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Abstract: Chest X-rays are vital in healthcare for diagnosing various conditions due to their low
Radiation exposure, widespread availability, and rapid interpretation. However, their interpretation
requires specialized expertise, which can limit scalability and delay diagnoses. This study addresses
the multi-label classification challenge of chest X-ray images using the Chest X-ray14 dataset. We
propose a novel online ensemble technique that differs from previous penalty-based methods by
focusing on combining individual model losses with the overall ensemble loss. This approach
enhances interaction and feedback among models during training. Our method integrates multiple
pre-trained CNNs using strategies like combining CNNs through an additional fully connected
layer and employing a label-weighted average for outputs. This multi-layered approach leverages
the strengths of each model component, improving classification accuracy and generalization. By
focusing solely on image data, our ensemble model addresses the challenges posed by null vectors
and diverse pathologies, advancing computer-aided radiology
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1. Introduction

The essential role that chest X-rays play in healthcare is undeniable, serving as a part
of the diagnostic process for a wide range of medical conditions. Their widespread use is
supported by several advantages, including the low radiation exposure associated with
them and their availability in healthcare settings from small clinics to large hospitals, along
with the speed with which results can be obtained and understood [1]. These qualities
make chest radiographs a tool for diagnosing various underlying diseases, such as lung
infections, pneumonia, heart issues, and certain types of cancer.

Given their importance, it is expected that chest radiographs will continue to be
among the most frequently requested diagnostic tests globally in the near future. Their
effectiveness in providing information swiftly cannot be emphasized enough making them
essential in emergency rooms, intensive care units, and regular health checkups.

Nevertheless, interpreting chest X-rays comes with a set of challenges. It requires a
high level of knowledge and expertise typically possessed by trained radiologists. This
need presents an obstacle, in healthcare systems, particularly in areas facing a shortage of
qualified professionals [2]. Analyzing these images thoroughly for interpretation can limit
scalability and can cause delays in diagnosing and treating patients.

The analysis of chest X-ray images is a complex challenge, as they often contain
multiple pathologies, leading to a multi-label classification problem. For example, in the
Chest X-rayl4 dataset [3], each image is annotated with multiple pathologies, mainly
involving the lungs and heart.
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Several techniques have been developed over the years to help radiologists interpret
more X-rays. In the early days of computer aid diagnostics (CAD), the image-processing
expert and the radiologist had to collaborate closely. They used hand-coded features with
decision trees or some basic machine learning algorithms [4-7]. Currently, the commonly
used techniques are based on convolutional neural networks (CNN) in computer-aided
radiology. They can handle image processing problems efficiently using the power of the
graphical processing units (GPU). Most algorithms use one CNN architecture with some
modifications to make it useable for multi-label classification. Some of them use attention
techniques or long short-term memory to improve performance [3,8-13]. Some other works
used additional data to increase efficiency, Yao et al. [14] used an additional bounding box
about the region of interest, to focus on the problematic region. Baltruschat et al. [15] used
patient information to achieve a better AUC score, they put patient age and gender next to
the X-ray image information. In this research, we focus solely on the image data and do not
use any additional external information.

We already have some publications in this field, our first result in this research area
was to create a new architecture from scratch [16]. We already published our development
that aimed to use transfer learning and modified head for improved performance [17].

These works, including ours, used one CNN model for the labeling of X-rays. However,
many other real-world problems show us that the capacity of a single monolithic system
may not be sufficient to solve them. Recognizing this, both natural and artificial systems are
adopting approaches that rely on the cooperation of multiple, interconnected subsystems
to reduce complexity and efficiently address complex challenges. The methodology for
creating neural network ensembles varies.

The most commonly used approach is a two-step (offline) process, described by [18,19].
In the first step, individual networks are created and then combined in a particular way.
This process is usually conducted by training each network separately and independently
of the others. One major drawback of this procedure is that the possibility of interaction
between the individual networks is lost during training. There is no possibility of feedback
at these stages of ensemble formation, which means that there is no information flow
between the formation of each network and its combination. This may result in some
independently designed networks contributing less to the performance of the ensemble.

Online ensemble models are advanced machine learning approaches in which the mem-
bers of each model are trained simultaneously in a single network, allowing interactions and
feedback between members to directly influence each other [20-22]. This approach helps to
exploit synergies between models, as members learn from each other during the learning
process, which increases the prediction accuracy and overall model robustness.

Many articles show us that the ensemble model can be used in classification prob-
lems [23-25]. There are several techniques that exist to concatenate models into an
ensemble from the basic arithmetic means, weighted means, voting to an advanced
meta-learner [26-31]. Some other papers show the medical usage of CNN ensemble tech-
niques [32-34]. There are some interesting offline methods, including those from Zhu
et al. (2023), who demonstrated improvements using dynamic ensemble learning [35];
Xia et al. (2021), who highlighted the effectiveness of weighted classifier selection and
stacked ensembles [36]; Yao et al. (2021), who introduced the MLCE method using label
correlations effectively [37] and Nanni et al. (2021), who combined ensemble methods with
deep learning techniques, showing significant performance boosts [38].

