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Abstract

Background: Acne is one of the most common skin lesions in adolescents. Some
severe or inflammatory acne leads to scars, which may have major impacts on patients’
quality of life or even job prospects. Grading acne plays an important role in diagnosis,
and the diagnosis is made by counting the number of acne. It is a labor-intensive job
and it is easy for dermatologists to make mistakes, so it is very important to develop
automatic diagnosis methods. Ensemble learning may improve the prediction results
of the base models, but its time complexity is relatively high. The ensemble pruning
strategy may solve this computational challenge by removing the redundant base
models.

Materials and methods: This study proposed a novel ensemble pruning framework of
deep learning models to accurately detect and grade acne using images. First, we train
multi-base models and prune the redundancy models according to the performance
and diversity of the models. Then, we construct the new features of the training data by
the base models we select in the previous step. Next, we remove the redundancy mod-
els further by a feature selection algorithm. Finally, we integrate all the base models by
classifiers. The ensemble pruning algorithm was proposed to prune the deep learning
base models.

Results: The experimental data showed that the ensemble pruned framework achieved
a prediction accuracy of 85.82% on the acne dataset, better than the existing studies.
To verify our method’s effectiveness, we test our method in a skin cancer dataset and
greatly outperform the state-of-the-art methods.

Conclusion: The method we proposed is used to grade acne. Our method’s perfor-
mance outperforms state-of-the-art methods on two datasets, and it can also remove

redundancy models to reduce computational complexity.
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1 | INTRODUCTION

Acne is also known as acne vulgaris and is a commonly occurred skin
lesion worldwide, especially in adolescents.’? Acne affects 79%—95%
of adolescents in western countries.> Additionally, 51.3% of the total
adolescents in northeastern China are affected by acne.* Although
acne vulgaris is not lethal, it may substantially influence patients’ qual-
ity of life, self-esteem, mental mood, and psychological disorders.>~”
Besides adolescents, adults may also suffer from acne.®? The Hayashi
criterion is usually used to grade acne severity by dermatologists,*°
and there are four severity levels of acne mainly based on the numbers
of lesions, that is, mild, moderate, severe, and very severe.ll

A graph neural network (GNN) is a type of deep learning algorithm
in non-Euclidean space. They are widely used for many bioinformat-
ics and medical image analysis studies.'213 A dual graph convolutional
network was proposed to predict the chemical network.'* GNNs
were also utilized to predict drug-target interactions!® and protein
functions.® Image biomarker analysis is an important research topic.
GNNs have demonstrated very powerful performance in this field.1217
GNNs have also been extensively used for segmentation and lesion
detection tasks on biomedical images.?&1?
Quite a few computational studies have been published to detect

and classify acne by handcrafted features202!

or deep learning
methods.?2-25 Currently, many methods detect, classify, or count acne
by handcrafted features.26-28 Deep learning algorithms are also widely
used in the medical image analysis field and show impressive perfor-
mance improvements. The quality of training samples is essential to
generate a good acne prediction model, and ensemble algorithms tend
todeliver stably accurate models by summarizing the prediction results
of multiple base models.27-33

Ensemble algorithms are one of the widely used machine learn-
ing algorithms, such as random forest (RF).24~3¢ Ensemble algorithms
may achieve much improved prediction performances by integrating
the results of multiple base models, which are usually weak models.
Deep learning algorithms demonstrate powerful prediction perfor-
mances in medical image analysis and may also serve as the base
models of ensemble methods.®” However, both ensemble algorithms
and deep learning algorithms are notorious for their high computa-
tional complexities. The ensemble method may train the base models
by randomly selecting training subsets. It is anticipated that there may
be redundancy between the base models in the ensemble algorithms.
To address this issue, ensemble pruning algorithms are used to remove
the redundant models.38-40 Recently, several works have leveraged
deep learning ensemble pruning. Hu et al.*! proposed a deep ensem-
ble pruning algorithm to provide high-quality uncertainty prediction.

