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Abstract

The application of wearable sensors coupled with diagnostic models presents one of the
most recent advancements in automation applied to the medical field, allowing for faster
and more reliable diagnosis of patients. Nonetheless, such applications pose a complex
challenge for traditional intelligent automation (combining automation and artificial intelli-
gence) methods due to high class imbalances, the small number of subjects, and the high
dimensionality of the measured data streams. Furthermore, automatic diagnostic models
must also be explainable, meaning that medical professionals can understand the reasoning
behind a predicted diagnosis. This paper proposes an intelligent automation approach
to the diagnosis of cerebral palsy patients using multiple kinetic and kinematic sensors
that record gait pattern characteristics. The proposed artificial intelligence framework is a
multi-view fuzzy rule-based ensemble architecture, in which the high dimensionality of the
sensor data streams is handled by multiple fuzzy classifiers and the high class imbalance
is handled by a cost-sensitive training algorithm for estimating a fuzzy rule-based stack
model. The proposed methodology is first tested on benchmark datasets, where it is shown
to outperform comparable benchmark methods. The ensemble architecture is then tested
on the cerebral palsy dataset and shown to outperform comparable ensemble architectures,
particularly on minority class predictive performance.

Keywords: cerebral palsy; gait patterns; fuzzy modeling; imbalanced datasets; multi-view
ensemble learning; cost-sensitive learning

1. Introduction

Intelligent automation, integrating automation and artificial intelligence, has had a
massive impact in recent years on a wide variety of complex tasks. Despite the undeniable
success of artificial intelligence methodologies, they still have some limitations, such as
being computationally expensive, requiring large amounts of data, and yielding black
box-models. These types of models are not explainable in the sense that such models do
not present the reasoning behind a certain decision or prediction. This is a key issue in
making them easily understandable by human experts, a sine qua non condition in fields
where human decision is mandatory, such as in healthcare.

Explainability [1] and interpretability [2] are two of the most relevant problems cur-
rently faced by artificial intelligence. Intelligent automation must ensure transparency in
Al-driven decisions and maintain robust changes in automated systems. Its relevance,
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however, is dependent on the application of the models and the field-specific requirements.
One such field is healthcare and, in particular, the design of diagnostic models that can help
medical professionals with a more precise diagnosis of patients. The automatic diagnostic
model must also present its reasoning, which can be reviewed by medical professionals [3].

Beyond the interpretability of diagnostic models, the medical field also presents
challenging limitations to current data-based modeling approaches, particularly with
respect to the characteristics of the data used to obtain the models [4]. Medical data can be
very limited in the amount of samples available to train models, considering the practical
difficulties of collecting patient data. Furthermore, the available datasets are often highly
imbalanced, particularly when studying rare diseases. Thus, the number of healthy patients
is usually much larger than the number of sick patients. This problem, known as class
imbalance [5], poses a very challenging task for many traditional classification methods,
as these tend to completely disregard minority classes, which are usually the classes of the
greatest interest [6], particularly when creating a diagnostic model [7].

Many of the recent applications of intelligent data-based modeling to diagnostic
models are based on the use of wearable sensors to collect patient data, as well as other
technologies that describe relevant aspects of the patient’s condition [8]. The use of sensors
and their measurements has allowed for a more automated description of the patient’s
condition, instead of traditional diagnostic procedures that would heavily rely on the
experience of trained medical professionals. The advantages of the application of sensors
and different monitoring techniques to diagnose patients are that the diagnosis is more
precise and that the justification for a certain diagnosis is easier to quantify and share
between medical experts.

However, this approach also creates more challenges for data-based modeling ap-
proaches. In order to correctly describe patient conditions, multiple sensors and mea-
surements must be obtained simultaneously, thus generating highly dimensional data
streams that must be processed to obtain a diagnostic prediction [9]. Although the problem
of high-dimensional data is well known and studied (often referred to as the curse of
dimensionality), it becomes even more challenging when the number of data samples
is scarce.

This paper proposes an automatic diagnostic model for patients suffering from spastic
diplegia, a form of cerebral palsy, using multiple kinetic and kinematic sensors to describe
the patient’s gait cycle, which corresponds to the sequence of body movements that occur
when walking. The dataset used in this work consists of multiple joint angles and moment
measurements obtained from motion capture cameras and force platforms. Considering
the characteristics of the available data, it is clear that the problem addressed in this paper
presents the challenges often encountered when applying intelligent automation in medical
applications, in particular in the development of diagnostic models.

A data structure using multiple sources (sensors in this case) is often approached using
ensemble learning architectures, in which a base model is trained using each view of the
data (sensor data stream). The predictions of the base models are then combined by a stack
model to obtain a single prediction corresponding to the output of the ensemble model.
Thus, multi-view ensemble architectures are able to handle highly dimensional data and
generally improve model performance, especially when all the data views have a much
lower dimensionality than the total number of sample features, since each base model is
trained on relatively low-dimensional feature vector.

Furthermore, to meet the explainability requirements, fuzzy rule-based modeling was
chosen as the intelligent data-based modeling approach to train the base models of the
ensemble. Fuzzy modeling methods train fuzzy inference systems that contain multiple
fuzzy rules that relate the input features to the output class prediction. Fuzzy rules are
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structured as if-then statements and allow for a clear interpretation of the model reasoning
for classifying a sample as belonging to a certain class and can be directly represented in a
graphical form that is easily understandable by humans.

Many different fuzzy rule modeling approaches have been proposed in the literature.
Regarding the problem addressed in this work, the Zero-Order Autonomous Learning
Multi-Model (ALMMo-0) classifier was chosen [10]. The choice of the ALMMo-0 classifier
is due to the simplicity of its training algorithm, which is very lightweight in terms of
computing requirements and does not require the optimization of any hyper-parameters,
which is a problem present in many traditional fuzzy modeling methods.

Furthermore, and despite its generally good performance on imbalanced classification
problems, this paper also proposes a modification of the original learning algorithm of the
ALMMo-0 classifier, referred to as ALMMo-0 (W), which introduces a cost-sensitive local
weighting element to the minority class rules. The rule weights are adjusted in order to
compensate for the majority-class bias and improve detection of cerebral palsy subjects.
The proposed local weight adjustment is formulated as an optimization problem, defined
as the maximization of an adequate classification performance metric. In order to keep
the optimization procedure lightweight, the proposed modification also proposes a simple
heuristic to reduce the number of weights to be optimized, as well as their search value
intervals. In the proposed modification, the optimization problem is solved using Bayesian
optimization, considering its well-known adequacy for hyper-parameter tuning in machine
learning models. Thus, Bayesian optimization is used to fine-tune the weights to improve
the minority class detection.

The remainder of this paper is structured as follows: Section 2 presents a brief summary
of the main concepts that are relevant as the basis of the work presented in this article;
Section 3 details the theoretical formulation of the ALMMo-0 classifier in order to make this
paper self-contained; Section 4 presents the intelligent modeling architecture proposed here
and the theoretical formulation of its components; and Section 5 discusses the performance
of the proposed ensemble approach and compares it with benchmark methods. Finally,
in Section 6, a brief summary of the conclusions is presented, as well as possible future
lines of research.

2. Background
2.1. Cerebral Palsy

Cerebral palsy is a group of permanent movement disorders in the development of
movement and posture caused by non-progressive disturbances in the developing fetal
or infant brain [11]. Classified as a neuro-developmental condition, it begins in early
childhood and persists throughout the lifespan, being one of the most common movement
disorders in children.

Cerebral palsy is characterized by abnormal motor development, muscle tone, and
coordination. It may also cause speech and sleep disorders, as well as pain associated with
severe muscle spasms and stiff joints.

Currently, there are no cures for cerebral palsy, and the existing treatments focus on
managing the different symptoms and improving individual autonomy and quality of life.
Common approaches include physical, occupational, and speech therapies. Different forms
of surgical intervention and medication may also be used, as well as assistive technologies
such as orthotic devices, mobility aids, and speech-generating devices.

Diagnosis is usually based on physical examination and generally assessed at a young
age. Diagnostic tools include continuous observation of the patient, primarily focusing on
their motor development and cognitive skills. Further diagnostic tools include neuroimag-
ing techniques such as magnetic resonance imaging (MRI).
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The most common type of cerebral palsy is known as spastic diplegia, which affects
the motor cortex of the brain, which controls voluntary movement. Spastic diplegia is
characterized by muscle tightness in the legs, hips, and pelvis, thus having negative effects
on the walking functions of the patient. Spastic diplegia affects each patient differently in
terms of their walking function. Therefore, correct characterization of spastic diplegia is
essential to correctly select treatment options, such as tendon surgery and orthotic devices.

