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Abstract: Ultrasound (US) is commonly used for the diagnosis of liver masses. Ensemble learning
has been widely used for image classification, but its methods have not been fully optimized. This
study was performed to investigate the usefulness of ensemble learning and compare a number of
ensemble learning techniques using multiple convolutional neural network (CNN)-trained models
for image classification of liver masses in US images. The US imaging data set was classified into
four categories: benign liver tumor (BLT, 6320 images), liver cyst (LCY, 2320 images), metastatic
liver cancer (MLC, 9720 images), and primary liver cancer (PLC, 7840 images). In this study, 250 test
images were randomly selected for each class, for a total of 1000 images, and the remaining images
were used for training. Sixteen different CNNs were used for to train and test the US images. All
four types of ensemble learning —soft voting (SV), stacking (ST), weighted average voting (WAYV),
and weighted hard voting (WHV)—showed greater accuracy than the single CNN. All four types
also showed significantly better deep learning performance than ResNeXt101 alone. For image
classification of liver masses using US images, ensemble learning improved the performance of deep
learning over a single CNN.

Keywords: ensemble learning; deep learning; convolutional neural network; liver; ultrasonography;
artificial intelligence

1. Introduction

Hepatocellular carcinoma (HCC) is the most common primary liver cancer, the sixth
most common cancer, and the second leading cause of cancer death, resulting in almost
800 000 deaths worldwide annually [1-3]. Survival of patients with HCC is mainly
influenced by the disease stage at the time of diagnosis [4]. Ultrasound (US) is a simple,
noninvasive, safe, portable, relatively inexpensive, and easily accessible imaging modality
with no risk of radiation exposure, making it useful as a diagnostic and monitoring tool
in medicine [5,6]. Conventional US is the first choice for surveillance of HCC [4,7,8]. The
reported sensitivity of US alone for HCC diagnosis ranges from 60% to 90%, with excellent
specificity of greater than 90% [9, 10]. Ultrasonography is often used to screen the liver,
especially for HCC, due to its low cost, accessibility, and lack of X-ray exposure [11].

There have been a number of reports of the application of artificial intelligence (AI)
in US, including examination of the thyroid, breast, abdomen, and pelvic area, and in
obstetrics and gynecology, such as monitoring of the fetus, heart, and vascular system.
Al-based image classification of liver masses has been applied to computed tomography
(CT) [12,13]. In addition, Al-based image classification of colorectal cancer liver
metastases has been studied in magnetic resonance imaging (MRI) [14], and in the
differential diagnosis of masses in US [15, 16].

© 2022 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202211.0574.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 November 2022 d0i:10.20944/preprints202211.0574.v1

Ensemble learning, which uses multiple learning models, has recently been applied
for image classification using deep learning. Ensemble learning can improve the
performance of Al by due to the use of multiple models in conjunction with each other.
Conventional ensemble learning related to diagnostic imaging includes studies using
voting and stacking methods [17-28]. Ensemble learning has been reported involving the
selection of the top three of nine trained convolutional neural network (CNN) models [17,
18], and one study reported ensemble learning from all of 15 trained CNNs [19]. However,
the bases for determining which ensemble learning methods should be used and in what
combinations remain unclear.

This study was performed to compare and investigate the usefulness of some
ensemble learning techniques using multiple CNN-trained models for multiclass image
classification of liver masses in US images.

2. Materials and Methods
2.1. Data Set

The study was performed using 26 200 US B-mode, grayscale still images of liver
masses collected as part of a research project funded by the Japan Agency for Medical
Research and Development (AMED) from 2018 to 2021, entitled “National Database
Construction of Digital Ultrasound Images and Artificial Intelligence-Assisted
Ultrasound Diagnostic System Development.” The data for this project were collected by
US experts from several institutions selected by the Japanese Society of Ultrasound
Medicine. The images used in this project were classified into four categories: benign liver
tumor (BLT, 6320 images), liver cyst (LCY, 2320 images), metastatic liver cancer (MLC,
9720 images), and primary liver cancer (PLC, 7840 images). In this study, 250 test images
were randomly selected for each class, for a total of 1000 images, and the remaining
images (6970 BLT images, 2310 LCY images, 9470 MLC images, and 7590 PLC images)
were used in training. The study was approved by the Ethics Committee of Jikei
University Hospital.

