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Abstract: The practical applications of automatic recognition and categorization technology for
next-generation systems are desired in the clinical laboratory. We approached the identification of
reactive lymphocytosis using artificial intelligence (AI) technology and studied its clinical usefulness
for blood smear screening. This study created one- and two-step Al models for the identification of
reactive lymphocytosis. The ResNet-101 model was applied for deep learning. The original image
set for supervised Al training consisted of 5765 typical nucleated blood cell images. The subjects for
clinical assessment were 25 healthy cases, 25 erythroblast cases, and 25 reactive lymphocytosis cases.
The total accuracy (mean =+ standard deviation) of the one- and two-step models were 0.971 + 0.047
and 0.977 £ 0.024 in healthy, 0.938 + 0.040 and 0.978 + 0.018 in erythroblast, and 0.856 + 0.056
and 0.863 £ 0.069 in reactive lymphocytosis cases, respectively. The two-step AI model showed a
sensitivity of 0.960 and a specificity of 1.000 between healthy and reactive lymphocytosis cases. As
our two-step tandem AI model showed high performance for identifying reactive lymphocytosis in
blood smear screening, we plan to apply this method to the development of Al models to differentiate
reactive and neoplastic lymphocytosis.
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1. Introduction

Artificial intelligence (AI) technology is rapidly developing as an automation technology
based on human thought processes. Deep learning is one of the machine learning methods in
which a computer performs intellectual training for understanding, reasoning, and prediction.
Deep learning has multi-layered neural networks that imitate the human cranial nerve circuit
by automatically extracting each feature contained in each data category through dozens to
hundreds of training iterations. Deep learning detects latent features that humans overlook,
making accurate and efficient judgment possible. The continued social implementation of Al
technologies, such as automated driving and intelligent agriculture, is expected to contribute to
vast improvements in safety and efficiency [1,2]. Moreover, many efforts have been started in
the medical field. Research on medical Al technology is underway to assist diagnostic experts
in fields such as radiological, pathological, and endoscopic image diagnoses [3,4]. Similarly,
blood morphology diagnosis is one of the fields in which Al technology is desired to be ap-
plied clinically. At present, hematological diseases are diagnosed by performing leukocyte
categorization under a microscope on peripheral blood or bone marrow smears. Then, experts
(hematologists or clinical laboratory technologists) must identify normal blood cells, reactive
blood cells, or neoplastic cells (e.g., leukemia, lymphoma, myelodysplastic syndrome). However,
experts require a long training period to master the skill of leukocyte categorization. Therefore,
the clinical laboratory strongly desires the practical application of automatic recognition and
categorization technology. One representative automation technology for recognition and cate-
gorization is an automatic complete blood count (CBC) analyzer, which has fully automated
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blood cell counts and categorization. Flow cytometry technology is generally used in almost
all CBC analyzers, which have been shown to have high throughput and efficiency in the
clinical laboratory, and to be capable of obtaining high data counting accuracy in the case of
normal blood cells [5,6]. However, neoplastic, immature, and reactive blood cells have been
reported to show abnormal scattergram patterns, and the accuracy of calculation or categoriza-
tion is known to be poor [7,8]. One of the most difficult diseases to differentiate in scattergram
pattern analysis is lymphocytosis. Lymphocytosis is classified into neoplastic and reactive
diseases and may be morphologically divided into polymorphic and monomorphic popula-
tions. Monomorphic populations are concerned with lymphoproliferative neoplasm (e.g., acute
lymphoblastic leukemia [ALL], chronic lymphoblastic leukemia, or malignant lymphoma). ALL
is a representative neoplastic tumor, and lymphoblastic cells have extremely high proliferative
ability, so starting clinical treatment early strongly affects the patient’s prognosis. By contrast,
polymorphic populations are consistent with a reactive process, so this is defined as reactive
lymphocytosis [9]. Morphological changes in reactive lymphocytosis are observed as atypical
lymphocytes that are activated or juvenilized by antigenic stimuli from external enemies such as
viral infection (e.g., Epstein—Barr virus, cytomegalovirus, or severe acute respiratory syndrome
coronavirus 2) [10]. While symptoms are weak in the early stages of viral infection, in the
acute phase, when symptoms become apparent, treatment is difficult because the viral load in
the body is extremely high. Therefore, the detection of atypical lymphocytes is critical for the
early diagnosis and clinical treatment of reactive lymphocytosis associated with viral infection.
However, distinguishing normal from atypical lymphocytes for morphological differentiation in
hematological testing in the clinical laboratory is often difficult. According to the morphological
criteria of the Standardization Committee of the Japanese Society for Laboratory Medicine and
Hematology, atypical lymphocytes are characterized by a diameter of 16 um or more, a relatively
wide cytoplasm, a strongly basophilic color tone compared with normal lymphocytes, and the
presence of azurophilic granules and vacuoles in the cytoplasm. The nuclei are round and may
be transformed. Chromatin is concentrated, with a mixture of lymphocyte- and para-chromatin-
like chromatin. Nucleoli may be present within the nucleus [11]. Because of these various
morphological characteristics, Downey’s categorization, as a classical method, was developed
as a subcategorization criterion. Quality control surveillance has shown that the recognition of
atypical lymphocytes is more complicated compared with other cell categories (e.g., monocytes,
normal lymphocytes, lymphoblasts, or erythroblasts), and is frequently judged differently, even
by experts. In the past 10 years, numerous clinical application studies on Al technology for
mature leukocyte categorization or neoplastic leukocytosis diagnosis have reported the high
accuracy and usefulness of Al analysis [12-14]. Recent lymphocytosis experiments are shown in
Table 1. Most studies have focused on neoplastic lymphocytosis, all achieving accuracy of more
than 85% [15-22]. Al technology for neoplastic lymphocytosis has achieved high performance
in clinical diagnosis and been proven to contribute to the diagnosis of neoplastic lymphocytosis
at an early stage. However, although the highly accurate detection of atypical lymphocytes in
hematological screening is essential for the diagnosis of viral infections at an early stage, few
studies have been conducted on techniques for atypical lymphocyte screening applications
using Al technology [19,20]. If Al diagnostic technologies for reactive lymphocytosis and their
clinical utility can be identified, Al could also contribute to the diagnosis of other hemato-
logical diseases with polymorphic changes. Recently, the effectiveness of ensemble models
for improving leukocyte recognition accuracy using Al has been reported [23-25]. Ensemble
models are a method of improving accuracy by combining multiple models, mainly used in
parallel combinations. Because reactive lymphocytosis involves atypical lymphocytes that
display diverse morphologies, it may be more difficult to recognize compared with neoplastic
leukocytosis, which displays monomorphic changes, when using a single Al model to compare
multiple similar cell categories. Therefore, it may be possible to improve recognition accuracy
by extracting only similar cell categories and combining multiple models. In the present study,
we approached leukocyte categorization using two-step tandem Al models and assessed their
clinical usefulness for the identification of reactive lymphocytosis at blood smear screening.
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Table 1. Al experiments in neoplastic or reactive lymphocytosis.

