International Journal of Advances in Intelligent Informatics

ISSN 2442-6571

Vol. 9, No. 2, July 2023, pp. 319-330 319
Pneumonia detection on x-ray imaging using softmax R)
output in multilevel meta ensemble algorithm of deep Greok or

convolutional neural network transfer learning models

Simeon Yuda Prasetyo ®, Ghinaa Zain Nabiilah “?, Zahra Nabila Izdihar **, Sani Muhamad Isa >*

2Computer Science Department, School of Computer Science, Bina Nusantara University, Jakarta 11480, Indonesia
b Computer Science Department, BINUS Graduate Program - Master of Computer Science, Jakarta and 11530, Indonesia
' simeon.prasetyo@binus.ac.id; 2 ghinaa.nabiilah@binus.ac.id; 3 zahra.izdihar@binus.ac.id; 4 sani.m.isa@binus.ac.id

* corresponding author

ARTICLE INFO

Article history

Received August 02, 2022
Revised April 2, 2023
Accepted April 16, 2023
Available online July 8, 2023

Keywords

Pneumonia classification

Transfer learning

Deep convolutional neural network
Softmax

Multilevel meta ensemble

1. Introduction

ABSTRACT

Pneumonia is the leading cause of death from a single infection worldwide
in children. A proven clinical method for diagnosing pneumonia is through
a chest X-ray. However, the resulting X-ray images often need clarification,
resulting in subjective judgments. In addition, the process of diagnosis
requires a longer time. One technique can be applied by applying advanced
deep learning, namely, Transfer Learning with Deep Convolutional Neural
Network (Deep CNN) and modified Multilevel Meta Ensemble Learning
using Softmax. The purpose of this research was to improve the accuracy
of the pneumonia classification model. This study proposes a classification
model with a meta-ensemble approach using five classification algorithms:
Xception, Resnet 15V2, InceptionV3, VGG16, and VGG19. The ensemble
stage used two different concepts, where the first level ensemble combined
the output of the Xception, ResNet15V2, and InceptionV3 algorithms.
Then the output from the first ensemble level is reused for the following
learning process, combined with the output from other algorithms, namely
VGG16 and VGGI19. This process is called ensemble level two. The
classification algorithm used at this stage is the same as the previous stage,
using KNN as a classification model. Based on experiments, the model
proposed in this study has better accuracy than the others, with a test
accuracy value of 98.272%. The benefit of this research could help doctors
as a recommendation tool to make more accurate and timely diagnoses,
thus speeding up the treatment process and reducing the risk of
complications.

This is an open access article under the CC-BY-SA license.

Pneumonia is an inflammation of the lungs due to an acute respiratory infection caused by viruses,

bacteria, or fungi. In a healthy state of breathing, the lungs will consist of tiny sacs (alveoli) filled with
air. In contrast, the alveoli will be filled with pus and fluid for people with pneumonia, making breathing
painful and limiting oxygen intake. Pneumonia is the leading cause of death due to children's single
most extensive infection worldwide. In 2019, around 740,180 children under five died [1]. While data
in Indonesia in 2019 revealed that about 314,455 children under five died due to pneumonia based on
data from The Ministry of Health of the Republic of Indonesia [2].

Pneumonia can be treated using medications such as antibiotics as the primary step to preventing
death due to complications of pneumonia. Early diagnosis can be made so people with pneumonia can
get early treatment. A well-known and effective clinical method for diagnosing pneumonia is chest X-
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ray images [3]. However, diagnosing pneumonia from chest X-ray images is still incredibly challenging,
even for radiologists. X-ray images are often not clear, so it can confuse the results of a diagnosis with
other diseases [4]. This results in inconsistencies leading to many subjective decisions, and there are
differences between radiologists in diagnosing pneumonia. In addition, radiologists' analysis and
diagnosis process often requires a long time because it is still done manually.

