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Abstract
Otitis media disease, a frequent childhood ailment, could have severe repercussions, including mortality. This disease

induces permanent hearing loss, commonly seen in developing countries with limited medical resources. It is estimated that

approximately 21,000 people worldwide die from reasons related to this disease each year. The main aim of this study is to

develop a model capable of detecting external and middle ear conditions. Experiments were conducted to find the most

successful model among the modified deep convolutional neural networks within two scenarios. According to the results,

the modified EfficientNetB7 model could detect normal, chronic otitis media, earwax, myringosclerosis cases with high

accuracy in Scenario 2. This model offers average values of 99.94% accuracy, 99.86% sensitivity, 99.95% specificity, and

99.86% precision. An expert system based on this model is expected to provide a second opinion to doctors in detecting

external and middle ear conditions, particularly in primary healthcare institutions and hospitals lacking field specialists.
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1 Introduction

Otitis media, a common [1, 2] and contagious disease [2] in

childhood, frequently results in conductive hearing loss,

which can impair speech, language, and cognitive devel-

opment [3, 4]. The prevalence of this disease, which causes

permanent hearing loss, is increased by a lack of medical

facilities, particularly in developing countries [5]. It is

estimated that each year, approximately 21,000 people die

due to complications associated with otitis media, with the

highest mortality rate occurring in the first year of life [6].

A field specialist diagnoses otitis media by examining the

eardrum with an otoscope device [7, 8]. Otoscopic exam-

ination is a valuable and necessary test that can accurately

and efficiently distinguish tympanic membrane conditions.

Endoscopy has been used in auto-neurology clinics and

minor ear surgery since the 1990s [9]. The tympanic

membrane separates the external auditory canal and middle

ear, collects sound from the auricle and external auditory

canal, and transmits it to the ossicles and cochlea via

mechanical vibration [10]. One of the most frequent issues

addressed by doctors delivering primary care to children

and adolescents is middle ear illnesses, whose diagnosis is

frequently delayed or misdiagnosed [11]. Due to the

device’s limited availability and high cost, expert decision

support systems are needed for diagnosing otitis media,

particularly in developing countries [12]. Furthermore,

different subjective interpretations may result from the

field expert’s visual examinations [8]. False diagnosis

usually occurs when the doctor is unpracticed in examining

otoscopy or auto-endoscopy, leading to treatment delays or

complications [13]. If used correctly in healthcare, artificial

intelligence can reduce the strain on healthcare personnel

while improving the quality of work by eliminating errors

and boosting precision [14]. Recently, machine learning

and its subfield, deep learning, have been prominent in

many fields, such as speech recognition [15–17], computer

vision [18–20], emotion analysis [21–23], and next-cart

recommendation [24–26]. Experiments for solving many

problems revealed that traditional handcrafted feature
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extraction approaches are less effective and time-consum-

ing than deep learning-based approaches. In addition,

handcrafted feature extraction is described as a low-level

method in the literature [27]. Expert knowledge of the

handcrafted techniques for obtaining the features required

for solving a machine learning problem and a detailed

understanding of the task definition is needed [28]. Fur-

thermore, within-class variations and class similarities

make achieving high classification accuracy difficult [29].

Deep learning models trained on large image datasets could

detect diseases accurately and quickly. Especially consid-

ering that many image samples are given to a few field

experts, deep learning presented promising solutions for

detecting and treating diseases in the medical field. Com-

puter-assisted tympanic membrane disease diagnosis sys-

tems are required to eliminate adverse effects and high

costs caused by otolaryngologists’ subjective decisions

during visual examinations. A diagnostic support system

would be invaluable for a general practitioner or pediatri-

cian to accurately detect eardrum abnormalities, provide

correct treatment and appropriate care, and avoid unnec-

essary antibiotic usage [30]. With image analysis, artificial

intelligence has the potential to help clinicians identify and

classify middle ear illnesses [11].

Many deep learning approaches are available to detect

medical diseases. This suggests convolutional neural net-

works (CNN)-derived features offer more meaningful

insights than handcrafted features. CNN are actively used

for image-based subjects, particularly disease classification

from medical images and diseased region segmentation.