2.2 Hardware and Software

The hardware consisted of a desktop computer built for Al with an Intel core i9 CPU,
128 GB of random access memory (RAM), and NVIDIA RTX A6000 graphics processing
unit (GPU), running Ubuntu Linux version 20.04 (https://jp.ubuntu.com/). The
programming languages used was Python version 3.8 (https://www.python.org/).
TensorFlow  version 2.8 (https://www.tensorflow.org/), Keras version 2.8
(https://keras.io/), a machine learning (ML) library, and scikit-learn 0.24 (https://scikit-
learn.org) were used to create the programs.

2.3 Training and Testing with 16 CNNs

Sixteen different CNN models were used for training and testing US images (Table
1). EfficientNetB0-B6 [29] were pretrained by Noisy Student [30], and the other nine
models were fine-tuned by replacing only all coupling layers or by replacing part of the
convolutional layer with all coupling layers based on the models pretrained by ImageNet.
Sixteen types of training were performed using the models and the abovementioned
training images. The resolution of all input images was set to 256 x 256 for comparison
them and to ensure reproducibility of training results. The batch sizes were all set to 32,
the number of epochs to 50, and the random number seed was fixed to an arbitrary seed
value. Width shift, height shift, and horizontal flip were used as data augmentation. The
floating-point number for width shift and height shift was set to 0.1. We used k-partition
cross-validation (k =10) to validate the predictive performance of the ML models. The
model fitting callback was the early stopping function of Keras, which stops training
before overtraining occurs, and training was stopped if there was no improvement during
10 epochs of val_loss values. We also reduced the learning rate by 0.1 if there was no
improvement for three epochs using ReduceLROnPlateau in Keras. For each of the 16
CNN training models created in training, we performed a test on a test image using the
same model. Precision, sensitivity (recall), specificity, and f1 score were calculated for each
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class as indices for comparing the accuracy of the test results for each model and as
evaluation indices for the two types of ensemble learning described below, and the macro
average of each of these indicators was calculated. The area under the curve (AUC) of the
receiver operating characteristic (ROC) curves for each of the four classes and the macro
average were also calculated for each model. The accuracy of the results was calculated
and ranked from the one with the highest value.

2.4 Ensemble Learning

Ensemble learning was performed using the soft voting (S5V), weighted average
voting (WAV), weighted hard voting (WHV), and stacking (ST) methods. In general,
stacking methods are ensemble ML algorithms that can learn how to optimally combine
predictions from several base models using meta-learning algorithms (Figure 1). The ST
method used in this study combines a CNN as the base model with LightGBM version
3.2.1 (https://lightgbm.readthedocs.io/), a type of gradient boosting method, as the
metamodel. For each of these four types of ensemble learning, we calculated the 2-16 best
methods one by one based on the order of increasing accuracy of each algorithm. For
LightGBM, k=5 was set using k-partition cross-validation. The number of gradient
boosting iterations (num_boost_round) was set to 1000, and the number of times that
training was terminated (early_stopping) was set to 50 if the score did not improve a
certain number of consecutive times in the evaluation data, even if the specified training
count was not reached. The multiclass log loss (multi_logloss) was used as the metric for
the LightGBM evaluation function. As the hyperparameters need to be optimized when
performing the LightGBM calculation, we wused Optuna version 2.10.0
(https://www .preferred.jp/ja/projects/optuna/), an open source software framework for
automating the optimization of hyperparameters, for all three of the abovementioned
algorithms. We also fixed the random number seeds in the program to ensure
reproducibility when using Optuna with LightGBM. Finally, of the 15 SV, WA, WV, and
ST methods, we selected the one with the highest accuracy for each of the classes. The
precision, sensitivity (recall), specificity, and f1 score were calculated for each class as well
as the macro average for each of these indices. The ROC curves for the four classes and
the macro average, as well as the AUC of the ROC for the macro average, were calculated
for each model.