Author Year Application Materials and Method Algorithm Results Reference No
Chen, YM. et al., 2022 Diagnosis of acute Blood smear Convolutional neural Resnet101-9 ensemble model [15]
lymphoblastic leukemia = Microscopic image network achieved an accuracy of 85.11%.
Jawahar, M. et al., 2022 Diagnosis of acute Blood smear Convolutional neural ALNett model yielded the highest [16]
lymphoblastic leukemia ~ Microscopic image network classification accuracy of 91.13%
Abunadi, I. et al., 2022 Diagnosis of acute Blood smear Artificial neural network, All the hybrid systems achieved [17]
lymphoblastic leukemia = Microscopic image Feed forward neural promising results, with AlexNet +
network, Support vector SVM achieving 100% accuracy,
machine Goog-LeNet + SVM achieving
98.1% accuracy, and ResNet-18 +
SVM achieving 100% accuracy.
Musleh, S. et al., 2022 Diagnosis of acute Blood smear Multiple deep learning ResNet-based model performed [18]
lymphoblastic leukemia = Microscopic image models the best with 98% accuracy.
Bigorra, L. et al., 2022 Diagnosis of Whole blood Decision trees, Random Diagnostic accuracy corresponded [19]
lymphocytosis Flow cytometry forests, Naive bayes to 91%.
classifier, k-nearest
neighbor, Neural
networks, Support vector
machines
Sahasrabudhe, M. 2021 Diagnosis of Blood smear Microscopic Multi-Instance Learning Balanced accuracy of [20]
etal., lymphocytosis image Multi-Instance Learning was
85.41%.
Patczynski, K. et al., 2021 Acute lymphoblastic Blood smear Decision trees, Random The average accuracy was over [21]
leukemia classification Microscopic image forests, XGBoost, 90%, reaching 97.4%.
Convolutional Neural
Network
Rezayi, S. et al., 2021 Diagnosis of acute Blood smear Convolutional neural The validation accuracies of [22]

lymphoblastic leukemia

Microscopic image

network

ResNet-50 and VGG-16 were
81.63% and 84.62%.
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2. Materials
2.1. Subjects for Supervised Training

The study subjects for supervised training were 100 healthy cases, 20 erythroblast cases,
and 30 reactive lymphocytosis cases. Erythroblast cases were defined as having a cutoff
value of 3% or higher for the appearance of orthochromatic or polychromatic erythroblasts
in the peripheral blood. Similarly, reactive lymphocytosis cases were defined as having a
cutoff value of 3% or higher for the appearance of atypical lymphocytes in the peripheral
blood. Thin-layer blood smears were prepared from peripheral blood supplemented with
ethylenediaminetetraacetic acid dipotassium salt dihydrate (EDTA-2K).

2.2. Subjects for Clinical Assessment

The subjects for clinical assessment were 25 healthy cases, 25 erythroblast cases, and
25 reactive lymphocytosis cases. Erythroblast cases were defined as having a cutoff value
of 3% or higher for the appearance of orthochromatic or polychromatic erythroblasts in
the peripheral blood. Similarly, reactive lymphocytosis cases were defined as having a
cutoff value of 3% or higher for the appearance of atypical lymphocytes in the peripheral
blood. The thin-layer blood smears were prepared from peripheral blood supplemented
with EDTA-2K.

2.3. Hardware and Software for Deep Learning

The hardware consisted of an Intel(R) Core (TM) i7-8700 3.2 GHz for CPU and NVIDIA
GeForce RTX 3090 Ti with 24 GB memory for GPU (40 TFLOPS). NNabla (SONY) was
used as the neural network library [26], and Anaconda 3.0 and Python 3.5 were used as
the development environment. The ResNet-101 model was applied for deep learning [27].
AdaBound, AdaGrad, AMSGrad, and AMSBound were used for optimization methods.
The layer structure and hyperparameters are shown in Figure 1.