Some deep learning-based studies that tackled the tym-

panic membrane conditions are as follows: Khan et al. used

CNN models to classify tympanic membrane and middle

ear infections and achieved a 95% accuracy rate [10]. Chen

et al. introduced a deep learning model that includes image

preprocessing and data augmentation on a dataset com-

posed by otolaryngologists at a hospital in Taiwan to detect

and classify middle ear diseases. The authors used a class

activation map to reveal key features in the images [11].

Myburgh et al. proposed a neural network for automatically

diagnosing middle ear pathology or otitis media with

smartphones and achieved an average classification accu-

racy of 86.84% [12]. Cha et al. presented an ensemble

classifier with the best-performing Inception-V3 and

ResNet101 CNN models to detect six ear diseases auto-

matically and achieved 93.67% accuracy [31]. Başaran

et al. detected the tympanic membrane regions on the

augmented images dataset using the faster regional con-

volutional neural network. Then, the authors examined the

performances of the pre-trained deep CNN models for the

tympanic membrane conditions on the original and patch

images they obtained. According to their results, the VGG-

16 model presented an accuracy of 90.48% on the patch

images set [32]. Lee et al. presented a CNN-based model to

classify tympanic membrane conditions accurately. Their

model showed 97.9% accuracy in detecting the tympanic

membrane conditions and 91.0% in detecting the presence

of perforation [33]. Table 1 summarizes related works in

the literature.

The main motivation of this study is to determine a

highly accurate model that can be used in high-capacity

decision-support systems. With this motivation, the current

study comprehensively compares the efficiencies of deep

learning strategies for detecting middle ear disease. This

paper focuses on the modified fully connected layers of

pre-trained models according to two scenarios to detect

middle ear disease with low misclassification rates. This

research study presents the automatic classification of

chronic otitis media, earwax, myringosclerosis, and normal

cases with this perspective. Experimental studies include

the performances of modified cutting-edge pre-trained deep

CNN models. The visual feature extraction and classifica-

tion abilities of modified cutting-edge deep learning mod-

els for external and middle ear conditions are examined and

compared. Cutting-edge deep learning models, previously

trained on large-scale data sets, are used to solve different

problems with the transfer learning approach. Transfer

learning is used in many problems, such as electromyo-

graphic hand gesture signal classification [34], COVID-19

pandemic and the Zika epidemic predictions [35], vehicle

classification [36], and regression problems [37]. Since the

modified EfficientNetB7 model offered significantly accu-

rate classification in Scenario 2, this model could be used

to detect E, COM, and M diseases in the real world. In this

way, the workload of healthcare workers can be alleviated,

and healthcare equipment can be optimized. Overall, the

contributions of this study are as follows:

• A reliable method is deployed to classify external and

middle ear conditions.

• The efficiencies of modifications in the classification

part of the pre-trained deep CNN models are analyzed

and compared.

• Empirical evidence shows that modified deep CNN

models in Scenario 2 reduce the number of false

positives and false negatives.

The remainder of this paper is organized as follows.

Section 2 describes the dataset and gives information about

the methodology used in this study. Section 3 presents the

experimental studies in detail. Section 4 discusses the

results, and Sect. 5 concludes this study with final remarks.
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2 Material and methods

This study classified external and middle ear conditions

with modified deep CNN models. Experiments were con-

ducted to examine the effects of modifications performed

on the fully connected layers of the cutting-edge pre-

trained deep CNN architectures such as ResNet50, Den-

seNet121, and EfficientNetB7. Among these models, the

original DenseNet extracts feature maps with a 16-block

convolution process followed by batch normalization and

the ReLU activation function. Original ResNet50 imple-

ments a 3-block convolution process and then performs an

activation process. Original EfficientNetB7 extracts feature

maps with a 7-block convolution process followed by batch

normalization and an activation function. The convolution

blocks of these architectures are different from each other.

The classification part of the original EfficientNetB7 has

global average pooling and dropout. The classification part

of the original DenseNet121 and ResNet50 has global

average pooling. The classification parts of these models

were replaced according to Scenario 1 and Scenario 2.

