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1. 773 #1482 p (Research Motive and Purpose)

Is it possible to allow students and teachers to observe microscopic images to allow effective
mutual discussion? Is there a way to reduce the teacher’s burden when more after school
assignments are given to students for students’ self-learning? Is it possible to use the CNN
computer programs for automatic detection of microscopic structures for histology laboratory
teaching and learning?

2. = )I%; 1% 31 (Literature Review)

Histology is the study of cells and tissue structure of the normal human body and is also
known as microscopic anatomy. Histology lecture course and Histology laboratory (practical)
course are two complementary courses. The microscopic structures of the body organs are
described during the histology lecture course followed by identifying tissue components in the
histology laboratory course. The learning practice of students is traditionally based on identifying
microscopic structure of glass slides with optical microscopy in the histology laboratory course.

Recent advancement of digital slide scanner, computer programs and internet techniques
lead to virtual tissue slides };‘;%E_E_j%\ 5 observed practically by virtual microscopy (VM . %% &2
H4t). Recently, VM system has been adopted as clinical training and education tools in hospitals
and schools (Ginley et al., 2019; Hermsen et al., 2019; Husmann et al., 2009; Krippendorf and
Lough, 2005; Mione et al., 2013; Triola and Holloway, 2011; Vainer et al., 2017; Wilson et al.,
2016). Clinical application of the VM system includes cytology (Solberg, 2012), hematology
(Brueggeman et al., 2012) and pathology (Erafia-Rojas et al., 2017; Ginley et al., 2019; Helle et al.,
2013; Hermsen et al., 2019; Kumar et al., 2004; Vainer et al., 2017). The VM system has also
applied in histology (Husmann et al., 2009; Krippendorf and Lough, 2005; Mione et al., 2013;
Scoville and Buskirk, 2007; Tian et al., 2014; Triola and Holloway, 2011; Vainer et al., 2017; Wilson
et al., 2016).

Artificial intelligence (Al) computer programs based on algorithms integrated with multi-layer
artificial neural networks have been used as deep learning techniques to solve complex problems
such as decision-making in thousand-year-old game of Go and facial recognition (Gibney, 2016;
Silver et al., 2016). The algorithms and computer programs of convolutional neural network (CNN),
the forms of Al, have been applied in object segmentation and object recognition (Ronneberger et
al., 2015). CNN computer programs have also applied in histology (Djuric et al., 2017; Komura and
Ishikawa, 2018). CNN computer programs have been used in cancer classification, including breast
cancer, thoracic tumors, lung cancer, prostate cancer and skin cancers (Litjens et al., 2016;
Suleymanova et al., 2018; Wang et al., 2016; Wang et al., 2017; Yang et al., 2020). Recently, CNN
computer programs have been shown to be useful for pathological diagnosis or histopathological
tissue scoring of fibrosis and inflammation (Heinemann et al., 2018) and kidney histopathologic
assessment (Hermsen et al., 2019).



3. 7% KA (Research Question)

The adoption of the interactive virtual microscopy (VM) system and convolutional neural
network (CNN) approach has recently been used in educational and clinical studies. The proposal
aims to introduction of VM combined with CNN approach for histology laboratory teaching and
learning.

4. F 3 &&=k (Research Methodology)

The course organization of Histology lecture and laboratory at KMU

Both histology lecture and laboratory courses were offered 2 credits for one semester. The
histology lecture course provided 16 lectures of 2 hours. Tissues and organ systems were
systematically, weekly described in the histology lecture course. The histology laboratory course
also provided 16 sections of 4 hours. Within a couple days after the histology lecture, a histology
laboratory section was conducted using virtual microscopy (VM) for a practical of the microscopic
contents demonstrated in the histology lecture. Weekly contents of learning goals and keywords
including microscopic structures and cells, were also presented by teaching assistants before each
laboratory section. Then students observed virtual slides with VM. Three teaching assistants and
one teacher were in laboratory sections to explain and answer students’ questions.

Student participants
In the year 2018 to 2020, virtual microscopes and virtual tissue slides were available to
sophomore medical students of the HL class.