Layer Name Output Size ResNet-101 Optimizer Parameter setting

conv1 112 X 112 7 X 7, 64, stride2
Alfa: 0.001, Betas: 0.9, 0.999, Gamma 0.001,
Final Ir 0.1, Weight decay 0.0001

3 X 3 max pool, stride2 AdaBound

M 1Xx1,64 7

conv2_x 56 X 56
3x3,64 | x3
L1 X 1,256 ANGH Alfa: 0.001, Betas: 0.9, 0.999, Gamma 0.001,
— — ound o .
1% 1,128 Final Ir 0.1, Weight decay 0.0001
conv3_x 28 X 28 3 X 3,128 X4
L1x1,512_
1% 1,256 7] Lr0.01,
conv4_x 14 X 14 3 %3256 | X2 AdaGrad Weight decay 0.0001
L1 x 1, 1024
r1x 1,512
eonVaLX e S X3512 | X3 — Alfa: 0.001, Betas: 0.9, 0.999,
L1 x 1, 2048_] = Weight decay 0.0001
1 X1 average pool, 1000-d fc, softmax

Figure 1. Structure and hyperparameters.

3. Methods

The outline of this study is shown in Figure 2.

3.1. Preparation of Stained Smears

Thin-layer blood smears were subjected to May-Griinwald-Giemsa (MGG) staining.
The May-Griinwald and Giemsa solutions were manufactured by Merck & Co. (Rahway,
NJ, USA). The MGG staining protocol and conditions are shown in Figure 3.
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Figure 2. Outline from microscopic imaging to clinical assessment.

Protocol Reagents Time
Fixation 99% Methanol 1 minute
!
15t stain Undiluted May-Griinwald solution 5 minute
l
2" stain Diluted May-Griinwald solution™' 5 minute
l
Rinse 1/150 mol/l Phosphate buffer solution (pH6.4) 2 times
!
3 stain Diluted Giemsa’s solution *2 15 minute
l
Rinse Running water 3 times
l
Dry Air drying

% 1: Undiluted May-Griinwald solution : 1/150 mol/l Phosphate buffer solution (pH6.4)=1:10
%2: Undiluted Giemsa'’s solution : 1/150 mol/l Phosphate buffer solution (pH6.4)=1:25

Figure 3. Protocol and conditions of the MGG staining.

3.2. Microscopic Imaging

The MGG-stained smears were observed under a microscope using an objective 100x oil
immersion lens. Leukocytes (200 images per smear slide) or nucleated erythroblasts were
captured with a microscope color camera (Axiocam ERc5s; Carl Zeiss) and saved in JPG
format (1920 x 2560 pixels). These images were then trimmed to 750 x 750 pixels as one
nucleated blood cell /image.

3.3. Labeling of Nucleated Blood Cell Images

All images were classified into the following eight categories by three hematological
experts: rod-shaped neutrophil (Band), segmental nucleus neutrophil (Segment), eosinophil
(Eosino), basophil (Baso), monocyte (Mono), normal lymphocyte (Lymph), atypical lym-
phocyte (A-lymph), or erythroblast (EB). The leukocyte classification criteria followed the
“shared standard range for leukocyte visual morphology classification” designated by the
Japanese Society for Laboratory Hematology Committee for Standardization [28,29]. The
morphological features of each category of the nucleated blood cell visual morphology
classification are shown in Tables 2 and 3.
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Table 2. Morphological features and typical images of normal nucleated blood cells.
. Neutrophil Lymphocyte
bt Rod-Shaped Segmental Eosinophil Basophil Monocyte il
Feature Nucleus Nucleus Small Large (Poly or Ortho)
Size 12~15 um 12~15 pm 13~15 um 10~16 pm 12~15 um 9~12 pm 12~16 pm 10~15 um
Diameter ratio Formation of Rl?l}lilatin
of 3:1 or more nuclear Horseshoe or Oval shape chro !
o . . . Oval or some lumps
Minimum filament kidney shape and centrally irrecularl (Poly)
width is more Minimum Divided Outlin Nuclear located h & d y C ny ntrated
Nuclear than 1/3 of the width is less nucleus ourine chromatin-like Concentrated Suape oncentrate
. : . indistinctness . Nucleus and no
maximum than 1/3 of the (Mirror image) roughed and rough chromatin with chromatin
width maximum lace-knit nuclear p d clust tructure i
Long curved width or 1/4 of Thick nodules chromatin ormed clusters iezlécgn;;eﬁ
shape a red blood cell (Ortho)
Invisible by in- Invisible by in- Grayish blue Narrow e Slightly wide (CIi)l;fl};l)sh blue
Cytoplasm Light pink Light pink tracytoplasmic tracytoplasmic Vacuoles Strongl}I. o Light blue Red-orange
granules granules basophilic
(Ortho)
Numerous
Filled large
Intracytoplasmic Light orange Light orange ) s basophilic Fine azurophil Azurophil e Azurophil
eosinophilic No granules
granules ranules ranules ranules ranules ranules (4) ranules (+)
& & granules & & & &
Placed above
the nucleus
. ¢ v
Typical morphology ’ T. Q, ‘ Q ‘
A -

£
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Table 3. Morphological features and typical images of atypical lymphocytes.