Spastic diplegia may present different gait patterns, which are the sequence of movement
patterns exhibited by the lower limbs when walking. These patterns are classified according
to the pelvic tilt angular displacement, as well as the sagital patterns of the hip, knee, and an-
kle [12]. Sagittal gait patterns are classified as true equinus, jump gait, apparent equinus, crouch
gait, or asymmetrical. According to [13], these classifications are used as a biomechanical basis
that links spasticity, musculoskeletal pathology, and the appropriate intervention management.

Regarding the specific pattern true equinus, it is characterized by the existence of calf
spasticity, where the ankle is plantarflexed throughout the stance phase and the hips and knees
are extended. The management strategies are usually BTX-A (toxin botulinic) injections to the
calf to control spasticity; lengthening of the gastrocnemius for contracture management; or the
prescription of a solid or hinged AFO (ankle—foot orthosis) for orthotic management.

Historically, gait patterns have been identified by direct observation by a medical
expert, often leading to qualitative descriptions and conflicting classification criteria. How-
ever, a continuous effort has been made by the medical community to develop a classifica-
tion system that is clinically more useful and based on quantitative criteria.

More recently, with the increasing usage of wearable sensors, measuring devices,
and data-based modeling tools in the medical field, gait patterns have been identified
using kinematic and kinematic measurement devices, such as cameras and force platforms.
The measurements obtained from the various sensors can be used for estimating a three-
dimensional model of the lower limbs during the gait cycle, as shown in Figure 1. The work
presented in this paper is focused on this recent diagnostic methodology and proposes
a modeling approach to the identification of a gait pattern known as true equinus, often
found in spastic diplegia patients.
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Figure 1. Three-dimensional joint-segment body model estimated from the sensor measurements for
each test subject in order to compute the various body joint angles and moments.
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2.2. Fuzzy Systems

Fuzzy systems are knowledge-based systems that commonly use fuzzy logic to solve
real-world problems. They often incorporate vague or imprecise (human) information,
using linguistic variables and if-then rules [14]. Fuzzy inference systems are an artificial
intelligence technique that maps a given input to an output by applying fuzzy logic
inference. This technique is normally composed using fuzzy rules, structured as if-then
statements [15]. Fuzzy rules are inherently able to model uncertainty, since their antecedents
(if part of the rules) are modeled using fuzzy sets, which are groups of elements that have a
membership degree between 0 and 1. These fuzzy sets are mathematically defined using
membership functions and can be obtained from data. Furthermore, fuzzy sets are linked
to linguistic terms (in natural language), allowing the interpretation of the fuzzy rules and,
therefore, of the fuzzy model.

Classical approaches to fuzzy rule data-based modeling have been used in a wide
range of applications since their development. The first type of classic fuzzy model is Mam-
dani FIS, where both antecedents and consequents are defined by fuzzy sets. The second
type of classic fuzzy modeling approach is Takagi-Sugeno FIS, in which the consequents of
the fuzzy rules are represented by crisp functions.

Despite showing good performance on a wide variety of problems while still allowing
for easier interpretation of the rules by human experts, fuzzy systems pose some challenges
related to their training procedure, such as often requiring fine-tuning of the model param-
eters, as well as requiring the optimization of hyper-parameters, such as a fuzzy clustering
algorithm and its clustering parameters. Another challenge of fuzzy systems that has been
addressed is the online training of fuzzy models. Such approaches allow for fuzzy models
to adjust their rule parameters in real time in order to adapt to non-stationary environments
and abrupt changes in the data stream.

One of the most promising groups of fuzzy modeling approaches that has consistently
shown good performance when addressing the aforementioned challenges is AnYa-type
fuzzy rule-based systems, see, e.g., [16]. Such systems are structurally similar to the
traditional fuzzy systems, with the main difference being that their fuzzy sets are defined
from clouds, instead of fuzzy clusters.

The aforementioned approach to train fuzzy models and define their antecedent
parameters from data clouds does not require model structure initialization nor hyper-
parameter tuning, simplifying the training algorithm, reducing the required computational
power, and allowing for online training and good performance in non-stationary environ-
ments. Furthermore, despite the lightweight training approach, AnYa-type fuzzy systems
have shown good performance on a wide range of applications and problem types.

Examples of fuzzy rule-based systems of AnYa type include eClass0 [16], SOFIS [17],
ALMMo [18], and ALMMo-0 [10], which is used in this paper to due to its simplicity and
overall good performance.

The relatively simple model structure has also made AnYa-type fuzzy systems highly
adequate in deep fuzzy applications based on multi-layered ensembles of fuzzy systems,
allowing for highly dimensional problems such as image recognition to be approached
using fuzzy rule-based modeling. Such types of ensemble architectures are fairly recent
advancements with a lot of related work published and have allowed for entirely fuzzy
rule-based systems to obtain performances comparable to those of benchmark deep learn-
ing approaches. Some examples of recently proposed deep fuzzy approaches based on
this ensemble architecture include the SOFEmsemble [19] and MEEFIS [20] deep neuro-
fuzzy architectures.

Fuzzy rule-based ensemble models have been shown to be particularly adequate for
data-based modeling applications in healthcare, such as ICU patient monitoring [21] and
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personalized medicine [22]. The problem at hand, i.e., classification of gait patterns, usually
requires human expert intervention, making fuzzy systems very suitable to address the
problem at hand.

2.3. Ensemble Learning

Ensemble learning refers to a group of machine learning approaches based on train-
ing multiple models (known as base models) and combining individual predictions to
obtain a final ensemble model with improved predictive performance. Ensemble learning
methods can generally use any learning algorithm to train the base models, are classified
as meta-algorithms, and also allow for base models trained using different algorithms
(heterogeneous ensembles). Moreover, ensemble learning includes parallel approaches,
in which the base models are trained independently of each other (thus allowing simulta-
neous training), and sequential approaches, in which each new base model is trained using
the predictions of the previous base model and sequentially improves the performance.

Ideally, the ensemble models must achieve performances significantly better than
the performances of each base classifier. Otherwise, the ensemble approach offers no
advantage in terms of performance compared to the best base model alone. Furthermore,
the improvements in predictive performances of ensemble models depend on the diversity
of its base learners and not necessarily on their individual predictive performances. Another
critical factor that affects the performance of ensemble models is the approach used to
combine the outputs of the base models into a single prediction. Common approaches
include simple schemes such as winner takes all, majority voting, and weighted majority
voting, as well as data-based modeling methods to combine the individual predictions.

One of the most recent and promising ensemble learning approaches is known as
multi-view ensemble learning, which has been successfully applied in a wide range of
data-based modeling tasks. Multi-view ensemble approaches consist of training each base
model on a distinct set of features (known as a view). The outputs of each base model are
then combined into a single prediction, similarly to the aforementioned bagging ensembles
and using similar methods.

Multi-view ensemble approaches include different types of problems, with different
levels of complexity. Generally speaking, the most complex problems are the ones that
are not naturally structured as multiple data views and thus require the feature sets to be
determined, often using an iterative search approach. Therefore, datasets that are naturally
structured as different sources (each representing a set of features) are usually well suited
to be approached using multi-view ensemble methods, including problems with multiple
source types (known as multimodal learning), such as video, sound, and text.

Taking into account the structure of the problem approached in this work, see
Section 2.1, the proposed intelligent approach is structured as a multi-view ensemble
architecture. Thus, it can handle high-dimensional problems that would pose challenges to
a single base model, while also taking advantage of the data structure in terms of predictive
performance, as well as interpretability.

2.4. Model Performance on Imbalanced Datasets

Imbalanced datasets are classification datasets in which some classes (majority classes)
have a significantly larger number of samples than the other classes (minority classes).
This poses a challenge to most data modeling approaches, since they typically assume
that all classes are equally represented. This often results in models with good predictive
performances on the majority classes, but with very poor performances on the minority
class, which may even be completely ignored. Here, we consider binary classification prob-
lems, since they represent most of the real application problems and are more commonly
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studied in the literature. Furthermore, multi-class problems can always be decomposed
into multiple binary problems using one-vs-all or one-vs-one decomposition, at the cost of
requiring multiple models to be trained.

The usual convention applied to binary classification on imbalanced datasets is that the
majority class corresponds to the negative samples, with target values of 0, and the minority
class corresponds to the positive samples, with target values of 1. The class imbalance is
usually quantified by the imbalance ratio IR, defined as the ratio of the majority samples
to the minority samples. The predictions of a binary classifier fall into four possible cases.
For a negative prediction, it corresponds to a true negative (T'N) if the prediction is correct
or to a false positive (FP) if the sample is actually negative. For a positive prediction, it
corresponds to a true positive (TP) if the prediction is correct or to a false positive (FN) if
the sample is actually positive.