Rajaraman et al.*2

proposed a deep learning ensemble pruning method
for COVID-19 detection in chest X-rays. Zhang et al.*® proposed a
boosting deep learning-based ensemble model and a novel ensemble
pruning method for time series forecasting. There is no work to grade
acne by an ensemble pruning algorithm. In traditional ensemble prun-
ing algorithms, the performance and diversity of the base models play
important roles in pruning base models, and simple model integration

strategies, such as voting are widely used, but two major issues remain:

(1) quantitatively measuring the contribution of each base model to
the ensemble framework, and (2) in a model-based integration strat-
egy, whether the performance and diversity of base mode pruning
strategies are better pruning strategies.

This study aims to solve these issues by proposing a novel classi-
fication framework. Our framework consists of three modules. First,
we train multiple base models and use the ensemble pruning method
to remove redundant base models. We prune the base model by the
value of Kappa, which means the diversity of different models; in this
way, we can select the model subset with the highest diversity. Then,
we use the selected base models to predict the images from the train-
ing set, and the prediction results are regarded as the new features
for the ensemble framework. In this way, we can represent the base
models by the prediction, and we will concatenate all the results from
all the base models; a vector can represent an image. We can ensem-
ble models and pruning models at the feature level in the next step.
Next, we use the feature selection algorithms to remove the features
with the least impacts on the final result, that is, the feature selection
methods are used to remove the redundant base models. Finally, we
use a classifier to ensemble the base models we selected; in this way,
we can give different weights to different base models by training a
classifier.

Our contributions are threefold. (1) We propose a novel ensem-
ble classification framework to classify acne severity. (2) An ensemble
pruning strategy is designed to reduce the computational complexity of
the trained ensemble classification model. The prediction results of the
base models are regarded as a new set of features, and feature selec-
tion algorithms are used to find the best feature subset. (3) We use the
prediction results of the base models as a new set of features and use
the classifier to ensemble the results of the base models. The experi-
mental data showed that the proposed AcneGrader outperformed the
state-of-the-art methods on classifying the four acne grades.

This manuscript is organized as follows. The background and moti-
vations are described in this section. Section 2 provides detailed
descriptions of the data and algorithms evaluated in this study. The
experimental data and result discussion are given in Sections 3 and 4.

Concluding remarks and limitations are discussed in Section 5.

2 | MATERIALS AND METHODS

2.1 | Dataset

The ACNEO4 dataset'! was used to evaluate the proposed algorithm
AcneGrader for detecting and grading the acne. This dataset anno-
tated the local lesions and global acne severity using the Hayashi
criterion by professional dermatologists.** There are 1457 images in
this ACNEO4 dataset. A fivefold stratified cross-validation strategy was
used to evaluate the prediction algorithms. That is, 80% of randomly
retrieved samples were used to train the model, and the remaining 20%
were used to test the model. Each of the fivefolds was used as the
test dataset iteratively. Dataset splitting was already carried out and
released by the maintainer of the ACNEO4 dataset.
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To further verify the effectiveness of our model, a skin cancer der-
moscopic image dataset is used to verify our model.*> This dataset
contains 3297 images; 2637 images are used to train the model, and
660 images are used to test the model. This dataset contains two cat-
egories, benign and malignant. The training set contains 1440 benign
skin cancer images and 1197 malignant skin cancer images. The test set
contains 360 benign skin cancer images and 300 malignant skin cancer

images.

2.2 | Performance evaluation metrics

This study formulated the acne grading problem as a four-class classifi-
cation problem. Acne was graded as four levels, that is, mild, moderate,
severe, and very severe.!! The prediction performances of each class
were evaluated by the class-specific one-versus-others sensitivity (Sn),
specificity (Sp), and precision (Pr). The two metrics Sn and Sp were the
prediction accuracies of positive and negative samples, respectively.
The metric Pr was the rate of correctly predicted positives among the
positive predictions. The overall Sn, Sp, and Pr were defined as the aver-
age values of the four class-specific Sn, Sp, and Pr, respectively. The
overall accuracy (Acc) was the percentage of correctly predicted sam-
ples among all the samples. The metric Youden index (Y1) was another
popular classification performance metric and defined as (Sn + Sp - 1),
and a larger Y| value suggested a better classification performance of
the investigated model.