A computer-based system is necessary to aid radiologists in detecting pneumonia through analyzing
chest X-ray images. The development of machine learning models has good ability in the classification
process, including image classification. Chandra and Verma [5] have proven the ability of machine
learning models to detect chest X-ray images by comparing several machine learning classification models
such as Regression Logistics, Multilayer Perceptron, Random Forest, and Sequential Minimal
Optimization. This study also used feature extraction before classification. The optimal result of this
research is using logistic regression with 95.53% accuracy. Although it is accurate, machine learning
models have shortcomings in managing large amounts of data. The optimal results obtained from the
study [6] sed a limited amount of data with 412 image data from chest X-rays.

The development research related to image classification is more developed using deep learning
methods. Deep learning methods are considered to have an excellent ability to handle large amounts of
data. One of the best methods for image classification is to use the Convolutional Neural Network
(CNN) along with various variations of CNN [7]. CNN is also successfully used in classifying images for
medical problems, such as detecting breast cancer, lung cancer, brain tumor segmentation, and skin
diseases [8], [9].

The idea of Transfer Learning, which involves acquiring new knowledge by leveraging existing
knowledge, was introduced by Pan e al in 2010. Essentially, this approach involves identifying
commonalities between known and unknown knowledge. Since some knowledge areas may complex to
learn from scratch, the use of existing knowledge to facilitate learning is crucial [10].

The fundamental concept of Transfer Learning is to find the correlation between familiar and
unfamiliar knowledge to obtain new insights. Transfer Learning refers to the process of transferring
knowledge from a known domain (called Source Domain) to an unknown domain (called Target
Domain). The primary aim of Transfer Learning is to explore ways to transfer knowledge from the
Source Domain to the Target Domain. In the field of machine learning, Transfer Learning aims to use
existing models to apply previously acquired knowledge to new knowledge. There are four categories of
learning approaches used in Transfer Learning based on their learning methods, which include features,
model-based, relationship, and sample-based methods [11].

Research on image classification for pneumonia using deep learning has previously been carried out.
As research conducted by Enes and Murat [12] uses two modified models, namely Xception and a Vgg
16-based model that uses transfer learning, fine-tuning, and data augmentation in Categorizing medical
images of chest X-rays for individuals with pneumonia. This study showed that the Xception model
outperformed the Vgg 16 model in detecting pneumonia. In 2021, Zhang et al. [13] modified the
architecture of the VGG model by using layers and with fewer parameters. The results of this study
compared with other model architectures such as VGG-16, RES-50, Xception, DenseNet21, and
MobileNet. However, the performance of the proposed model is superior to those models with 96.068%
of accuracy and 0.99107 AUC. Based on this research, in this study, an experiment was carried out by
applying ensemble stacking modifications from several model architectures such as Xception,
Resnet152V2, InceptionV3, VGGI16, and VGGI19. This modification was later named Multilevel
Ensemble Stacking. With the modification experiment in this study, it is hoped that the results of the
diagnostic image from X-rays of pneumonia patients can be more accurate.

Several techniques have been presented in recent years to illustrate the brief process of detecting
pneumonia based on chest X-ray images using deep learning or deep CNN methods. The deep CNN
method is more widely used and is considered to be successfully applied to improve computer
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performance, especially in image classification in the medical field. An example of implementation is the
research conducted by Radjpukar [14] which uses a CNN model with 121 layers to detect pneumonia
using a chest X-ray image. The dataset used in this study has more than 100,000 images with 14 other
diseases associated with chest X-rays, including pneumonia. This study had different results, with
radiologists having higher F1 scores detecting all 14 diseases, including pneumonia. Rahman ez al.
conducted a study [15] that utilized a transfer learning approach based on Deep CNN to detect
pneumonia. Four deep learning algorithms based on CNN, namely AlexNet, ResNet18, DenseNet201,
and SqueezeNet, were trained to classify chest X-ray images of pneumonia and non-pneumonia patients.
The results showed that DenseNet201 outperformed the other three deep CNN networks, achieving an
optimal accuracy of 98%.

The success of deep learning methods in analyzing images makes Deep CNN models get a lot of
attention for classifying images. However, research conducted by Varshni ez al. [16] tried to use machine
learning methods such as SVM, Naive Bayes, KNN, and Random Forest, which is also well known in
the classification process as a method for classifying images. Deep CNN models such as XCeption, VGG-
16, VGG-19, ResNet-50, DenseNet-121, and DenseNet-169 were also used in this study as feature
extraction. The optimal result of this research is to use DenseNet-169 and SVM with AUC 0.8002.