Virtual tissue slides and virtual Microscopy

Digital virtual tissue slides#{i7 & #t4H 4% |5 were stored in a database server and can be
acquired on internet with VM software. The images were viewed via Aperio ImageScope software
on computers in general laboratory or computer classrooms at KMU. The experimental team
consisted of four students and students used virtual microscopes in turn and demonstrated
microscopic structure of tissues to team members.

Supplemental assignments as active learning subjects

To access the student’s learning, students were asked to do the assignments of identification
of microscopic structures during observation virtual tissue slides. Students accessed virtual slides,
identified microscopic structures, marked with a circle while using a computer mouse and
submitted the annotated images to the office (to the assigned email address).

Automatic detection of the microscopic structure in digital images via convolutional neural
network training

The annotated, representative images for microstructures (basophil, eosinophil,
pseudostratified ciliated columnar epithelium, skeletal muscle, and smooth muscle) from
students’ submission were shown Fig. 1. The microscopic images were determined as right (R) or
wrong (W) images of microstructures by teachers. There were 698 images classified into five
groups based on microstructures: basophil (48R, 92 W), eosinophil (104 R, 36 W), pseudostratified
ciliated columnar epithelium (139 R, 3 W), skeletal muscle (L.S.) (137 R, 1 W), and smooth muscle
(L.S.) (137 R, 1 W). The present studies tested the effects of image number in the training set on
the image recognition performance of CNN models. There were two different image numbers
(138-142 vs 698 images) in the training sets.



For the 1st serial experiments, the right (R) and wrong (W) images of one specific
microstructure were divided randomly into two sets: training (70%; 96-99 images) and validation
(30%; 42 images), total 138-142 images. For the 2nd serial experiments, the R images of one
specific microstructure and all images from five file folders as W images, together 698 images,
were divided randomly into two groups: training (70%; 488 images) and validation (30%; 210
images). Both training and validation sets did not have a fixed ratio between right and wrong
images for each CNN training program.

The R and W images of one specific microstructure, as a training data set of the specific
microstructure, were used to train CNNs to extract each microstructure features and these
features were automatically approved in the validation data sets. The CNN parameters were
optimized by the validation data sets. The training program was run for 200 epochs (the repeated
processes over the training set) to check accuracy of the specific microstructure model. After
training, the CNN of microscopic structures was converted to a fully automatic CNN for specific
microscopic structures. CNNs of microscopic structure detection were developed in Python 3.7
using the deep learning library Keras based on Google's Tensorflow library. The convolutional
neural network layers were shown in Table 1 (Appendix).

Accuracy assessment of CNN models

After training, the CNN models for specific microscopic structures were tested with three
additional test-sets of R and W images according to the chosen microstructure. Additional test-sets
were not used during the training of CNN models and these images were randomly separated into
three groups, 25 images/group. To assess the accuracy performance of the CNN models to detect
microscopic structures, | adopted the F1 measure, accuracy (the result of the CNN prediction being
identical with the correct classification) and the area under the curve of receiver operating
characteristic (AUC) [the area under the ROC curve (AUC)].

Student perception about histology laboratory classes using VM and CNN

An anonymous and voluntary survey about student perceptions of histology laboratory
classes using VM and supplemental assignments of microscopic structures was conducted via a
questionnaire. The questionnaires were composed of 10 questions (Table 2, Appendix). Answers
were provided on five-point Likert scales: (A) Strongly agree (B) Agree (C) Neither agree or disagree
(D) Disagree (E) Strongly disagree. After the second examination until the end of the semester,
students were invited to answer the questionnaires.

5. %8 T#* 7 = % (Teaching and Research Outcomes)

(1) #E&ERE > %

The present studies tested the effects of image number in the training set on the image
recognition performance of CNN models. Two serial experiments were conducted on different
image numbers in the training set: 138-142 images in the first (1st) and 698 images in the second
(2nd) serial experiments. The R and W images, as a training data set of the specific microstructure,
were used to train CNNs to extract specific microstructure features and these features were
automatically approved in the validation data sets. The parameters of CNN models were optimized
by the validation data sets during the training programs of 200 epochs. The learning curve of
microstructure CNN models displayed the accuracy of the training and validation data vs. the
epochs (Fig 2). Then, the CNN programs of these microscopic structures were converted to fully
automatic CNNs to identify specific microscopic structures. After training, the CNN models for
specific microscopic structures were also tested with three additional test-sets of R and W images.