In the binary classification task, accuracy, precision, recall, and F1-
score are used to measure our method’s performance. The accuracy is
the percentage of correctly predicted samples among all the samples,
precision is the proportion of the number of correctly predicted sam-
plesinthe total number of positive predictions, and recall is the propor-
tion of the number of positive samples predicted as positive samples
in all labeled samples. The F1-score is an evaluation index of balanced
recall and precision and is defined as 2 x (Pr x recall)/(Pr + recall);
a larger F1-score suggests a better classification performance of the
investigated model.

2.3 | Experimental procedure

The experimental procedure of this study is illustrated in Figure 1.
Firstly, we trained some base models using neural networks proposed
by Wu et al.2? In this study, we randomly select image subsets and train
N base models by the image subsets. Secondly, the ensemble pruning
algorithm was used to remove the redundancy models, and we remove
(N - n) redundancy base models and obtain n base models. Thirdly, the
base models we select are used to construct features. For instance,
the training dataset consists of m images. We use n base models to
predict images, and the prediction results are used as the features. In
other words, each image is represented by an n-dimensional vector, and
each feature corresponds to a base model. Next, feature selection algo-
rithms are used to remove the redundancy features constructed in the

previous step because each feature corresponds to a base model; in
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this way, we can use feature selection algorithms to remove the redun-
dancy base models, and we can obtain better performance. Finally,
some simple ensemble strategies, such as voting, are not used, and we
summarize the final results by classifier; in this way, we can integrate
the results nonlinearly.

24 | Ensemble learning

Ensemble learning is a machine learning strategy to combine the
prediction results of multiple base models, and there are three
main categories of supervised ensemble learning strategies, that
is, bagging, boosting, and stacking. The bagging strategy is also
called the bootstrap aggregating strategy and trains base models
using randomly drawn sample subsets for equal-weight ensemble
voting.*6=4? The boosting strategy incrementally builds the ensem-
ble framework by training new base models with emphasis on the
misclassified samples by the previously trained base models.>0->2
The boosting ensemble model may deliver better prediction perfor-
mances than the bagging strategy but may also induce overfitting
over the outlier samples.>® The stacking strategy trained a meta-
learner to optimally combine the prediction results of base models and
relied on a sufficient number of samples to train the meta-learning
step.”*

This study used the bagging strategy to ensemble the base mod-
els. We randomly drew 30 training subsets to build 30 diversified base
models. Four strategies were used to combine the prediction results
of the 30 base models, that is, voting, average, sigmoid average, and
weight average strategies. The voting strategy determined the final
prediction by the majority of the prediction results of the base mod-
els. In the average strategy, the ensemble result was calculated by the
mean of those of all the base models. In the sigmoid averaging strategy,
we normalized the results of all 30 base models and output the mean
value as the ensemble result. The weight average strategy assigned the
validation error as the weight for each base model and calculated the
weighted result as the output.

2.5 | Ensemble pruning

The ensemble pruning strategy reduces the size of the bagging ensem-
ble model to increase the model efficiency. Two ensemble pruning
strategies were used in this study. Firstly, the base models were eval-
uated for their validation error rates, and the top-ranked models with
small error rates were selected, called error rate pruning (ErrorRate).>>
We calculated the accuracies of different models in the validation
dataset and ranked the models according to the accuracies. The mod-
els with small accuracies were removed from the ensemble framework.
Secondly, inter-model diversity was increased by removing the model
with a correlated but better model, called diversity pruning. Three met-
rics were used to measure the diversity between two base models, that
is, disagreement measure,”® double-fault (DF) measure,’” and Kappa
statistic.”®
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FIGURE 1 Experimental design of this study

The disagreement metric (DisM)°¢ between the ith and jth base

models is calculated as:
. @
DisM(i, j) = - (1)

The variable a is the number of samples that the ith model and jth
model assign to different classes, and the variable m is the number of
all the samples. The higher DisM(j, j) is, the more diversified the two
models are to each other. The proposed ensemble framework tries to
select the diversified subset of models. Each model pair is evaluated for
their disagreement DisM(i, j), and the model pairs with the top-ranked
DisM values are chosen for further analysis.