Due to the success of the deep CNN model in classifying images, the latest research related to image
classification tries to add the application of ensemble learning to get better accuracy results by combining
some of the best models. Research conducted by Chouhan ez al. [17] implements ensemble learning that
combines Deep CNN models such as AlexNet, DeenseNet121, InceptionV3, ResNet18, and GoogleNet.
The results of this study reached an accuracy of 96.4%. Research that applies ensemble learning has also
been carried out by Mubrouk et al. [18] which combines Deep CNN models such as Vision Transformer,
MobileNetV2, and DenseNet169. The optimal result of this research is an accuracy value of 93.91%.

Deep CNN is an alternative learning method because it can identify patterns automatically, even in
low-resolution images. Junior ez al. [19] proposed a deep CNN model with different training strategies.
This study evaluates the preprocessing of different images to improve classification by image cropping
and histogram equalization. In this research, the ensemble technique uses the VGG16 architecture by
modifying the fully connected layer with the Multilayer Perceptron.

The goal of this research is to create and assess a system that can identify pneumonia in chest X-ray
images by implementing a multilevel meta-ensemble method. This approach involves combining the
predictions of multiple models at different levels of abstraction, using the Softmax activation function
as the output. The motivation for using the multilevel meta-ensemble method is to improve the model's
performance in detecting pneumonia in chest X-ray images. In the detection of pneumonia in chest X-
ray images, there are often variations in image quality, such as lighting, contrast, and radiograph quality.
Therefore, by using the multilevel meta-ensemble method, it is expected that the model can learn and
extract output features (in the form of Softmax or probabilities output) from various high-level feature
maps features, thereby improving the accuracy of pneumonia detection.

The contribution of using the multilevel meta ensemble method is to improve accuracy in detecting
pneumonia in chest X-ray images. By utilizing this technique, the model can leverage information
derived from various output probabilities (Softmax output), thereby enhancing its ability to distinguish
between pneumonia (inflammation) and normal conditions in X-ray images. Furthermore, the use of
multilevel meta ensemble method can also contribute to the development of more advanced medical
technology. By improving the accuracy of detecting pneumonia in X-ray images, this technology can
assist doctors in making more accurate and timely diagnoses, thereby speeding up the treatment process
and reducing the risk of complications.

Overall, the use of multilevel meta ensemble method in detecting pneumonia in X-ray images has a
strong motivation and contribution to improving the accuracy of detecting this disease, as well as
providing a positive impact on the development of medical technology as a whole.

Prasetyo et al. (Pneumonia detection on x-ray imaging using softmax output in multilevel meta ensemble algorithm...)



322 International Journal of Advances in Intelligent Informatics ISSN 2442-6571

Vol. 9, No. 2, July 2023, pp. 319-330
|

2. Method

2.1. Dataset Collection

This study used an open-source dataset created by Mooney and sourced from Kaggle [20]. The dataset
contains approximately 5,865 Chest X-Ray Images, which are categorized into two groups: Pneumonia
and Normal. The chest X-ray images used in this study were chosen from a group of previous cases of
pediatric patients between the ages of one and five who had undergone chest X-ray imaging during their
regular clinical checkups at the Guangzhou Women and Children's Medical Center in Guangzhou. These
images were obtained using the anterior-posterior view, which is the usual technique for capturing this

type of image [21].

The normal chest X-ray, which is shown in the left panel, depicts lungs that are clear without any
visible areas of abnormal opacification. Bacterial pneumonia, as depicted in the middle panel, typically
shows a focal lobar consolidation, which means that there is a localized area of the lung appearing dense
on the X-ray image. In this case, the consolidation is in the right upper lobe and can be identified by
the white arrows. On the other hand, viral pneumonia, as shown in the right panel, has a more diffuse
"interstitial" pattern that appears throughout both lungs. This pattern is characterized by a fine, reticular
shadowing that is visible on the X-ray image. Understanding these visual characteristics of pneumonia
on chest X-rays is important for accurate diagnosis and treatment of patients.