In the present studies, five CNN models for microstructures (basophil, eosinophil,
pseudostratified ciliated columnar epithelium, skeletal muscle, and smooth muscle) were
constructed based on virtual slides such as shown Fig. 1. The performance of the CNN models to
detect microscopic structures was quantified by F1 measure, accuracy and the area under the
curve of receiver operating characteristic (AUC). And the representative figures of accuracy
performance of CNN models were shown in Figs. 3 & 4. The present studies also compared the
image recognition performance of CNN models carried out by two different image number of
images in the training set. The results showed that the image recognition performance of CNN
models (eosinophil, skeletal muscle, and smooth muscle) of the 2nd serial experiments with 698
images was significantly higher than the 1st serial experiments with 138-140 images (Fig. 5). The
F1 scores of identification of eosinophil, skeletal muscle, and smooth muscle via CNN models were
0.75-0.84. However, there was not significant difference for basophil and pseudostratified ciliated
columnar epithelium.

Eighty two 2nd year medical students answered the survey for a response rate of 58%
(82/141). The results of the student ratings are shown in Table 1. The reliability statistics score,
Cronbach’s alpha, of the questionnaire used for the feedback survey was 0.84. The results of the
survey showed that students easily adapt to virtual microscope technology. The submission of
assignments (pictures of identifying microstructures) are helpful for learning histology. VM is both
facilitated to learn histology for students and convenient for discussion within student groups or
with the teacher. The data also indicate that the course of applying VM has improved their
communication and self-learning skills.

(2) RFFRFF L

Virtual sections with one section plane through the body organs only show the fixed viewing
angles of tissue sections and may cause loss of recognition of normal variation among glass tissue
slides (Wilson et al., 2016). To display the normal variation of microscopic structures of tissue and
organs of the human body, it is necessary to have various virtual sections displaying different
section images of the same tissue and organs. In addition, more virtual slides are required to
prevent fixed viewing angles of virtual slides and to allow various viewing angles of
microstructures. Accordingly, virtual slides and VM provide off-campus learning histology via
internet everywhere and every time. Indeed, the digitization of tissue sections of glass slides is an
essential for telepathology in disease diagnosis (Madabhushi and Lee, 2016).

The results showed that the image recognition performance of CNN models (eosinophil,
skeletal muscle, and smooth muscle) of the 2nd serial experiments with 698 images was
significantly higher than the 1st serial experiments with 138-140 images. However, there was not
significant difference for (basophil and pseudostratified ciliated columnar epithelium). For
microstructures (eosinophil, skeletal muscle, and smooth muscle), the more images in the training
data set indeed improve the prediction accuracy. For microstructures (basophil and
pseudostratified ciliated columnar epithelium), therefore the more images are required to be
included in the training set. Alternatively, CNNs are to be replaced by different programs such as
Mask R-CNN (He, 2018).

Q) FLEV v 4

The majority of students agreed or strongly agreed with the statements, indicating VM is
facilitated to learn histology and convenient for discussion within student groups or with the
teacher. The majority of students agreed or strongly agreed with the statements, indicating the
course of applying VM has improved their communication and self-learning skills. The majority of
students also agreed or strongly agreed with the statement, indicating VM and the submission of



assignments (pictures of identifying microstructures) are helpful for learning histology.
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Fig. 1a Representative basophil images, in the training data sets of the basophil CNN models, were
used to extract microscopic structure features of basophils to construct the basophil CNN models.

‘vq' g
* 0000 ‘&.’

