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Amidst rapid technological and healthcare advancements, biomedical data
classification using machine learning (ML) is pivotal for revolutionizing
medical diagnosis, treatment, and research by organizing vast healthcare-
related data. Despite efforts to apply single ML models on clean datasets,
satisfactory classification accuracy can still be elusive. In such cases, ML-
based ensembles offer a promising solution. This paper explores cascaded
ensembles as highly accurate methods. Existing cascade classifiers often
partition large datasets into equal unique parts, limiting accuracy due to
insufficient amount of useful information processed by weak classifiers of
all levels of the cascade ensemble. To address this, we propose an improved
cascaded ensemble scheme using a different data sampling approach. Our
method forms larger subsamples at each cascade level, enhancing accuracy,
and generalization properties during biomedical data analysis. Experimental
comparisons demonstrate substantial increases in classification accuracy and
generalization properties of the improved cascade ensemble.
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1. INTRODUCTION

In the 21st century, amidst the rapid advancements in technology and healthcare, the significance of
biomedical data classification in medicine cannot be overstated. Biomedical data classification, the process of
organizing and categorizing vast amounts of healthcare-related data, plays a pivotal role in transforming
the landscape of medical diagnosis, treatment, and research [1], [2]. First of all, biomedical data classification
serves as the cornerstone of accurate and efficient disease diagnosis. In the era of precision medicine, where
treatments are tailored to individual patients, the ability to analyze diverse datasets-from medical imaging
and genetic information to clinical parameters-is paramount. Classification algorithms based on machine
learning (ML) or artificial neural networks (ANN) can sift through this wealth of information, identifying
patterns and signatures indicative of specific diseases or conditions [3]. By leveraging ML or ANN,
clinicians can make more informed diagnostic decisions, leading to earlier detection and intervention.

Biomedical data classification holds immense promise in the realm of personalized medicine [4].
Each patient is unique, with distinct genetic backgrounds, lifestyle factors, and treatment responses [5].
Classification models can analyze individual patient data, including genomic profiles, biomarkers, and
treatment histories, to predict personalized treatment outcomes [6]. By identifying the most effective
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therapies for each patient while minimizing adverse effects, personalized medicine promises to revolutionize
healthcare delivery, ushering in an era of truly patient-centered care.

Also, biomedical data classification empowers clinicians with invaluable decision support tools. In
today's complex healthcare landscape, where medical knowledge is expanding exponentially, clinicians are
inundated with vast amounts of data and information [7]. Classification algorithms can serve as clinical
decision support systems, synthesizing patient data with evidence-based guidelines and best practices to
provide actionable insights. By offering recommendations for diagnosis, treatment selection, and patient
monitoring, these systems enhance the quality and efficiency of healthcare delivery, ultimately improving
patient outcomes.

In addition to its clinical applications, biomedical data classification fuels groundbreaking
discoveries in medical research [8]. The advent of high-throughput technologies, such as next-generation
sequencing and omics platforms, has generated unprecedented volumes of data, providing researchers with
unprecedented insights into human health and disease. Classification algorithms can analyze these large-scale
datasets, identifying novel disease biomarkers, elucidating disease mechanisms, and predicting treatment
responses [9]. By accelerating translational research and the development of innovative therapeutics,
biomedical data classification drives progress toward improved treatments and cures for a myriad of diseases.

Furthermore, biomedical data classification plays a crucial role in public health surveillance and
epidemiology [10]. By analyzing population-level data, including demographic trends, environmental factors,
and disease prevalence rates, classification models can detect disease outbreaks, identify high-risk
populations, and inform public health interventions. From infectious disease surveillance to chronic disease
management, biomedical data classification serves as a powerful tool for safeguarding public health and
promoting well-being on a global scale [11]. However, all these domains necessitate precise solutions when
scrutinizing extensive biomedical datasets. Furthermore, with the ongoing evolution of technology leading to
the generation of progressively intricate datasets, a multitude of challenges emerges, particularly concerning
the precision of their analysis through prevailing methods and models.