Providing diversity is critical to optimizing online ensemble models, which can sig-
nificantly improve the model’s generalization ability. Some techniques can be applied to
both online and offline ensemble models, including various pre-processing and data aug-
mentation techniques [20] and using different architectures [39]. One of the most practical
and efficient approaches to achieve this is to integrate diversity constraints directly into
the loss function. In the literature, this approach first appeared in works that introduced
correlation penalty factors into the loss function [40]. They aimed to encourage the gradient
reduction algorithm to produce more diverse ensembles. In [21], a specially developed loss
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function for image metric learning with the goal of generating a diverse and low-correlation
embedding was presented. Using cosine similarity as a penalty term also proved to be
an effective method to increase the diversity of the model [20]. In our previous research,
we have demonstrated the use of Pearson’s correlation for categorical image classification
tasks to increase the diversity of ensemble learning [41]. These approaches allow us to
exploit the potential of ensemble models better, increasing the efficiency of the learning
process and the accuracy of the final model.

A special aspect of multi-label classification tasks is that it is possible to have cases
where no label is associated with a given sample, resulting in a null vector. Another special
case is when we have multiple ones (including all ones) in the vector referring to the
presence of multiple (or all) labels. This situation is particularly challenging when applying
penalty techniques to increase model diversity. Pearson correlation or cosine similarity,
which are generally effective tools for measuring the relationships between models and
their diversity, prove impractical when the complete missing of labels is also an option. In
this case, these metrics may produce biased or irrelevant results, as they are not able to
handle the special cases indicated by null vectors.

Taking into account the losses of each model allows the final decision mechanism
to focus not only on the overall performance of the ensemble but also on assessing the
contribution of each member. Therefore, if the ensemble is composed of significantly
different architectures, the diversity of the model increases, as the ensemble does not
only make an “averaged” decision but also takes into account the individual, potentially
different signals of each member, which improves the robustness and adaptability of the
model to diverse labeling situations.

In this research, we present a novel online ensemble technique for image classification
tasks. The key to our innovation is a specially developed combined loss function, which
uniquely computes the loss of the entire ensemble model and calculates the loss of the
participating model components. We implemented this idea by merging several models
and varying their concatenation to increase classification accuracy by applying a new
network architecture. Finally, we created an ensemble of several pre-trained CNNs and
applied different combination (fusion) methods (see Figure 1). For using ImageNet weights
we have to use backbone-specific preprocessing, which we have implemented as a layer
and put above the backbones separately (see Figure 1).

preprocessing
layers

output of
ensemble

‘mo>g— qcvz—‘

1 CNNN.

Figure 1. Flowchart of the proposed algorithm.

One method is to connect the separate CNNs through an additional fully connected
(FC) layer inserted after the last FC layer of the original CNNs. In addition, another strategy
is used, where the last FC layers of the model components are combined by a label-weighted
average, where the parameters of the average calculation can be learned. Finally, we adopt
a method in which, although each member model has its own FC layer, these are used
exclusively to compute the combined loss function. In contrast, for the linking we combine
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the feature extraction layers of the member components and place the new fully connected
layer on top of them. This multi-layered approach allows us to exploit the strengths of each
model component while improving classification performance and increasing the model’s
generalization ability.

2. Materials and Methods

In this section, we first thoroughly examine sets of chest X-ray data that cover labels,
emphasizing their crucial role in improving deep learning models for automatically labeling
X-rays. These datasets, which come with annotations for chest conditions, are essential for
training models to identify and label several pathologies precisely on X-ray images.

Next, we discuss the core structures that underpin our models and are vital for
extracting features from the images. We talked about the selection of activation functions.
The significance of choosing loss functions is also discussed, emphasizing their importance
in tasks involving multi-label classification. Finally, we explore techniques that are a crucial
aspect of our ensemble methodologies.

2.1. Datasets

In our research, we used two different multi-label X-ray databases. The first dataset,
known as the Chest X-ray14 dataset [3] or the NIH Chest X-ray dataset, is a widely used
asset in the field of medical imaging specifically for computer-aided diagnosis systems.
Provided by the National Institutes of Health (NIH), this dataset contains more than
112,000 X-ray images from more than 30,000 patients. Each image is labeled with up to
14 thoracic pathologies, such as pneumonia, edema, and effusion.

This extensive collection of images and associated labels serves as a cornerstone
for the development and benchmarking of machine-learning models, especially those
aimed at detecting and classifying thoracic diseases. The Chest X-ray14 dataset has been
instrumental in advancing the field of deep learning in medical imaging by providing a
vast and varied data source for training models that can accurately identify and predict
multiple pathologies from X-ray images. This chest radiograph dataset is widely used, as
evidenced by the publications cited [3,8-15,42] in Section 1 are also used this dataset. We
choose this set to make our result comparable with other state-of-the-art algorithms.