In the case of imbalanced datasets, false negatives are normally more critical than false
positives since they occur when the classifier does not detect a minority class sample. Such
errors are particularly important if one thinks of positive labels in medical diagnosis or
fault detection applications, in which the end result is a sick patient being classified as
healthy or damaged equipment being classified as operational.

Therefore, model performance on imbalanced datasets is improved if the number of
false negatives is reduced, while not excessively increasing the number of false positives.
In order to correctly evaluate the model performance, the classification metric must consider
this compromise, as well as the imbalance ratio of the problem.

Performance of the positive class is usually described by the ratio of true positive
predictions to the total number of positive samples (known as recall, or sensitivity) or to
the total number of positive predictions (known as precision). Thus, recall penalizes false
negatives, while precision penalizes false positives. In practice, one seeks to increase recall
while not overly decreasing precision.

However, the performance in the negative class must still be considered by the metric
and its relevance should be proportional to the imbalance ratio. Many different metrics
have been proposed and studied in the literature. Here, we present some of the most
relevant and commonly used.

Balanced accuracy, defined as the arithmetic mean of recall and specificity, gives equal
weight to both classes, thus being a common alternative to the usual accuracy score, which
only considers the total number of correct predictions, regardless of the classes. One similar
metric is the geometric mean, which instead considers the root of the product of recall
and specificity, therefore penalizing lower recall values resulting from a higher number of
false negative predictions. Another well-known metric is the F1-score, which is defined
as the root of the product of recall and precision and quantifies the compromise between
minimizing false negatives and not increasing false positives.

Plenty of other metrics have been applied in the literature, such as Cohen’s Kappa
Coefficient and the Matthews correlation coefficient, which are well known, robust, and rel-
evant for different problems and imbalance ratios. However, please note that the predictive
performance is highly dependent on the model application and its project parameters, thus
meaning that recall and precision remain relevant and crucial as model choosing criteria.

2.5. Approaches to Imbalanced Datasets

Considering the prevalence of imbalanced datasets, as well as their frequency in
relevant applications, a wide variety of approaches have been proposed in the literature [23],
seeking to mitigate the effects that class imbalance has on model performance. Here, we
provide a broad overview of the different approach types, as well as their advantages and
limitations, within the context of this paper.
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In general terms, approaches to imbalanced datasets can be divided into data-level
approaches and algorithm-level approaches [24]. Data-level approaches refer to methods
that modify the training data, while algorithm-level approaches refer to methods that
modify the learning algorithm of the classifier. Generally speaking, data-level approaches
can be applied with any classification modeling method since only the data samples are
modified, while algorithm-level approaches are specific to a learning algorithm.

Data-level approaches include resampling techniques [25], which work by modify-
ing the imbalance ratio of the data by either removing majority-class samples or adding
minority-class samples. Resampling techniques include random resampling methods
(such as random oversampling [26] and random undersampling [27]) and also generative
techniques, such as SMOTE [28], Tomek Links [29], and ADASYIN. Another group of
approaches includes feature selection methods [30], which work by selecting a subset of
the original data features. The resultant subset not only allows for dimensionality reduc-
tion and thus improves model performance, but also contains the most relevant features
of the problem, thus allowing for better inter-class discrimination and improved minor-
ity class detection. Although feature selection has been extensively applied to different
high-dimensional problems, its usage in addressing class imbalance has also achieved
promising results [31].

Algorithm-level approaches generally work by making the learning algorithm more
sensitive to minority-class samples. These are usually specific to the algorithm. Although
such approaches are typically specific to a modeling method, the more general and well-
known approaches belong to a group of techniques known as cost-sensitive learning
methods. Cost-sensitive learning approaches work by assigning a larger weight to the
minority class and penalizing incorrect predictions on its samples [32]. Cost-sensitive
approaches can be divided into direct approaches, which incorporate cost-sensitive mech-
anisms within the learning algorithm itself [33], and indirect approaches, which convert
cost-insensitive classifiers without modifying the actual training algorithm. Examples of
direct approaches are methods that modify the objective function that guides the training
procedure (which is usually formulated assuming equal class distribution), thus changing
the learned model parameters and reducing the majority class bias of the trained model.
Examples of indirect approaches include threshold moving techniques, which work by
tuning the decision threshold value (used by regression models to transform the numerical
output to a class label) and maximize a chosen classification metric.

3. Zero-Order Autonomous Learning Multiple Model (ALMMo-0) Classifier

The ALMMo-0 [10] classifier is a non-parametric, non-iterative, and fully autonomous
AnYa-type fuzzy rule-based (FRB) multi-class classifier. The structure of ALMMo-0 classi-
fiers is composed of one sub-model per class. Each one of the class sub-models is based on
multiple AnYa-type fuzzy rules with one data cloud associated with each rule’s antecedent.
The structure of such sub-models is as shown in (1), where x is a newly arrived data
observation and f]«i are the R’ clouds of the ith sub-model.

IF (x ~ fg) OR(x ~ fg) OR ... OR (x ~ fﬁzl) THEN (classl‘) )

Each sub-model is trained independently of the others since only its class samples are used
to iteratively create the clouds, meaning that the cloud structure for each class sub-model
is not affected by the cloud structures of the remaining sub-models. Therefore, the fully
trained ALMMo-0 classifier is made up of multiple FRB systems, each with its own set of
rules. When classifying a new observation x, each one of the rules j in each one of the class
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models i will produce a confidence score, denoted as )Lj-, which is defined as a function of
the distance between the sample x and a focal point of the cloud f;-, as shown in (2).

2) %)

In order to output a class prediction §, one must devise some form of rule based on the

)L; = exp (;fo;

confidence scores of each sub-model. In ALMMo-0 classifiers, the winner-takes-all strategy
is used. First, the maximum confidence score for each class sub-model )\;* is found, and then
the winner-takes-all principle is used and the class sub-model with the highest confidence
score assigns its label, as shown in (3), where C is the number of class sub-models.

7 = arg max(/\;:*) 3)
i=12,..,C

This classification strategy means that the data clouds effectively create Voronoi tessellation
of the data space, dividing it into different sub-regions that belong to different classes.
As mentioned, these data clouds are non-parametric and no prior assumptions about the
data are made. Furthermore, the training algorithm that creates the clouds is non-iterative
and lightweight, meaning that ALMMOo-0 classifiers are particularly adequate for streaming
data applications, even though no specific mechanisms to adapt to abrupt changes in
the data are proposed. Let x;( be the kpsample of the ith class. The sample is first norm
normalized, as shown in (4), effectively removing one degree of freedom from the data
space and projecting the sample to a unit radius hypersphere centered around the origin.

. xi
Xj ¢ T (4)
© Il

If the sample is the first sample of its class, xa, then the respective sub-model parameters
are initialized using (5).

wex

X' |l

©)

Here, 31/ is the mean of the sub-model and X' is the average scalar product of the sub-model.
Then, the sample is used to create the first cloud of its class sub-model using (6).

R« 1

M1

£ xi (6)
X}« [

7‘3 — 710

where R' is the total number of rules in the sub-model, Mi is the number of samples used
to update the cloud, fi is the cloud’s focal point, Xi is the cloud’s average scalar product,
and ! is the cloud’s radius. This radius effectively describes a confidence score threshold
around the focal point and its initial value is not a problem-specific parameter. In this
article, the initial cloud radius r( is assumed to be ryg = /2(1 — cos (15)), as specified in
the original article [10]. If the newly arrived sample x. is not the first sample of its class,
the sub-model parameters #' and X' are recursively updated using (7).
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The algorithm then checks for density anomalies in the sub-model, i.e., regions of the data
space where the unimodal density is either too high (high concentration of clouds) or
too low (low concentration of clouds). This is accomplished by computing the unimodal
density between the sample x;; and the sub-model mean #/, using (8), and comparing it
to the unimodal densities between each cloud focal point in the sub-model f;-, which is
computed using (9).

- 1
D(x}(,yl) = g (8)
14 L]l
Xi=
Dt ) = ——— ©)
]’” - S2
6|
2
Xi= ]

The maximum and minimum focal point densities are compared to the sample density,
defining the first condition in the algorithm, shown in (10).

D(x, ') > max_ (D(£,u')) v
j=1.2,..Ri

D(x,p') < min (D(£,u"))
j=1,2,..Ri

(10)

If Condition 1 is verified, then there is a density anomaly (either too high or too low) and a
new cloud is created around the sample x using (11).

Ri+ R +1
M+ 1
f;i<—x;‘< (11)

; 112
X [l

1’;: — 1o
Otherwise, no density anomaly exists, and a second condition, based on distance instead of
density, is checked to assess if a nearby cloud already exists. First, the distances between
the sample x;; and each focal point in the sub-model are computed, and then the nearest
cloud focal point f;.* is found using (12).