A thorough review of the scientific literature has allowed researchers to identify several strategies used
to improve biomedical dataset’s classification accuracy. The first arises from the peculiarities of biomedical
datasets, namely a large number of features upon which the classification process is based [12]. Some of these
features may be irrelevant or redundant. Feature selection/extraction, and feature importance techniques [13]
can be employed to reduce dimensionality and improve model performance [14]. This approach ensures the
removal of uninformative or weakly informative features, which decrease prediction accuracy. Additionally, it
allows for the reduction of the input data space, enhancing the generalization properties of ML or ANN
underlying the data classification process. Moreover, this approach reduces the duration of training procedures
for selected methods, as they work with a significantly smaller number of features compared to the initial
dataset [15]. Despite the significant advantages of such an approach, the use of similar methods may reduce the
amount of relevant information [16]. Removing certain features from the dataset may lead to the elimination of
important patterns or relationships that could contribute to better model performance. Furthermore, feature
selection methods may inadvertently lead to overfitting, where the model performs well on the training data but
fails to generalize to unseen data. This can occur if the feature selection process is overly tailored to the training
dataset and does not consider the variability present in the broader population.

Another important technique is the incorporation of domain-specific knowledge into feature
engineering or model design [17]. Biomedical experts can provide valuable insights into relevant features or
relationships within the data, which can guide the model-building process [18]. However, such an approach
requires substantial knowledge in the domain area of the data, which may not always be accessible to machine
learning engineers.

In the case of analyzing an imbalanced dataset, which is quite typical for biomedical data, a crucial
technique for ensuring the reliability of the chosen ML or ANN and improving the accuracy of classification
results is data balancing [19]. Techniques such as oversampling, undersampling, or using class weights can help
mitigate this issue and improve the model's ability to generalize across classes [20]. However, in this case, it is
important to carefully select the necessary technique, conduct a series of experimental studies on its
effectiveness, and only then apply it in practice.

In case of unsatisfactory performance accuracy of ML or ANN on an already prepared dataset, for
which all the techniques mentioned above have been qualitatively executed, it is necessary to correctly select the
ML or ANN [21]. Today, there are a plethora of different methods, models, or machine learning algorithms,
built on various principles and designed to solve tasks of a certain class. Selecting the right method will ensure
high classification accuracy with satisfactory time resources for its operation. Another equally important
element of applying such an approach is hyperparameter tuning [22]. Grid search, randomized search or some
other optimization models can be employed to systematically search for optimal hyperparameters [23]. The
productivity of the entire method largely depends on this step.
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However, cases often arise when correctly selected single models with optimal parameters operating
on cleaned datasets still do not provide satisfactory classification results [24]. In such cases, ensemble methods
can be applied, which combine different or identical ML or ANN methods, referred to as ensembles [25].
Among the four most well-known classes of ensembles are bagging, boosting, stacking, and cascading. These
techniques can further enhance predictive performance by leveraging diverse or identical models or by focusing
on instances that are challenging to classify.

Among the problems faced by all four classes of ensemble methods is the selection of the ML or ANN
methods that will form the basis of a particular ensemble [26]. Experimenting with different base learners can
yield better performance as each base learner may capture different aspects of the data and contribute differently
to the ensemble’s performance [27]. Speaking of heterogeneous stacking ensembles or bagging, ensemble
diversity should be considered here. Diversity can be achieved by using different algorithms, different subsets of
features, or training the models on different portions of the dataset [28]. Another characteristic shared by all four
classes of ensemble methods is the size or depth (for cascading) of the ensemble. Increasing the ensemble size
or depth can improve performance up to a certain point, after which further additions may yield diminishing
returns or increased computational cost. All of this should be taken into account when composing a particular
ensemble method for solving classification tasks with biomedical datasets.