In order to ensure that the data used in the study is reliable, the chest x-ray images were subjected
to quality control screening, and any images of low quality or that were unreadable were excluded. The
diagnoses for the remaining images were then assessed by two expert physicians to guarantee the accuracy
of the training data used in the AI system. To minimize the potential impact of grading errors, a third
expert also evaluated the dataset. The Pneumonia dataset has data distribution which is divided into
training data, test data and validation with 4695, 521 and 624, respectively. The pneumonia dataset
consists of various images of chest X-rays of pneumonia patients and non-pneumonia patients. Fig. 1
contain an example of a dataset image.

(a) Sample Data of Pneumonia Total Data: 1.583 (b) Sample Data of Non- Pneumonia Total: 4.237
images images

Fig. 1. Example of a dataset image

2.2. Data Preprocesing

In order to standardize the dataset and account for discrepancies in the size of the X-ray images, a
decision was made to resize all images to a uniform size of 224 x 224 pixels. Since the dataset is not
consistent and images may vary in size, this process is crucial to ensure accurate and reliable analysis. To
accomplish this, RGB reordering has been implemented, resulting in a final input of 224 x 224 x 3 for
the proposed model. This standardization of the images enables the use of established models and
facilitates the analysis process.
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The use of a uniform size for all images eliminates inconsistencies that may arise from differences in
image sizes, ensuring the accuracy of the analysis. Given that the data set was not uniform and comprised
of images of different sizes, it was necessary to transform all images to 224 x 224 pixels. RGB reordering
was employed to make the images consistent and provide a final input of 224 x 224 x 3 to the proposed
model. This standardization of the images ensures that the model can effectively process the data set,
improving the accuracy and reliability of the analysis.

2.3. Classification using Deep Convolutional Neural Network

The convolutional neural network (CNN) is a type of neural network that is proficient in handling
large amounts of data with high precision and minimal computational expense due to its multiple layers.
The fundamental architecture of CNN includes various layers, such as convolutional, flattening, pooling
and dense layers [22].

After conducting initial preprocessing, the following step is to extract features that meet the criteria.
The suggested approach in this study involves utilizing a multilevel ensemble stacking method in a
transfer learning model of a Convolutional Neural Network (CNN). CNN offers numerous benefits,
including the ability to handle both feature extraction and classification tasks with a single structure.
Additionally, this network can extract more complex 2-D features and is completely adaptive, ensuring
invariance to geometric and local changes in the image [23].

The Convolutional Neural Network (CNN) consists of three main types of layers: Convolution layer,
Pooling layer (Subsampling), and Output layer. These layers are arranged in a feed-forward structure
within the network. The convolution layer is always followed by a pooling layer, while the last
convolution layer is followed by an output layer. The convolution and pooling layers are 2-D layers,
whereas the output layer is a 1-D layer. Each 2-D layer of the CNN comprises multiple planes, where
each plane is made up of a 2-D array of neurons. The output of a plane is known as a feature map. The
proposed methodology's architectures will be explained in detail in the following section [24].

In this research, several pretrained models such as InceptionV3, Xception, VGG, and ResNet will be
used, which will then be combined using a multilevel meta ensemble approach that utilizes output in
the form of probabilities (using Softmax activation function). Inception is a development model of the
first CNN [25]. Unlike the Inception-V3 which is a combination of all improvements from Inception
V2 which uses Label Smoothing as a component to prevent overfitting, factorized 7 x 7 convolutions,
and additional classifier equalization to bring label information to the lower network accompanied by
normalization. batch on the layer on the side head [26].

Xception (extreme inception) is a convolutional neural network with 71 deep layers. The Xception
model architecture is a convolution that can be separated in depth by improving the Inception model
architecture [27]. In the Xception model, a revolutionary deep convolutional neural network architecture
is proposed. This causes the Xception model to outperform the V3 inception in the case of image
classification with larger data, consisting of 350 million images and 17,000 classes. More effective use of
model parameters rather than additional capacity makes for increased performance on the Xception
model. The parameters used in the Xception model are also the same as those in the InceptionV3 model
[28].