MIMIC-CXR [43] is another available dataset for chest radiographs. It was created
to support and promote research in medical image analysis. This dataset was compiled
by the Massachusetts Institute of Technology (MIT) in partnership with the Beth Israel
Deaconess Medical Center as part of the Medical Information Mart for Intensive Care
(MIMIC) initiative, which seeks to offer medical datasets to facilitate various biomedical
studies. Access was obtained through PhysioNet [44]. We used JPG conversion for MIMIC
images [45].

Chest X-ray14 and MIMIC-CXR datasets are two major sources of chest X-ray images,
both widely used in machine learning, especially in image classification tasks. The Chest
X-rayl4 dataset contains 14 labels covering a wide range of chest diseases, while the
MIMIC-CXR database contains 13. There is a large overlap between the datasets in terms
of labels.

MIMIC-CXR contains more than three times as many images as Chest X-ray14, pro-
viding an excellent basis for demonstrating the effectiveness of transfer learning for X-ray
images. Table 1 contains the common and dissimilar labels of the databases and also shows
the number of occurrences of the labels. We put n.a. when the label does not exist in
the dataset.

2.2. Medical Background

Atelectasis is the absence of inflation (i.e., collapse) of part of the lung, resulting
in reduced volume and increased opacity of the lung tissue on radiographs [46], see on
Figure 2a). Cardiomegaly is the enlargement of the heart, whereby the transverse diameter
of the cardiac silhouette is greater than or equal to 50% of the transverse diameter of the
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chest [47] (see Figure 2b,c). Consolation refers to the increased lung opacity on radiographs
with various patterns, indicating that the lung tissue is filled with liquid, such as exudate,
pus, water, or blood, instead of air [48] (see Figure 2b). Although pneumonia is the most
common cause of consolidation, it is not the sole causative factor. Edema is another opacity
of the lungs that may appear as ill-defined nodular opacities tending to confluence in
alveolar edemas or present as peripheral lines in interstitial edema (see Figure 2c). In the
pneumothorax, the radiograph shows a thin, sharply defined opaque (white) line (displaced
visceral pleura) outlined by a lucent (dark) air-filled lung [49]. For a special case with no
findings see Figure 2d.

Table 1. Overview of label counts in the MIMIC-CXR and Chest X-ray14 datasets.

Label Name MIMIC-CXR Chest X-ray14
Airspace opacity 55,660 n.a.
Atelectasis 49,638 8280
Cardiomegaly 48,899 1707
Consolidation 11,734 2852
Edema 29,390 1378
Effusion n.a. 8659
Emphysema n.a. 1423
Enlarged cardiomediastinum 7868 n.a.
Fibrosis n.a. 1251
Fracture 5018 n.a.
Hernia n.a. 141

Infiltration n.a. 13,782

Lung Lesion 7003 n.a.
Mass n.a. 4034
Nodule n.a. 4708
Pleural effusion 58,734 n.a.
Pleural other 2137 n.a.
Pleural thickening n.a. 2242
Pneumonia 18,330 876
Pneumothorax 11,610 2637
Support Devices 74,247 na.

PORTABLE

© @

Figure 2. Chest X-ray images with with distinct conditions: (a) atelectasis; (b) cardiomegaly;

(c) cardiomegaly, consolidation, edema; (d) no finding.
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2.3. Backbones of CNN

Over the past few years, convolutional neural networks have become the industry-
leading technology for pattern recognition tasks in digital image processing, such as object
detection, localization, segmentation, and classification. These networks are able to learn
the parameters of convolutional filters and extract meaningful and higher-level features
that can be used to discriminate between different categories of images. The training phase
requires a large scale of computational power and thousands of manually labeled images.
The proposed networks are general enough to be applied for different classification tasks
with a low error margin. This need has recently led to the development of several new
CNN architectures such as InceptionV3 [50], ResNet [51], DenseNet [52], MobileNet [53],
RegNet [54] and Xception [55]. These are also available as pre-trained models, originally
trained on the ImageNet dataset. These models can be used in the context of transfer
learning, where weights and biases are used to fine-tune the models for our own data. If
enough annotated images are available to create a model starting from scratch, we can
randomly initialize the network parameters.

InceptionV3 [50] developed by Szegedy et al. represents a step in the realm of con-
volutional neural networks, introducing a refined structure that aims to improve image
classification performance while keeping computational efficiency in check.

ResNet50V2 [51] improves the ResNet model by introducing activation residual units
and adjusting the design of residual blocks to improve performance and stability.

DenseNet121 [52] is well known for its design which promotes the reuse of features
by utilizing connected convolutional networks. This model combines features from layers
within a block before passing them to the layers, ensuring smooth information flow.

