Rom J Morphol Embryol 2020, 61(2):513–519

ISSN (print) 1220–0522, ISSN (online) 2066–8279

doi: 10.47162/RJME.61.2.21

ORIGINAL PAPER

RJME

Romanian Journal of
Morphology & Embryology
http://www.rjme.ro/

Agreement of two pre-trained deep-learning neural networks
built with transfer learning with six pathologists on 6000
patches of prostate cancer from Gleason2019 Challenge
MIRCEA-SEBASTIAN ŞERBĂNESCU1), CARMEN-NICOLETA OANCEA2), COSTIN TEODOR STREBA3,4),
IANCU EMIL PLEŞEA5–7), DANIEL PIRICI8), LILIANA STREBA9), RĂZVAN MIHAIL PLEŞEA10)
Department of Medical Informatics and Biostatistics, University of Medicine and Pharmacy of Craiova,
Romania

1)

2)

Department of Analytical Chemistry, University of Medicine and Pharmacy of Craiova, Romania

Department of Scientific Research Methodology, University of Medicine and Pharmacy of Craiova,
Romania

3)

4)

Department of Pulmonology, University of Medicine and Pharmacy of Craiova, Romania

5)

Department of Pathology, Carol Davila University of Medicine and Pharmacy, Bucharest, Romania

6)

Department of Pathology, Fundeni Clinical Institute, Bucharest, Romania
Doctoral School, Carol Davila University of Medicine and Pharmacy, Bucharest, Romania

7)
8)

Department of Histology, University of Medicine and Pharmacy of Craiova, Romania

9)

Department of Medical Oncology, University of Medicine and Pharmacy of Craiova, Romania

10)

Laboratory of Human Genomics, University of Medicine and Pharmacy of Craiova, Romania

Abstract

Introduction: While the visual inspection of histopathology images by expert pathologists remains the golden standard method for grading of
prostate cancer the quest for developing automated algorithms for the job is set and deep-learning techniques have emerged on top of other
approaches. Methods: Two pre-trained deep-learning networks, obtained with transfer learning from two general purpose classification networks
– AlexNet and GoogleNet, originally trained on a proprietary dataset of prostate cancer were used to classify 6000 cropped images from
Gleason2019 Challenge. Results: The average agreement between the two networks and the six pathologists was found to be substantial for
AlexNet and moderate for GoogleNet. When tested against the majority vote of the six pathologists the agreement was perfect and moderate
for AlexNet, and GoogleNet, respectively. Despite our expectations, the average inter-pathologist agreement was moderate, while between
the two networks it was substantial. Resulted accuracy for AlexNet and GoogleNet when tested against the majority vote as ground truth was
of 85.51% and 74.75%, respectively. This result was higher than the score obtained on the dataset that they were trained on, showing their
generalization capabilities. Conclusions: Both the agreement and the accuracy indicate a better performance of AlexNet over GoogleNet,
making it suitable for clinical deployment thus could potentially contribute to faster, more accurate and with higher reproducibility prostate
cancer diagnosis.
Keywords: deep learning, prostate cancer, Gleason grading system, agreement, neural networks, Gleason2019 Grand Challenge.

 Introduction
Prostate cancer is a leading cause of morbidity and
mortality for men [1]. Prostate cancer treatment is based on
the visual assessment of prostate biopsies by pathologists
[2], which could be considered as an imperfect diagnostic
tool.
There have been many attempts to stratify the prostate
cancer outcome based on the morphological aspect; however,
only two of them emerged – the Gleason grading system
(GGS), and Srigley grading system (SGS). Even though
we have discussed different advantages of the SGS [3],
the GGS remains the most commonly used and widely
accepted option.
Together with more recent revisions [4, 5], the GGS
[6] (initially published in 1966) stratifies prostate cancers
based on architectural patterns as their biological reflection.