Morphological Feature Tve Atyplca}l{ L);ng)hocyte Tvpe T
Downy’s Categorization ype " JP ] P ]
(Monocyte-like) (Plasma Cell like) (Lymphoblast like)
Size 16 um~ 16 um~ 16 um~
Nuclear e  Kidney-shaped or e  Fine nuclei o  Agglutinated nuclei
segmented e  Nucleolus (+) e  Nucleolus (+)
Cytoplasm s Strongly basophilic e  Strongly basophilic e  Strongly basophilic

e  Vacuoles (4)

Intracytoplasmic granules

e Azurophilic granules (%)

Typical morphology

3.4. Preparation of Datasets for Supervised Training

A total of 40,000 nucleated blood cell images were captured with a microscope for
supervised training. A total of 5765 of these 40,000 images that showed typical morphology
in each cell category were randomly selected for the alignment of the balance of the number
of cell images for each category in the data sets, and four types of data sets for supervised
training—A, B, C, and D—were created. The blood cell configurations in the data sets are
shown in Table 4. Next, 80% of the cell images randomly extracted from the data set were
used for the training; these images were reduced from a resolution of 750 x 750 pixels to a
resolution of 480 x 480 pixels. The remaining 20% were used for validation experiments;
these images were reduced from 750 x 750 to 320 x 320 pixels.

Table 4. Blood cell configurations in the data sets for Al training.

Cell Sub-

Dataset A Dataset B Dataset C Dataset D
Category Category
. (Band) 769 769
Neutrophil (g o ment) 836 836
Eosino 599 599
Baso 469 469
Mono 839 839 839
(Lymph) 921 921 921
Lymphocyte (\ Jymph) 711 1632 711 711
EB 621 621 621
Total 5765 5765 2253 2471

3.5. The Development of Al Models for the Identification of Reactive Lymphocytosis Cases

The outline of the Al models developed for the identification of reactive lymphocytosis
cases is shown in Figure 4. The structure of the convolutional neural network (CNN) for
reactive lymphocytosis diagnosis is shown in Figure 5. In this study, two types of screening
Al models were created (one- and two-step models), and their levels of accuracy were com-
pared by hematological experts. The one-step screening model classifies cases into seven cell
categories (Neutrophil (Band and Segment)/Eosino/Baso/Mono/Lymph/A-lymph/EB),
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whereas the two-step model is a tandem Al model consisting of a first model for normal
nucleated blood cell classification and two types of second models for subcategory classifi-
cation and verification. The first model classifies cases into six cell categories (Neutrophil
(Band and Segment)/Eosino/Baso/Mono/Lymph/EB), whereas the second classifies cases
into three cell categories (Lymph/A-lymph/EB or Mono/Lymph/A-lymph). Data augmen-
tation processing was performed to increase the number of training images in all Al models.
Rotation or inversion processing was applied to the randomly selected original image.
Any of the optimization methods (AdaBound/AdaGrad/AMSGrad/AMSBound), which
showed the highest accuracy in validation experiments, were selected as the optimizer for
the best model in the clinical assessments.

O One-step model

—{ 7 categories

Neutrophil Eosino Baso Mono Lymph A-lymph EB

“»n % & e $ ¢ @ .0

(Band) (Segment)

2 Two-step model

—| 6 categories

Neutrophil Eosino Baso Mono Lymphocyte EB
[1st step] .
First screening t ; ' ' ®
2]
model ® « ‘ ‘
(Band) (Segment) (Lymph) (A-lymph)
f
Al Prediction Results
(Extraction lymphocyte or EB category)
Lypiph category EB category
Lymph A-lymph A-lymph EB
[2nd step]

Verification model ‘ ‘ ' ', ' ., L

Figure 4. Outline of the detection of reactive lymphocytes using a one- or two-step AI model.

o One-step model

Conv1 Conv2_x Conv3_x Convéd_x Conv5_x
r

Neutrophil
Eosino
s = Baso
g £
H 3 Mono
H s
< Lymph

Alymph =» >39% —» Reactive lymphocytosis
EB > =3% > Erythroblastcase
2 ) Two-step model

Conv1 Conv2 x Conv3_x Conv4_x Conv5_x ;
[15t model] - - Fmmmmmmcmmmm pm-----C---n f Neutrophil

Eosino

x5 Baso
F
nabing Mono

Input
¥

1x1conv, 256

1x1conv, 1024

3x3conv, 256

1x1 conv, 256

3x3conv, 256
Average pooling

= Lymph = Go to 2" step
s —>Goto2step

EETE AP

]
|
J

A-lymph —» Category Correction

=» Lymph =% Category Correction
1 Erythroblast
case

il
v
Input
¥
7x7conv, 64,12
¥

EB > 2>3%->

L -
Average pooling

[27d model] ~Conv1

Mono = Category Correction

--->

3 [~ Lymph =% Normal Lymph

3xSmaxpool2 |

Input
¥

77 conv, 64,12
¥

Reactive

| =
Adymph = = 3% lymphocytosis

Figure 5. Structure of the convolutional neural network for reactive lymphocytosis diagnosis.
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3.5.1. One-Step Model

This model consists of only one ResNet-101 model and classifies leukocytes into seven
categories. The hyperparameters are shown in Figure 1, and the blood cell configurations
in the data sets for supervised training are shown in Table 4. The transfer learning and
fine-tuning were performed at 500 epochs using training data set A.

3.5.2. Two-Step Model

This model consists of three ResNet-101 models. The hyperparameters are shown
in Figure 1, and the blood cell configurations in the data sets for supervised training are
shown in Table 4.