) (12)

fj-* = arg min
j=12,..Ri

i i
xk—fj

If the distance to the nearest focal point f;.* is less than its radius r;'-*, then the sample is
considered to be close enough and the cloud is updated. This distance criterion is expressed
by Condition 2, as shown in (13).

<r (13)
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If Condition 2 is met, the nearest cloud parameters are updated using (14).

i i

Mi, & Mi, +1

. Pl ¥

1 J* 1 k

R Vo v A (14)
M
1 J* 1 k

Xje = 2 Xt T

J*

Otherwise, a new cloud is created using (11). The algorithm then proceeds to the next
sample. The complete learning process is summarized in Algorithm 1.

Algorithm 1 ALMMo-0 training algorithm.

1: for each class ido

2 for each x;{ in class ido

3 Normalize x;{ (4)

4: if sub-model i is empty then

5: Initialize sub-model (5) and (6)
6 else

7 Update sub-model parameters (7)
8 Compute sample density (8)

9: Compute focal densities (9)

10: if Condition 1 (10) is met then
11: Create new cloud (11)

12: else

13: Find nearest cloud (12)

14: if Condition 2 (13) is met then
15: Update nearest cloud (14)
16 else

17: Create new cloud (11)

4. Proposed Approach
4.1. ALMMo-0 (W)

The ALMMo-0 classifier is fairly robust to majority-class bias imposed by high class
imbalances, mainly due to the separate sub-models for each class, which are trained
separately and only using their respective samples. Nonetheless, one key behavior that was
observed in multiple models was that most false negative predictions occur in borderline
regions of the data space, which correspond to the zones of separation between the different
class clouds.

In order to improve the minority-class detection performance, we propose to introduce
a weighting component to compensate for class bias. The proposed weighting scheme is
defined at the local (cloud) level, and not at the global (class model) level, meaning that the
confidence score weighting is applied individually to each minority rule, and not simply to
the minority-class rule with the highest activation score, which corresponds to the output
of the minority-class sub-model.

While a global weighting scheme would be functionally similar to convert the
ALMMo-0 model to a regressor, and thus allow for direct application of a simple threshold
moving approach, it would also apply the same bias correction to all minority clouds,
even in regions of the data space where the inter-class separation is adequately modeled.
Moreover, while this would still decrease the bias of the final model, it would also result in
an unnecessarily large number of majority samples being mislabeled as negatives.
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In order to implement the proposed weighting scheme, a weighted confidence score
r]]i is introduced and defined as shown in (15), where w; is the actual weight assigned to the
jth cloud of the ith class.
2
) (15

Therefore, the weighting scheme proposes the weighting of the sample—cloud dis-

i

17; = exp <—w]

_f
xf]

tances, and not the actual confidence scores )\;, meaning that 17; remains coherently defined
as the maximum and equal to one only when x coincides with the cloud focal point
f; Another consequence of the chosen weighting scheme is that it affects the original
partition characteristics of the data space, generalizing it to a multiplicative weighted
Voronoi diagram.

Using the newly defined weighted confidence score, the winner-takes-all prediction
criterion is redefined, as shown in (16), where 77]1:* represents the weighted confidence score
of the nearest cloud of the ith class sub-model.

J = arg max(iyjl:*) (16)

i=1,2,...,C
Having defined the predictive behavior for a general locally weighted ALMMo-0
classifier in (15) and (16), we can now return to the specific case of an imbalanced binary
problem, defined as shown in (17), where N and P are introduced to simplify the notation.

i={N=1, P=2}
(17)
wl =1vj € {1,2,...,RN}

Therefore, the majority-class weights w]N remain unchanged and the corresponding
weighted confidence scores 17]N are equal to the original confidence scores AN. Moreover,
this also reduces the number of parameters (weights) that must be optimized, allowing for
a faster optimization procedure. Nonetheless, it still requires optimization of all minority
cloud weights wJP , which may still result in excessively large training times.

In order to reduce the complexity of the weight optimization task, the proposed
approach uses a simple criterion that selects the minority clouds where false negatives
occur to be optimized.

In order to facilitate the computations required by the selection criterion and the opti-
mization procedure itself, we introduce the distance matrix D, defined as shown in (18). Thus,
two distances matrices, DN and D", are computed, containing the pairwise distances between
each sample x; and each cloud focal point f; of the negative and positive classes, respectively.

a— &1l oo -
p=| - (18)

i —frll - [Ixx — £

Using the introduced distance matrix, the weighted model prediction ¥ for sample x;
can also be rewritten as shown in (19), where © represents the column-wise product of the
weight vector by its class distance matrix.

Yk = argmin <mjin< No D%),rnjin(!f’ ® Dﬁ)) (19)
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Returning to the cloud selection criterion, the index set K* of false negative samples
can be defined as shown in (20).

K*={keK:yg =P, =N} (20)

The index set of the minority clouds nearest to the false negative instances, ]1’5, can
then be defined as shown in (21) and (22).

T = {argmin(D]l{) ke K} (21)

i

* . Py . *

Ip = {argmm(D]-k> :keK } (22)

j

The candidate weights that would allow for capturing the sample are then obtained
D} . ,
W* = D%}(],ze];,]em,keK* (23)
J

The search intervals for each weight are then defined as shown in (24).

wP e [Wr, 1 ifjeJj]

j€p

(24)

Finally, we define the objective function F, as shown in (25), as a function of the target
y and the weighted target predictions 7.

F= P(y,y(!N,!P)) (25)

The complete optimization algorithm is presented in Algorithm 2.

Algorithm 2 ALMMo-0-W training algorithm.

1: Train initial model using Algorithm 1
: Define search intervals for each weight using (24)
: Get initial predictions using (19)

: Get initial objective function value using (25)
: while Stop criteria not met do

Find next candidate value for each weight
Get weighted predictions using (19)

Get objective function value using (25)

® N U W N

4.2. Ensemble Architecture

The proposed ensemble approach is a multi-view ensemble architecture, consisting
of multiple base classifiers, each one modeling one of the data streams recorded by each
sensor. The predictions of the base models are then used to train a cost-sensitive stack
classifier that outputs the final class prediction.

Consider a generic classification problem for a multi-view dataset D with n samples, m
features, and v data views such that D = {X(l), y I (L }, where X() = xg), xg), ey, xg,i)
€ R™™i represents the i-th data view and m; its number of features. Therefore, each data view
has the same number of samples, but a unique subset of features, such that m = Y7 ; m; is
the total number of features. For a classification problem with c classes, we define the class
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labels as Y = {y1,y2,...yn} € R"*¢, where y; = Vi1, ko, - - - » Yke] defines the label of the k-th
sample, with y;; = 1 if the sample belongs to the j-th class and y;; = 0 otherwise.

Having defined the generic problem for a multi-view dataset, we can now define
the proposed ensemble structure formulation. Let B be the set of base classifiers in the
ensemble model, as defined in (26), where f (i) (Oi, x]({i)) represents the i-th base classifier
as a mapping from the k-th sample x,(j) to the respective class prediction }“/](j) using the
estimated model parameters 6"

B = { F (91,,(]((1)), @ (92, Xf))f L, f© (90’ Xz(f)) } 26)

The base layer output W can then be defined based on the v class predictions, such
that w = [y(l),y(z), .. .,y(v)} € R?*¢, with @;; defining the i-th classifier prediction for
the j-th class. The ensemble base layer can therefore be defined as W = B(x) defining a
mapping from sample x to the base model prediction. The base model predictions are then
used as the input to the stack classifier S, which aggregates the multiple class confidence
scores into a final class label prediction §, such that §y = S(W) with § € R°.

The ensemble formulation presented so far is generic and commonly used in the
literature for classification problems on similarly structured datasets. As such, the main
novelty of the methodology proposed in this paper is the ALMMo-0 (W) algorithm that is
used for estimating the cost-sensitive stack classifier. Therefore, the proposed ensemble
trains each base model as an ALMMo-0 classifier using Algorithm 1, while the stack
model is trained using the proposed ALMMo-0 (W) approach, as presented in Algorithm 2.
The proposed ensemble architecture is shown Figure 2. Therefore, only one model (the
stack model) requires optimization of the cloud weights, instead of all the base models,
thus drastically reducing the computation requirements and consequent training times,
while still allowing the final ensemble model to compensate for majority-class bias.

(1) g )
x(l) ALMMo-0 Y.
Base Classifier >
(1)
' ) =(2)
2 -
—)x,(c ) Ba'::hél}:;s?ﬁer Vi Aggregation ALMMo-0 (W)
> ”
o ggreg Stack Classifier
) SEEEEEE——
X ALMMo-0 g

——»| Base Classifier

A 4

v)

Figure 2. Proposed ensemble model architecture.