The system classifies prostate cancer growth patterns in
five classes. The final GGS score is computed as the sum
of the two most commonly classes and ranges between two
and 10.
In theory, the GGS describes five classes and subclasses.
Classes 1 and 2 generally present a good prognostic and are
not considered in this study. The other three classes are
briefly described as follows [6–9].
The moderate differentiation class is pattern 3, and
originally had three subclasses. The aspect of subtype 3A
includes isolated glands of medium size, with a variable
shape, consisting of elongations, twists and angles that can
also have sharp angles. Subtype 3B is described similar,
but with smaller tumor glands. The last subtype – 3C – is
described as ducts or ducts expanded with sieve or intraluminal papillary tumor masses.
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The poorly differentiated high-grade proliferation class
is pattern 4 and includes two subclasses. The tumor proliferation in subtype 4A is composed of cells that may have
either a fused microacinar arrangement or a cribriform or
a papillary one. Specifically, tumor cells form either infiltrative masses with a totally irregular appearance or strings
or cords of epithelial malignant cells. Subtype 4B is described
similar, this time the malignant cells have a clear cytoplasm.
The weakest differentiated class is pattern 5, and it also
includes two subclasses. The aspects seen in subtype 5A
are similar to the “comedo”-type of intraductal breast
carcinoma, they are tumor masses in which the cells have
a chordal or cylindrical arrangement, with a cribriform,
papillary appearance (very similar with subtype 3C) or
solid, with smooth, rounded edges, whose central area is
typically occupied by necrotic detritus. Anaplastic tumor
cells that distribute in tumoral areas with irregular edges
describe subtype 5B.
The recent revisions redistributed some aspects from the
original system. Thus, pattern 3 remained with only two
subtypes mainly (original 3A and 3B). Pattern 4 included
cribriform glands larger than benign glands and with an
irregular border, finally consisting of poorly formed glands
of either cribriform or fused architecture [4, 5].
A common problem of the GGS is the inter-observer
and intra-observer variability, as the reported discordance
show as much as 30% to 53% [10–16], and with poor
differences between classes in feature extraction algorithms
[17–19]. Different studies show that pathologists that
routinely interpret urology slides have higher rates of
inter-observer agreement than general ones, while the
diagnosis from more experience pathologists show a more
accurate class assessment [15]. Despite its limitations, GGS
remains the most widely used system in standardized
patient management [20].

Because using the GSS is a demanding task and, at
the same time, the output shows a high variability, the
development of automated systems for assessing tumoral
architecture rapidly emerged. Different techniques have been
proposed, ranging from simple morphological architecture
descriptors [21] to neural networks [22] and deep-learning
(DL) techniques [23], the later showing the best performance.
Aim
This paper describes the behavior of two DL algorithms,
obtained with transfer learning from general purpose deeplearning (neural) networks (DLNs) on a private dataset,
assessed on a public dataset of GGS classified images of
prostate cancer labeled by six different pathologists.
 Materials and Methods
Deep-learning classification system
Two DLNs were imported from previous work [24].
The two algorithms used transfer learning from two
well-known DL pre-trained networks AlexNet [25] and
GoogleNet [26]. A total of 439 Hematoxylin–Eosin (HE)
images were classified according to GGS, as follows:
Gleason pattern 2 (n=57), Gleason pattern 3 (n=166),
Gleason pattern 4 (n=182), and Gleason pattern 5 (n=34).
The dataset had no image with pattern 1. The images, 32bit red, green, blue (RGB) color space, were cropped at
512×512 pixels from whole slide images scanned with
Leica Aperio AT2, using a 20× apochromatic objective.
The two pre-trained networks were imported with their
structural layers together with their weights obtained on
the described dataset. Samples of the original dataset are
presented in Figure 1.

Figure 1 – Training dataset sample: (A) Gleason pattern 3; (B) Gleason pattern 4; (C) Gleason pattern 5. Hematoxylin–
Eosin (HE) staining: (A–C) ×200.

Datasets
The dataset used for the classification task was extracted
from the Gleason2019 Grand Challenge [27]. The challenge
originally aimed at the automatic Gleason grading of
prostate cancer from HE-stained histopathology images.
The data consisted in a set of tissue micro-array (TMA)
images. Each TMA image was annotated in detail by six
expert pathologists (named P1 to P6).
The original challenge had two tasks: pixel-level Gleason
grade prediction and core-level Gleason score prediction

with two leading objectives: (i) establish a benchmark for
assessing and comparing the state-of-the-art image analysis
and machine learning-based algorithms for this challenging
task and (ii) evaluate the accuracy and robustness of these
computerized methods against the opinion of multiple
human experts [28].
Methodology
A cropping algorithm was developed that cropped
patches of 1000×1000 pixels from the TMA images from
the dataset. The size of the crop was established so that it
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fits the size of the images in the original dataset that the
DLNs were trained on. The algorithm scanned each TMA
image with a window of 1000×1000 pixels and the resulted
images was saved only if one of the pathologists labeled
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it with a unique pattern. Labels from each of the six
pathologists were logged. Two thousand images were
randomly selected from patterns 3, 4, and 5. Samples of
each pattern can be seen in Figure 2.

Figure 2 – Testing dataset sample: (A) Gleason pattern 3; (B) Gleason pattern 4; (C) Gleason pattern 5 equivalent. HE
staining: (A–C) ×200.