In this article, we examine cascading ensembles as one of the most accurate classes of these methods
[29], [30]. In addition to high accuracy, cascading ensembles almost always mitigate overfitting issues and
demonstrate high generalization properties. A particular feature of these models is that base models are trained
hierarchically. Each model is trained using the outputs of all preceding models in the hierarchy [31]. For
instance, in [32], the problem of human activity recognition is considered based on the use of a cascading
classifier. The authors developed a multilevel cascading scheme, where at each level, four different machine
learning algorithms are employed, returning probabilities of belonging to each of the defined task classes. These
probabilities are combined with the initial inputs of the task and serve as input features for the next level of the
cascade. This approach provided a significant increase in classification accuracy, although it significantly
expands the input data space of each cascade level, especially when constructing a multilevel scheme. In [33],
another cascading scheme is developed. The authors used only one machine learning algorithm, which is used at
each new level of the cascade. The classification results of the lower-level algorithm are transmitted as an
additional feature for the higher-level classifier [34]. Additionally, this cascade differs from others due to
additional modeling of relationships between input attributes and the output of the lower-level algorithm. Such a
relationship is modeled using Ito decomposition. In this case, the input data space, as in [32], is also expanded,
but Ito decomposition ensures higher prediction accuracy. Furthermore, the advantage of this cascade is the use
of only one ML at each level of the cascade. In case [32], this is a linear method, the use of which is justified in
terms of the duration of the training procedure for the entire cascade construction.

In general, the use of linear, i.e., high-speed artificial intelligence (Al) tools during the analysis of large
datasets is justified in terms of performance [35]. This also applies to ensemble methods, including cascading
implementations of these methods. However, most medical tasks require high accuracy, which is difficult to
achieve using such methods. Therefore, the cascading scheme from [32] modeled non-linearity by using Ito
decomposition. Additionally, a particular feature of this cascade, as well as many others, is that the input dataset
of large volumes is divided into levels or nearly equal parts. The number of parts determines the number of
levels in the cascade. However, in the case of a cascading scheme with a large number of levels, the classifier at
each level of the cascade receives only a small portion of data for analysis. Such incomplete information at each
level of the cascade does not ensure obtaining the maximum possible accuracy that cascading ensembles can
provide [36].

Therefore, this paper aims to improve the accuracy of classifying large volumes of biomedical data
based on modifying the cascading ensemble of linear artificial intelligence tools by applying a new data
sampling scheme for implementing training procedures at each level of the cascade. The main contribution of
this paper is the following:

— We have enhanced the existing cascade ensemble by employing a new data sampling scheme to implement
artificial intelligence training procedures at each new level of the ensemble. Compared to the existing
scheme of uniform data division for each level of the cascading ensemble, the developed scheme differs in
that for each level of the cascade, a significantly larger subsample (a certain percentage of the total dataset)
is randomly formed, the size of which is determined by the user. Essentially, subsamples with replacements
are formed here. Thus, weak classifiers at each level of the cascade can receive a significantly larger amount
of data for training procedures, ensuring a significant improvement in the accuracy of the cascading
ensemble when analyzing biomedical datasets.

— We conducted an experimental comparison of the accuracy results between the existing and modified
cascade ensembles in this study and found that the modified cascade ensemble significantly improves
classification accuracy while enhancing the method's generalization properties overall.
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The paper is structured as follows: in section 2, we delve into the theoretical framework
underpinning our research, providing a nuanced understanding of the concepts that inform our
methodologies. Section 3 presents detailed modeling information, including optimal parameter selection and
the results obtained. Additionally, this section includes a comparative analysis with existing methods to
contextualize our findings within the broader scholarly discourse. Finally, in the last section, we propose
avenues for further research to build upon our discoveries and address any lingering questions that arise from
this study.

2. METHOD

As mentioned above, in [32], a cascade ensemble based on linear machine learning methods was
developed for analyzing biomedical datasets. The original article addressed a regression problem, so in this
work, we adapted this method for solving a classification task. Linear methods form the basis of the existing
ensemble from [32] because they provide high-speed operation. This is one of the critical limitations of
intelligent systems for analyzing large datasets. However, such methods often do not provide sufficient
prediction accuracy. To address this issue, the cascade ensemble from [32] used Ito decomposition at each
cascade level. This approach allowed accounting for nonlinearities within the given dataset. Furthermore, it
provided additional modeling of relationships between the features of the dataset. Additionally, considering the
composition of the cascade ensemble, where the output of the previous cascade level is used as an additional
attribute in the next one, Ito decomposition also modeled relationships between all inputs and the predicted
output, further linearizing the response surface.