5. Results

In this section, the performance of the proposed intelligent architecture is assessed
using two sets of tests. In order to evaluate the different elements of the proposed ensemble,
the first set of tests evaluates the performance of the ALMMo-0 (W) by itself, and not
only as part of the proposed ensemble architecture, on benchmark imbalanced datasets.
The second set of tests evaluates the performance of the proposed ensemble architecture by
assessing its performance on the intended real-world application of detecting patients with
spastic diplegia using gait cycle measurements.

Both sets of tests consider the same group of classification algorithms for performance
comparison. This group includes three benchmark methods (decision trees, k-nearest
neighbors, and support vector machine) and the original ALMMo-0 classifier. The proposed
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ALMMo-0 (W) is also tested with different cost function metrics. Table 1 lists the selected
methods and their respective training parameters.

Table 1. Algorithms used in the tests and respective training parameters.

Algorithm Parameter Value
ALMMo-0 - -

Maximum iterations 100

Geometric Mean

ALMMo-0 (W) L . F1-Score
Optimization metric

Matthews
Correlation Coefficient
Split quality criterion Gini impurity
Decision Tree - 5
Split strategy Best split
K 5
K-Nearest Neighbors
Distance metric Euclidean
Regularization parameter 1.0
Support
Vector Machine Kernel type RBF
Kernel Coefficient 2.0

In order to facilitate the discussion of the results and the performance details of the
proposed approach, the classification metrics that are used throughout this section to
discuss model performance are summarized in Table 2.

Table 2. Relevant classification metrics and respective definitions.

Metric Definition
Recall _ TP
TP+ FN
.. TP
Precision [
TP+ FP
e TN
Specif -t
pecificity TN FP
Balanced Accuracy w
Geometric Mean Recall + Specificity
Fl-Score Recall x Precz.sz'on
Recall 4 Precision
Matthews TP x TN — FP x FP
Correlation Coefficient (TP+FP)(TP+FN)(TN+FP)(TN+FN)

5.1. Benchmark Datasets

In order to evaluate the performance of the proposed ALMMo-0 (W) approach on a
diverse set of problems that are representative of common classification applications, it was
decided to use the KEEL dataset repository, a well-known dataset repository that is often
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used in the literature for testing model performance on imbalanced problems. The available
datasets are mostly imbalanced versions of benchmark datasets that are resampled to
increase the imbalance ratio or multi-class datasets that are decomposed into imbalanced
binary tasks.

The benchmark procedure that was followed is based on 100 datasets that were
selected from the repository, each with different class imbalance ratios, numbers of samples,
types of features, and feature dimensionalities. These datasets are already partitioned using
five-fold cross validation to standardize the training and test sets used for benchmark tests.
Therefore, a total of 500 tests were performed for each algorithm. The selected benchmark
datasets are summarized in Figure 3.
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Imbalance Ratio
Figure 3. Benchmark dataset distribution in class imbalance ratio and number of samples.

The first set of results is shown in Table 3, which presents the pairwise comparisons of
the original ALMMo-0 classifier, as well as the proposed modifications, against the other
benchmark datasets. These comparisons are made in terms of balanced accuracy, recall,
and precision.

Regarding the original ALMMo-0, it is clear that it generally outperforms the chosen
benchmark methods in terms of balanced accuracy and recall, as evidenced by the win
counts and respective mean relative improvements. Moreover, the Wilcoxon test shows that
these wins are statistically significant for all cases, except for SVM, even though it shows a
higher win count and scores. Moreover, the results also show that the original ALMMo-0
performs poorly in terms of precision, despite the Wilcoxon test showing weak statistical
significance. Furthermore, the mean relative differences clearly show that the advantage
in terms of recall is larger than that of precision in terms of performance. Therefore, the
results show that the original ALMMo-0 shows the typical compromise between recall and
precision, although it still shows good performance in the majority class, as evidenced by
consistently higher balanced accuracy scores.
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Table 3. Win-Tie-Loss, mean relative difference, and Wilcoxon signed-rank test p-value results of
the original ALMMo-0 and proposed ALMMo-0 (W), measured against the benchmark methods in
terms of balanced accuracy, recall, and precision.

Algorithm
ComRared ALMMo-0 (W)
Against
Algorith'm ALMMo-0 Weight Optimization Metric
on Metric Geometric F1-Score Matthews Correlation
Mean Coefficient
Balanced 62/378/60 52/412/36 53/403/44
Accuracy - +2.1 £ 11.1% +1.7 £9.2% +1.8 £ 9.7%
(0.05) (0.00) (0.01)
85/415/0 62/438/0 69/431/0
ALMMo-0 Recall - +8.8 £ 22.7% +5.4 + 17.8% +6.4 £+ 19.3%
(0.00) (0.00) (0.00)
21/382/97 25/412/63 20/404/76
Precision - —3.3 £ 10.5% —-1.1+£6.0% —-1.6 £7.2%
(1.00) (1.00) (1.00)
Balanced 187/161/152 190/159/151 191/160/149 190/160/150
Accuracy +11.6 £ 32.4% +12.6 = 33.1% +12.4 + 33.2% +12.5 + 33.2%
(0.01) (0.00) (0.00) (0.00)
o 173/228/99 199/223/78 187/228/85 191/226/83
Decision Recall +10.8 + 45.6% +17.6 + 47.4% +14.7 + 47 .2% +15.7 + 47.3%
Tree (0.00) (0.00) (0.00) (0.00)
141/188/171 131/185/184 135/186/179 133/186/181
Precision —2.9 4+42.1% —4.9 +41.2% -39 +41.4% —4.0 +41.4%
(0.85) (0.99) (0.95) (0.96)
Balanced 179/176/145 191/174/135 192/174/134 189/174/137
+12.0 + 29.5% +13.0 &= 30.0% +12.9 + 29.9% +12.9 4+ 29.9%
Accuracy
(0.00) (0.00) (0.00) (0.00)
203/239/58 230/229/41 225/231/44 227/230/43
K-Nearest Recall +18.9 + 39.1% +25.2 + 42.0% +23.3 + 40.8% +23.9 +41.3%
Neighbors (0.00) (0.00) (0.00) (0.00)
103/216/181 105/210/185 99/215/186 101/212/187
Precision  —8.6 &+ 36.0% —10.2 + 36.3% —9.5 £ 35.6% —9.6 £ 35.6%
(1.00) (1.00) (1.00) (1.00)
Balanced  237/133/130 245/133/122 240/133/127 245/133/122
Accuracy +22.8 £+ 39.7% +23.5 + 39.5% +23.6 + 39.7% +23.6 + 39.8%
(0.00) (0.00) (0.00) (0.00)
Support 135/217/148 149/222/129 146/221/133 147/220/133
Vector Recall +7.3 £+ 46.0% +12.0 4+ 46.8% +10.2 + 46.3% +10.7 + 46.6%
Machine (0.10) (0.00) (0.01) (0.00)
260/160/80 258/156/86 259/158/83 258/157/85
Precision  +18.2 & 44.4% +16.7 + 43.7% +17.6 + 43.9% +17.5 + 44.0%
(0.00) (0.00) (0.00) (0.00)

Proceeding now to the proposed ALMMo-0 (W), and first comparing it to the original
ALMMo-0, the results show improved performance in terms of balanced accuracy and recall,
but worse results in terms of precision. Furthermore, this behavior is consistent for the
different cost function metrics, with the Wilcoxon tests indicating a significant performance
difference. However, the results also show that the different cost functions have different
effects on the compromise made between improving recall and not excessively worsening
precision. Using the geometric mean as the weight optimization metric seems to consistently
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result in the largest recall improvements, at the expense of more severe drops in precision.
Moreover, the results also indicate that using the F1-score as the optimization metric results
in the most modest improvements in recall, which are matched with a very small drop in
precision. The Matthews correlation coefficient seems to result in a middle ground between
the other two metrics, even though the win counts and the mean relative differences show
that it behaves more closely to the F1-score.

Regarding the pairwise comparisons of the proposed ALMMo-0 (W) against the
benchmark methods, the results show exactly the same behavior as discussed for the
ALMMo-0 (better balanced accuracy and recall scores, at the expense of worse precision
scores), although more exaggerated, which is totally expected, attenuating the performance
differences relative to the original ALMMo-0.

Proceeding now to the next set of results, shown in Table 4, the same pairwise compar-
ison procedure is performed, but now in terms of geometric mean, F1-score, and Matthews
correlation coefficient. Starting once again with ALMMo-0, against the benchmark methods
it shows a consistent and significant better performance in terms of geometric mean, which
is expected, considering the already-mentioned better balanced accuracy scores. Further-
more, the results also show that the ALMMo-0 classifier has comparable (or slightly worse)
performance in terms of F1-score and Matthews correlation compared to decision trees and
K-nearest neighbors, despite clearly outperforming the SVM in all the metrics.