Next each of the obtained image was resized to 227×227
and 224×224 pixels to match the input layer of the AlexNet
and GoogleNet, respectively.
In the end, each of the 6000 images labeled by at least
one of the pathologists as Gleason pattern 3 (n=2000),
Gleason pattern 4 (n=2000), and Gleason pattern 5 (n=2000)
were labeled by the two pre-trained networks. The results
were logged for statistical analysis.
Statistical analysis
In order to measure the inter-rater reliability Cohen’s
kappa coefficient (κ) [29] was used. Cohen’s kappa
coefficient (κ) is a statistic designed for categorical items,
meant to be a more robust measure than the simple percent
agreement as it takes into account the possibility of the
agreement occurring by chance. P-value for kappa is not
reported, because even relatively low values of kappa can
nonetheless be significantly different from zero [30], but
irrelevant to its meaning.
Magnitude guidelines for kappa coefficient have been
set, however they are not universally accepted. A common
interpretation [31] characterize values <0 as indicating no
agreement and 0–0.20 as slight, 0.21–0.40 as fair, 0.41–
0.60 as moderate, 0.61–0.80 as substantial, and 0.81–1 as
almost perfect agreement. Other studies [32] characterize
kappas over 0.75 as excellent, 0.40 to 0.75 as fair to good,
and less than 0.40 as poor. There is no evidence to support
any interpretation other than intuition and common sense.
For interpretation, we have used the stratification proposed
by Landis & Koch [31].
For each image, the majority vote was established as the
class with the most votes (mode) from the six pathologists.
As recommended by the Gleason2019 Grand Challenge
organizers [28], this could stand as a ground truth, but
there is no objective reason for this consideration.
The classification accuracy of the two DLNs was
assessed against the majority vote seen as ground truth.
 Results
The two DLNs successfully provided labels for each
of the 6000 images.

Cohen’s kappa coefficient (κ) results between each of
the six pathologists are presented in Table 1, between each
of the two DLNs and the six pathologists are presented in
Table 2, and between the two DLNs in Table 3.
Table 1 – Cohen’s kappa coefficient (κ) between the
pathologists (P1 to P6)
P1

P2

P3

P4

P5

P6

P1

1

0.2285

0.5959

0.3679

0.8090

0.4758

P2

0.2285

1

0.2804

0.1636

0.2713

0.2532

P3

0.5959

0.2804

1

0.7229

0.7692

0.2893

P4

0.3679

0.1636

0.7229

1

0.5087

0.0724

P5

0.8090

0.2713

0.7692

0.5087

1

0.4515

P6

0.4758

0.2532

0.2893

0.0724

0.4515

1

Table 2 – Cohen’s kappa coefficient (κ) between the
pathologists (P1 to P6) and the DLNs
P1
AlexNet

P2

P3

P4

P5

P6

0.9220 0.2480 0.6630 0.4207 0.8818 0.5295

GoogleNet 0.7741 0.2050 0.4005 0.2208 0.5876 0.3638
DLNs: Deep-learning networks.

Table 3 – Cohen’s kappa coefficient (κ) between the
DLNs
GoogleNet
AlexNet

0.7109

DLNs: Deep-learning networks.

Resulted Cohen’s kappa coefficient (κ) between the
majority vote against the six pathologists are presented in
Table 4, while against the two DLNs in Table 5. Mean and
standard deviation (SD) of Cohen’s kappa coefficient
between the six pathologists was 0.42±0.22, while Cohen’s
kappa coefficient (κ) between the two networks was 0.7109.
Table 4 – Cohen’s kappa coefficient (κ) between the
pathologists (P1 to P6) and the majority vote
P1

P2

P3

P4

P5

P6

Majority
0.7652 0.3169 0.8207 0.5524 0.9166 0.4153
vote
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Table 5 – Cohen’s kappa coefficient (κ) between the
DLNs and the majority vote
Majority vote

AlexNet

GoogleNet

0.8355

0.5561

DLNs: Deep-learning networks.

Mean and SD pathologists’ agreement coefficient was
0.42±0.23, this being interpreted as moderate, and raging
between slight and substantial. Individual agreements classes
between each of the six pathologists were interpreted as
slight (n=2), fair (n=6), moderate (n=4), substantial (n=2),
perfect (n=1). Note that pathologists P1 and P5 had a
perfect agreement, and P3 and P5 together with P3 and P4
had a substantial agreement. This will later influence the
majority vote, and individual agreement with it.
Mean and SD agreement coefficient between the two
DLNs and the six pathologists were 0.61±0.26 and 0.43
±0.22 for AlexNet and GoogleNet, respectively. AlexNet
individual agreement classes were interpreted as substantial,
ranging from fair to perfect, with individual agreements
classes fair (n=1), moderate (n=2), substantial (n=1), and
perfect (n=2). GoogleNet individual agreement classes were
interpreted as moderate, ranging from fair to substantial,
with individual agreements classes fair (n=4), moderate
(n=1), and substantial (n=1).
The agreement coefficient between the two DLNs was
0.71 and it was interpreted as substantial.
Mean and SD agreement coefficient between the six
pathologists and the majority of their vote was 0.63±0.24,
this being interpreted as substantial and ranging between
fair and perfect. Individual agreements classes between the
six pathologists and the majority vote were interpreted as
fair (n=1), moderate (n=2), substantial (n=1), perfect (n=2).