2.5 Statistical Analysis

The test results of 16 single learning models and ensemble learning were examined
for statistical significance. Among the 16 independent learning models, we selected the
top three models with the highest accuracy from 1 to 3. For ensemble learning, all 15 SV
methods and all 15 ST methods were used. For these two methods, i.e., single learning
and ensemble learning, we determined the correctness of the known 4-class classification
of test results and the correctness from the predicted result class for each method, and also
determined the true positives and negatives between the two methods. The total numbers
of false positives, false negatives, and true negatives were tabulated. Finally, the
McNemar test [31] was used to determine the significance of the total number of 90 total
results for single learning and ensemble learning. In addition, to examine the statistical
significance of the differences between SV and ST, a total of 15 McNemar tests were
conducted to test for significant differences between the ensemble learning models using
the same individual learning models (top 2-16). Significant difference tests were
performed.

2.6 Heat map image

Heat map images for each class were created for the model with the highest accuracy
among the 16 individual training models. Heat map images allow visualization of the part
of the image examined by the ML algorithm by focusing on the features extracted by the
last convolutional layer of the CNN. Gradient-weighted class activation mapping (Grad-
CAM) (http://gradcam.cloudcv.org/) code was used to create heat map images for each
class.
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3. Results
3.1. Evaluation of Test Results for 16 CNN models

The evaluation metrics for each of the 16 CNNs are shown in Tables 2 and 3. Ranked
in order of increasing accuracy, the top 1 to 3 (values of accuracy in parentheses) were
ResNext101 (0.719), Xception (0.715), and InceptionResNetV2 (0. 7). With the exception of
EfficientNetBO0 (0.694) ranked 6th, the CNNs ranked 4-9 were ResNet-based CNNs, and
those ranked 11-16, of which EfficientNetB4 (0.617) had the lowest accuracy, were
EfficientNet-based CNNs. The ranking based on the highest f1 score from 1 to 3 was
consistent with the accuracy ranking. All 16 CNNs were ranked high in specificity,
precision, and sensitivity. There was no significant difference between the test results of
the top-ranking CNN model, ResNeXt101, and those of the models ranked 2nd to 9th,
while a clear significant difference was seen compared to the 10th to 16th ranked models
(P <0.05) (Table 3).

3.2. Evaluation of Test Results for Ensemble Learning

A comparison of the accuracy values for ensemble learning is shown in Figure 2.
Among SV methods, SV16 had the highest accuracy of 0.776. Among ST methods, ST9 had
the highest accuracy of 0.776. Among WHV methods, WHV13 had the highest accuracy
of 0.779. Among WAV methods, WAV7 had the highest accuracy of 0.783, which was the
highest accuracy value for all methods (Table 4). In addition, statistical analysis of all test
results among the four ensemble learning methods for the same number of models used
in the 15 methods from the 2nd to 16t ranking methods showed that SV2 had significantly
better test results than WHV2 (P <0.01). There were no significant differences in test
results for the ensemble learning method among the other SVs, STs, WAVs, and WHVs.

The respective metrics for SV16, ST9, WAV7, and WHV13 are shown in Table 5. In
addition to accuracy (0.783), WAV?7 had the highest precision (0.790), sensitivity (0.783),
specificity (0.928), f1 score (0.786), and macro-AUC (0.935) of the ROC curve were the
highest values among all methods used in this study.

The significance of differences between the 2nd to 16th ranking test results of these
four ensemble training methods and the test results for ResNeXt101 with the top-ranking
accuracy is shown in Table 5. For SV and ST, the test results were significantly higher (P
<0.05) than those of ResNeXt101 for those ranking 4th to 16th. For WAV, the 3rd to 16t
ranking showed significantly higher test results with ResNeXt101 (P <0.05), and for
WHYV, the 5th to 16t ranking showed significantly better test results with ResNeXt101 (P
<0.05).

The average computation times required to output the results from the test data of
each of the 15 ensemble learning methods from the 2nd to 16t ranking were 4.26 s for SV,
18 min 7.38 s for S, 13 min 22.23 s for WAV, and 40 min 55.73 s for WHV.