The DF metric®’ between the ith and jth base models is calculated
as:

DF(j,j) = % (2)

The variable mis the number of all the samples, and e is the number
of the samples that neither the ith nor the jth base models assigned to
the wrong classes. We rank the model pairs according to DF(i, j) and
select models in the top-ranked model pairs until we find the model
subset with satisfying prediction accuracies.

Kappa statistics (Kappa)®® is used for the consistency test and may
also be used to measure the classification accuracy. Kappa is calculated

as:

P(A) — P(E)

1 - P(E) @)

Kappali, j) =

The variable P(A) is the percentage agreement between the ith and

jth models. P(E) is the chance agreement. Kappali, j) = 1 indicates per-

fect agreement between the two models, and Kappal(i, j) = O indicates
no agreement. We ranked the model pairs according to Kappal(i,j) to use
their ascending numerical sort and select the models in the top-ranked
model pairs until we find the model subset with satisfying prediction

accuracies.

2.6 | Feature selection algorithms and classifiers

Ensemble pruning algorithms are used to remove redundancy in the
ensemble classification framework. Most of the existing ensemble
pruning strategies remove the redundancies between base models
according to their performance and diversity. This study uses feature
selection algorithms to remove redundant base modes. Firstly, we used
the base models to predict the images in the training set and testing
set, and the prediction results by the base models were used as the
generated features. Secondly, we used feature selection algorithms to
remove the redundant features. In this study, we used the recursive
feature elimination (RFE) strategy to select the features, and the classi-
fier support vector machine (SVM) was used to evaluate a given feature
subset. We eliminated the features utilizing which we obtained the
best performance. Finally, we trained an SVM model by the selected

features.

2.7 | Implementation details

The base model of our framework is a convolutional neural network

based on the architecture from Wu et al.1* This study evaluates the
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acne grading algorithm using the ACNEO4 dataset, which was released
by Wu et al.* We hypothesized that the neural network optimized
by the authors releasing the ACNEO4 dataset may be a good candi-
date as the base model for our ensemble framework. We choose the
default values of the hyperparameters of the neural network from Wu
et al.1! That is, stochastic gradient descent with a mini-batch of 32 is
used to optimize the base model in our framework. The experiment is
trained for 120 epochs. The momentum and weight decay values are
set to 0.9 and 5e-4, respectively. The learning rate starts at 0.001 and
decaysit by 0.5 every 30 epochs. The proposed framework AcneGrader
is an ensemble learner, and the base models are trained using different
sampled subsets from the training dataset. Our algorithm runs on an
NVIDIA P100 GPU with 16 GB VRAM.

3 | RESULTS

3.1 | Evaluation of different sampling ratios of the
bagging strategy

This study used the bagging strategy to train the ensemble classifica-
tion model. The bagging stage needed to draw a sample subset from
the training dataset. Therefore, this section evaluates how the sam-
pling ratio affects the ensemble classifier, as shown in Figure 2. Three
values were evaluated, that is, 40%, 60%, and 80%. The experimen-
tal data showed a positive correlation between the sampling ratio and
the model performance in all five metrics. The overall accuracy reached
0.855 for the 80% sampling ratio. The other four performance metrics
also reached the best values: Sn = 0.831, Sp = 0.944, Pr = 0.847, and
Y1 =0.776. Therefore, the following sections of this study used 80% of
the sampling ratio for the bagging strategy to train the base models. As
the results show, more samples randomly retrieved from the training

dataset generated better prediction performances.

3.2 | Evaluation of different ensemble strategies

We also evaluated four ensemble strategies for the acne grade classifi-

cation problem, as shown in Figure 3. The average strategy achieved

the worst values of all five performance metrics. The sigmoid aver-
age and weight average strategies slightly improved these five per-
formance metrics compared with the average strategy. The voting
strategy achieved the best performance, with the best Acc = 0.855.
Therefore, the voting strategy will be used in the following sections.