Note that even if pathologists P1 and P5 had a perfect
one on one agreement when compared to the majority vote,
P1 dropped a class and the agreement become substantial
with the group, while P3 ascended a class form substantial
to perfect, while P5 kept his perfect agreement. This shows
that no matter the experience or expertise when tested
against a majority vote the individual has no advantage.
Also note that AlexNet and P1 had an agreement coefficient
of 0.9220 (perfect), and since AlexNet was trained on the
expertise of a two specialized uropathologists, if, and only
if the network generalized correctly, the most experienced
pathologist was P1.
Mean agreement coefficient between the two DLNs
and the majority vote were 0.8355 and 0.5561 for AlexNet
and GoogleNet, respectively. They were interpreted as
perfect and moderate.
More than that, as resulted from the GGS patterns
described in the introduction, there is similitude between
the subclasses. However, the similitude from 4A and 4B
could not affect our class estimation the ones between 5A
and 3C could. As resulted from Figure 3, both networks
mainly misclassified pattern 5 as 4, only AlexNet misclassified
two images of pattern 5 as pattern 3, once again leading
us to the assumption that the unbalanced training dataset
is the origin of the misclassification.
Both networks had their best agreement with P1, this
stating, once again that P1 had the most experience or similar
with the pathologists that labeled the training dataset.
Resulted accuracy for AlexNet and GoogleNet when
tested against the majority vote as ground truth was 85.51%
and 74.75%, respectively. The resulted confusion matrices
are presented in Figure 3.

Figure 3 – Confusion Gleason Grading System (GGS) matrices of AlexNet and GoogleNet. True Class is set as the
majority vote of the six pathologists.

 Discussions
Previously developed DLNs were used to label crops
of prostate TMA images using GGS and their result were
compared to the results from six pathologists.
The two DLNs behaved differently, though they were
trained on the same dataset, AlexNet outperformed Google
Net. Even on the original dataset AlexNet outperformed