In addition, we compared the test results between the same ensemble learning
methods with the highest accuracy (5V16, ST9, WAV7, and WHV13) and the other
methods of the same ensemble learning method (Table 6). There were no significant
differences between SV16 and SV2-16 or ST4-16, while ST9 and ST2 and 3 were
significantly different (P <0.05). WAV7 was significantly different from WAV2-4 (P <
0.05), but not from WAV5-16. The results for WHV13 were significantly different from
those for WHV2—4 (P < 0.05) but not significantly different from those for WHV5-16 (P <
0.05).

3.3. Details of Image Classification of Ultrasound Images of Liver Masses

Table 7 shows the image classification results of four different liver masses for
ResNeXt101, the model with the highest accuracy among the 16 CNNs examined, and
WAV7, the model with the highest accuracy among ensemble learning models examined
in this study. All of the indices (precision, sensitivity, specificity, f1 score, AUC) for both
ResNeXt101 and WAV7 were highest for LCY, followed by BLT and PLC, and lowest for
MLC. In comparison of the values of precision, sensitivity, and specificity, only the liver
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cyst of WAV7 had 100% precision and specificity, while all the others, both ResNeXt101
and WAV?7, had 100% precision and specificity, but all others, both ResNeXt101 and
WAV?7, had high specificity, precision, and sensitivity, in that order. Four classes of heat
maps were created using ResNeXt101, the model with the highest accuracy among the 16
CNNs, and representative examples are shown in Figure 3.
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3.4. Figures, Tables, and Schemes
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Figure 1. Examples of Four Ensemble Learning Methods.

This figure shows examples of three different classifiers and two class classifications. In this study,
16 different classifiers and 4 class classifications were used.
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Figure 2. Comparison of Accuracy for Ensemble Learning.
Numbers of top models representing the number of classifiers used for ensemble training from those ranked 2-16 in accuracy.

SV, soft voting; ST, stacking; WAV, weighted average voting; WHYV, weighted hard voting.
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Figure 3. Ultrasound and Heat Map Images of the Four Classes.
A 256 x 256 ultrasound B-mode image (grayscale image on the left of each class) and a corresponding heat map image (color mapped image on the right side of each

class) for each of the four classes (benign liver tumor, liver cyst, metastatic liver cancer, primary liver cancer).
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Table 1. Sixteen Different CNN models

Trainable

Model Total parameters parameters FLOPs
Xception 22963 756 9970 324 119G
InceptionV3 23905 060 13 227 844 773G
InceptionResNetV2 55914 724 5737 060 17.7 G
ResNet50 25 689 988 25 636 868 10.1G
ResNet101 44 760 452 44 655 108 199G
ResNeXt50 25150 413 25082 183 111G
ResNeXt101 44 368 845 4 353 028 209G
SeResNeXt50 27 681 396 27 613172 111G
SeResNeXt101 49 146 548 49 008 692 209G
EfficientNetB0 5 365 408 2445 236 1.05G
EfficientNetB1 7 891 076 2 677 204 1.54 G
EfficientNetB2 9215478 3090 844 1.78 G
EfficientNetB3 12 361 516 3531108 259G
EfficientNetB4 19 513 948 4 491 508 4.03 G
EfficientNetB5 30 615 796 5558 404 6.3G
EfficientNetB6 43 324 556 6731796 8.96 G

EfficientNetB0-B6 are models pretrained by Noisy Student, and the other nine models were fine-tuned models based on models
pretrained by ImageNet, replacing only all coupling layers, or replacing a part of the convolution layer and all coupling layers
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Table 2. Evaluation Metrics for Each of the 16 CNNs

Model Precision™ ** Sensitivity™ ** Specificity* ** Accuracy** Ranking of
accuracy