Accordingly, experimental studies were carried out by

modifying all models under equal rules within the frame-

work of two scenarios. The classification parts of these

models constitute one flattened layer and one output layer,

respectively, in Scenario 1. On the other hand, the classi-

fication parts of these models constitute one global maxi-

mum pooling layer, one hidden layer, one dropout layer,

and one output layer sequentially in Scenario 2. Figure 1a,

b presents these modifications applied to the pre-trained

CNN models in two scenarios. The abbreviations N, COM,

E, and M in the output layer of this figure refer to normal,

chronic otitis media cases, earwax, and myringosclerosis

cases, respectively. Each model was trained on tympanic

membrane images captured with digital video-otoscopes.

Then, the performances of these models in classifying the

test images into normal class, chronic otitis media, earwax,

and myringosclerosis cases were measured.

The following subsections provide detailed information

about the dataset, pre-trained deep CNN models, and

metrics used to evaluate model performance.

2.1 Dataset

The Ear Imagery dataset [38] contains 224 9 224 9 3

middle ear images in RGB color space belonging to 180

patients. The publicly available dataset includes four con-

ditions: earwax plug, myringosclerosis, chronic otitis

media, and normal otoscopy. The publishers split the

dataset into training-validation and testing subsets. The

dataset is balanced with 180 and 40 samples for each cat-

egory in the training and testing sets, respectively. The

testing set, including each class, represents 20% of the

dataset. Also, 80% of the samples in the training set were

reserved for training the models and the rest for validating

the models. Hence, the number of samples for each class in

the validation set is 36. Table 2 summarizes the number of

samples of the training, validation, and testing sets, and

Fig. 2 shows sample images representing each class in the

dataset.

2.2 Convolutional neural networks

Deep learning, one of the most important advances in

artificial intelligence, is especially successful in image

processing. Using new concepts in the design of CNN

architecture has increased deep learning applications in

medical image processing, image identification, and data

classification tasks [39]. By eliminating the drawbacks of

handcrafted features used in machine learning, CNN

architecture gave rise to tremendous improvements in

computer vision [40]. This architecture comprises convo-

lution filters, pooling layers, and fully connected layers

[41]. Convolution and pooling processes are implemented

in hidden layers of the CNN model, which is commonly

employed for image-processing tasks [42]. The general

structure of a CNN model is as follows: A feature map

(visual features) is a result image representing features

convoluted by kernels in the CNN to which an image is

sent as input. Feature maps extracted from convolution and

other sequential layers are used in the classification stage of

a CNN model [43]. In brief, the images are sent to a CNN

in the first phase, and visual features are automatically

extracted in the second phase. Then, the feature vectors are

given as input to the fully connected layers, and the

Table 1 Some related works for

ear disease classification
Study Method Acc (%)

Khan et al. [10] CNN model 95

Chen et al. [11] Class activation map ? deep learning 97.6

Myburgh et al. [12] Neural network 86.84

Cha et al. [31] Ensemble classifier (Inception-V3 ? ResNet101) 93.67

Başaran et al. [32] Region detection and VGG-16 90.48

Lee et al. [33] CNN-based model 97.9
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classification process is carried out. This architecture is

widely used in image classification, face detection, object

detection, image noise removal, and other fields [41].

2.3 Transfer learning

Transfer learning is a machine learning method that reuses

a previously trained model to perform a new task. By

nature, a person who knows how to ride a bicycle will

adapt to riding a motorcycle faster and easier than someone

who has never ridden a bike before. It is possible to give

similar samples. A person uses the information he previ-

ously learned in another process. Inspired by this, the

model information obtained from the first task is trans-

ferred to the second model that focuses on the new task

with the transfer learning approach. The basic idea behind

transfer learning is to apply knowledge gained from

previous experiences to new situations [44]. The perfor-

mance and efficiency of machine learning can be consid-

erably increased by transferring data from one task or area

to another. The number of neurons of the output layer is set

to the number of target classes in the dataset, while other

layers of the pre-trained deep CNN model are preserved

[36]. With this approach, the CNN model that was trained

before on the ImageNet dataset is used with its current best

weights for another problem. When there are not enough

samples for the target class, transfer learning is applied that

uses the knowledge obtained from the source dataset to

improve learning efficiency [45]. As a result, a small

dataset allows us to see the benefit of pre-trained deep

CNN. The pre-trained deep CNN models presented high

success on different-size new datasets in [37, 44, 46–48].

