when assisted by AI, and to 

which extent differences in digital MC (AI 

assisted or not) result in BR grade variations. 

Both biopsies and resections showed strong 

and comparable correlations between LM-MC 

on the one hand and WSI-MC and AI-MC on 

the other, and also WSI-MC and AI-MC 

correlated well. This indicates on the one hand 

AI does not clearly improve digital MC on 

whole slide images, but on the other hand MC 

on digital WSI already correlated well with the 

gold standard LM-MC, so that clear 

improvements due to AI could not be 

expected.  

It was noted that AI-MC resulted in 

systematically slightly lower MC values 

compared to LM-MC and WSI-MC. This 

indicates that the AI algorithm misses some 

mitoses and needs further improvement. On 

the other hand, the observers checked the 

results and may not have been critical enough 

when reviewing the AI results. This underlines 

the importance of careful human supervision 

of the output of algorithms when AI is used in 

daily practice, not limited to reviewing the 

found objects. 

Several other studies showed similar 

results regarding the comparability between 

LM-MC and WSI-MC.16,20,29,30 Noted 

differences between LM-MC and WSI-MC 

were perceived to be within the range of 

inter-observer differences in LM-MC. Also, 

studies which used 40x magnification for 

scanning and high-resolution displays noted 

that differences between WSI and LM tended 

to get smaller, suggesting that standard high-

end technology is required for proper mitoses 

counting on WSI. As to AI, a recent study 

applying AI to select a mitoses hotspot in 

which to count showed improved inter-

observer agreement in interactive mitoses 

counting on WSI, with similar inter-observer 

kappa values for LM-MC and AI-MC.19 

BR grade AI-MC based Total 
1 2 3 

LM-MC 
based 

1 13 1 0 14 

2 2 26 0 28 

3 0 2 6 8 

Total 15 29 6 50 
Table 5. Crosstab between Bloom&Richardson 
(BR) grade based on Light Microscopic Mitotic 
Count (LM-MC) and artificial intelligence 
supported MC (AI-MC) in 50 breast cancer 
resections (kappa = 0.825, 95% CI 0.68-0.97).  
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However, one study demonstrated higher 

inter-observer agreement for AI-MC 

compared to LM-MC. Furthermore, they 

demonstrated a substantial saving in time.31 

So, different studies seem to point at least to 

non-inferiority of AI-MC compared to LM-MC 

in BC. The potential to save time is another 

reason to further explore the possibilities of 

AI.  

Both biopsies and resections showed 

near perfect agreement in BR between 

different modalities, although the kappa for 

WSI-MC versus AI-MC based BR in the 

resection group was slightly lower. This 

indicates that differences in MC between 

different modalities hardly influence BR grade.  

One study compared BR based on LM 

and WSI in over 1600 cases, showing a strong 

association (Cramer’s V: 0.58) between both 

modalities.16 Another study focusing on inter-

observer differences in BR when using WSI, 

showed the concordance to be similar to 

inter-observer differences in BR using LM.21 

These studies substantiate our results. To the 

best of our knowledge, no previous study has 

been conducted that compares agreement of 

BR using LM-MC or WSI-MC and AI-MC. The 

high agreement in BR in this study is probably 

related to by two factors. Firstly, WSI-MC and 

AI-MC were performed on the exact same 

slide as LM-MC, whereas larger tumors may 

be heterogeneous across different tissue 

blocks. Secondly, grading in different 

modalities was assessed by the same 

observer, causing the criteria for mitotic 

figures to be interpreted singularly and 

increasing the chance of selecting the same 

hotspot. 

This study has some limitations. First, 

the gold standard is LM-MC assessed by a 

single observer. Due to significant inter-

observer differences for LM-MC7, a study with 

multiple observers may provide a more 

realistic view on the added value of AI. 

Another option would be to use 

Phosphohistone H3 immunohistochemistry, 

which enhances recognition of mitotic figures 

and may make LM-MC (and perhaps even AI-

MC) more reproducible.32 Secondly, this study 

has a relatively small number of cases.  

In daily pathology practice, digital WSI 

is increasingly used worldwide. This study, in 

combination with previous studies in this field, 

shows WSI-MC to be suitable for grading BC. 

Especially pathology laboratories which have a 

digital workflow could thereby incorporate 

WSI-MC in their daily practice of grading BC. 

In general, AI algorithms show great 

promise in improving pathology practice. We 

feel encouraged by the non-inferiority of the 

present first-generation AI mitoses algorithm, 

since we expect next generation algorithms to 

be substantially improved. These algorithms 

may at least save valuable interaction time for 

the pathologist, especially when algorithms 

run in the background on WSI, providing the 

pathologist with mitotic hotspots. 

In conclusion, WSI-MC does not 

compare better to LM-MC by using AI. 

However, LM-MC and both WSI-MC and AI-

MC already strongly correlated. Agreement 

between different modalities for BR was high. 

WSI-MC appears as a viable alternative to LM-

MC. Further research is required to advance 

our knowledge of AI-MC, but it appears at 

least non-inferior to LM-MC and has the 

potential to save time.   
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