ResNeXt101 0.731 (0.778, 0.686) 0.719 (0.772, 0.666) 0.906 (0.925, 0.888) 0.719 (0.747, 0.691) 1
Xception 0.728 (0.777, 0.679) 0.715 (0.769, 0.661) 0.905 (0.924, 0.886) 0.715 (0.743, 0.687) 2
InceptionResNetV2 0.720 (0.766, 0.675) 0.700 (0.756, 0.644) 0.900 (0.919, 0.881) 0.700 (0.728, 0.672) 3
SeResNeXt50 0.709 (0.758, 0.660) 0.699 (0.752, 0.646) 0.900 (0.919, 0.880) 0.699 (0.727, 0.671) 4
ResNeXt50 0.710 (0.758, 0.663) 0.695 (0.750, 0.640) 0.898 (0.917, 0.879) 0.695 (0.724, 0.666) 5
EfficientNetBO 0.715 (0.762, 0.669) 0.694 (0.750, 0.638) 0.898 (0.917, 0.879) 0.694 (0.723, 0.665) 6
SeResNeXt101 0.698 (0.746, 0.650) 0.690 (0.744, 0.636) 0.897 (0.916, 0.877) 0.690 (0.719, 0.661) 7
ResNet101 0.698 (0.750, 0.647) 0.686 (0.739, 0.633) 0.895 (0.915, 0.875) 0.686 (0.715, 0.657) 8
ResNet50 0.697 (0.748, 0.645) 0.684 (0.737, 0.631) 0.895 (0.914, 0.875) 0.684 (0.713, 0.655) 9
InceptionV3 0.705 (0.754, 0.656) 0.676 (0.733, 0.619) 0.892 (0.912, 0.872) 0.676 (0.705, 0.647) 10
EfficientNetB2 0.674 (0.725, 0.621) 0.664 (0.719, 0.607) 0.888 (0.909, 0.867) 0.664 (0.692, 0.634) 11
EfficientNetB5 0.680 (0.730, 0.630) 0.662 (0.718, 0.606) 0.887 (0.908, 0.867) 0.662 (0.691, 0.633) 12
EfficientNetB3 0.681 (0.733, 0.630) 0.661 (0.718, 0.604) 0.886 (0.908, 0.866) 0.661 (0.690, 0.632) 13
EfficientNetB6 0.673 (0.726, 0.620) 0.660 (0.716, 0.604) 0.887 (0.908, 0.866) 0.660 (0.689, 0.631) 14
EfficientNetB1 0.647 (0.700, 0.595) 0.628 (0.687, 0.569) 0.876 (0.898, 0.854) 0.628 (0.658, 0.598) 15
EfficientNetB4 0.638 (0.689, 0.588) 0.617 (0.675, 0.559) 0.872 (0.894, 0.851) 0.617 (0.647, 0.587) 16

*Macro average.

**95% confidence interval.
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Table 3. Evaluation Metrics for Each of the 16 CNNs (Table 2 continued) and Significant Differences Between ResNeXt101 (Top Ranking) and the Other 15 Models

Model f1 score* ROC Macro AUC Ranking of accuracy P-value **
ResNeXt101 0.724 0.902 1 -

Xception 0.720 0.900 2 0.882
InceptionResNetV2 0.707 0.880 3 0.377
SeResNeXt50 0.699 0.874 4 0.341
ResNeXt50 0.701 0.903 5 0.238
EfficientNetB0O 0.701 0.866 6 0.224
SeResNeXt101 0.692 0.870 7 0.148
ResNet101 0.685 0.887 8 0.107
ResNet50 0.682 0.888 9 0.081
InceptionV3 0.684 0.859 10 0.037
EfficientNetB2 0.666 0.868 11 0.006
EfficientNetB5 0.668 0.890 12 0.005
EfficientNetB3 0.667 0.867 13 0.006
EfficientNetB6 0.664 0.877 14 0.004

EfficientNetB1 0.635 0.852 15 <0.001

EfficientNetB4 0.624 0.856 16 <0.001

*Macro average.
**P-value of the McNemar’s test for comparison of ResNeXt101 with the other 15 models.
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Table 4. Top Evaluation Metrics for Each of the Four Types of Ensemble Learning

Model Precision*** Sensitivity*** Specificity*** f1 score* ROC Macro AUC Accuracy**
SV1e 0.783 (0.824, 0.733) 0.777(0.822,0.724)  0.926 (0.941, 0.906) 0.779 0.94 0.777 (0.802, 0.750)
ST9 0.783 (0.822, 0.734) 0.776 (0.821, 0.723) = 0.925 (0.940, 0.906) 0.778 0.924 0.776 (0.801, 0.749)
WAV7 0.790 (0.831, 0.749) 0.783 (0.832,0.734) = 0.928 (0.943, 0.912) 0.786 0.935 0.783 (0.809, 0.757)
WHV13 0.784 (0.829, 0.740) 0.779 (0.827,0.731) = 0.926 (0.943, 0.910) 0.781 - 0.779 (0.805, 0.753)

*Macro average.