3.3 | Evaluation of different ensemble pruning
algorithms

The default number of base models trained in an ensemble algorithm
does not always deliver the best prediction performances, and some
base models may be removed to improve the ensemble model perfor-
mances. The ensemble pruning algorithm may remove the redundant
base models in an ensemble learning framework.

Four ensemble strategies were evaluated for their performance
effects using an incremental model selection algorithm, as shown
in Figure 4. The four ensemble pruning algorithms are error rate
pruning,®® disagreement metric,”® DF metric,”” and Kappa statistic.”®
The best accuracies were achieved by the total number (30) of base
models for the disagreement metric (Acc = 0.855) and the DF metric
(Acc =0.855) strategies. That is, the ensemble pruning algorithm based
on these two strategies did not improve the ensemble learning model.
It is interesting to see that the error rate pruning strategy recom-
mended seven models to achieve the best Acc =0.857, while the Kappa
statistics recommended 22 base models to achieve Acc =0.858. There-
fore, the ensemble pruning algorithm improved the ensemble learning
model, and the best model reached Acc = 0.858 using 22 base mod-
els. If the proposed AcneGrader model is deployed to a cost-sensitive
platform, such as mobile phones, the ensemble model improved by
the error rate pruning strategy may be chosen with a slightly reduced
Acc=0.857.

3.4 | Evaluation of pruning different numbers of
base models

We further evaluated how much the ensemble pruning algorithms
improved the ensemble learning algorithms initiated with different
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numbers of base models, as shown in Figure 5. The ensemble pruning
algorithms ErrorRate and DisM removed one redundant base model
while achieving the same Acc = 0.857, but the overall accuracies were
the same without any improvements from the four ensemble pruning
algorithms, as shown in Figure 5A. When there were 20 or 30 base
models, the ensemble pruning algorithm Kappa always achieved the
best improvements in Acc, as shown in Figure 5B,C. The overall best
model was still the ensemble learning model (Acc = 0.858) initiated
with 30 base models and pruned to 22 models. The experimental data
in Figure 5 further supported the necessity of pruning the ensemble
learning algorithms initiated with different numbers of base models. As
the results show, a larger number of base models may generate better
prediction performances. The choice of the ensemble pruning method
is another important factor to improve the ensemble prediction model.

35 Performance comparison between different
classifiers and feature selection algorithms

In this study, we used feature selection algorithms to select the base
models and evaluated the prediction results of the sets of different
base models. Three feature selection algorithms and five classifiers
were utilized to select the best sets of base models and to predict the
results. The feature selection algorithms were RFE, variance, and chi-
square. The five classifiers were SVM, decision tree (DT), RF, K-nearest
neighbor, and naive Bayes. The RFE algorithm recursively eliminated

features according to the features’ weights, and only these three classi-

TABLE 1 Comparison of the performance of different groups with
different feature selection (FS) algorithms and classifiers

FS Classifier Pr Sn Sp YI Acc
RFE SVM 0.8556 0.8371 0.9455 0.7826 0.8582
DT 0.8386 0.8256 0.9419 0.7675 0.8473
RF 0.842 0.8285 0.9432 0.7718 0.8514
Variance RF 0.8425 0.8404 0.9431 0.7835 0.8514
DT 0.8389 0.8319 0.9406 0.7726 0.8452
SVM 0.8419 0.8371 0.9445 0.7816 0.8541
KNN 0.842 0.8297 0.9446 0.7743 0.8548
NB 0.8484 0.8271 0.9443 0.7714 0.8541
Chi2 RF 0.8436 0.835 0944 0.779 0.8534
NB 0.8457 0.8263 0.9443 0.7706 0.8534
KNN 0.8447 0.8333 0.9454 0.7787 0.8568
SVM 0.8407 0.8353 0.944 0.7793 0.8527
DT 0.831 0.8221 0.9423 0.7645 0.8473

Abbreviations: Acc, accuracy; Chi2, chi-square; DT, decision tree; KNN, K-
nearest neighbor; NB, naive Bayes; Pr, precision; RF, random forest; RFE,
recursive feature elimination; Sn, sensitivity; Sp, specificity; SVM, support
vector machine; YI, Youden index.