VGG is an architectural model consisting of 16 trained layers that have weights. The VGG model
architecture contains a CNN model architecture that utilizes a convolutional layer specification of a small
3 x 3 convolutional filter. Due to the small size of the convolutional filter, the neural network can have
more convolutional layers [29]. This model was created in 2015 and trained on one million images from
the ImageNet database [30].

Residual Networks or ResNets were created to solve the gradient problem. The ResNet architecture
introduces the concept of residual block or skip connections. The activation layer connects to the next
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layer by passing through several layers to form a residual block. To make a network, stack leftover blocks
on top of each other; for example, ResNet-50 uses this block in fifty layers [31].

The selected configuration for the pretrained model involves utilizing the weight architecture solely
for feature extraction in the convolutional section. This means that during the training process, the
weights are adjusted to help the model learn to identify important features in the input data. Once the
high-level feature maps are obtained from the convolution, they are flattened, or reshaped into a single
vector, and then directly fed into a fully connected layer with a size of 2. In this layer, each of the flattened
features is connected to every neuron in the layer. Finally, Softmax activation function is applied to the
outputs of the fully connected layer, which allows the model to output a probability distribution over
the possible classes that the input data could belong to.

2.4. Ensemble Method

Ensemble learning is how an algorithm learns data using a combination of several algorithms or
models (where several learning algorithms are used simultaneously, then combined) to get output with
higher accuracy when compared to using only one algorithm. Several types of Ensemble learning include
Bagging, Boosting, and Stacking [32].

In this study, a classification system with a meta ensemble approach is proposed to detect chest X-
rays of patients with pneumonia and non-pneumonia patients. The classifier combines the predictions
of several models to conclude the final result [33]. Specifically, in this study, there are five different
classification models on the data that have been processed previously and then assigned a weighting
factor to the predictions of each model. The meta-ensemble learning model aims to fit complex data
better, lowering uncertainty estimates. Fig. 2 contains an illustration of the usual meta ensemble process.

: Model 1 :
Level -1
Model 2 Meta Learner —>-
Model 3
3 Model n |

Fig. 2. Meta Ensemble Model

K-Nearest Neighbors (KNN) is one of the algorithms used to classify data based on training data.
The data grouping process is based on the number of nearest neighbors (k nearest neighbors). The
nearest neighbor search technique that is usually done is to use the Euclidean distance calculation.
Euclidean distance is used to find the distance between two points. Equation (1) is a formula for
calculating the Euclidean distance [34]. In this study, KNN will be utilized as the meta learner:

d= XL, (i —y)? Q)

where, d is a distance, while x and y are features. In this study, we used one nearest k number. Fig. 3
illustrates the process of grouping data based on a predetermined number of K.
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Fig. 3. Illustration of KNN (K-Nearest Neighbors)
2.5. Model Deployment

This study proposes a classification model with a meta ensemble approach using five classification
algorithms: Xception, Resnet 15V2, InceptionV3, VGG16, and VGG19 as shown in Fig. 4.

The five algorithms are used after the pre-processing process to classify chest X-ray images. Where
each algorithm will produce output in the form of probabilities (Softmax). This study uses the
classification results in the form of Softmax in each classification model so that the results are varied. So
that the knowledge of the model in classifying data is more diverse. Then the learning process is carried
out with the ensemble technique that applies the meta ensemble approach with the KNN classification
algorithm. The ensemble technique used in this study also combines the classification results in Softmax.
Finally, the KNN algorithm will perform the classification process by selecting the output value that has
the closest probability.

Level - 0
Classification using DCNN Level - 1

i
H Output I—'
i
RESNET152-V2 i Outaut |_‘ Meta Ensemble "{ Output
- H utpu
| (KNN)

‘ INCEPTION-V3 H Cutput ‘_' Level -2

Image Data

; ‘ XCEPTION

Data
Preprocessing

1
VGGE16 H Cutput ‘
: Meta Ensemble

]
i (KNN)
VGG19 ] Cutput ‘
' |

Output Final
Classification

Fig. 4. Schematic Diagram of Model Development

The ensemble stage in this study was carried out using two different concepts, where the first level
ensemble was carried out by combining the output of the Xception, ResNet15V2, and InceptionV3
algorithms. Then the output from the first ensemble level is reused for the following learning process,
combined with the output from other algorithms, namely VGG16 and VGG19. This process is called
ensemble level two. The classification algorithm used at this stage is the same as the previous stage,
using KNN as a classification model.