**95% confidence interval.
SV, soft voting; ST, stacking; WAV, weighted average voting; WHV, weighted hard voting.
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Table 5. P-values of McNemar Test Between the Top-Ranking Model (ResNeXt101) and Top Four Ensemble Methods (SV, ST, WAV, and WHV)

P-value SV2 SV3 Sv4 SV5 SV6 SVZ SV8 SV9 SVIO SVI1 SVI2 SVI3 SVi4 SVI5 SV16
ResNeXt101 = 0.092 0.054 0.016 0.013 0.003 0.005 0.003 0.003 0.004 0.0099 0.004 0.004 0.006 0.007 0.002
P-value ST2 ST3 ST4 ST5 ST6 ST7 ST8 ST9 ST10 ST11 ST12 STI13 ST14 STI15 ST16
ResNeXt101 0300 0.088 0.012 0.007 0.006 0.008 0004 0.003 0.013 001 0004 0005 0011 0.014 0.012
P-value WAV2 WAV3 WAV4 WAV5 WAV6 WAV7 WAVS WAV9 WAVI WAV WAV WAV WAV WAV WAV
0 11 12 13 14 15 16

ResNeXtl01 0792 0037 0014 0.003 0.001 0.001 0001 0.001 0.001 0.004 0001 0.003 0.001 0.001 0.001
P-value WHV WHV WHV WHV WHV WHV WHV WHV WHV WHV WHV WHV WHV WHV WHV
2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

ResNeXt101 =~ 0.836  0.183 = 0.096 0.027 0.017 0.0095 0.013 0.013 0.009 0.0103 0.009 0.002 0.002 0.017 0.0095

SV, soft voting; ST, stacking; WAV, weighted average voting; WHYV, weighted hard voting.
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Table 6. P-values of McNemar Test Between the Same Ensemble Learning Model With the Highest Accuracy (SV16, ST9, WAV7, and WHV13) and Other Models of the Same
Ensemble Learning Method

P-value 5v2 5V3 S5v4 5V5 5Ve6 Sv7 5v8 5V9 SV10 Sv1l Svi2 SV13 Svi4 SV15
SVie 0.058 0.110 0.347 0.412 1.000 0.820 0.905 1.000 0.804 0.322 0.761 0.868 0.424 0.180
P-value ST2 ST3 ST4 ST5 ST6 ST7 ST8 ST10 ST11 ST12 ST13 ST14 ST15 ST16
ST9 0.003 0.007 0.200 0.418 0.500 0.263 0.774 0.281 0.341 0.798 0.788 0.322 0.253 0.272

P-value WAV2 = WAV3 WAV4 WAV5 WAV6e WAVS WAV9 WAV WAV WAV WAV WAV WAV WAV
10 11 12 13 14 15 16

WAV7 <0.001 @ 0.022 0.036 0.280 1.000 0.815 0.672 0.885 0.336 0.897 0.477 0.899 0.749 1.000

P-value WAV2  WAV3  WAV4 WAV5 WAV6 WAVS WAV9 WAV &~ WAV1 WAV1 WAVl WAV WAV WAV
10 1 2 3 14 15 16
WAV7 <0.001 @ 0.004 0.022 0.132 0.223 0.332 0.207 0.219 0.289 0.215 0.174 0.883 0.136 0.220

SV, soft voting; ST, stacking; WAV, weighted average voting; WHYV, weighted hard voting.
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Table 7. Metrics of Four Different Liver Masses for ResNeXt101, the Model with the Highest Accuracy Among 16 CNNs, and WAV7

ResNeXt101 Precision* Sensitivity* Specificity* f1 score ROC AUC
BLT 0.745 (0.797, 0.685) 0.688 (0.742, 0.628) 0.921 (0.900, 0.939) 0.715 0.915
LCY 0.991 (1.000, 0.979) 0.904 (0.941, 0.867) 0.997 (1.000, 0.994) 0.946 0.994
MLC 0.567 (0.623, 0.510) 0.664 (0.723, 0.605) 0.831 (0.858, 0.804) 0.611 0.843
PLC 0.625 (0.685, 0.565) 0.620 (0.680, 0.560) 0.876 (0.900, 0.852) 0.622 0.854