Numerous pre-trained deep CNN architectures are avail-

able, including ResNet50, DenseNet121, and

EfficientNetB7.

2.3.1 Residual neural network-50 (ResNet50)

ResNet50 is one of ResNet architectures with 50 deep

layers, consisting of convolutional block arrays and aver-

age pooling. Softmax function is used in the output layer

for classification. Most ResNet architectures employ non-

linear (ReLU) and batch normalization with double or tri-

ple-layer skips [49]. ResNet50 first performs convolution

of input data, then four residual blocks, and finally,

Fig. 1 Graphical

representations of the

modifications in the classifier

part of a pre-trained CNN model

Table 2 Information about training, validation, and testing sets used

in experiments

N COM E M Total

Training-

validation

Training set 144 144 144 144 576

Validation

set

36 36 36 36 144

Testing 40 40 40 40 160

Total 220 220 220 220 880
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classification with fully connected layers [50]. The input

image is processed by a convolutional layer with 64 filters

and 7 9 7 kernel sizes, followed by a maximum pooling

layer. The layers of this architecture are then grouped in

pairs [49]. Figure 3 depicts the network architecture of

ResNet50.

2.3.2 Densely connected convolutional networks -121
(DenseNet121)

Huang et al. proposed the dense convolutional network

architecture, which requires fewer parameters and com-

putation for better performance [52]. The layers in this

architecture are connected in a feed-forward manner, which

Fig. 2 Sample images for each

class; From top to below rows;

normal, chronic otitis media,

earwax, myringosclerosis

Fig. 3 The ResNet50 architecture [51]
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means that each layer is fed with additional feature maps

from previous layers and transmits its features to subse-

quent layers. These features are aggregated [53]. Figure 4

shows the DenseNet121 architecture with layers and dense

blocks.

2.3.3 EfficientNetB7

EfficientNet is a model scaling approach proposed by Tan

et al. [55] that uses a simple composite coefficient to scale

networks in a more organized manner. In CNN, composite

scaling uses a fixed set of coefficients to evenly scale

width, depth, and resolution [56, 57]. To save time and

computational power, the EfficientNet architecture

employs transfer learning. As a result, this architecture has

higher accuracy values than competing known models.

This is due to the intelligently use of scaling in depth,

width, and resolution [58]. Figure 5 shows the Effi-

cientNetB7 architecture.

2.4 Dropout

Two or more fully connected layers follow convolutional

and pooling layers in a CNN model. Fully connected layers

of the CNN have the most significant number of parame-

ters. These layers may prevent the model’s generalization

ability and cause overfitting [59]. Fully connected layers

consist of neurons, weights, and biases. These layers con-

nect neurons in one layer to neurons in another [60].

Overfitting is explained as achieving high success for the

training set but not for the validation set in neural networks

[61, 62]. Srivastava et al. introduced the dropout technique

that increases the performance of neural networks in

supervised learning tasks in computational biology, with

promising results on various benchmark datasets [63]. The

dropout layer prevents overfitting in networks by randomly

ignoring nodes to ensure accuracy [61, 62] and increase

stability [62]. The dropout is used to reduce the number of

intermediate features to improve the orthogonality between

the features of each layer [64] and is also utilized to avoid

longer computation times [60]. There are studies that focus

on these layers available in the literature. For example, Ha

et al. used the dropout technique to eliminate the overfitting

of probabilistic subject models in short and noisy texts

[65]. Thanapol et al. used the dropout technique to reduce

overfitting and improve generalization in CNN training

[66]. Yang and Yang proposed a modified CNN model

based on dropout and stochastic gradient descent optimizer

to solve the overfitting problem. The authors designed an

improved activation function to increase the convergence

rate by adding a dropout layer between the fully connected

and output layers [67]. Park and Kwak proposed stochastic

dropout, whose drop ratio varies for each iteration to pro-

vide robustness for image variations [68]. Huynh and

Nguyen used an additional dropout layer between the

convolutional blocks of the Wide ResNet model to avoid

overfitting problem in their study of joint age estimation

and gender classification of Asian faces [69].

2.5 Global maximum pooling

Wang et al. introduced global maximum pooling (GMP)

that focuses on the local salience of each channel [71].