Comparing once again the proposed ALMMo-0 (W) to the original ALMMo-O0 classifier,
the results show that the proposed modification clearly and consistently outperforms when
comparing the geometric mean scores, but generally underperforms in terms of F1-score
and Matthews correlation coefficient. While this behavior may seem unexpected, attending
to the aforementioned improved performance in the other metrics, and also to the metrics
being used in the weight optimization, it is relevant to mention that the optimization
procedure itself does not guarantee improved performance in the objective function metric,
since the cloud weights are tuned only on the training samples. Moreover, the distinct
results obtained for the geometric mean indicate that the proposed ALMMo-0-W tends
to aggressively compensate for the majority class by focusing on increasing the recall,
and not so much on maintaining precision performance. Similar conclusions can be derived
from observing the comparisons against the benchmark methods, which once again show
consistently better geometric mean performances, but worse results when measuring the
Fl-score and Mathews correlation coefficient.

Attending to the aforementioned results, one can derive two key conclusions.
Regarding the performance of the ALMMo-0 classifier, the results support the overall
better performance on imbalanced datasets, showing consistently better performance when
measured against benchmark classification methods of comparable complexity, while also
having other important performance advantages in terms of computational requirements
and interpretability. Regarding the proposed ALMMo-0 (W) approach, the results also
support its adequacy for classification on imbalanced datasets, showing significant im-
provements over the original ALMMo-0 in terms of the predictive performance on the
minority class, while not excessively degrading the predictive performance on the majority
class. Furthermore, the results indicate that the choice of the cost function metric has
significant impact on the performance of the weighted model, showing that the geometric
mean consistently leads to the largest reductions in the number of false positives, at the
expense of leading to more false positives, while the F1-score results in a more balanced
bias compensation, which may be more adequate in some applications. Choosing the
Matthews correlation coefficient seems to allow for a compromise between the two, which
may also be more adequate in certain application requirements.
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Table 4. Win-Tie-Loss, mean relative difference, and Wilcoxon signed-rank test p-value results of
the original ALMMo-0 and proposed ALMMo-0 (W), measured against the benchmark methods in
terms of geometric mean, Fl-score, and Matthews correlation coefficient.

Algorithm
szl’,a“:d ALMMo-0 (W)
gains
Algorithm ALMMo-0 Weight Optimization Metric
on Metric Geometric F1-Score Matthews
Mean Correlation
G , 60/381/59 50/412/38 52/403/45
el\‘;[memc - +2.5 4+ 12.6% +1.8 +£9.7% +2.0 + 10.5%
can (0.01) (0.01) (0.01)
45/380/75 46/412/42 47/405/48
ALMMo-0 F1-Score - —0.9 4+ 11.1% +0.5 & 7.2% +0.2 + 7.9%
(0.84) (0.03) (0.10)
Matth 43/378/79 43/385/72 44/379/77
Conelatis - —2.0 + 14.5% —0.4+9.2% —0.7 £ 10.8%
orrelation (0.95) (0.11) (0.29)
c i 193/167/140 199/165/136 196/166,/138 196,/166/138
e&me e +10.9 4 40.9% +12.6 + 40.5% +11.9 + 41.5% +12.1 + 41.3%
ean (0.00) (0.00) (0.00) (0.00)
o 162/168,/170 164/167/169 164/167/169 165/167/168
DeT‘flsm F1-Score —0.7 £ 39.5% —0.4 +39.2% —0.0 + 39.6% —0.0 £ 39.5%
ree (0.36) (0.30) (0.18) (0.19)
Matthews 175/160/165 163/168/169 164/169/167 165/169/166
Correlation 22+ 415% — 2.4+ 41.5% 1.7 + 41.4% 1.8 +41.3%
(0.39) (0.37) (0.26) (0.28)
c . 189/190/121 204/185/111 201/188/111 202/187/111
el\‘;lme e +16.8 + 36.9% +18.2 + 37.3% +17.9 4+ 37.1% +17.9 & 37.1%
can (0.00) (0.00) (0.00) (0.00)
147/191/162 159,/185/156 158/189/153 158,/188/154
E'N‘;age“ F1-Score +0.5 + 32.7% +0.6 + 33.5% +1.2 + 33.0% +1.1 + 33.0%
eighbors (0.56) (0.40) (0.28) (0.32)
Matth 134/176/190 129/193/178 135/194/171 132/193/175
C a let‘,”s —2.7 +35.3% —2.6 + 35.5% —1.9 + 34.8% 1.9 + 34.6%
orrelation (0.99) (0.98) (0.97) (0.97)
c . 243/147/110 253/145/102 247/147/106 250/146,/104
el\‘;lme ric +25.8 4 45.8% +27.2 4 44.7% +26.8 + 45.4% +26.9 + 45.4%
can (0.00) (0.00) (0.00) (0.00)
Support 263/148/89 267/146/87 264/148/88 264/147/89
Vector F1-Score +18.4 4 42.5% +18.7 4 41.8% +19.1 4 42.1% +19.0 + 42.2%
Machine (0.00) (0.00) (0.00) (0.00)
Matth 264/144/92 253/152/95 255/153/92 257/152/91
C a letWS +16.0 4 45.2% +16.1 + 44.5% +16.6 + 44.4% +16.8 + 44.1%
orrelation (0.00) (0.00) (0.00) (0.00)

Finally, we performed a one-way ANOVA test for all methods and for each classifica-
tion performance metric, thus evaluating if the methods yield significantly different results.
The results are presented in Table 5.
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Table 5. One-way ANOVA test results for various classification performance metrics.

Metric F-Statistic p-Value
Balanced Accuracy 42.46 0.000
Recall 60.36 0.000
Precision 11.49 0.000
Geometric Mean 84.67 0.000
F1-Score 18.05 0.000
Matthews Correlation 23.91 0.000

5.2. Spastic Diplegia Dataset

The dataset consists of kinematic and kinetic measurements obtained from computerized
clinical gait analysis from a pool of participants (both CP children and typically developed
children) that were assessed in the Biomechanics and Functional Morphology Laboratory
at FMH. The gait analysis protocol (described in [34]) was approved by and executed in
accordance with the Faculty of Human Kinetics Ethics Committee (CEFMH-2/2019).

Each gait cycle measurement consists of four joint angles and three joint moments,
each one recorded in space (X, Y, and Z axes), meaning that a total of 21 data streams (each
one composed of 101 data points) are used to describe each gait cycle.

The approach proposed in this paper consists of a multi-view ensemble architecture
that considers each angle and moment measurement as a data view that is used to train a
single base model, meaning that each ensemble model consists of 21 base models. The en-
semble prediction is accomplished using a stack model, which is trained on the predictions
of each base model. This ensemble structure was used to obtain all the results presented
in this section, changing only the learning algorithms used to train the base models and
the stack model. The approach proposed in this paper specifically refers to the algorithms
used for the training procedure, using the ALMMo-0 classifier to train the base models
and using the proposed ALMMo-0 (W) approach to train the stack model.

The modeling approach presented in this article focuses on detecting a specific type of
gait cycle anomaly known as true equinus, often found in individuals with spastic diplegia.
The dataset used is composed as shown in Table 6, consisting of 25 healthy individuals
(control group) with a total of 183 measured gait cycles and 6 individuals suffering from
spastic diplegia (patient group) with a total of 27 recorded gait cycles. Taking into account
external factors such as noise and equipment failure, not all leg recordings were available
or useful, which is also reflected in Table 6.

Table 6. Class distribution for the control (healthy) and patient groups (individuals with spastic diple-
gia and true equinus gait patterns) and complete samples (all angles and moments are available).

Samples
Group .. .
Individuals Legs Gait Cycles
25 50 183
Control (81%) (85%) (87%)
. 6 9 27
Patient (19%) (15%) (13%)

In order to maximize the number of samples available for training the models, each
gait cycle (and respective 21 data streams) is considered a sample. Regarding the validation
procedure, five-fold cross-validation is used, meaning that five tests are performed for
each ensemble setup. However, in order to avoid bias from the samples included in each
train—test split, the data were partitioned to ensure that the gait cycles of each individual
are only part of either the training set or the test set. Furthermore, despite treating each leg
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as an independent set of measurements, data partitioning was also performed to ensure
that the two legs are both included either in the training set or the test set. In order to
fully accommodate these two partition restrictions, and considering the low number of
individuals (particularly in the patient group), the resultant partitions show some variation
in the ratio of training and test samples and, in particular, in the class imbalance ratios in
the training and test sets. The partitions used for the modeling and testing procedures are
shown in Table 7.

Table 7. Number of gait cycles (samples) for each train—test split and respective class distribution
and imbalance ratio.