The significance of bold values is the biggest values in the same column.

fiers, SVM/DT/REF, provided such information. As shown in Table 1, the
SVM-RFE achieved the best performance according to Acc in all the
groups (Acc = 0.8582). Therefore, the feature selection algorithm RFE
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and the classifier SVM were used to summarize the final result in the
following sections of this study.

3.6 | Evaluating the influence of ensemble pruning
and feature selection

The proposed AcneGrader framework consisted of the ensemble prun-
ing module and the feature selection module. The ablation experiment
was carried out to evaluate the contributions of these two modules.
As shown in Table 2, when we removed the feature selection module,
the accuracy was decreased by 0.07, and the number of base mod-
els was increased to 22 compared with the eight base models used by
the AcneGrader framework. When we removed the ensemble prun-
ing module, although we used eight base models to achieve the best
performance, each performance metric was smaller than AcneGrader.
Overall, the feature selection module and ensemble pruning module

played important roles in delivering the best AcneGrader system.

TABLE 2 Verification of the importance of the feature selection
(FS) module and ensemble pruning module

Pr Sn Sp Yl Acc Num
Without FS 8352 9464 846 7923 8575 22
Without pruning  85.14 8349 9434 77.83 8534 8
AcneGrader 85.56 8371 9455 7826 8582 8

Abbreviations: Acc, accuracy; Pr, precision; Sn, sensitivity; Sp, specificity; YI,
Youden index.
The significance of bold values is the biggest values in the same column.

3.7 | Comparison with the state-of-the-art results

A performance comparison was carried out between our algorithm
AcneGrader and the model from the same group releasing the ACNEO4
dataset,'! as shown in Table 3. The proposed algorithm AcneGrader
outperformed the model from Wu et al.!! by 1.71% in Acc, 2.69% in
Sn, 0.75 in Sp, 1.19 in Pr, and 2.94% in YI. Overall, our AcneGrader
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TABLE 3 Comparingour algorithm AcneGrader with the state-of-the-art result on the ANCEO4 dataset
Metric Sn Sp Pr Acc YI
VGGNet>? 72.71+2.60 90.60+0.71 72.65+3.42 7517 +1.97 63.31+3.19
Inception®® 72.77 +2.61 90.95 +0.68 74.26 +3.26 7644 +1.77 63.72 +2.92
ResNet®! 75.36 +3.39 91.85+0.77 75.81+2.56 78.42+211 67.21+4.11
DenseNet¢? 68.64 +3.79 90.81+0.79 75.84+2.20 76.58 +1.77 59.45+4.37
Wuetal.™! 81.52+0.02 93.80+0.00 84.37 +£0.02 84.11+0.01 75.32 +0.02
AcneGrader (ours) 83.71+0.03 94.55 + 0.05 85.56 + 0.07 85.82 +0.02 78.26 + 0.06
Abbreviations: Acc, accuracy; Pr, precision; Sn, sensitivity; Sp, specificity; Yl, Youden index.
The significance of bold values is the biggest values in the same column.
delivered better overall all the indices for the acne grading prob- TABLE 4 Comparingour method AcneGrader with other
lem. We also compared AcneGrader with the other models, including state-of-the-art methods on the skin cancer dataset
VGGNet,>? Inception,® ResNet,®? and DenseNet,®2 and our perfor- Accuracy. Recall Pr Fl-score
mance outperformed theirs. Bologna and Fossati®®  84.90 N/A N/A N/A
Lee and Chin®* 82.90 N/A N/A N/A
. Abdar et al.® 88.95 N/A N/A 89.00
3.8 | Evaluation of AcneGrader performance on
. Abdar et al.* 89.24 89.30 89.11 89.18
the skin cancer dataset
AcneGrader (ours) 93.18 93.67 91.53 92.59

To further verify the effectiveness of our algorithm, we use a skin
cancer dataset to evaluate the performance of AcneGrader, and
we compare four state-of-the-art methods, discretized interpretable
multi-layer perceptron (DIMLP)-ensemble,®? convolutional neural net-
work (CNN),%* three-way decision-based Bayesian deep learning
(TWDBDL),®> and binary residual feature fusion (BARF) (cross),*”
as shown in Table 4. We can see that BARF(cross) can achieve the
best performance. Our method outperforms this method by 3.94%
in accuracy, 4.37% in recall, 2.43% in Pr, and 3.42% in F1-score.
Overall, our method significantly outperforms the state-of-the-art
methods.