GMP, which detects unique features [72], can increase the

translation invariance of the network. Thus, the model

presents a better prediction ability [73]. GMP is used to

simplify the feature extraction process and improve the

learning efficiency of the model [74]. GMP is also con-

ducted to reduce feature size [74, 75]. Global pooling

layers have no learnable parameters. Therefore, the layers

may be less prone to overfitting and can reduce the network

size [75]. Moreover, GMP could reduce the bias of the

estimated value resulting from the convolution parameter

error [76] and preserve the texture features well [76, 77].

GMP given in Eq. 1 [78] calculates the maximum value

[74, 78] and can maintain the top feature scores in each

channel [79].

OGMPi ¼ xi; i ¼ argmaxð x!Þ ð1Þ

Fig. 4 The DenseNet121 architecture [54]
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Here, x! indicates the flattened vector form of feature

map.

There are many studies in the literature addressing the

importance of this layer. For example, Zhu et al. used the

GMP layer to improve the network’s generalization ability

[76]. Ma et al. employed the GMP layer instead of tradi-

tional fully connected layers in the classification phase of

the CNN to further increase the robustness and efficiency

of the classifier [80]. Gao et al. used the GMP to increase

the accuracy of lane line segmentation required in auton-

omous driving [81]. Hu et al. showed that the GMP con-

tributes more than global average pooling in their proposed

method based on multi-scale feature enhancement and

aggregation to obtain blur-free images [82]. Chen et al.

detected important points by utilizing the GMP for fine-

grained image recognition [83]. Pan et al. used GMP to

prevent distortions caused by some very small outliers and

to increase the weight of the selected channel in their study

of hand pose estimation [84].

2.6 Performance metrics

The accuracy, sensitivity, specificity, precision metrics

given between Eqs. 2 and 5 are used to acquire class-wise

results of the models. Accuracy is the ratio of a model’s

correct classified ones to all predictions. Sensitivity is a

metric that shows how many of the samples that should be

predicted as positive are correctly predicted. Specificity is a

metric that shows how many of the samples that should be

predicted as negative are correctly predicted. Precision is a

metric that shows how many of the samples predicted as

positive are actually positive. The true-positive (TP), true-

negative (TN), false-positive (FP), and false-negative (FN)

values are utilized to calculate these metrics. TP and TN

stand for the number of positive and negative images

correctly identified, respectively, while FN and FP stand

for the number of positive and negative images incorrectly

classified. In multi-class problems, the considered class is

evaluated as positive, while the others are negative.

Accordingly, the averages of the class-wise results are

calculated using the formulas given in Eqs. 6 and 9.

For each class, c;

SensitivityðSenÞ ¼ TP

TPþ FN
ð2Þ

Specificity Speð Þ ¼ TN

TN þ FP
ð3Þ

AccuracyðAccÞ ¼ TPþ TN

TPþ FN þ TN þ FP
ð4Þ

PrecisionðPreÞ ¼ TP

TPþ FP
ð5Þ

AverageSen ¼ 1

classes

Xclasses

k¼1

Sen cð Þ ð6Þ

AverageSpe ¼ 1

classes

Xclasses

k¼1

Spe cð Þ ð7Þ

AverageAcc ¼ 1

classes

Xclasses

k¼1

Acc cð Þ ð8Þ

AveragePre ¼ 1

classes

Xclasses

k¼1

Pre cð Þ ð9Þ

The Area Under the Curve of the Receiver Operating

Characteristic (AUC-ROC), which represent a probability

curve, presents visually the performances of machine

learning models [42]. The ROC curve depicts the rela-

tionship between true positive and false positive rates. The

true positive rate is the ratio of correctly predicted positives

to all positive data. The false positive rate is the ratio of

incorrectly predicted negatives to all negative data. The

AUC value close to one indicates that the model has cor-

rectly classified the data. On the other hand, the AUC value

close to 0 means that the model has misclassified the

samples [86].

Fig. 5 The EfficientNetB7 architecture [54]
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3 Experiments

3.1 Experimental setup

Deep learning-based models were employed with Python

programming language. The models were trained and tes-

ted on the Google Colaboratory environment with a Tesla

P100-PCIE-16 GB GPU, an Intel(R) Xeon(R) 2.30 GHz

CPU, and a 25 GB RAM configuration. Table 3 presents

the tasks carried out in the experiments (Figure 6).