Gait Cycles .
Split Control Patient Class Imbalance Ratio

Train Test Train Test Train Test
1 147 36 20 7 7.4 5.1
2 149 34 20 7 7.5 49
3 150 33 20 7 7.5 47
4 142 41 20 7 7.1 59
5 144 39 21 6 6.9 6.5

The results obtained for the different ensemble models are presented in Table 8, which
shows the different performance metrics for each ensemble setup. The results clearly
show better predictive performance for ensembles that have ALMMo-0 classifiers as base
models, as shown by the higher scores across all metrics. Furthermore, it is also clear that
the class imbalance present in the dataset does not seem to have a significant impact on
the performance of the ensemble models, as evidenced by the high recall scores. In fact,
the results even show that ensembles trained with the decision tree and K-nearest neighbors
classifiers have better recall scores than precision scores. As discussed before, this behavior
would not necessarily be problematic and could even indicate good predictive performance
on the minority class. However, observing recall and precision results for ensembles
trained with the ALMMo-0 algorithm, it is clear that these not only show better recall
scores, but also achieve perfect precision results. One clear exception is the support vector
machine ensembles, which also achieve perfect precision results, despite also showing
slightly lower recall scores.

Regarding the effects on the ensemble performance of using the proposed ALMMo-0
(W) approach to train the stack model, the results show an effect very similar to the one
discussed for the benchmark tests, with significance recall improvements. Furthermore,
the effect of the cost function metrics on the minority-class detection performance is similar
to the one observed for the benchmark tests, with the geometric mean providing the largest
reduction in false negatives, which results in achieving perfect recall scores (at the expense
of a large decrease in precision scores). The Fl-score and Matthews correlation metrics
allow for more modest recall improvements, which is consistent with the results obtained
for the benchmark tests.

However, one key difference in the effects that these two metrics have on the weighted
model is that they are able to maintain the precision scores of the original ALMMo-0,
which is even more impressive when considering that they achieve perfect precision scores,
meaning that no false positive predictions are made. Another key difference is that the
ALMMo-0 (W) stack models are also able to improve the Fl1-score and Matthews correlation
performances in the testing data, which was not observed in the benchmark datasets.
In particular, stack models trained using the proposed ALMMo-0 (W) and the Matthews
coefficient as the optimization metric allow for the best overall ensemble performances,
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achieving the best scores in balanced accuracy, geometric mean, Fl-score, and the Matthews
coefficient itself, while also keeping the perfect precision scores of the original ALMMo-0.

Table 8. Balanced accuracy, recall, precision, geometric mean, F1-score, and Matthews correlation
coefficient results obtained with the proposed ensemble architecture and using different learning
algorithms to train the base models and the stack model of each ensemble. Bold cells mark the best
in the column.

Ensemble Algorithms Metric
Base Stack Balanced Recall Precision Geometric F1-Score Matthews
Model Model Accuracy Mean Correlation
ALMMo-0 0.943 £+ 0.078 0.886 + 0.156  1.000 & 0.000  0.938 4 0.085 0.933 4+ 0.091 0.929 + 0.097
ALMMo-0
W) . 0.924 +0.073  1.000 = 0.000 0.700 & 0.283 0.919 £ 0.080 0.798 £ 0.195 0.767 £ 0.222
(Geometric
Mean)
ALMMo-0
ALMMo-0
W) 0.950 £+ 0.112 0.900 +0.224  1.000 £ 0.000 0.941 + 0.131 0.933 £ 0.149 0.935 £ 0.144
(F1-Score)
ALMMo-0
W) 0.967 £ 0.075 0.933 £+ 0.149 1.000 & 0.000 0.963 &= 0.082 0.960 £ 0.089  0.956 + 0.099
(Matthews
Correlation)
Decision Decision
Tree Tree 0.827 4+ 0.140 0.738 4+ 0.232 0.668 + 0.270 0.815 + 0.154 0.686 + 0.234 0.630 4+ 0.284
K-Nearest KNearest ) g 10127 076740325 043740095 0781 0157 0517 £ 0106  0.488 + 0131
Neighbors Neighbors : : : : : ) ) ) : : : :
Support Support
Vector Vector 0.914 4+ 0.093 0.829 +0.186  1.000 & 0.000  0.905 =+ 0.105 0.897 +0.117  0.892 £ 0.119
Machine Machine

In order to better understand the performance results for the ensemble models, it is also
important to analyze the performances of the individual base models, particularly those
trained using the ALMMo-0 algorithm. These results are summarized in Tables 9 and 10,
which show the performance metrics for the ALMMo-0 base models trained on the kine-
matic and kinematic measurements, respectively.

Regarding the base models trained on kinematic features, the results in Table 9 show
that there is considerable diversity in the different base model performances, and some
models outperform the respective ensemble model in some metrics. In particular, the base
models trained on knee joint angles in the X axis show the overall best performances for all
metrics, while the base models trained on ankle joint angles in the Y axis are able to achieve
perfect recall scores.

However, a key result shown in Table 9 is that no base model is able to outperform
the respective ensemble model in all metrics. In particular, no base model achieves perfect
precision scores, as was the case for the ensemble models. This result suggests that the
ensemble approach is able to combine the different base models in order to improve
precision performance. Moreover, since there are multiple base models that outperform the
ensemble in recall scores, it seems that the precision improvements come at the expense of
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slightly worse recall scores. Therefore, the main advantage of training the stack models
using the proposed ALMMo-0 (W) is that they allow for recovering the better recall scores
of the ALMMo-0 base models, while also keeping the precision improvements offered by
the ensemble architecture itself.

Table 9. Balanced accuracy, recall, precision, geometric mean, F1-score, and Matthews correlation
coefficient results for the ALMMo-0 base models trained on kinematic (angle) features. Bold cells
mark the best in the column.

Angle Feature Metric
Joint Axis I:;IC?;;C;; Recall Precision Ge;);::rt‘ric F1-Score Cl\: :::;;vi\:;
X 0.766 £ 0.152 0.667 £ 0.312 0.397 £ 0.108 0.741 £ 0.173 0.485 £ 0.148 0.425 £ 0.206
Ankle Y 0.961 £ 0.010 1.000 = 0.000 0.386 £ 0.069 0.961 £ 0.010 0.554 £ 0.073 0.595 £ 0.059
Z 0.754 £ 0.220 0.667 £ 0.312 0.600 + 0.303 0.737 £ 0.225 0.598 £ 0.243 0.497 £ 0.387
X 0.964 + 0.030 0.960 + 0.055 0.578 + 0.067 0.963 + 0.030 0.720 + 0.062 0.730 £ 0.061
Hip Y 0.884 £ 0.023 0.847 £ 0.065 0.350 £ 0.069 0.882 £ 0.024 0.491 £ 0.066 0.511 £ 0.055
Z 0.870 £ 0.135 0.843 £ 0.205 0.656 £ 0.275 0.866 £ 0.140 0.724 £ 0.232 0.678 £ 0.278
X 0.985 + 0.022 0.980 + 0.045 0.834 + 0.099 0.984 4 0.023 0.899 =+ 0.061 0.898 =+ 0.062
Knee Y 0.751 £ 0.109 0.600 + 0.224 0.520 £+ 0.292 0.727 £ 0.121 0.523 £ 0.171 0.473 £+ 0.214
Z 0.923 £ 0.059 0.907 £ 0.130 0.447 £ 0.127 0.921 £ 0.062 0.587 £ 0.112 0.606 £ 0.100
X 0.929 +£ 0.065 0.893 £ 0.123 0.557 £ 0.128 0.927 +£ 0.069 0.681 £ 0.122 0.686 £ 0.122
Pelvis Y 0.661 £ 0.156 0.367 £ 0.217 0.800 + 0.447 0.540 + 0.307 0.500 + 0.289 0.466 + 0.390
V4 0.689 £ 0.165 0.548 £ 0.334 0.287 £ 0.144 0.645 £ 0.214 0.373 £0.195 0.291 £ 0.244

Regarding the base models trained on the kinetic features, the results in Table 10
show a very similar performance pattern to that just discussed for the kinematic features.
Concretely, the base model with the best overall performance is the one trained on the
ankle joint moment On the X axis, which outperforms the other base models in terms
of balanced accuracy, precision, geometric mean, Fl-score, and Matthews correlation
coefficient. Moreover, once again, there is only one base model that achieves perfect recall
scores, which corresponds to the base model trained on the knee joint moments on the Z
axis. Similarly to the results discussed for the base models trained on kinematic features,
it is also verified that no base model is able to achieve the perfect precision scores of the
respective ensemble models, although multiple base models achieve better recall scores.
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Table 10. Balanced accuracy, recall, precision, geometric mean, Fl-score, and Matthews correlation
coefficient results for the ALMMo-0 base models trained on kinetic (moment) features. Bold cells
mark best in the column.