MobileNetV2 [53], an addition to the MobileNets series, is designed to excel in mobile
vision tasks by prioritizing efficiency. This method uses inverted residuals and linear bot-
tlenecks to enhance the flow of information within the network while reducing the burden.

RegNet [54], a set of network structures introduced by Facebook Al, prioritizes sim-
plicity and scalability in its design, presenting models that are fine-tuned for both accuracy
and efficiency. As part of the RegNetX series, RegNetX 016 focuses on efficiency by utilizing
grouped convolutions to find a harmony between requirements and performance.

The Xception [55] design transforms convolutional neural networks by introducing a
new approach. It uses convolutions that separate the handling of cross-channel and spatial
correlations. This architecture consists of 36 layers organized into 14 sections focusing on
efficiency and performance by utilizing connections to address gradient vanishing issues.

2.4. Multi-Label Classification

In multi-label classification, the model simultaneously predicts multiple independent
labels for a given input. This differs from traditional single-label classification, where
each input belongs to exactly one class. In the context of the multi-label classification, we
represent target labels with an N-dimensional vector T = [t1, {3, ..., 4], where N denotes
the number of labels and t,, denotes

1, if n-th label is present on the image.
th = 1

0, if n-th label is not present on the image.

We have to highlight some special cases: YN ; t; = 0 indicates that no one of the labels
persists in the image; Y ; ; > 1 implies that at least one label persists in the image and
YN, t; = N means that all the labels persist in the image.

Two key components could be used to solve multi-label classification problems: the
sigmoid activation function and the binary cross-entropy loss function.

The sigmoid activation function is an ideal choice for multi-label classification because
each output neuron has a label associated with it, and the sigmoid allows each neuron
output to take a value between 0 and 1 independently. This means that the presence or
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absence of each label is treated as a separate, independent probability, which fits perfectly
with the nature of multi-label classification.

The binary cross-entropy loss function (2) is also a critical component of multilabel
classification tasks, as it allows the accuracy of the predictions of each label to be measured.
This loss function measures for each label separately how accurate the model’s predictions
are relative to the true labels, thus supporting model fine-tuning and improving overall
classification performance.

y], log(7;,i) + (1 —yj) log(1 — ;)] 2)

Wi Mz

s
Lulti—BcE = — E

In the Equation (2), y;; syrnbolizes the true label (0 or 1) of the i-th label on the j-th image,
while ;; of i-th probability computed by i-th output neuron regarding the j-th image, N
denotes the number of labels, S denotes the number of images.

In summary, combining the sigmoid activation function and the binary cross-entropy
loss function enables efficient handling of multi-label classification tasks. This allows
each label to be treated as an independent likelihood while optimizing the model perfor-
mance on a label-by-label basis, thus increasing the accuracy and reliability of multi-label
classification schemes.

2.5. Ensemble Networks

As we mentioned in the introduction we focus only on the online ensemble technique.
In this paper, we used two different types of ensembles.  Both types can consist of
M different members. The first type is when all members have their own output layer.
Individual predictions of these models are concatenated together, using one fully connected
layer (or more) which is inserted to combine these predictions. This type is called class-level
(see Figure 3a).

The second type is where only the features extracted by the backbones are concate-
nated, and these members do not have their own output layer. A fully connected layer is
applied over the concatenated features, similar to the class-level ensemble. This approach
allows directly using the extracted features to integrate and refine the predictions. This
type is called a feature-level ensemble (see Figure 3b).

Both types of ensemble aim to exploit the diversity of information provided by differ-
ent models, thus improving the accuracy of the predictions and the model’s generalization
ability. The class-level ensemble exploits the diversity among model-specific decisions. In
contrast, the feature-level ensemble focuses on the diversity of extracted features, providing
a more robust decision mechanism in the final classification.

extracted extracted

features original output features concatenated

layers features
I concatenated - —
CNN 1. i D D otene CNN 1. i D
output of output of
i I 1 i I 1

anff ] - D/ o) ] -

(a) (b)

Figure 3. Different types of ensemble: (a) class-level; (b) feature-level.
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For the sake of completeness, we also used the weighted average of the output layers
of the members as a reference. In this case, we do not use a FC for a concatenation. We
used a custom layer that calculated the average of the output labels with trainable weights:

M
9= wr-yk 3)
k=1

In (3), # symbolizes the weighted averaged prediction and M represents the total number
of members within the ensemble. The y; refers to the prediction output of the k-th model,
while wy, is the weight assigned to the k-th member. In the multi-label case, yx and wj, are
vectors containing the probabilities of the labels.

Using these weights allows us to dynamically adjust of each model’s influence on
the final prediction, acknowledging that some models may contribute more reliably or
relevantly to certain predictions than others. This flexibility is a crucial advantage of the
weighted-mean approach over the simple mean, enabling a more targeted exploitation of
the strengths of individual models.