GoogleNet [20], with an accuracy of 61.17% versus
60.9%. From the multiple aspects that could make this
difference possible two of them stand out as evidence: the
larger size and simpler architecture of AlexNet and the
larger input layer size. AlexNet has a depth of only eight
layers, while GoogleNet has 22. AlexNet has 61 million
parameters, while GoogleNet has only seven. It seems that
AlexNet generalized better. Let us note that the networks
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perform better on the current dataset. Taking in consideration
the class distribution and the confusion matrices (Figure 3),
this could just be a matter of an unbalanced dataset.
As presented by Tolkach et al. (2020) [23], the optimal
minimal dimension of tumors for representative grading is
560×560 μm, and their images were cropped to 600×600
pixels having about 150 μm, acquired using a 20× magnification, which makes our 1000×1000 pixels size image
larger than the required minimum, thus optimal for its use.
In a similar designed study [33], on the external test
dataset, the designed system obtained a high agreement
with the reference standard set independently by two
pathologists (quadratic Cohen’s kappa 0.723 and 0.707)
and within inter-observer variability (kappa 0.71). Their
system was trained on much larger dataset, and obtained
very good results on Gleason pattern 5, unlike ours.
For assigning Gleason grades, another similar DL system
[34] achieved a mean pairwise kappa of 0.62, which was
within the range of the corresponding values for the expert
pathologists (0.60–0.73). Again, the training and testing
datasets were much larger, the grading was done following
the International Society of Urological Pathology (ISUP)
[5]. From the confusion matrices presented, we note that
ISUP grade 5 (last) had a lower accuracy, similar to our
study where Gleason pattern 5 (last) had the lowest accuracy,
and probably related to the naturally unbalanced training
dataset.
With automated Gleason grading and Gleason pattern
region segmentation tasks, the reported inter-annotator
agreements between the model and the pathologists from
another study [35], also quantified using Cohen’s quadratic
kappa statistic, was 0.77 on average. This time, the study
uses the GGS patterns which are combined to give scores,
but the main focus of the study was set on the segmentation
task, rather than on the classification task.
A very similar approach to ours was presented in another
paper [36], but instead of using histologically stained
images, the research uses magnetic resonance imaging (MRI)
pictures. The pre-trained GoogleNet network was used,
and the reported accuracy for the simple task of stating if a
prostate contains or not malignant tissue reported accuracy
was 100%. This shows, once again, the robustness of transfer
learning.
Trained on 112 million pathologist-annotated image
patches from 1226 slides, and evaluated on a different
dataset of 331 slides, another DL algorithm reported good
accuracy [37]. No agreement was computed, but compared
to a reference standard provided by genitourinary pathology
experts, the mean accuracy among 29 general pathologists
was 0.61% on the validation set, while the proposed DL
technique had a significantly higher diagnostic accuracy
of 0.70%. The reported accuracy is much smaller than the
one obtained by AlexNet on our dataset and higher than
the one obtained by GoogleNet.
Using a small and unbalanced dataset, like the one
used in our training dataset, another report [38] stated that
automated grade groups determination method agreement
with a genitourinary pathologist was substantial (κ=0.70),
but this refers to the overall sample. Inter-class differentiation
accuracy was reported as over 90%.
A model [39] trained and tested on the same image
dataset from where we have extracted our testing dataset
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that used DeepLabV3+ [40], with a pre-trained MobileNetV2
[41] and Adam optimizer [42], reported a kappa score of
0.56, with the pathologists’ annotations on the test subset
which was higher than the one found between the pathologists
(0.55). The smaller agreement compared to our method
could result from the smaller patch size of 512×512 pixels
that they had used, and by the fact they had reported on
all the dataset instead of reporting on randomly selected
images.
Study limitations
This study has limitations. First, there is no ground truth.
Though the GGS has specific morphological description
for each of the patterns, there is no superior way of
assessing the pattern score, other than the pathologists’
visual assessment. Second, there is only one training and
one testing dataset. More than that the training dataset is
private. Third, though both datasets are stained using HE
technique, there is no way of quantifying the quality and
quantity of the staining process. This drawback could be
overcome with a color stain normalization technique, as
previously proposed [43]. Fourth, additional aspects, such
as non-adenocarcinoma variants, other GGS classes or
benign prostate tissue were not taken in consideration.
 Conclusions
Mean and SD of Cohen’s kappa coefficient between
the two DLNs and the six pathologists that labeled the
images was 0.61±0.42 and 0.43±0.22 for AlexNet and
GoogleNet, respectively, while when tested against the
majority vote Cohen’s kappa coefficient was 0.8355 and
0.5561 for the two networks. Results are promising, and
the pre-trained networks show better inter-observability
variation than human pathologists, making the betterperformer – AlexNet – suitable for clinical deployment,
and thus could potentially contribute to faster, more accurate
and with higher reproducibility prostate cancer diagnosis.
Conflict of interests
The authors declare that they have no conflict of
interests.
Grant support
This work was supported by the University of Medicine
and Pharmacy of Craiova, research grant number 519/
20.09.2019.
Authors’ contribution
Mircea-Sebastian Şerbănescu and Carmen-Nicoleta
Oancea contributed equally to this article and share main
authorship.
References
[1] ***. Cancer stat facts: prostate cancer – 2020. Surveillance,
Epidemiology, and End Results Program [online], National
Cancer Institute (NIH), available at: https://seer.cancer.gov/
statfacts/html/prost.html, accessed: July 7, 2020.
[2] Mohler JL, Antonarakis ES, Armstrong AJ, D’Amico AV,
Davis BJ, Dorff T, Eastham JA, Enke CA, Farrington TA,
Higano CS, Horwitz EM, Hurwitz M, Ippolito JE, Kane CJ,
Kuettel MR, Lang JM, McKenney J, Netto G, Penson DF,
Plimack ER, Pow-Sang JM, Pugh TJ, Richey S, Roach M,
Rosenfeld S, Schaeffer E, Shabsigh A, Small EJ, Spratt DE,
Srinivas S, Tward J, Shead DA, Freedman-Cass DA. Prostate
cancer, version 2.2019, NCCN Clinical Practice Guidelines

518

[3]

[4]

[5]

[6]
[7]

[8]
[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Mircea-Sebastian Şerbănescu et al.