Taking all of the above into account, the existing cascade ensemble provided a significant
improvement in prediction accuracy while maintaining the satisfactory computational resources required for its
operation. However, a particular feature of this method is that the given training dataset was randomly
distributed into unique subsamples of equal size, which were processed at each level of the cascade. It should be
noted that their quantity determined the number of levels in the cascade ensemble from [32]. However, in the
case of a dataset of moderate size or the construction of a multi-level cascade ensemble, a weak classifier at
each level would receive significantly less useful information for correct classification. This would affect the
accuracy of the entire method. Therefore, in this paper, we proposed a new scheme for dividing the training set
into subsamples. According to it, the number of levels in the cascade construction defined by the user will
determine the number of necessary subsamples for operation at each level. In our case, such subsamples will
also be formed randomly based on the training dataset. However, here, it will not be an equal division but the
possibility of forming a subsample with the volume determined by the user (for example, each of the M
subsamples will contain 60% of vectors randomly selected from the training dataset). Thus, the new scheme
will involve forming subsamples with replacements containing significantly more data for processing by
classifiers at each level of the cascade ensemble. This approach should increase the accuracy of the entire
ensemble construction.

Since this work proposes a new scheme for dividing the dataset for the cascade ensemble, the basic
procedures of its training and application remain unchanged. They are described in detail in [32]. However, let
us briefly consider the training and application algorithms of the enhanced cascade ensemble. The training
procedure according to the method involves the following steps.

a. The user defines two initial parameters: the number of cascade levels, denoted as M, and the percentage of
randomly selected vectors used to create M subsamples with repetitions from the total training dataset. This
process involves forming subsamples with repetitions.

b. The first subset undergoes processing using Ito decomposition, followed by training the classifier of the first
level on the modified subset 1.

c. The second subset undergoes processing using Ito decomposition as well. Subsequently, it is applied to the
previously trained classifier of the first level of the cascade ensemble. The predicted value obtained is then
added as an additional independent attribute. Additionally, the enlarged second subset, now including one
additional attribute, undergoes processing using Ito decomposition. Finally, the classifier of the second level
is trained on the modified subset 2.

d. Steps (a-b) are repeated iteratively until only the last M subset remains.

e. The final step involves sequentially traversing through the last M levels of the cascade. The output value of
the last level of the cascade ensemble will represent the sought attribute.

The flowchart illustrating the enhanced cascade ensemble in its training mode for biomedical data
classification is depicted in Figure 1. This flowchart outlines the sequential steps involved in training the
cascade ensemble to optimize its performance in classifying biomedical data. In practice, deploying the pre-
trained cascade ensemble for classifying new observations with unknown output attributes follows a specific
procedure. Each new observation progresses through all levels of the cascade ensemble. At each level, the
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ensemble refines its classification decision based on the available data and model parameters. This iterative
process continues until the final level of the cascade, where the sought value of the class label, indicating the
classification of the current observation, is determined. This approach ensures that each level of the cascade
ensemble contributes progressively to the classification process, leveraging the strengths of each classifier
within the ensemble to achieve accurate and reliable classification results. By structuring the classification
process in this manner, the enhanced cascade ensemble enhances both efficiency and accuracy in biomedical
data classification tasks, making it a robust methodology for handling complex and diverse datasets.
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Figure 1. Flowchart of the improved cascade ensemble in training mode for biomedical data classification
through the use of a new training data sampling scheme

3. RESULTS AND DISCUSSION

This section describes the dataset used for modeling and its preprocessing. The results of selecting
the optimal parameters for the enhanced cascade ensemble are presented, and the obtained results are
summarized based on various performance indicators. The authors developed their own software for
implementing the enhanced cascade ensemble. Stochastic gradient descent (SGD) algorithm was chosen as
the weak classifier for the cascade ensemble, characterized by high speed during the analysis of large
biomedical datasets. Modeling was conducted on a computer with the following parameters:
— Processor: Intel® Core™ i7-8750H with a clock speed of 2.20 GHz
— Amount of RAM: 8 gigabytes
— Operating system: Microsoft Windows 10 Home.
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3.1. Dataset descriptions and preprocessing