(1) The first model for normal nucleated blood cell classification

This model consists of only one ResNet-101 model and classifies leukocytes into six
categories. The transfer learning and fine-tuning for the first Al model were performed at
500 epochs using training data set B.

(2) The second model for subcategory classification and verification

This model consists of two ResNet-101 models and classifies leukocytes into three
categories. The transfer learning and fine-tuning for the second AI model were performed
at 500 epochs using training data set C or D.

3.6. Clinical Assessment of Al Models for Reactive Lymphocyte Detection

A total of 13,555 nucleated blood cell images (3212 images of healthy cases, 5252 im-
ages of erythroblast cases, and 5091 images of reactive lymphocytosis cases) were captured
with a microscope for clinical assessment. The blood cell configurations for the clinical assess-
ments are shown in Table 5. All images were reduced from a resolution of 750 x 750 pixels
to a resolution of 320 x 320 pixels. The AI model used for the clinical assessment is the
one that showed the lowest error value in the validation experiments. We performed
clinical assessments with both the one- and two-step models. We calculated representa-
tive indicators (total accuracy, recall, precision, and F-measure), which were compared
statistically. Statistical analysis was performed using IBM SPSS Statistics 29, and p-values
less than 0.05 were considered statistically significant. The validity of the two models as
screening technologies was compared, with sensitivity and nonspecificity calculated across
case groups.

Table 5. Blood cell configurations for clinical assessment.

Erythroblast Reactive
Cell Category Sub-Category Healthy Cases ryCases Lymphocytosis
Cases
. (Band) 9 185 68
Neutrophil (Segment) 1741 2229 964
Eosino 48 65 44
Baso 41 37 18
Mono 143 505 730
(Lymph) 1228 1040 2149
Lymphocyte (A-lymph) 1 9 1118
EB 1 1182 0
Total 3212 5252 5091
4. Results

4.1. Validation Experiments of the AI Model

The best validation error for each optimization method in the validation experiment is
shown in Table 6.
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Table 6. Best validation error for each optimization method in the validation experiment.

Two-Step MODEL

e One-Step
Optimizer c Second Model1  Second Model 2
N First Model (For EB) (For Lymph)
AdaBound 0.1094 0.0816 0.0357 0.0714
AMSBound 0.1085 0.0807 0.0334 0.0558 *
AdaGrad 0.1006 0.0660 * 0.0313 * 0.0714
AMSGrad 0.0963 * 0.0720 0.0402 0.0714

* Best validation error.

4.1.1. One-Step Model

The AMSGrad method (best validation error = 0.0963, 379 epochs) showed the highest
accuracy among the four optimization methods in the validation experiment.

4.1.2. Two-Step Model

(1) The first model for normal nucleated blood cell classification

The AdaGrad method (best validation error = 0.0660, 133 epochs) showed the highest
accuracy of the four optimization methods in the validation experiment.

(2) The second model for subcategory classification and verification

The AdaGrad method (best validation error = 0.0313, 376 epochs) showed the highest
accuracy among the four optimization methods in the validation experiment with second
model 1 for EB verification. The AMSBound method (validation error = 0.0558, 237 epochs)
showed the highest accuracy among the four optimization methods in the validation
experiment with second model 2 for subcategory classification of lymphocytes.

4.2. Clinical Assessments of the AI Model
4.2.1. Analysis of Healthy Cases

Table 7 shows a classification matrix table between experts and the one-step Al model,
and Table 8 shows a classification matrix table between experts and the two-step Al model.
The one-step Al model showed total accuracy, average recall, average precision, and
average F-measure of 0.972, 0.986, 0.867, and 0.900, respectively. By contrast, the two-step
Al model showed values of 0.977, 0.988, 0.870, and 0.914, respectively. All indicators of
total accuracy (+0.005), average recall (+0.002), average precision (+0.003), and average
F-measure (+0.014) showed improvement in the two-step Al model.

Table 7. Clinical Assessment of the one-step Al model for the healthy cases.

Experts/Al (Biill;tsr:gpmhgn " Eosino Baso Mono Lymph  A-Lymph EB Recall
Neutrophil
(Band/Segment) 1695 1 54 0 0 0 0 0.969
Eosino 0 48 0 0 0 0 0 1.000
Baso 0 0 41 0 0 0 0 1.000
Mono 0 0 0 141 2 0 0 0.986
Lymph 0 0 7 7 1195 1 18 0.973
A-lymph 0 0 0 0 0 1 0 -
EB 0 0 0 0 0 0 1 -
Precision 1.000 0.980 0.402 0.953 0.998 - -
F-measure 0.984 0.990 0.573 0.969 0.986 - -
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Table 8. Clinical Assessment of the two-step Al model for the healthy cases.