in Oncology. J Natl Compr Canc Netw, 2019, 17(5):479–505.
https://doi.org/10.6004/jnccn.2019.0023 PMID: 31085757
Serbanescu MS, Plesea RM, Pop OT, Bungardean C, Plesea IE.
SY14.04/Image Analysis III: Fractal behavior of Gleason and
Srigley grading systems. Proceeding of the 13th European
Congress on Digital Pathology, May 25–28, 2016, Berlin,
Germany, Diagn Pathol, 2016, 1(8):145. https://doi.org/10.
17629/www.diagnosticpathology.eu-2016-8:145
Epstein JI, Allsbrook WC Jr, Amin MB, Egevad LL; ISUP
Grading Committee. The 2005 International Society of
Urological Pathology (ISUP) Consensus Conference on
Gleason grading of prostatic carcinoma. Am J Surg Pathol,
2005, 29(9):1228–1242. https://doi.org/10.1097/01.pas.0000
173646.99337.b1 PMID: 16096414
Epstein JI, Egevad L, Amin MB, Delahunt B, Srigley JR,
Humphrey PA; Grading Committee. The 2014 International
Society of Urological Pathology (ISUP) Consensus Conference
on Gleason grading of prostatic carcinoma: definition of grading
patterns and proposal for a new grading system. Am J Surg
Pathol, 2016, 40(2):244–252. https://doi.org/10.1097/PAS.00
00000000000530 PMID: 26492179
Gleason DF. Classification of prostatic carcinomas. Cancer
Chemother Rep, 1966, 50(3):125–128. PMID: 5948714
Gleason DF; The Veterans Administration Cooperative Urological
Research Group. Chapter 9: Histologic grading and clinical
staging of prostatic carcinoma. In: Tannenbaum M (ed). Urologic
pathology: the prostate. Lea & Febiger, Philadelphia, USA,
1977, 171–197.
Gleason DF. Histologic grading of prostate cancer: a perspective.
Hum Pathol, 1992, 23(3):273–279. https://doi.org/10.1016/00
46-8177(92)90108-f PMID: 1555838
Gleason DF, Mellinger GT; The Veterans Administration
Cooperative Urological Research Group. Prediction of prognosis
for prostatic adenocarcinoma by combined histological grading
and clinical staging. J Urol, 1974, 111(1):58–64. https://doi.
org/10.1016/s0022-5347(17)59889-4 PMID: 4813554
Persson J, Wilderäng U, Jiborn T, Wiklund PN, Damber JE,
Hugosson J, Steineck G, Haglind E, Bjartell A. Interobserver
variability in the pathological assessment of radical prostatectomy specimens: findings of the Laparoscopic Prostatectomy
Robot Open (LAPPRO) study. Scand J Urol, 2014, 48(2):160–
167. https://doi.org/10.3109/21681805.2013.820788 PMID:
23906418
Veloso SG, Lima MF, Salles PG, Berenstein CK, Scalon JD,
Bambirra EA. Interobserver agreement of Gleason score and
modified Gleason score in needle biopsy and in surgical
specimen of prostate cancer. Int Braz J Urol, 2007, 33(5):
639–646; discussion 647–651. https://doi.org/10.1590/s1677
-55382007000500005 PMID: 17980061
Netto GJ, Eisenberger M, Epstein JI, TAX 3501 Trial Investigators. Interobserver variability in histologic evaluation of radical
prostatectomy between central and local pathologists: findings
of TAX 3501 Multinational Clinical Trial. Urology, 2011, 77(5):
1155–1160. https://doi.org/10.1016/j.urology.2010.08.031 PMID:
21146858 PMCID: PMC3449146
Allsbrook WC Jr, Mangold KA, Johnson MH, Lane RB, Lane CG,
Amin MB, Bostwick DG, Humphrey PA, Jones EC, Reuter VE,
Sakr W, Sesterhenn IA, Troncoso P, Wheeler TM, Epstein JI.
Interobserver reproducibility of Gleason grading of prostatic
carcinoma: urologic pathologists. Hum Pathol, 2001, 32(1):74–
80. https://doi.org/10.1053/hupa.2001.21134 PMID: 11172298
Allsbrook WC Jr, Mangold KA, Johnson MH, Lane RB, Lane CG,
Epstein JI. Interobserver reproducibility of Gleason grading of
prostatic carcinoma: general pathologist. Hum Pathol, 2001,
32(1):81–88. https://doi.org/10.1053/hupa.2001.21135 PMID:
11172299
Mikami Y, Manabe T, Epstein JI, Shiraishi T, Furusato M,
Tsuzuki T, Matsuno Y, Sasano H. Accuracy of Gleason grading
by practicing pathologists and the impact of education on
improving agreement. Hum Pathol, 2003, 34(7):658–665.
https://doi.org/10.1016/s0046-8177(03)00191-6 PMID: 12874761
Ozdamar SO, Sarikaya S, Yildiz L, Atilla MK, Kandemir B,
Yildiz S. Intraobserver and interobserver reproducibility of
WHO and Gleason histologic grading systems in prostatic
adenocarcinomas. Int Urol Nephrol, 1996, 28(1):73–77.
https://doi.org/10.1007/BF02550141 PMID: 8738623
Serbanescu MS, Plesea IE. R-VA a new fractal parameter
for grayscale image characterization. Ann Comput Sci Ser,
2015, 13(1):9–14.