WAV7
BLT 0.775 (0.826, 0.723) 0.784 (0.835, 0.733) 0.924 (0.943, 0.905) 0.779 0.944
LCY 1.000 (1.000, 1.000) 0.920 (0.954, 0.886) 1.000 (1.000, 1.000) 0.958 0.999
MLC 0.664 (0.720, 0.609) 0.736 (0.791, 0.681) 0.876 (0.900, 0.852) 0.698 0.891
PLC 0.721 (0.778, 0.664) 0.692 (0.749, 0.635) 0.911 (0.931, 0.890) 0.706 0.903

*95% confidence interval.
WAV, weighted average voting.
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4. Discussion

In this study, we used accuracy as a metric to compare multiple models and rank the
test results of 16 different CNN models [32]. In comparison of the accuracy of multiple
training models, the random seed must be fixed to ensure reproducibility of the test
results. Therefore, we fixed the random seed at multiple locations in the program as
appropriate. However, as this study focused on comparison of multiple models and the
usefulness of ensemble learning, fixing the random seed did not necessarily mean that the
test results of the training model would be optimal. It should be considered that fixing the
random seed tends to make each of the listed evaluation metrics somewhat lower.

The type of model chosen to achieve high accuracy may also depend on the type and
resolution of the target medical images. Therefore, a simple comparison with other reports
regarding the usefulness of ensemble learning and subjects that differ from each other is
limited. In this study, 16 CNN models were selected from Inception, ResNet, and
EfficientNet systems. Comparison of the model with the top accuracy (RexNeXt101) with
the other 15 types showed no significant difference in the confusion matrix evaluation
with EfficientNetB0, which is ranked 6th, and the 2nd-9t ranking models, which included
all other ResNet systems. The top10 to 16, which included models of the efficientnet
system up to EfficientNetB2-6, showed significant differences from the RexNeXt101
confusion matrix evaluation. This result was contrary to the prediction that the
EfficientNet system would be expected to perform better, even though Noisy Student
rather than ImageNet was used as the learning model. Further studies are required to
examine the usefulness of EfficientNet by increasing or decreasing the number of images.

In the comparison of SV, ST, WAV, and WHV, WAV showed the best accuracy,
similar to the results of previous studies. Although the gradient boosting method was
used as a meta-model, ST did not perform as well as SV and WAV, as in a previous study
on ensemble learning using medical images [14]. To systematize the number of models
used in ensemble learning, we also calculated 15 different ensemble learning models from
the 2nd to 16th ranking models, and compared them to the model with the highest
accuracy for four different ensemble learning models. While there was no significant
difference in the SV model, the WAV and WHV models clearly showed lower
performance from rank 2 to 4, and the S model clearly showed lower performance in ranks
2 and 3. These observations suggested that care is required when performing ensemble
learning with a small number of participants. Therefore, although there was no clear
difference in the performance of 9 of 16 CNNs, those ranked 4-16 in SV and ST, 3-16 in
WAV, and 5-16 in WHYV were clearly better than ResNeXt101, a single CNN with topl
accuracy in the confusion matrix evaluation. The results demonstrated the usefulness of
ensemble learning, and that the accuracy of WAV tended to be higher than that of
ResNeXt101, which was the model with the highest accuracy. However, ensemble
learning has the disadvantage that it is a complex and time-consuming procedure, and its
potential for commercialization is likely to be limited. In this study, the average
computation time with SV was 4.26 s, while WAV took 13 min. Advances in hardware
have made faster computation speeds possible, thus allowing shorter processing times.
The results of this study also showed that ensemble learning clearly improves accuracy
compared to single learning models, and it is expected that ensemble learning will be
widely adopted in future with continuing trends toward improved computation speed.

5. Conclusions

In image classification of liver masses using US B-mode images, ensemble learning
was shown to improve accuracy and deep learning performance over a single CNN.
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