Neutrophil

Experts/Al eml i) Eosino Baso Mono Lymph A-Lymph EB Recall
Neutrophil
(Band/Segment) 1745 0 5 0 0 0 0 0.997
Eosino 0 48 0 0 0 0 0 1.000
Baso 0 0 41 0 0 0 0 1.000
Mono 0 0 0 143 0 0 0 1.000
Lymph 5 2 30 25 1158 4 4 0.943
A-lymph 0 0 0 0 0 1 0 -
EB 0 0 0 0 0 0 1 -
Precision 0.997 0.960 0.539 0.851 1.000 - -
F-measure 0.997 0.980 0.701 0.920 0.971 - -
4.2.2. Analysis of Erythroblast Cases
Table 9 shows a classification matrix table between experts and the one-step Al model,
and Table 10 shows a classification matrix table between experts and the two-step Al
model. The one-step Al model showed total accuracy, average recall, average precision,
and average F-measure of 0.943, 0.950, 0.801, and 0.830, respectively. By contrast, the two-
step Al model showed values of 0.979, 0.977, 0.924, and 0.943, respectively. All indicators
of total accuracy (+0.036), average recall (+0.027), average precision (+0.123), and average
F-measure (+0.113) showed improvement in the two-step Al model.
Table 9. Clinical Assessment of the one-step AI model for the erythroblast cases.
Experts/Al (Biill;tsr:gpign " Eosino Baso Mono Lymph  A-Lymph EB Recall
Neutrophil
(Band/Segment) 2267 23 117 1 0 0 6 0.939
Eosino 0 65 0 0 0 0 0 1.000
Baso 0 0 37 0 0 0 0 1.000
Mono 24 4 7 410 46 14 0 0.812
Lymph 0 0 0 11 989 2 38 0.951
A-lymph 0 0 0 1 7 1 0 -
EB 0 0 0 0 0 0 1182 1.000
Precision 0.990 0.707 0.230 0.969 0.949 - 0.964
F-measure 0.964 0.828 0.374 0.884 0.950 - 0.982
Table 10. Clinical Assessment of the two-step AI model for the erythroblast cases.
Experts/Al (Biill;tsr:gpmhalelnt) Eosino Baso Mono Lymph A-Lymph EB Recall
Neutrophil
(Band/Segment) 2403 0 11 0 0 0 0 0.995
Eosino 0 65 0 0 0 0 0 1.000
Baso 0 0 37 0 0 0 0 1.000
Mono 15 0 5 462 11 12 0 0.915
Lymph 2 0 4 18 999 6 11 0.961
A-lymph 0 0 0 1 5 3 0 -
EB 1 0 3 0 3 0 1175 0.994
Precision 0.993 1.000 0.617 0.960 0.981 - 0.991
F-measure 0.994 1.000 0.763 0.937 0.971 - 0.992

4.2.3. Analysis of Reactive Lymphocytosis Cases

Table 11 shows a classification matrix table between experts and the one-step Al
model, and Table 12 shows a classification matrix table between experts and the two-step
Al model. The one-step AI model showed total accuracy, average recall, average precision,
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and average F-measure of 0.857, 0.889, 0.793, and 0.803, respectively. By contrast, the two-
step AI model showed values of 0.863, 0.913, 0.841, and 0.869, respectively. All indicators
of total accuracy (+0.006), average recall (+0.024), average precision (+0.048), and average
F-measure (+0.066) showed improvement in the two-step Al model.

Table 11. Clinical Assessment of the one-step Al model for the reactive lymphocytosis cases.

Experts/AI (Biedl;tsr:;mh:elnt) Eosino Baso Mono Lymph A-Lymph EB Recall
Neutrophil
(Band/Segment) 985 1 46 0 0 0 0 0.954
Eosino 0 44 0 0 0 0 0 1.000
Baso 0 0 18 0 0 0 0 1.000
Mono 1 2 0 585 101 41 0 0.801
Lymph 1 0 1 49 2010 77 11 0.935
A-lymph 0 0 0 37 361 720 0 0.644
EB 0 0 0 0 0 0 0 -
Precision 0.998 0.936 0.277 0.872 0.813 0.859 -
F-measure 0.976 0.967 0.434 0.835 0.870 0.736 -
Table 12. Clinical Assessment of the two-step AI model for the reactive lymphocytosis cases.
Experts/AI (Bifil;tsr:gprzgnt) Eosino Baso Mono Lymph A-Lymph EB Recall
Neutrophil
(Band /Se;ment) 1028 0 2 2 0 0 0 0.996
Eosino 0 44 0 0 0 0 0 1.000
Baso 0 0 18 0 0 0 0 1.000
Mono 1 0 1 652 15 57 0 0.898
Lymph 2 0 7 142 1830 172 0 0.850
A-lymph 0 0 0 104 192 822 0 0.735
EB 0 0 0 0 0 0 0 -
Precision 0.997 1.000 0.643 0.724 0.898 0.782 -
F-measure 0.997 1.000 0.783 0.802 0.874 0.758 -

Figure 6 shows the recall, precision, and F-measure distribution of the A-lymph cat-
egory in the clinical assessments. The one- and two-step models showed 0.594 + 0.192
(mean + standard deviation [SD]) and 0.680 + 0.174 for recall, 0.813 + 0.124 and
0.759 + 0.173 for precision, and 0.672 £ 0.169 and 0.712 =+ 0.164 for the F-measure, re-
spectively. A significant improvement in recall was found (p < 0.01). Figure 7 shows
representative images classified into the lymph or A-lymph category by experts and the
two-step Al model. A-lymph with strong cytoplasmic basophilia or with moderate cyto-
plasmic basophilia and intense atypical nuclear changes (appearance of many nucleoli or
agglutinated nuclei) were classified into the A-lymph category by both experts and the Al
model. Lymph from small to medium size was also classified into the Lymph category by
both experts and the Al model. By contrast, large Lymph with mild cytoplasmic basophilia
but without atypical nuclear changes was misclassified into A-lymph, and A-lymph with
mild cytoplasmic basophilia and atypical nuclear changes was misclassified into Lymph by
the Al model. In addition, part of large Lymph or monocyte-like A-lymph (Type I) was
misclassified into the Mono category by the Al model.
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Figure 6. Comparison of the one- and two-step Al models for the A-lymph category. (A) Distribution
of recall for cases. (B) Distribution of precision for cases. (C) Distribution of F-measure for cases.