3.2 Model training

This section addresses the training processes of modified

cutting-edge ResNet, DenseNet, and EfficientNetB7 deep

CNN models. The fully connected layers of these models

were removed by setting the ’Include top’ parameter to

’False.’ The importance of GMP and dropout is focused on

in experiments. As shown in Fig. 1, only fully connected

layers that represent the classification stage were rede-

signed by two scenarios without making any changes to the

feature extraction layers of each pre-trained model. Sce-

nario 1 includes one flattened layer and one output layer

after feature extraction layers for all models. Scenario 2

consists of one GMP layer, one hidden layer with 128

neurons, and one dropout layer (dropout rate = 0.2),

respectively, after feature extraction layers. Images were

resized to 224 9 224x3 in experiments. The default input

size for ResNet50 and DenseNet121 pre-trained models is

already 224 9 224x3. There is no problem for the Effi-

cientNetB7 pre-trained model because ’Include_-

top = False’ indicates that the input size can be set

arbitrarily. The feature maps are passed to the classification

stages of CNN models. In both scenarios, the output layer

follows these layers. The activation function is ReLU in the

hidden layer. All models were employed with 50 epochs.

The value of the mini-batch size indicates the quantity of

data used to update the network’s weights during training.

The value of this parameter was set to be 8 for all models.

The Adam optimizer [87] with a 0.001 learning rate value

was used. In addition, the Model Checkpoint method was

used to detect the model with the best weights during the

training phase. Besides, the model trainable property was

set to ‘True’ of all models to update the Imagenet weights

for the current task. The target class labels were converted

to categorical values. Then, the categorical values were

subjected to a one-hot encoding. The number of neurons in

the output layer is set to four. SoftMax was used as the

activation function and categorical cross-entropy for the

loss function in this layer. The SoftMax activation function

increases the flexibility of a neural network by increasing

the degree of fit to the training set and transforming data

from linear to nonlinear [64]. Figure 2 presents a block

diagram of the model training and testing processes.

Table 4 summarizes the parameters information of the

models. To provide more readability to this paper, the M1

abbreviation refers to the modified classification part

according to Scenario 1. The M2 abbreviation refers to the

modified classification part according to Scenario 2.

Accordingly, the M1 and CNN name pair (e.g., M1-Effi-

cientNetB7) indicates the modified pre-trained deep CNN

Table 3 Tasks performed in this study

Task Implement

Coding Python 3.6

Image processing Opencv, skimage, numpy

Feature maps and modeling Tensorflow, Keras

Plotting Matplotlib

Fig. 6 Network structure [70]

Table 4 Training parameters of the deep learning models

Parameter Value

learning rate 0.001

Activation function in output layer SoftMax

Batch size 8

Optimization algorithm RMSprop (lr = 0.001)

Epoch 50

Layer trainable True

Loss categorical_crossentropy

Model checkpoint save best only = ’True’

monitor = ’validation
accuracy’
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model according to Scenario 1 throughout the paper.

Similarly, the M2 and CNN name (e.g., M2-Effi-

cientNetB7) indicates the modified pre-trained deep CNN

model according to Scenario 2.

The hold-out validation technique was used to compare

the performances of all deep learning models, and train

subset was used for models’ training and validation subset

for evaluating models’ performances. During the training

process of a deep learning model, it is often necessary to

verify the model’s performance on a dataset different from

the training set. In other words, it is checked whether there

is a significant difference between the model’s perfor-

mances on the training and validating sets. Figure 7 pre-

sents accuracy curves that represent the accuracy values of

the M2-EfficientNetB7 model, which offers the best per-

formance in experiments, on the training and validation

sets. The training accuracy and validation accuracy curves

summarize the training process of any model and are

important in detecting overfitting and underfitting issues.

The accuracy curves of a model on the training and vali-

dation subsets are similar, and their accuracy values are

close to one another, which is interpreted as the model’s

training is quite good. Also, the M2-EfficientNetB7’s

training history report, this model was saved with best

weights in the 31st epoch via Model Checkpoint callback.