[18] Srigley JR, Delahunt B, Samaratunga H, Billis A, Cheng L,
Clouston D, Evans A, Furusato B, Kench J, Leite K, MacLennan G,
Moch H, Pan CC, Rioux-Leclercq N, Ro J, Shanks J, Shen S,
Tsuzuki T, Varma M, Wheeler T, Yaxley J, Egevad L. Controversial issues in Gleason and International Society of Urological
Pathology (ISUP) prostate cancer grading: proposed recommendations for international implementation. Pathology, 2019,
51(5):463–473. https://doi.org/10.1016/j.pathol.2019.05.001
PMID: 31279442
[19] Serbanescu MS, Plesea RM, Covica V, Plesea IE. PS-18-003:
Fractal dimension of stromal fibrillar network: a new approach
to prostate carcinoma architectural assessment. Proceedings
of the 27th European Congress of Pathology, September 5–9,
2015, Belgrade, Serbia, Virchows Arch, 2015, 467(1 Suppl):
S235. https://doi.org/10.1007/s00428-015-1805-9
[20] National Comprehensive Cancer Network (NCCN) Clinical
Practice Guidelines in Oncology. Prostate cancer – 2020.
NCCN Evidence-Based Cancer Guidelines, Oncology Drug
Compendium, Oncology Continuing Medical Education [online],
available at: https://www.nccn.org/professionals/physician_gls/
default.aspx, accessed: July 7, 2020.
[21] Pleşea RM, Şerbănescu MS, Ciovică DV, Roşu GC, Moldovan VT,
Bungărdean RM, Popescu NA, Pleşea IE. The study of tumor
architecture components in prostate adenocarcinoma using
fractal dimension analysis. Rom J Morphol Embryol, 2019,
60(2):501–519. PMID: 31658324
[22] Takeuchi T, Hattori-Kato M, Okuno Y, Iwai S, Mikami K. Prediction
of prostate cancer by deep learning with multilayer artificial
neural network. Can Urol Assoc J, 2019, 13(5):E145–E150.
https://doi.org/10.5489/cuaj.5526 PMID: 30332595 PMCID:
PMC6520059
[23] Tolkach Y, Dohmgörgen T, Toma M, Kristiansen G. Highaccuracy prostate cancer pathology using deep learning. Nat
Mach Intell, 2020, 2(7):411–418. https://doi.org/10.1038/s422
56-020-0200-7
[24] Şerbănescu MS, Manea NC, Streba L, Belciug S, Pleşea IE,
Pirici I, Bungărdean RM, Pleşea RM. Automated Gleason grading
of prostate cancer using transfer learning from general-purpose
deep-learning networks. Rom J Morphol Embryol, 2020, 61(1):
149–155. https://doi.org/10.47162/RJME.61.1.17 PMID: 32747906
[25] Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification
with deep convolutional neural networks. Communications of
the Association for Computing Machinery (ACM), 2017, 60(6):
84–90. https://doi.org/10.1145/3065386
[26] Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D,
Erhan D, Vanhoucke V, Rabinovich A. Going deeper with
convolutions. arXiv, 2014, arXiv:1409.4842. https://arxiv.org/
pdf/1409.4842.pdf
[27] ***. Gleason2019 Data. Biomedical Imaging and Artificial
Intelligence [online], The University of British Columbia,
available at: https://bmiai.ubc.ca/research/miccai-automaticprostate-gleason-grading-challenge-2019/gleason2019-data,
accessed: July 7, 2020.
[28] ***. Gleason2019. Grand Challenge [online], Automatic
Gleason Grading of Prostate Cancer in Digital Pathology,
Grand Challenge for Pathology at MICCAI 2019, available at:
https://gleason2019.grand-challenge.org/, accessed: July 7,
2020.
[29] McHugh ML. Interrater reliability: the kappa statistic. Biochem
Med (Zagreb), 2012, 22(3):276–282. https://doi.org/10.11613/
BM.2012.031 PMID: 23092060 PMCID: PMC3900052
[30] Bakeman R, Gottman JM. Observing interaction: an introduction
to sequential analysis. 2nd edition, Cambridge University Press,
2009. https://doi.org/10.1017/CBO9780511527685
[31] Landis JR, Koch GG. The measurement of observer agreement
for categorical data. Biometrics, 1977, 33(1):159–174. https://
doi.org/10.2307/2529310 PMID: 843571
[32] Fleiss JL, Levin B, Paik MC. Statistical methods for rates and
proportions. 3rd edition, Book Series: Wiley Series in Probability
and Statistics, Wiley–Interscience, John Wiley & Sons, Inc.,
New York, USA, 2003. https://doi.org/10.1002/0471445428
[33] Bulten W, Pinckaers H, van Boven H, Vink R, de Bel T, van
Ginneken B, van der Laak J, Hulsbergen-van de Kaa C,
Litjens G. Automated deep-learning system for Gleason grading
of prostate biopsies: a diagnostic study. Lancet Oncol, 2019,
21(2):233–241. https://doi.org/10.1016/S1470-2045(19)3073
9-9 PMID: 31926805