Determining the optimal set of weights, wy is a critical aspect of the effective use of
the weighted mean strategy. In our case, the weights are trainable and these weights were
trained automatically from the data; however, it is possible to adjust weights manually.

Proposed Ensemble Loss

In multi-label classification, samples may have no labels, resulting in null vectors.
Common penalty terms used in categorical classification do not perform well in this context.
Currently, we focused on combined loss, this approach considers both the ensemble’s
overall performance and each model’s contribution, enhancing adaptability and robustness.
This diversity is crucial, especially when using models with different architectures, as it
improves classification accuracy by addressing the problem from multiple perspectives.

In this way, our model can integrate the information provided by each component
more efficiently, optimizing the classification performance. In particular, we expect our
solution to yield significant accuracy improvements in multi-label image classification
tasks. Thus, our approach not only improves the efficiency of the learning process but also
significantly enhances the generalization capability of our model, ensuring that it is more
adaptable to various challenges.

The deep ensemble model presented in this paper has trainable head layers, and is a
structure with a high level of complexity and many parameters, making it a particularly
challenging structure for effective learning. In the case of the online ensemble method, we
could optimize these parameters simultaneously in a coordinated learning step that aims
to improve the performance of the ensemble model. Our method combines the losses of
the individual members of the model with the loss computed on the output layer of the
ensemble. This strategy allows us to fine-tune the contribution of each model component in
the ensemble decision-making process, thus increasing learning efficiency and improving
classification accuracy. Thus, our approach not only opens up new dimensions in deep
learning model learning but also improves the results achievable in multi-label image
classification tasks, exploiting the hidden potential of ensemble models. Our proposed
composite loss function is calculated as:

M

N 1 R
Liotal = Latutti—ce (Y Gout) +A - M Lvtutti—ce (Y, Vi), (4)
1

k
where M denotes the number of members networks, Lpcr denotes the multi-label binary
cross-entropy loss function (2), y means the true label of the image, #,,+ denotes the output
of the ensemble, and f; denotes the output of the k-th member and finally A controls
the members’ loss. A weighting provides a tool to manage the influence of individual
saturations of the different model components on the ensemble.
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In the class-level case, we used the output of members for calculating members’ loss.
However, in the case of the feature-level ensemble, we had to modify the model, and
add FC layers as output layers for calculating loss (see Figure 4). In that case, FC layers
play a critical role beyond traditional use; they are explicitly employed to calculate the
loss, as detailed in Equation (4). This setup allows for deeper integration of member
model strengths, optimizing the ensemble’s overall predictive capability by leveraging the
specialized loss calculation to enhance learning efficiency and model accuracy.

extracted
features concatenated
output layer features

&l
-1

output of

I ensemble

CNN N.

Figure 4. Feature-level ensemble with extended output layers for calculating loss.

3. Results

In the results section, we discuss the results and our comprehensive data preparation
process, which includes extensive image augmentation techniques to enhance model ro-
bustness. We provide an in-depth analysis of individual CNN backbone performances,
laying the groundwork for understanding the comparative effectiveness of different archi-
tectures. Based on this evaluation, we introduce our proposed ensemble configurations,
carefully considering memory usage and the number of parameters to optimize computa-
tional efficiency. Furthermore, we present the results of the class-level, feature-level and
weighted average ensembles that incorporate heads, demonstrating the impact of these
configurations on model performance. Lastly, we highlight the significant improvements
achieved by applying transfer learning from the MIMIC-CXR dataset, underscoring the
value of pre-trained models in enhancing diagnostic accuracy in medical imaging.

3.1. Preparation of the Data

To use the backbone models with ImageNet pre-trained weights, it was necessary
to convert the images to a three-channel format with dimensions of 224 x 224. Initially,
the grayscale images were expanded to three channels. This was followed by resizing
all images to dimensions 256 x 256 (we use cropping later), down from 1024 x 1024 for
Chest X-ray14 images. During the training phase, we used random cropping to achieve
dimensions 224 x 224, while for validation and test sets, center cropping was used. Image
augmentation techniques included random flips and rotations within a range of —0.4 to
0.4 radians to improve model robustness and generalization. For using ImageNet pre-
trained weights, we had to utilize a specific prepocessing task to rescale and normalize
with ImageNet means. We reimplemented this model-specific preprocessing as layers and
built it into a model.
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3.2. Evaluation of the Different Members CNNs

We created a comprehensive overview performance of DenseNet121, InceptionV3,
MobileNetV2, RegNetX016, ResNet50V2 and Xception. All evaluation was made in 25%
of the Chest X-ray15 dataset, preserving the original distribution of the labels as much as
possible. We used a five-fold cross-validation, to show the mean of the values of the AUC
on Table 2. These measurements were performed with 32 batch sizes, 30 epochs, and two
optimizer configurations. The first optimization configuration is Adam [56] with a learning
rate of 0.001 and 81 = 0.9 and By = 0.999, the second is a stochastic gradient descent [57]
(hereafter, we refer as SGD) with momentum = 0 and a learning rate of 0.01. We saw that
all models have stable performance (see Table 2) on SGD, so the two created ensembles
employ SGD as its optimizer learning rate at 0.01 and momentum at 0. Specifically, the
standard deviations for SGD range from 0.0023 to 0.0084, whereas for Adam, they range
from 0.0143 to 0.0304. Lower standard deviation indicates that the performance of SGD is
more stable and less variable across different runs, so we use only SGD further.