In this study, authors utilized publicly available data from the behavioral risk factor surveillance
system (BRFSS) in the United States for the year 2021, sourced from the Centers for Disease Control and
Prevention [37]. The initial dataset encompassed a broad spectrum of information on various diseases,
prompting the authors to curate a final dataset focusing on lifestyle factors potentially associated with
cardiovascular disease risk. The resulting dataset comprised 308,854 records with 29 attributes. During data
processing, a notable imbalance emerged within the dataset, with a distribution of 92% to 8% across both
task classes. To address this, the authors employed a data-balancing strategy leveraging both oversampling
and undersampling techniques. Specifically, they utilized synthetic minority over-sampling technique
(SMOTE) to augment instances of the smaller class and NearMiss to reduce instances of the larger class [38].
This approach was executed iteratively, adjusting parameters to vary the number of instances for each class
within the dataset, ranging from 50,000 to 150,000 with increments of 25,000. The outcomes of this hybrid
oversampling and undersampling methodology showcased strong generalization capabilities and satisfactory
accuracy of the SGD classifier, particularly when balancing the data in a 75,000 to 75,000 ratio.
Subsequently, this balanced dataset served as the training sample for subsequent experimental investigations.

3.2. Parameters tuning and results
The enhanced cascade ensemble, like the baseline method, is characterized by several parameters.
Firstly, there is the number of levels in the cascade ensemble, which ensures the highest accuracy of its
operation. However, in addition to the aforementioned parameter common to both cascade ensembles, the
enhanced cascade ensemble is also characterized by another one-the percentage of vector utilization from the
training sample in each new subset, randomly formed for each weak classifier of the cascade. This parameter
arises due to the new data sampling scheme proposed in this article for implementing cascade training
procedures. It affects both the method's accuracy and the duration of the training procedure. Both parameters
are important when analyzing large biomedical datasets. Therefore, in this work, a detailed selection of both
of these parameters was carried out to achieve the highest performance of the enhanced cascade ensemble.
Figure 2 presents the results of the study of the accuracy of the enhanced cascade ensemble (based
on F1-score) when changing both the percentage of utilization of the training sample for forming new subsets
with repetition for each level of the method and the number of such cascade ensemble levels. It is worth
noting that the results are presented for both the training mode in Figure 2(a) and the application mode in

Figure 2(b) to evaluate not only the accuracy of the method but also its generalization properties, which are

extremely important during the practical use of the method.

Summarizing the results presented in Figure 2, the following conclusions can be made:

— Increasing the number of vectors in the subsamples with repetition for each level of the method slightly
reduces the method's accuracy in the training mode but increases accuracy in the application mode.
However, this occurs up to a certain point (70% of the training dataset volume). This holds for all four
variants of the cascade ensemble, each differing in the number of levels (from 2 to 5).

— Using both small (20-30% of the training dataset volume) and large numbers of vectors (more than 70%
of the training dataset volume) for forming subsamples with repetition demonstrates a deterioration in the
method's generalization properties. The gap between training and application accuracy significantly
increases.

— The highest generalization properties, regardless of the subsample size for each level of the method, are
demonstrated by the three-level cascade ensemble. For ease of understanding, these results are separately
presented in Figure 3.

— In terms of accuracy, the implementation variant of the cascade ensemble shown in Figure 3 improves as
the three randomly formed subsamples with repetitions grow based on the training dataset. However, this
trend is observed only until they reach a size of 70% of the training set.

— Using subsamples sized at 80% or more leads to a significant reduction in error in the application mode,
likely due to the limited generalization properties of such a cascade ensemble variant.

— The highest accuracy in the application mode in Figure 2(b) and the most robust generalization properties
in Figure 3 of the enhanced cascade ensemble were attained when employing a three-level cascade
structure, with each of the three subsamples comprising 70% randomly chosen vectors with repetitions
from the training dataset. The disparity in accuracy between training and application modes is minimal in
this scenario. Thus, these parameters represent the optimal operation configuration for the enhanced
cascade ensemble on the given dataset.