4 Results and discussion

This section presents experimental results in detail. Mul-

tiple experiments were conducted to develop a robust

model using cutting-edge ResNet50, DenseNet121, and

EfficientNetB7 networks. Figures 7, 8 and 9 show the

confusion matrices of the deep learning models performed

on the testing set. Values outside the diagonal in confusion

matrices that summarize the performances of the models

built indicate the number of incorrectly classified samples.

Compared to M1-based pre-trained models, the M2-based

ones offered better performance, as can be seen from the

confusion matrices. The M2-EfficientNetB7 model has less

misclassification. This model misclassified only one sam-

ple image, whereas the M1-EfficientNetB7 model mis-

classified nine. The M1-DenseNet121 and M2-

DenseNet121 models misclassified 50 and 5 sample ima-

ges, respectively. Lastly, the M1-ResNet50 and M2-

ResNet50 models misclassified 32 and 22 sample images,

respectively. Figure 10 also shows the number of images

incorrectly classified by the models.

Table 5 gives Acc, Sen, Spe and Pre measurements

representing the models’ performances for tympanic

membrane conditions. This table shows the class-wise

results of the testing set presented by each model. The rows

below class-wise results show the average results. The M2-

based deep CNN models performed better than the M1-

based ones. Wildly, the M2-EfficientNetB7 outperformed

the M1-EfficientNetB7 with an average accuracy of

99.94%. The M2-EfficientNetB7 model presents 1 FN, and

the M1-EfficientNetB7 model offers 9 FNs. This shows

that the M2-EfficientNetB7 model is also better in Sen,

Spe, and Pre measures. Similar results are available for

other models as well. The M2-DenseNet121 model out-

performed the M1-DenseNet121 model by 3.11%. The M2-

ResNet50 model outperformed the M1-ResNet5 model by

0.71%. Overall, the modifications in Scenario 2 are more

successful than Scenario 1. Separate sentences are not

given here for each one to avoid repetition.

The ROC curves with AUC values were also presented

to validate the robustness of the M2-EfficientNetB7 model,

which provides the highest accuracy. Figures 11 and 12

show the class-wise ROC curves of each model. According

to these results, the macro-average AUC values of the M1-

EfficientNetB7, M1-DenseNet121, and M1-ResNet50

models are 0.992, 0.954, and 0.970, respectively. The M2-

EfficientNetB7, M2-DenseNet121, and M2-ResNet50

models have macro-average AUC values of 0.999, 0.995,

and 0.980, respectively. The M2-EfficientNetB7 model

outperformed other deep learning models with high AUC

values for each class (Figs. 13, 14 and 15).

Fig. 7 Feature extraction: a) Fully connected layer extraction b)

Global maximum pooling extraction [85]
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In the literature, cutting-edge deep learning models gave

high classification accuracies for various ear diseases and

conditions. However, the datasets’ sample size and class

distribution are a noteworthy issue. Multiple approaches

were addressed to deal with unbalanced dataset problems,

small sample sizes, and a limited number of classes. For

example, Cha et al. proposed an ensemble model with two

different deep-learning models offering the best perfor-

mance. The authors in their study combined the relatively

slight samples according to features such as common

properties, common pathogenesis, and physical findings to

balance the sample size for each class [31]. Chen et al.

introduced a deep learning model trained on a dataset that

they applied preprocessing and augmentation techniques.

Fig. 8 A model’s performance

evaluation workflow

Fig. 9 Training and validation

accuracy curves of the M2-

EfficientNetB7 model

Fig. 10 Confusion matrices; a)

M1-EfficientNetB7, b) M2-

EfficientNetB7
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Table 5 Hold-out validation