Table 2. Finding members of proposed ensembles.

Train Validation
Adam SGD Adam SGD
DenseNet121 0.7796 + 0.0120 0.8082 =+ 0.0045 0.7569 + 0.0260 0.7693 £ 0.0084
ResNet50V2 0.7885 + 0.0044 0.8146 £ 0.0033 0.7428 + 0.0304 0.7631 £ 0.0066
MobileNetV2 0.8244 + 0.0068 0.7882 £ 0.0054 0.7356 + 0.0245 0.7590 =+ 0.0057
InceptionV3 0.8162 + 0.0069 0.7685 £ 0.0030 0.7546 + 0.0144 0.7436 + 0.0058
RegNetX016 0.8259 + 0.0008 0.7277 £ 0.0024 0.7669 + 0.0162 0.7274 + 0.0055
Xception 0.9186 =+ 0.0030 0.6987 £ 0.0033 0.6998 + 0.0143 0.6969 + 0.0023

3.3. Evaluation of the Ensembles

After the comprehensive evaluation, we propose two distinct ensemble architec-
tures, adhering to a critical limitation: the overall memory consumption of the ensem-
ble must not exceed 14 GB, we calculated the memory usage with 32 batch sizes and
224 x 224 image size. Table 3 illustrates a comparative overview of these ensembles, show-
ing the total number of parameters and memory footprint for each configuration. In the
first ensemble, some models rely on special connections between layers (DenseNet121),
or work at different scales simultaneously (InceptionV3), or models that help you build
deeper networks without running into problems (ResNet50V2). DenseNet121 is special
in that each layer is connected to the ones before, so it makes better use of the data and
can run with fewer parameters. InceptionV3 works in multiple sizes, so it can more easily
recognize things of different sizes. ResNet50V2 helps to make networks deeper without
losing control during learning.

In the second ensemble, we focused on the systematic design (RegNetX016) worked
with small computational power (MobileNetV2), and used new methods of convolutions
(Xception). RegNetX016 is a network designed to work efficiently and works well with a
variety of tasks. MobileNetV2 also uses special solutions to make it work well on mobile
devices, while Xception innovates by handling spatial and channel information separately,
improving performance. This split ensures that the memory usage remains below 14 GB.

Thus, these two ensembles use different architectures to solve multi-label classifi-
cation problems, and we believe that their diversity will improve the performance of
ensemble models.
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Table 3. Memory usage and number of trainable parameters of the members and the ensembles.

Trainable Total Trainable
Model Parameters Memory Parameters Total Memory

ResNet50V2 25,568,360 3855 MB

Ensembleq DenseNet121 7,978,856 6102 MB 57,364,568 13,954 MB
InceptionV3 23,817,352 3997 MB
Xception 22,855,952 7710 MB

Ensembley RegNetX016 9,190,136 3120 MB 35,550,960 13,496 MB
MobileNetV2 3,504,872 2666 MB

As a baseline evaluation, we have implemented Ensemble; and Ensemble, according
to Table 3. In both ensembles, the members are connected alongside a feature-level or
class-level or a simple weighted average methodology (described in Section 2.5).

We also used a five-fold cross-validation. The result is shown in Table 4. These
configurations are performed on the Chest X-ray14 dataset, using multi-label binary cross-
entropy (2).

Table 4. Results of Ensemble; and Ensemble, without proposed loss.

AUC of Train AUC of Validation
Feature-level 0.8036 + 0.0039 0.7662 + 0.0109
Ensembleq Weighted Avg. 0.7783 £ 0.0053 0.7542 £ 0.0078
Class-level 0.6931 £ 0.0106 0.7029 +£ 0.0061
Feature-level 0.7675 £+ 0.0028 0.7549 + 0.0041
Ensembley Weighted Avg. 0.7275 £ 0.0047 0.7210 £ 0.0047
Class-level 0.6703 £ 0.0051 0.6748 £ 0.0069

As a next step, we will investigate how our proposed loss function can improve the
performance of these ensembles (see Section “Proposed Ensemble Loss”), particularly by
examining the role of the parameter A. This parameter A affects the weight of the individual
losses of each model in the final loss calculation. By increasing the value of A, we wanted
to test how much the losses contributed by each model dominate the total loss and how
this affects the performance of the ensemble model. Our results show in Table 5 that when
we moderately increased the value of A from 0.5 to 1.0 and then to 2.0, the performance of
the model improved significantly compared to the baseline version without combined loss.