Based on the selected optimal parameters of the enhanced cascade ensemble, performance indicators of its

operation in both modes are compiled in Table 1. The F1-score values from Table 1 were used to compare

the effectiveness of the enhanced cascade ensemble with a variety of existing methods.
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Figure 2. The investigation of the enhanced cascade ensemble accuracy while varying both the percentage of
training sample utilization with repetition and the depth of the cascade for (a) the training mode and (b) the
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Table 1. Results of the enhanced cascade ensemble

Performance indicator Training mode Test mode
Precision 0.831 0.879
Recall 0.821 0.751
F1-score 0.819 0.802
Training time (seconds) 3.35 -

3.3. Comparison and discussion
The effectiveness comparison of the enhanced cascade ensemble was conducted with a series of

such methods:

— SGD algorithm [39], as the method underlying the operation of the cascade ensemble;

— The method from [40], as a method from [39] which, like the cascade ensemble, utilizes Ito
decomposition to improve the accuracy of SGD operation;

— Initial cascade ensemble [33], as the baseline method improved upon in this article.

— The comparison results based on accuracy, generalization properties, and training procedure duration are
summarized in Figure 4, with Figure 4(a) emphasizing the comparison based on the F1-score.

From Figure 4, it can be observed that the method [39] demonstrates the lowest accuracy. However,
it shows the shortest training time in Figure 4(b). The method from [40] exhibits significantly higher
accuracy, albeit slightly poorer generalization. This can be attributed to the use of Ito decomposition for
nonlinear expansion of inputs. Such an approach has led to a substantial increase in accuracy, explained by
the Cover's theorem. However, due to the replacement of the initial 29 inputs of the problem with 435 inputs
obtained after using Ito decomposition, this method has decreased its generalization properties and, worst of
all, increased the training procedure duration by almost 36 times.
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Figure 4. Comparison of the results for all methods based on (a) the F1-score and (b) the duration of the

training procedure (in seconds)
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The baseline cascade ensemble [33] demonstrated higher accuracy compared to both previous
methods. However, due to the significant increase in independent attributes of the problem caused by the use
of second-degree Ito decomposition, it exhibits the poorest generalization properties compared to all
investigated methods. Nevertheless, distributing the large dataset into unique subsets for each classifier of
this cascade, significantly reduced the training time of the method.

The enhanced cascade ensemble showed the best results in terms of accuracy. Additionally, the new
procedure proposed in this study for forming subsets for each cascade level resulted in a significant
improvement in the generalization properties of the enhanced method. Specifically, the difference between
the training and application accuracy of this method is only 2%, whereas in the baseline method, it is almost
5%. It provides advantages for using this method of practice.

However, using larger subsets at each level of the cascade ensemble increased its training time
(almost two times). Therefore, in the prospects of further research, attention should be focused on reducing
the training time of this method. This can be achieved, in particular, by using various dimensionality
reduction methods. Such an approach seems most promising due to the necessity of using Ito decomposition
in the cascade, which, on the one hand, significantly increases the accuracy of linear classifiers but, on the
other hand, greatly increases the dimensionality of the problem. The approach using, for example, principal
component analysis (PCA) should eliminate this drawback. Additionally, in the future, the possibility of
using more accurate linear methods as weak predictors of the cascade, particularly from the class of neural
networks, should be considered.

4. CONCLUSION

This paper underscores the indispensable role of biomedical data classification in modern medicine
amidst rapid technological and healthcare advancements. While single models with optimal parameters may
fall short in achieving satisfactory classification accuracy, ensembles of machine learning or artificial neural
networks methods offer a promising solution. Cascaded ensembles, in particular, are highlighted as one of the
most accurate classes of ensemble methods, characterized by high accuracy and strong generalization
properties. These models employ hierarchical training, where each model utilizes the outputs of preceding
models in the hierarchy. However, existing cascade classifiers often suffer from limitations, such as
incomplete information at each level due to the equal division of large input datasets. To address this issue,
we propose an enhanced cascaded ensemble scheme using a novel data sampling partitioning approach. This
approach forms significantly larger subsamples at each cascade level, enabling artificial intelligent means to
access more data for training procedures, which is particularly beneficial for analyzing large and medium-—
volume biomedical data. Modeling on real-world data and experimental comparisons between existing and
modified cascade ensembles demonstrate a substantial increase in classification accuracy and improved
generalization properties with our proposed approach. Moving forward, future research will focus on
developing methods to reduce the duration of the cascade training procedure while maintaining accuracy,
considering the use of the Ito decomposition at each level, which significantly increases the dimensionality of
the input data space.
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