(A)  Experts:Lymph / Al:Lymph (B) Experts:A-lymph/ Al: A-lymph

"

(C)  Experts:Lymph / Al: A-Lymph (D)  Experts:A-lymph / Al:Lymph

® 9,0 #® W

Figure 7. Comparison of representative images classified into the Lymph or A-lymph category.

4.2.4. Comparison of Case Group Identification Performance in Clinical Assessments

Figure 8 shows the total accuracy distribution of each case group in the clinical
assessments. The accuracy of one- and two-step models showed 0.971 £ 0.047 (mean =+ SD)
and 0.977 £ 0.024 in the analysis of healthy cases, 0.938 & 0.040 and 0.978 & 0.018 in
the analysis of erythroblast cases, and 0.856 + 0.056 and 0.863 % 0.069 in the analysis of
atypical lymphocytosis cases, respectively. Significant improvement was observed for
the erythroblast cases (p < 0.01). However, no significant improvement was observed
for the reactive lymphocytosis cases (p = 0.417). The identification accuracy at the case
level is shown in Table 10. The concordance accuracy for cell classification may be biased
toward detecting some cases with a high appearance rate (missed detection with a low
appearance rate), and the occurrence of false-negative cases cannot be denied. Conversely,
the diagnostic concordance accuracy at the case level reflects the power to detect borderline
cases with a low atypical lymphocyte appearance rate (3%-5%). Table 13 shows a matrix
table for the identification of erythroblast cases with the one- and two-step Al model. Both
the one- and two-step Al models showed sensitivity, specificity, positive predictive ratio,
negative predictive ratio, and efficiency of 1.000, 1.000, 1.000, 1.000, and 1.000, respectively.
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No differences in the identification of erythroblast cases were observed between the one-
and two-step Al models. Table 14 shows a matrix table for the identification of reactive
lymphocytosis cases with the one- and two-step Al model. The one-step AI model showed
sensitivity, specificity, positive predictive ratio, negative predictive ratio, and efficiency
of 0.880, 1.000, 1.000, 0.893, and 0.893, respectively. By contrast, the two-step Al model
showed values of 0.960, 1.000, 0.962, 1.000, and 0.962, respectively. Improved sensitivity,
negative predictive ratio, and efficiency in the identification of reactive lymphocytosis cases
were observed between the one- and two-step AI models.

(A) (B) | * — (€)
1.00 1.00 % 1.00
0.90 - 0.90 - il 0.90
0.80 - 0.80 0.80 -
0.70 - 0.70 - 0.70
0.60 - 0.60 | 0.60
0.50 0.50 0.50
0.40 - 0.40 - 040 -
0.30 - 0.30 0.30
0.20 - 0.20 020
0.10 0.10 0.10
**p<0.01
0.00 0.00 ) 0.00
One-step Two-step One-step Two-step One-step Two-step
Healthy cases Erythroblast cases Reactive lymphocytosis cases

Figure 8. Comparison of the one- and two-step Al models in the clinical assessments.

Table 13. Comparison of identification performance in the erythroblast cases.

Al Al
One-Step Model Erythroblas  Healthy i Two-Step Model Erythroblas  Healthy il
Erythroblast 25 0 25 Erythroblast 25 0 25
Experts Healthy 0 5 % Experts Healthy 0 25 25
Total 25 25 50 Total 25 25 50
Table 14. Comparison of identification performance in the reactive lymphocytosis cases.
Al Al
One-Step Model Reactive ) Healthy Total Two-Step Model Reactive ) Healthy Total
Lymphocytosis Lymphocytosis
Reactive Reactive
Experts Lymphocytosis 22 3 25 Experts Lymphocytosis 2 ! 2
Healthy 0 25 25 Healthy 0 25 25
Total 22 28 50 Total 24 26 50