Different base models may influence the performance of Acne-
Grader. Table 5 shows how AcneGrader performs using different
neural network base models, including ResNet18 and ResNet34.
Different combinations of these base models are also evalu-
ated. We mix 10 ResNet18 and 20 ResNet34 as the denotation
“ResNet18+34(10+20),” 15 ResNet18 and 25 ResNet34 as
“ResNet18+34(15+15),” and 20 ResNet18 and 10 ResNet34 as
“ResNet18+34(20+10).” The combinations of ResNet18 alone and
“ResNet18+34(20+10)" achieved the best accuracies of 93.18%.
According to the simplicity principle of Occam’s Razor rule,® the
proposed algorithm AcneGrader with ResNet18 can achieve the best
F1-score, and we use ResNet18 as the base model.

3.9 | Sensitivity analysis of the user-defined
parameters

The setting of hyperparameters is an important step for machine learn-
ing tasks, and some comprehensive studies recommended widely used

Abbreviation: Pr, precision.
The significance of bold values is the biggest values in the same column.

TABLE 5 Evaluate how the base model influences the
performance of AcneGrader

Accuracy Recall Pr F1-score
ResNet18 93.18 93.67 9153 9259
ResNet34 90.76 92.00 88.18 90.05
ResNet18+34 (15+15) 92.88 9333 9121 9226
ResNet18+34 (10+20) 92.88 94.33 9042 92.33
ResNet18+34 (20+10) 93.18 93.33 9180 9256

Abbreviation: Pr, precision.
The significance of bold values is the biggest values in the same column.

hyperparameter selection strategies.®”-%8 The recommended sensitiv-
ity analysis was carried out for the user-defined parameter values of
our AcneGrader framework, as shown in Table 6.

Four hyperparameters were evaluated for AcneGrader, that is, the
sampling ratio of the training dataset (r), the number of base mod-
els (n), the ensemble strategy (e), and the ensemble pruning method
(p). This study used Taguchi’s method®? to set the different choices of
the four hyperparameters, which were r € {40%, 60%, 80%}; n € {10,
20, 30}; e € {Vote, Avg, Sig, Wavg}; and p € {ErrorRate, DisM, DF,
Kappa}. A full-factorial analysis needs to run the framework Acne-
Grader 32 x 42 = 144 times. Taguchi’s method used an orthogonal
array to decrease the number of experimental runs. Table 6 shows

that 19 experimental runs were performed. The best Acc = 85.68
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TABLE 6 Sensitivity analysis of user-defined parameters

No. R n E p Pr

1 40% 10 Vote ErrorRate 82.59
2 60% 20 Vote DisM 83.15
3 80% 30 Vote DF 84.71
4 60% 30 Avg ErrorRate 82.14
5 40% 10 Avg DisM 80.33
6 40% 20 Avg DF 81.57
7 80% 20 Sig ErrorRate 83.66
8 40% 30 Sig DisM 81.44
9 60% 10 Sig DF 81.90
10 80% 10 Wavg Kappa 83.50
11 60% 20 Wavg DisM 81.36
12 40% 30 Wavg Kappa 81.17
13 60% 20 Avg Kappa 82.07
14 80% 10 Vote DisM 84.92
15 40% 20 Vote Kappa 83.29
16 80% 30 Avg ErrorRate 83.83
17 60% 10 Sig Kappa 82.00
18 60% 10 Wavg ErrorRate 82.16
19 80% 20 Wavg DF 83.19