Basop! |I

‘qu,

%%’i'-» gﬂk "ZL"

Fig. 1b Representatlve eosinophil images, in the training data sets of the eosinophil CNN models,
were used to extract microscopic structure features of eosinophils to construct the eosinophil CNN
models.
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training data sets of the PSCCE CNN models, were used to extract microscopic structure features of
PSCCE to construct the PSCCE CNN models.

Fig. 1d Representative skeletal muscle images, in the training data sets of the skeletal muscle CNN
models, were used to extract microscopic structure features of skeletal muscle to construct the
skeletal muscle CNN models.



Fig. 1e Representative smooth muscle images, in the training data sets of the smooth muscle CNN
models, were used to extract microscopic structure features of smooth muscle to construct the
smooth muscle CNN models.
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Fig 2a. Representative learning curves of CNN Models of basophil, eosinophil, and pseudostratified
ciliated columnar epithelium (PSCCE) from two serial experiments (the first, 1st and the second,
2nd). The right and wrong images (shown in Fig. 1) of one microstructure (ex. basophil), as a
training data set of basophil, were used to train CNNs to extract each microstructure (ex. basophil)
features and these features were automatically approved in the validation data sets. The training
program was run for 200 epochs to check accuracy of the microstructure model (ex. basophil).
During training, the CNN parameters were optimized by the validation data sets. Y axis: CNN
accuracy of the training (train) and validation (val) data; X axis: the epochs.
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Fig 2b. Fig 2. Representative learning curves of CNN Models of skeletal muscle and smooth muscle
of two serial experiments. The right and wrong images (shown in Fig. 1) of one specific
microstructure, as a training data set, were used to train CNNs to extract each microstructure)
features and these features were automatically approved in the validation data sets. During
training, the CNN parameters were optimized by the validation data sets. The training program was
run for 200 epochs to check accuracy of the specific microstructure model. The learning curve
displayed the CNN accuracy (Y axis) of the training (train) and validation (val) data vs. the epochs (X
axis). Two serial experiments were conducted on different image numbers in the training set: 138
images in the first (1st) and 698 images in the second (2nd) serial experiments.
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Fig 3. Representative ROC figures of accuracy performance of CNN models established by the first
serial experiment. The CNN models were tested with additional test-sets of right and wrong
images. The performance of the CNN models to detect microscopic structures was quantified by F1
measure, accuracy and the area under the curve (AUC) of receiver operating characteristic (ROC)
and accuracy performance of CNN models was displayed as ROC figures. A: basophil; B: eosinophil;
C: PSCCE; D: skeletal muscle; E: smooth muscle.

10



A 1.0 . D 10 ¥
: 4" P
"’ r"
- e -~
0.8 } b 0.8 -
- ’,l ’I’
- e
2 - 2 .
0.6 e o p
z oo @ -~
£ 7 2 ‘
g 044 P 404 re
= el = .
1” f”
’)f ,r’
0.2 -~ 02 -~
1" Pid
- BASOPHIL = 5
5 : : - mooth muscle (longitudinal section)
) o (AUC = 0.8 F1 = 0.77 ; ACC = 0.77} it (AUC = 1.0 ; F1 = 0.98 ; ACC = 0.98)
T00 02 0.4 0.6 08 10 s 02 Y 06 08 10

False Positive Rate False Positive Rate

e 10 e
i g
- i
o
08 P I
d 08 ’
. ,1/ o
1 - g
< os 2 g Caoi
.
> = 2 .
= o 5 06 P
8 5 ;4 -
s - 3
"
304 st 2 e
= i 304 ~
p g .
o s
- .
- =
0.2 e i
- 0.2 >
£t EOSINOPHIL .
5 L (AUC = 0.76 ; F1 = 0.76 ; ACC = 0.76} T _ Skelelal muscle (longiluding! section)
X . ; r P AUC = 1.0 ; F1 = 0.98 ; ACC = 0,98)
0.0 02 04 06 08 1.0 00k ¢
False Positive Rate oo 02 04 06 08 10
False Positive Rate
1.0 —
-
-
’,’
.
0.8 24
-
& P
] it
0.6 -
& P
s
0.4 A
= ot
/ -
t”
7
0.2 ~
.;"
i _ Pseudostratified cilioted columnar epithelium
o [AUC = 0,55 ; F1 = 0,7 ; ACC = 0,56}
0.0
0.0 0.2 0.4 06 08 1.0