results of pre-trained CNN

models

CNN Modification Class TP FP FN TN Sen Spe Pre Acc

EfficientNetB7 M1 EW 180 7 0 533 100 98.7 96.26 99.03

COM 179 0 1 540 99.44 100 100 99.86

N 172 0 8 540 95.56 100 100 98.89

M 180 2 0 716 100 99.72 98.9 99.78

Average 98.75 99.61 98.79 99.39

M2 EW 180 0 0 540 100 100 100 100

COM 180 1 0 539 100 99.81 99.45 99.86

N 179 0 0 540 100 100 100 100

M 179 0 1 719 99.44 100 100 99.89

Average 99.86 99.95 99.86 99.94

DenseNet121 M1 EW 138 0 42 540 76.67 100 100 94.17

COM 179 45 1 495 99.44 91.67 79.91 93.61

N 173 1 7 539 96.11 99.81 99.43 98.89

M 180 4 0 712 100 99.44 97.83 99.55

Average 93.06 97.73 94.29 96.56

M2 EW 179 0 1 540 99.44 100 100 99.86

COM 180 4 0 536 100 99.26 97.83 99.44

N 177 0 3 540 98.33 100 100 99.58

M 179 1 1 717 99.44 99.86 99.44 99.78

Average 99.30 99.78 99.32 99.67

ResNet50 M1 EW 179 11 1 529 99.44 97.96 94.21 98.33

COM 158 1 22 539 87.78 99.81 99.37 96.81

N 175 8 5 532 97.22 98.52 95.63 98.19

M 176 12 4 692 97.78 98.3 93.62 98.19

Average 95.56 98.65 95.71 97.88

M2 EW 180 1 0 539 100 99.81 99.45 99.86

COM 176 0 4 540 97.78 100 100 99.44

N 162 3 18 537 90 99.44 98.18 97.08

M 180 18 0 684 100 97.44 90.91 97.96

Average 96.95 99.17 97.14 98.59

Fig. 11 Confusion matrices; a)

M1-DenseNet121, b) M2-

DenseNet121
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Also, the authors collected all images of these classes in

this category since there were not enough samples for each

class in the abnormal category. They carried out a binary

classification as normal and abnormal [11]. In another

study, Başaran et al. applied data augmentation to all

digital otoscope images [32]. It should be noted that the

success of a CNN model is measured by its ability to

identify previously unseen images accurately. The last two

studies above have limitations because some images pro-

duced using the data augmentation techniques from the

original images may be in the training set, while others

may be in the testing set [33]. Khan et al. overcame the

small dataset limitation by increasing the number of

training examples and developed a CNN-based deep

learning model for three classes [10]. Lastly, Myburgh

et al. used handcrafted features such as tympanic mem-

brane shape, malleus bone visibility, and tympanic mem-

brane perforation to diagnose middle ear pathology or otitis

media automatically in their study [12]. The deep learning

that is cutting-edge in computer vision eliminates the

limitations of handcrafted features in machine learning. In

this paper, the M2-EfficientNetB7 deep learning model

acquired better performance than others. However, this

model only produces prediction for one of the four classes,

even if an image has one of the other tympanic membrane

cases. This is a limitation of this model. Actually, this

limitation is a common and basic problem encountered,

especially in medical datasets. Khan et al. [10] and Chen

et al. [11] stated also this subject as the limitation of their

studies. In this context, if the datasets contain all eardrum

diseases and tympanic membrane cases and enough images

are collected with the approval of the relevant health

committees, there will be an opportunity for successful

artificial intelligence modeling ready for use in real-world

clinical environments.

5 Conclusion

This study examined the classification performances of

modified deep CNN models for automated detection of

tympanic membrane conditions. In this context, cutting-

Fig. 12 Confusion matrices; a)

M1-ResNet50, b) M2-ResNet50

Fig. 13 Graphical

representation of the number of

misclassified samples
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edge DenseNet121, ResNet50, and EfficientNetB7 deep

learning models were modified with the same rules.

According to the experimental results, the M2-Effi-

cientNetB7 model outperformed the M2-ResNet50 and

M2-DenseNet121 models with average values of 99.94%

Acc, 99.86% Sen, 99.95% Spe, and 99.86% Pre. An expert

system including the M2-EfficientNetB7 deep learning-

based artificial intelligence model will help diagnose

middle ear disease, particularly in primary care institutions

and hospitals that lack field specialists. Furthermore, this

model will contribute to more accurately determining

tympanic membrane cases by minimizing the subjective

opinion mistakes of field experts. As future research

objectives, it is planned to develop highly generalizable

Fig. 14 ROC curves of the M1-

based deep CNN models; a)

EfficientNetB7 b) DenseNet121

c) ResNet50

Fig. 15 ROC curves of the M2-

based CNN models; a)

EfficientNetB7 b) DenseNet121

c) ResNet50
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models that can successfully classify the conditions that

examined in this study and others, such as acute otitis

media and cholesteatoma.
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