The model learning process is expected to run better using the ensemble model proposed in this
study. Such as making the model classification results in the form of probability (Softmax) and using
the meta ensemble technique in two levels with the technique of combining the results of the model
classification proposed in this study. This is because the classification results produced are in the form
of probability (Softmax), and the learning process is carried out more than once using the same
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classification algorithm, namely KNN in the ensemble process, but using more diverse classification
results so that the final classification model is richer in knowledge from the process previous learning.

2.6. Evaluation Matrix

The evaluation matrix used in this study includes accuracy, precision, recall, and F1 scores. The
model's classification was evaluated using four metrics: True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN). A chest X-ray of a pneumonia patient correctly identified as
pneumonia by the model is considered a True Positive. If the model correctly identifies a normal chest
X-ray (not pneumonia), it is a True Negative. False Positive occurs when the model incorrectly identifies
a normal chest X-ray as pneumonia, while False Negative occurs when a chest X-ray of a pneumonia
patient is incorrectly identified as normal by the model. Calculations of accuracy, precision, recall, and
F1-score values are found in (2), (3), (4), and (5).

TP+TN
accuracy = —————— (2
TN+FP+TP+FN
. TP
precision = (3)
FP+ TP
TP
recall = 4)
FN + FP
recall X precision
F1l =2 x 2 XPrecson %)

recall+ precision

3. Results and Discussion

This section describes the experimental stages and analyzes the results of the experiments carried out
in this study. The experiment in this study was carried out using the Google Colab Pro platform with
GPU resources that allocated 25GB of memory for machine learning projects. Google Colab is an
interactive computing document that allows users to write, run, and save programs. It is comparable to
a Jupyter notebook and operates on a cloud-based platform accessed through a browser. This study also
uses the python programming language with a Keras library to run deep learning algorithm commands
and TensorFlow as a library that is used to develop and implement Machine Learning and other
algorithms that have many mathematical operations. Based on the experiments that have been carried
out, Table 1 contains the results of model accuracy using several models proposed in this study.

Table 1. The Pre-Trained Results for Deep CNN Architectural Model

Pre-Trained Model Architecture Accuracy Precision Recall F1-Score
Xception 0.97696 0.98 0.99 0.98
ResNet152V2 0.97312 0.99 0.97 0.98
InceptionV3 0.96737 0.98 0.98 0.98
VGG19 0.95393 0.96 0.99 0.98
VGG16 0.96353 0.99 0.95 0.97

The first experiment was initiated by classifying using pre-trained Deep CNN models such as
Xception, ResNet153V2, InceptionV3, VGG19, and VGG16. The architecture of the model used in this
research is modified first in the layered architecture, which is directly connected from the extractor to
the fully connected layer. The optimal result of this research is to use Xception. Because the model
proposed in this study applies the ensemble technique, it is necessary to use several algorithms to carry
out the ensemble process. Based on the experimental results in Table 1, the classification algorithm
chosen for the level 1 ensemble process is the algorithm that has the best classification results. It is
hoped that the ensemble model will learn more from models with high accuracy. A learning process will
affect the classification results when combined again at level 2 with other models with low accuracy. The
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next experiment was carried out by comparing the usual meta ensemble method (non-Softmax output),
ordinary meta ensemble with Softmax output, multilevel meta ensemble with standard output (non-
Softmax output), and multilevel meta ensemble with Softmax output. Table 2 contains the classification
results from the experiments carried out.