Agreement of two pre-trained deep-learning neural networks built with transfer learning with six pathologists…
[34] Ström P, Kartasalo K, Olsson H, Solorzano L, Delahunt B,
Berney DM, Bostwick DG, Evans AJ, Grignon DJ, Humphrey PA,
Iczkowski KA, Kench JG, Kristiansen G, van der Kwast TH,
Leite KRM, McKenney JK, Oxley J, Pan CC, Samaratunga H,
Srigley JR, Takahashi H, Tsuzuki T, Varma M, Zhou M,
Lindberg J, Lindskog C, Ruusuvuori P, Wählby C, Grönberg H,
Rantalainen M, Egevad L, Eklund M. Artificial intelligence
for diagnosis and grading of prostate cancer in biopsies: a
population-based, diagnostic study. Lancet Oncol, 2020,
21(2):222–232. https://doi.org/10.1016/S1470-2045(19)3073
8-7 PMID: 31926806
[35] Li Y, Huang M, Zhang Y, Chen J, Xu H, Wang G, Feng W.
Automated Gleason grading and Gleason pattern region
segmentation based on deep learning for pathological images
of prostate cancer. IEEE Access, 2020, 8:117714–117725.
https://doi.org/10.1109/ACCESS.2020.3005180
[36] Abbasi AA, Hussain L, Awan IA, Abbasi I, Majid A, Nadeem MSA,
Chaudhary QA. Detecting prostate cancer using deep learning
convolution neural network with transfer learning approach.
Cogn Neurodyn, 2020, 14(4):523–533. https://doi.org/10.1007/
s11571-020-09587-5 PMID: 32655715 PMCID: PMC7334337
[37] Nagpal K, Foote D, Liu Y, Cameron Chen PC, Wulczyn E, Tan F,
Olson N, Smith JL, Mohtashamian A, Wren JH, Corrado GS,
MacDonald R, Peng LH, Amin MB, Evans AJ, Sangoi AR,
Mermel CH, Hipp JD, Stumpe MC. Development and validation
of a deep learning algorithm for improving Gleason scoring of
prostate cancer. NPJ Digit Med, 2019, 2:48. https://doi.org/
10.1038/s41746-019-0112-2 PMID: 31304394 PMCID: PMC
6555810
[38] Lucas M, Jansen I, Savci-Heijink CD, Meijer SL, de Boer OJ,
van Leeuwen TG, de Bruin DM, Marquering HA. Deep learning

[39]

[40]

[41]

[42]
[43]

519

for automatic Gleason pattern classification for grade group
determination of prostate biopsies. Virchows Arch, 2019, 475(1):
77–83. https://doi.org/10.1007/s00428-019-02577-x PMID:
31098801 PMCID: PMC6611751
Khani AA, Jahromi SAF, Shahreza HO, Behroozi H,
Baghshah MS. Towards automatic prostate Gleason grading
via deep convolutional neural networks. 5th Iranian Conference
on Signal Processing and Intelligent Systems (ICSPIS),
Shahrood, Iran, 18–19 December 2019, 1–6. https://doi.org/
10.1109/ICSPIS48872.2019.9066019
Chen LC, Zhu Y, Papandreou G, Schroff F, Adam H. Encoderdecoder with atrous separable convolution for semantic image
segmentation. In: Ferrari V, Hebert M, Sminchisescu C,
Weiss Y (eds). Computer Vision – ECCV 2018. Proceedings
of the 15th European Conference on Computer Vision (ECCV),
Munich, Germany, September 8–14 2018, Book Series Lecture
Notes in Computer Science, vol. 11211, Springer Nature
Switzerland AG, 2018, 833–851. https://doi.org/10.1007/978
-3-030-01234-2_49
Sandler M, Howard A, Zhu M, Zhmoginov A, Chen LC.
MobileNetV2: inverted residuals and linear bottlenecks. In: ***.
Proceedings of the 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), Salt Lake City, Utah,
USA, 18–23 June 2018, 4510–4520. https://doi.org/10.1109/
CVPR.2018.00474
Kingma DP, Ba J. Adam: a method for stochastic optimization.
arXiv, 2014, arXiv:1412.6980. https://arxiv.org/pdf/1412.6980.pdf
Şerbănescu MS, Pleşea IE. A hardware approach for histological and histopathological digital image stain normalization.
Rom J Morphol Embryol, 2015, 56(2 Suppl):735–741. PMID:
26429166

Corresponding author
Costin Teodor Streba, Associate Professor, MD, PhD, Department of Scientific Research Methodology and Department
of Pulmonology, University of Medicine and Pharmacy of Craiova, 2 Petru Rareş Street, 200349 Craiova, Romania;
Phone +40722–389 906, e-mail: costin.streba@umfcv.ro

Received: April 30, 2020
Accepted: December 12, 2020