False Positive Rate

Fig 4. Representative ROC figure of accuracy performance of CNN models established by the
second serial experiment. The CNN models were tested with additional test-sets of right and
wrong images. The performance of the CNN models to detect microscopic structures was
guantified by F1 measure, accuracy and the area under the curve (AUC) of receiver operating
characteristic (ROC) and accuracy performance of CNN models was displayed as ROC figures. A:
basophil; B: eosinophil; C: PSCCE; D: skeletal muscle; E: smooth muscle.
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Fig 5. Performance assessment of CNN models between two serial experiments. The performance
of the CNN models to detect microscopic structures were tested by F1 measure, accuracy and AUC
between two serial experiments: the first (1) and the second (2) serial experiments. A, F, K:
basophil; B, G, L: eosinophil; C, H, M: PSCCE; D, I, N: skeletal muscle; E, J, O: smooth muscle.
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6. 3% 4 L (Recommendations and Reflections)

The drawing picture of microscopic structures as the student assignment is a traditional way to
weekly check student’s performance by teachers. Drawing pictures can be replaced by submitting
microscopic images when VM is implemented in histology laboratory classes. Our present results
demonstrated that grading tasks of student microscopic structures can be automated and
standardized with CNN. The correct images would automatically be excluded without expelling any
images with the correct microstructures during image detection by successful CNN models. Then
teachers check the images marked with wrong images, whether correct or not. Thus, the grading
accuracy of student’s images can be improved by the introduction of CNN. When student
microscopic images can be identified by CNN for detection of microscopic structures, student
performance’s assessment can be carried out by CNN. Therefore, teachers have more time to keep
track of student learning. The combination of VM and CNN offers an opportunity to improve
histology teaching and learning. Time-consuming grading tasks of microscopic structure
assignments by teachers can be automated and standardized with CNN, a form of Al.

An ongoing pandemic of coronavirus disease 2019 caused by severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) is also known as COVID-19. During COVID-19 pandemic,
online learning resources and off-campus self-active learning are the alternative for on-campus
education. The virtual slide web site at KMU is available to the public via the internet at any place
any place. Indeed, students can learn and study histology on-line, self-learning is no longer
restricted by tissue slices on glass slides and light microscopes which are inaccessible when the
school is closed.

Combination of VM and detection of microstructures by CNN can be used for on-line learning
and alternative off-campus learning for histology laboratory teaching and learning during an

ongoing pandemic of COVID-19.
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=. *fi* (Appendix)

Appendix Table 1 The convolutional neural network layers of both first and second serial
experiments for automatic detection of microscopic structures

Layer (type) Output Shape Param #
com2d 1(Com2D)  (Nome,360,360.4) 52
activation_1 (Activation) (None, 360, 360, 4) 0
batch_normalization_1 (Batch (None, 360, 360, 4) 16
conv2d_2 (Conv2D) (None, 360, 360, 4) 148
activation_2 (Activation) (None, 360, 360, 4) 0
batch_normalization_2 (Batch  (None, 360, 360, 4) 16
max_pooling2d_1 (MaxPooling2 (None, 180, 180, 4) 0
dropout_1 (Dropout) (None, 180, 180, 4) 0
conv2d_3 (Conv2D) (None, 180, 180, 4) 68
activation_3 (Activation) (None, 180, 180, 4) 0
batch_normalization_3 (Batch (None, 180, 180, 4) 16
max_pooling2d_2 (MaxPooling2 (None, 90, 90, 4) 0
dropout_2 (Dropout) (None, 90, 90, 4) 0
Flatten_1 (None, 32400) 0
Dense_1 (None, 1) 0 32401

Total params: 32,717
Trainable params: 32,693
Non-trainable params: 24
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Appendix Table 2 A questionnaire: Student perception about histology practical (laboratory)
classes after implementing of both virtual microscope and supplemental assignments of
microscopic structures
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