Table 2. Accuracy Comparison of Original Ensemble Stacking and Multilevel Stacking Ensemble

Architecture Accuracy Precision Recall F1-Score
Original Ensemble Stacking 0.9750 0.9800 0.9900 0.9800
(using Softmax)
Multilevel Ensemble Stacking 0.9827 0.9800 0.9900 0.9900

(using Softmax)
Original Ensemble Stacking (non Softmax) 0.9808 0.9800 0.9900 0.9900

Multilevel Ensemble Stacking

0.9750 0.9800 0.9900 0.9800
(non Softmax)

This study uses a pre-trained model or a model trained on massive data with weights from ImageNet
training so that the pre-trained model has better accuracy. This pre-training model is also included in
the Keras library. The model proposed in this study has better accuracy from the trials than the other
models, with a test accuracy value of 98.272%. Several things influence this, including the proposed
multilevel meta-ensemble technique. This makes the model learn more due to merging the classification
model and the relearning technique in stage two. So that makes the model richer in knowledge and
makes it easier for the model to find patterns in the classification process. In addition, the classification
results using probability (Softmax) also help the model in determining classification because the number
of classification classes is more diverse when using probability, so the model studies more variations of
classification classes.

Even so, the proposed model has classification results similar to the original stacking technique,
whether using Softmax or not, so the ensemble technique using several Deep CNN models can provide
good classification results. So that the model performance will be more optimal if it applies the Multilevel
Ensemble Stacking technique using Softmax as proposed in this study. In order to test the performance
of the proposed classification model, this study made comparisons with other studies that used the
similar datasets. Table 3 contains the classification results from the experiments conducted and
comparisons with the classification results in other studies.

Table 3. Accuracy comparison of the proposed model in this study with other studies

References Architecture Accuracy Precision  Recall F1-Score
Mubhaza, et al. [35] CNN Model with Oversampling - 0.9500 0.9600 -
Shagun, et al. [36] Proposed NN with VGG16 0.9215 09428 09308  0.9540

Enes, et al. [37] Proposed Ensemble CNN 0.9583 - - -
Alhassan, et al. [38] Ensemble Model (DenseNet 169,
MobileNetV2, and Vision 0.9391 0.9396 0.9299 0.9343
Transformer)
Proposed Method Multi-Level é\g;::; i:ackmg using 0.9808 0.9800 0.9900 0.9900

Based on testing other studies using similar data, this study's proposed multilevel ensemble model
has better precision compared to research conducted by Muhaza et al. [35] and accuracy, which far
beyond the research conducted by Shagun et al. [36]. The author also compares with a similar concept,
namely ensemble learning, such as research by Enes ez al. [37] that proposes the ResNet-50, MobileNet,
and Xception ensemble models with CNN. However, the model proposed in this study obtains better
accuracy. In addition, ensembles using DenseNet 169, MobileNetV2, and Vision Transformer have also
been carried out by Alhassan ez al. [38]. The model proposed in this study obtained better accuracy and
=
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F1 values from the results of these experiments. The confusion matrix is used to evaluate the efficacy of
the classification model, as shown in Table 4. In this investigation, the confusion matrix with the highest
True Positive Rate (TPR) was obtained, as 383 out of 386 cases were correctly classified for a percentage
of 99.222%. The True Negative Rate (TNR) was determined to be 129 out of 135 cases, or 95.555%
accuracy, while the False Positive Rate (FPR) was 6 out of 135 cases, or 4.440% error rate. In contrast,
the False Negative Rate (FNR) yielded a value of 3 out of 386 cases, or a percentage of 0.777%.

Table 4. Best result of confusion matrix

Predicted
Non-Pneumonia Pneumonia Total
Non-Pneumonia 129 (TN) 6 (FP) 135
Actual Pneumonia 3 (FN) 383 (TP) 386
Total 132 389 521

4, Conclusion

The use of the proposed multilevel meta-ensemble architecture and the use of output with probability
(Softmax) in this study can affect the model's performance and produce better accuracy. This can help
the model explore and learn more words with a more significant number of variations because the
ensemble process is carried out in two stages with Softmax. However, the proposed model has the
disadvantage that the model training process requires more time. This is due to the use of the deep CNN
model architecture and large amounts of data. To further analyze the proposed model architecture in
this study, future research can conduct experiments using other classification algorithms, such as
machine learning algorithms, or even classification algorithms that do not yet have an excellent ability
to recognize image patterns in data. This is intended so that a more in-depth analysis can be carried out
regarding the proposed model in this study and whether it can be applied to various classification
algorithms to obtain better results.
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