However, when the A value increased to an unrealistically high value of 5.0 or 10.0,
we observed a decrease in the model’s performance compared to the conventional one.
Careful adjustment of the A parameter, emphasizing individual model losses can improve
the generalizability and AUC by leveraging each component’s unique characteristics.
Interestingly, class-wise ensembles do not perform better with our proposed loss, so our
current focus is solely on optimizing outcomes. Fine-tuning A allows precise control over
each model’s contribution, creating a balanced and efficient classification scheme. This
approach highlights the importance of individual model losses in enhancing the overall
performance of multi-label ensemble models.

This phenomenon suggests that with excessively high A values, the model focuses too
much on the individual losses of each model, which may limit the learning process and
negatively affect the model’s adaptability.
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Table 5. Results of Ensemble; and Ensemble, with different A-s.
Value of A AUC of Train AUC of Validation
None 0.8036 =+ 0.0039 0.7662 £ 0.0109
0.5 0.8391 £ 0.0038 0.7700 =+ 0.0040
1.0 0.8680 =+ 0.0020 0.7718 £ 0.0065
Feature-level
2.0 0.9076 £ 0.0037 0.7407 £ 0.0094
5.0 0.9397 + 0.0042 0.7608 =+ 0.0092
10.0 0.9490 =+ 0.0029 0.7534 £ 0.0088
None 0.6931 £ 0.0106 0.7029 =+ 0.0061
0.5 0.7257 £+ 0.0011 0.6871 £ 0.0038
1.0 0.7457 £ 0.0059 0.6877 £ 0.0029
Ensembleq Class-level
2.0 0.7745 + 0.0011 0.6832 £ 0.0063
5.0 0.8101 £ 0.0018 0.6806 =+ 0.0069
10.0 0.8245 + 0.0019 0.6760 =+ 0.0025
None 0.7783 £ 0.0053 0.7542 + 0.0078
0.5 0.8454 + 0.0042 0.7775 £ 0.0017
1.0 0.8725 £ 0.0158 0.7821 £ 0.0061
Weighted Avg.
2.0 0.9159 + 0.0020 0.7847 + 0.0041
5.0 0.9474 £+ 0.0017 0.7809 =+ 0.0085
10.0 0.9516 + 0.0024 0.7565 =+ 0.0058
None 0.7675 £ 0.0028 0.7549 + 0.0041
0.5 0.7965 =+ 0.0054 0.7735 =+ 0.0055
1.0 0.8157 £ 0.0018 0.7717 £ 0.0127
Feaure-level
2.0 0.8447 + 0.0022 0.7766 £+ 0.0114
5.0 0.8806 + 0.0018 0.7690 + 0.0054
10.0 0.9100 £ 0.0015 0.7641 £ 0.0207
None 0.6703 £ 0.0051 0.6748 £ 0.0069
0.5 0.7016 £ 0.0031 0.6853 £ 0.0099
1.0 0.7145 £ 0.0047 0.6898 + 0.0095
Ensemble) Class-level
2.0 0.7339 + 0.0042 0.6928 + 0.0069
5.0 0.7677 £ 0.0052 0.6935 £ 0.0104
10.0 0.7977 £ 0.0065 0.6943 =+ 0.0070
None 0.7275 £ 0.0047 0.7210 £ 0.0047
0.5 0.7952 £+ 0.0013 0.7694 £+ 0.0170
1.0 0.8217 £ 0.0022 0.7825 + 0.0029
Weighted Avg.
2.0 0.8610 + 0.0027 0.7924 + 0.0077
5.0 0.9071 £ 0.0036 0.7838 £ 0.0093
10.0 0.9422 + 0.0012 0.7810 £ 0.0073

The best values mark with bold.
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3.4. Using the Power of the Transfer Learning

In our previous work [17], we focused on training the backbone architectures using
the MIMIC-CXR dataset, followed by adjustments to fully connected layers. The current
study advances this approach by training each ensemble member independently on the
MIMIC-CXR dataset, employing the designated optimizers and ensemble configurations as
previously determined. For this training phase, we adopted a batch size of 256 and a total
of 50 epochs, utilizing a dataset comprising 250,000 frontal chest X-ray images to develop
pre-trained models. We used an SGD optimizer with a learning rate of 0.01 and momentum
of 0.9, trained on 50 epochs, chose the best AUC on a valid dataset, and ran it on the official
test set. For these ensembles, we used the modified loss function with A at 2.0 and we chose
a weighted average head. We used the official Chest X-ray14 split. The results are shown in
Table 6, we used bold to mark the better result.

Table 6. Evaluation the best lamba on Chest X-ray14 using pre-learned weights from MIMIC-CXR.