Sn Sp Yl Acc p-Value
80.04 93.61 73.65 83.49 0.047
81.01 94.09 75.11 84.59 0.458
83.14 94.44 77.58 85.55 0.299
80.44 93.74 74.19 83.63 0.058
77.43 92.83 70.26 8151 0.058
78.60 93.14 7174 82.33 0.047
82.18 94.14 76.32 84.73 0.145
78.02 93.22 71.24 82.47 0.058
79.23 93.38 72.61 82.88 0.008
81.54 93.90 75.43 84.18 0.058
79.62 93.57 73.18 83.22 0.047
78.55 93.39 71.94 82.88 0.006
80.07 93.62 73.69 83.42 0.006
83.31 94.49 77.80 85.68 -
80.39 93.83 74.22 84.11 0.201
81.87 93.93 75.80 84.38 0.058
79.58 93.34 72.93 82.81 0.008
79.81 93.44 73.25 83.01 0.087
81.84 94.03 75.87 84.38 0.047

Abbreviations: Acc, accuracy; DF, double-fault; Pr, precision; Sn, sensitivity; Sp, specificity; Y1, Youden index.

The significance of bold values is the biggest values in the same column.

was achieved by the Taguchi’s method, which was slightly worse
than the accuracy of 85.75 obtained in the above ensemble prun-
ing experiments. The Mann-Whitney U-test is a nonparametric test
of the null hypothesis that the probability of X is greater than Y. In
this study, we compared the fold accuracies of the fivefold cross-
validation by different parameters with the best model (entry 14 in
Table 6) using the one-tailed Mann-Whitney U-test. The experimen-
tal data showed that the ensemble pruning strategy Kappa tended to
be significantly smaller than the best model using the ensemble prun-
ing strategy DisM. Most experiments with the 40% or 60% sampling
rates achieved significantly smaller prediction accuracies than the best
model using the 80% sampling rate. However, the number of base mod-
els and the ensemble strategy did not show consistent patterns of
significantly smaller prediction performances compared with the best
model.

This study recommended the ensemble model with Acc = 85.75
in the ensemble pruning module. However, the experimental data
also suggested the efficiency of the Taguchi’s method in tuning the

hyperparameters of complicated choices.

4 | DISCUSSION

Acne is one of the most common skin lesions in adolescents, and its sub-

types show substantially different patterns. For example, some acne

lesions are isolated blackheads or whiteheads, while the other sub-
types consist of painful pus-filled lumps under the skin. All these com-
plications cause challenges for computational detection and grading of
acne.

Ensemble learning may serve as a candidate framework to predict
acne grades with multiple base models to describe acne from different
aspects. However, its dependence on many base models also induces
high computational requirements. Therefore, we proposed the ensem-
ble pruning strategy to remove the redundant base models from the
ensemble learning framework.

First, we tuned the parameters of the proposed framework Acne-
Grader. We found that more training samples did not lead to better
prediction performance, and 80% of the training dataset generated the
best models. The ensemble strategy is another important factor for an
ensemble learning model, and the voting strategy outperformed the
other ones.

Then, we tested different ensemble pruning algorithms on the
trained ensemble learning model. Overall, the pruning algorithms
improved the ensemble learning models. The Kappa statistics achieved
the best model performance using 22 base models and was chosen as
the default model. The error pruning algorithm achieved competitive
performance using only seven base models. If our framework is used
in an environment with limited computing resources, such as mobile
devices, the ensemble model pruned by the error pruning strategy may

be considered.
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Next, we use different feature selection algorithms to select the
important features and evaluate the feature sets with multiple clas-
sifiers. The feature selection algorithm RFE and the classifier SVM
achieve the best performance. The best model uses eight base models
to achieve better performance compared with the 22 base models used
by the Kappa statistics.

Finally, a comparison with the previous model on the same dataset
and the other algorithms showed that the proposed ensemble pruned
model achieved overall the best acne grading performances.

5 | CONCLUSION

This study proposed a novel ensemble learning and pruning framework,
AcneGrader. Our algorithm was applied to the four-class classifica-
tion problem and achieved an improved prediction accuracy of 0.8582
compared with the state-of-the-art method. This classification model
may be further improved by increasing the complexity of the ensem-
ble learning and pruning framework, for example, more base models or

better base classifiers.
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