5. Discussion

In this study, we approached leukocyte categorizations using two types of Al mod-
els and assessed their clinical usefulness for the identification of reactive lymphocytosis
at blood smear screening. The one-step model was a direct classification AI model that
classified leukocytes with normal and atypical morphologies in a single process. By
contrast, the two-step model classified normal leukocytes regardless of atypicality or ab-
normality in the first step, and identified normal cells, atypical cells, or other similarly
morphed cells only in a specific cell category in the second step. The two-step model
showed higher performance than the one-step model for all indicators (total accuracy,
recall, precision, and F-measures) in the clinical assessments of healthy, erythroblast, and
reactive lymphocytosis cases. The two-step model also showed higher performance than
the one-step model in detecting atypical lymphocytes (+0.086 for recall and +0.04 for
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the F-measure). These results suggest that compared with a single Al model, a tandem
combination of multiple AI models is more effective for improving Al performance in
leukocyte classification. In addition, both sensitivity and specificity are representative
clinical indicators for screening tests, and a highly sensitive test method is important and
efficient for screening tests. Because the main purpose of a screening test is to prevent
atypical or abnormal cells from being missed, even if over-detection occurs in the screening
test, this can be verified in a subsequent definitive test by experts. The two-step approach
greatly improved the sensitivity, from 0.880 to 0.960. Bigorra et al. [30] reported that the
pattern-matching leukocyte classification system currently in operation in clinical labo-
ratories is only 80% accurate for reactive lymphocytosis. Therefore, in the present study,
the tandem combination of multiple Al models was proven to be effective for improv-
ing reactive lymphocytosis identification. This means that the method can contribute
to the prevention of reactive lymphocytosis from being overlooked in peripheral blood
smear screening. The benefits of multiple Al model combinations have been reported by
Claro, M.L. et al. [25], who studied multiple CNNs connected by parallel linkages in
leukemia classification and reported that a combination of methods helped reduce the error
variance of the predictions, which improves the accuracy of deep learning-based models.
Chen, Y.M. et al. [15] reported that the parallel combined ensemble model with Resnet-101
had superior accuracy. In their study, they achieved 85.11% accuracy in ALL classifications
using the ResNet101-9 ensemble model. Although their targets were ALL and differed
in terms of parallel combination, their goals were consistent with those of the present
study in terms of multiple Resnet-101 binding models. The classification accuracy of their
method approximated that of the present study. However, it did not reach the level of the
hybrid model reported by Abunadi, I. et al. [17], who combined several different layered
models. This suggests that combining CNN models with different layers in our proposed
tandem combination may be effective for improving accuracy. Most ensemble methods
involve a parallel connection of multiple Al models for the same leukocyte classification
number at the final process, whereas our method involves a tandem connection of a rough
leukocyte classification model and a fine identification model limited to a specific cell
category. However, both studies showed similar results in terms of improved accuracy
by combining multiple Al models, which supports the validity of our proposed method.
Our proposed method limits the leukocyte classification categories to a small number of
morphologically similar categories, which we presume allows for the detection of features
that are valid only for identification between specific cells. Despite the same training data,
the number of A-lymph detections increased from 720 to 822 with the two-step model;
therefore, it is clear that a differently weighted Al model was generated. Similarly, the
number of misclassifications from A-lymph to Lymph decreased from 361 to 192 with the
two-step model, while the number of misclassifications to Mono increased from 37 to 104;
therefore, it is clear that different features were recognized. However, while improved
sensitivity can be useful in terms of preventing missed cells, over-detection by automated
technologies may lead to the need for retesting by experts. Therefore, we consider that this
model needs improved precision for atypical lymphocytes in terms of efficiency. Concern-
ing the causes of over-detection in clinical assessments, some trends have been found in
cell classification (Figure 6). Our results indicated that A-lymph with strong cytoplasmic
basophilia or A-lymph with moderate cytoplasmic basophilia and intense atypical nuclear
changes (appearance of many nucleoli or agglutinated nuclei) was able to be classified ac-
curately (Figure 7A,B). By contrast, normal large Lymph with mild cytoplasmic basophilia
but without atypical nuclear changes was misclassified into A-lymph, and A-lymph with
mild cytoplasmic basophilia and atypical nuclear changes was misclassified into normal
Lymph by the Al model (Figure 7C,D). Identifying atypical lymphocytes is based on a
comprehensive rating of two factors: nuclear structure and the level of basophilia of the
cytoplasm. It is presumed that plasma cell- or lymphoblast-like A-lymph could be easily
identified from normal lymphocytes because these cells have strong cytoplasmic basophilia.
On the contrary, Mono, normal large Lymph, and monocyte-like A-lymph show remark-
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ably similar morphology. It is suggested that misclassification may occur with moderate
cytoplasmic basophilia in these borderline morphological cases. Therefore, it may be
necessary to consider cutoff values for average basophilic levels and to reconstruct the
data set for Al training based on Downey subclassification to obtain high accuracy and
precision. This is supported by Kim, D.H. et al. [31], who reported that setting cutoff values
to maximize sensitivity and specificity improves the accuracy of Al analysis. In addition,
the establishment of borderline classifications may also be useful in limiting the number of
cells to be retested by experts. Malignant cell screening performed as a noninvasive test of
solid tumors (e.g., uterine cancer, lung cancer, or urologic tumors) in cytopathology is a
representative example. The Papanicolaou Classification or Bethesda System is used as a
grading system in cancer cell screening [32-34]. These grading systems contain a malignant
suspect category, intermediate between normal and malignant, which allows retests to be
limited to borderline cells. The current visual blood morphology classification does not
define “suspicious” as a separate category and differs from the malignant cell classification
in cytopathological diagnosis. However, because Al classification is based on statistical
probability, it may be necessary to indicate “suspicious” when the predicted classification of
two cell groups is close. As with the detection of A-lymph, ALL is also a hematological dis-
ease that is difficult to classify. Abir, W.H. et al. [35] proposed implementing explainable Al
techniques (XAI) for classifying ALL. Several studies have reported using XAl techniques
to visualize the causes of leukocyte misclassification in case studies other than ALL [36-38].
Grad-CAM and LIME methods are known as visualization Al techniques that can confirm
the presence of misinterpretations by Al regarding feature extraction locations and impor-
tance. Therefore, visualization Al technology is expected to be used in conjunction with
this Al model to improve the efficiency of double-checking by experts.

6. Conclusions

In the present study, our two-step tandem Al model achieved a sensitivity of 0.960
and a specificity of 1.000 between healthy and reactive lymphocytosis cases. It also showed
high performance for identifying reactive lymphocytosis in blood smear screening. As the
clinical utility of this AI model was identified, we believe tandem combination methods
with stepwise limitation of cell classification categories contribute to a diagnosis of reactive
lymphocytosis at an early stage. Moreover, this method could also be expected to contribute
to the improvement of the diagnostic technology for other hematological diseases with
polymorphic changes.
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