Ensembleq Ensembleq Ensemble, Ensemble;

None A=20 None A=20

Atelectasis 0.8068 0.8323 0.8061 0.8258
Cardiomegaly 0.8856 0.9014 0.8916 0.9009
Consolidation 0.7915 0.8123 0.7850 0.8128
Edema 0.8951 0.9040 0.9056 0.9053
Effusion 0.8777 0.8915 0.8763 0.8883
Emphysema 0.8435 0.8918 0.8566 0.8785
Fibrosis 0.7561 0.8076 0.7770 0.7924
Hernia 0.7037 0.8628 0.5685 0.7138
Infiltration 0.6487 0.6489 0.6780 0.6562
Mass 0.8164 0.8676 0.7975 0.8511
Nodule 0.7421 0.7773 0.7258 0.7602
Pleural Thickening 0.7756 0.8208 0.7759 0.8076
Pneumonia 0.6997 0.7465 0.7209 0.7300
Pneumothorax 0.8220 0.8651 0.8346 0.8400
Mean 0.7904 0.8307 0.7857 0.8116

The best values mark with bold.

3.5. Compare Our Result with the State-of-Arts Algorithms

Based on the results of the evaluation and tests carried out in our research (see Table 7),
our first ensemble model (Ensemble;) outperformed state-of-the-art models. On the con-
trary, our second ensemble (Ensembley), although it did not reach the outstanding perfor-
mance of the first model, performed better than many other systems. These results represent
a significant milestone in our approach to multi-label classification tasks, particularly in the
area of deep learning and ensemble models.

The success of Ensemble; highlights that our innovative methodology, in particular
by combining different models and using a specially developed loss function, opens new
avenues to improve the efficiency of image classification tasks. This encourages us to
further explore the potential of ensemble models, especially in the multi-label context. Yao
et al. [14] had 0.830 AUC as the same performance as our Ensemble; but used a bounding
box to focus the classifier, Kufel et al. [42] produced a better result (0.838) than our ensemble
but used a non-official data split, so these results are not comparable with our results.

The results of Ensembley, while not reaching the outstanding performance of the first
group, confirm the view that the use of ensemble models can represent a significant im-
provement over many current models. This suggests that even less optimal configurations
can achieve competitive results, especially when considering the complexity and challenges
of multi-label problems.
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Table 7. Comparison of our results with state-of-art results.

Tang et al.
(10]

Guan et al. Yan et al. Baltruschat Kufel etal. Katonaetal. Ensemble; Ensembley
[12] [14]1 etal. [15] 2 [42] 8 [17] A=20 A=20

Atelectasis
Cardiomegaly
Consolidation

Edema
Effusion
Emphysema
Fibrosis
Hernia
Infiltration
Mass
Nodule
Pleural Thickening

Pneumonia
Pneumothorax

0.765
0.887
0.728
0.848
0.819
0.906
0.818
0.875
0.689
0.814
0.755
0.765
0.729
0.850

0.792 0.792 0.763 0.817 0.828 0.832 0.826
0.879 0.881 0.875 0.911 0.891 0.901 0.900
0.758 0.760 0.749 0.815 0.809 0.812 0.812
0.850 0.848 0.846 0.908 0.899 0.904 0.905
0.824 0.842 0.822 0.879 0.893 0.891 0.888
0.909 0.942 0.895 0.935 0.884 0.891 0.878
0.832 0.833 0.816 0.824 0.808 0.807 0.792
0.906 0.934 0.937 0.890 0.813 0.862 0.713
0.694 0.710 0.694 0.716 0.704 0.648 0.656
0.831 0.847 0.820 0.853 0.851 0.867 0.851
0.766 0.811 0.747 0.711 0.758 0.777 0.760
0.778 0.808 0.763 0.812 0.812 0.820 0.807
0.726 0.740 0.714 0.769 0.730 0.746 0.730
0.858 0.876 0.840 0.898 0.864 0.865 0.840

Mean

0.803

0.814 0.830 0.806 0.838 0.825 0.830 0.811

References

! They use a bounding box of interest region. 2 They use additional non-image features. > They use a non-official
data split.

4. Conclusions

Seeing the results of our ensemble models, we can conclude that significant improve-
ments can be achieved even for multi-label problems. We, therefore, propose further studies,
including the investigation of a broader range of models as well as the configuration of
even more models up to 4-6-8. Furthermore, we recommend digging deeper into the en-
semble methods, including new loss functions and their impact on model performance. By
taking an even broader view of model interactions and the diversity that comes from this
combined approach, we hypothesize an even greater performance in multi-label image clas-
sification. Moreover, integrating additional models offers a richer field for exploring their
joint dynamics and optimizing their joint performance. Our research highlights the signifi-
cant promise of multi-label ensemble models in addressing image classification challenges
and presents new avenues for future research. These results reinforce our commitment to
devoting more time and resources to this multi-label field due to its immense potential.
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