Moment Feature Metric
Joint Axis iilca::;;i(; Recall Precision Ge;;:ael:ric F1-Score CI\;I ::etzilaet‘i/\(,;
X 0.907 £0.069 0.847 £0.139 0.541 £0.096 0.902 +0.075 0.656 + 0.096  0.657 £ 0.101
Hip Y 0.839 +0.073 0.727 £0.130 0.470+0.191 0.829 £0.081 0.562 +0.172  0.551 + 0.171
z 0.814 +0.086  0.667 =0.170  0.454 £0.087 0.795£0.109 0.538 £ 0.116  0.523 + 0.127
X 0919 £0.044 0.880£0.084 0502+ 0.061 0917 £0.045 0.637 £0.060 0.643 £ 0.063
Knee Y 0911 +0.044 0927 £0.083 0.296 £0.074 0.910£0.044 0.445+ 0.082 0.488 4+ 0.074
Z 0.963 + 0.004  1.000 4= 0.000 0.388 +£0.047 0.962 +0.004 0.557 +£0.047 0.598 + 0.036
X 0.966 + 0.026  0.940 £ 0.055 0.850 - 0.074 0.965 + 0.027 0.891 £ 0.048  0.887 + 0.049
Pelvis Y 0.865 +0.051 0.795+0.075 0.733 £0.208 0.861 £0.053 0.749 + 0.116  0.706 £+ 0.144
Z 0.852 +0.164 0.767 £0.325 0.633 £0.217 0.830 £0.196 0.673 £0.239  0.643 + 0.271

Last but not least, we performed ensemble ablation by removing each of the base
classifiers and evaluating the impact on the ensemble predictive performance and respective
classification metrics. The results are presented in Table 11.

Taking into account the aforementioned results, we can derive the following three key
conclusions. Firstly, the results suggest that the proposed ensemble architecture is adequate
for the performance requirements of the problem and the structure of the dataset. This
adequacy of the proposed ensemble architecture is independent of the learning algorithms
used to obtain the base models and the stack model. This conclusion is supported by the
overall good results for the different algorithms, which show that despite the significant
performance differences between the different learning algorithms, all the ensemble models
are able to achieve satisfactory predictive performance in the minority class (as evidenced
by the high recall scores shown in Table 8). Concretely, the ensembles with the ALMMo-0
and SVM base models are shown to be the most adequate, showing good results on both
classes, as evidenced by the high scores for all performance metrics shown in Table 8.

The second key conclusion that is derived from the aforementioned results is that the
proposed approach (which refers to the specific ensemble setup combining ALMMo-0 base
models with a stack model trained using the proposed ALMMo-0 (W)) is shown to out-
perform the ensemble approaches that train the stack model using the original ALMMo-0
algorithm. In practice, all ensembles with ALMMo-0 (W) stack models are able to signifi-
cantly improve the recall scores of the respective ensemble model. Moreover, the impact
of the different cost function metrics on the overall performance of the ensemble model is
shown to be similar to the one observed for the individual ALMMo-0 (W) performances
on the benchmark datasets, with the geometric mean metric showing the largest recall



Automation 2025, 6,71

25 of 29

improvements (at the expense of the largest drops in precision), followed by the Matthews

coefficient and the Fl-score.

Table 11. Ensemble ablation by removal of each one of the base classifiers and respective results.

Removed Base Model

Metrics

Measure

Joint

Axis

Balanced
Accuracy

Recall

Precision

Geometric
Mean

F1-Score

Matthews
Coefficient

Angle

Ankle

0.907 £ 0.096
0.902 £ 0.072
0.907 £ 0.065

0.847 £ 0.150
0.839 £ 0.032
0.847 £ 0.117

0.772 £ 0.032
0.772 £ 0.089
0.767 £ 0.062

0.897 £ 0.054
0.892 £ 0.042
0.897 £ 0.068

0.775 £ 0.124
0.774 £ 0.041
0.773 £ 0.022

0.768 £ 0.093
0.763 £ 0.032
0.766 £ 0.098

Hip

0.902 £ 0.131
0.904 £+ 0.107
0.904 £ 0.039

0.840 £+ 0.021
0.843 £ 0.085
0.843 £0.132

0.768 £ 0.053
0.773 £ 0.061
0.766 £ 0.105

0.892 £ 0.065
0.894 £ 0.150
0.894 £ 0.080

0.770 £ 0.143
0.775 £ 0.081
0.769 +£ 0.022

0.760 £ 0.060
0.766 £ 0.083
0.761 £ 0.053

Knee

0.901 £ 0.096
0.907 £ 0.109
0.903 £ 0.063

0.839 £ 0.064
0.849 £ 0.132
0.841 £ 0.114

0.761 £ 0.079
0.769 £ 0.112
0.771 £ 0.065

0.891 £ 0.037
0.897 £ 0.086
0.893 £ 0.075

0.765 £ 0.109
0.775 £ 0.107
0.773 £ 0.046

0.756 £ 0.031
0.766 £ 0.102
0.763 £ 0.140

Pelvis

0.903 £ 0.102
0.909 £ 0.126
0.909 £ 0.040

0.841 £0.123
0.855 £ 0.130
0.850 £ 0.116

0.768 £ 0.086
0.762 £ 0.101
0.775 £ 0.041

0.892 £ 0.041
0.902 £ 0.041
0.899 £ 0.107

0.771 £ 0.045
0.775 £ 0.062
0.778 £ 0.028

0.761 £ 0.137
0.767 £ 0.146
0.771 £ 0.138

Moment

Hip

0.903 £ 0.112
0.905 £ 0.078
0.905 £ 0.044

0.843 £+ 0.100
0.846 £+ 0.120
0.847 £ 0.117

0.768 £ 0.054
0.770 £ 0.089
0.771 £ 0.054

0.893 £ 0.057
0.895 £ 0.087
0.896 £ 0.059

0.771 £ 0.100
0.774 £ 0.092
0.774 £ 0.100

0.762 £ 0.081
0.765 £ 0.093
0.765 £ 0.026

Knee

0.903 + 0.148
0.903 £ 0.069
0.902 £+ 0.103

0.842 £0.110
0.841 £ 0.110
0.839 £ 0.120

0.769 £ 0.054
0.775 £ 0.141
0.772 £ 0.136

0.893 £+ 0.129
0.893 £ 0.038
0.892 £ 0.090

0.772 £ 0.062
0.776 £ 0.023
0.774 £ 0.058

0.762 £ 0.021
0.766 £ 0.069
0.763 £ 0.124

Pelvis

NRKXINKXINKXINKXINKX|NKX|INRKX

0.902 £ 0.064
0.904 £ 0.028
0.905 £ 0.075

0.840 £ 0.050
0.844 £ 0.075
0.845 £ 0.106

0.761 £ 0.117
0.764 £ 0.061
0.766 £+ 0.106

0.891 £ 0.054
0.894 £ 0.024
0.895 £ 0.031

0.765 £ 0.117
0.769 £ 0.094
0.771 £ 0.075

0.756 £ 0.067
0.761 £ 0.041
0.762 £ 0.100

The third and final conclusion concerns the performance compromise between recall
scores and precision scores and its relation to the performance of the individual base models.
The results presented in Table 8 show a somewhat unexpected performance pattern (not
observed in the benchmark results), with recall scores that are consistently higher than
precision scores, despite the significant class imbalance ratio present in the dataset. This
performance pattern is also observed in the individual base models, as evidenced by the
recall and precision results shown in Tables 9 and 10, suggesting that this performance
pattern is not caused by the ensemble architecture itself and its effects on the combination of
the base model predictions to obtain the overall class prediction. Considering the prevalence
of this performance pattern for the different base models and learning algorithms, this is
likely caused by the specific characteristics of the dataset itself and, in particular, by the
data distributions of the two classes. Concretely, the data distributions of the two classes
seem to be characterized by the prevalence of outliers belonging to the majority class inside
regions of the data space that are characteristic of the minority class (significantly higher
density of minority samples). In the specific context of the considered dataset, this implies
that there is a significant number of gait cycles belonging to healthy individuals (majority
class) that show some patterns that are characteristic of gait cycles belonging to patients
with spastic diplegia (minority class). Furthermore, it is also possible that these patterns are
only prevalent in some of the measurements and also that their impact is only significant
because of the relatively small number of samples in the dataset. It is also possible that
these ambiguous patterns are a limitation of the measuring apparatus, which may not be
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able to capture some patterns that are easily detectable by a medical expert observing the
gait cycles of the individual.

However, regardless of the actual cause of the higher recall results, the ALMMo-0 stack
models are shown to take advantage of the performance of the base model. Concretely,
the ALMMo-0 stack models can use the relatively weak precision score performances of the
base models to obtain a final ensemble model that achieves perfect precision scores, at the
expense of worse recall scores. Furthermore, stack models trained using the proposed
ALMMo-0 (W) approach (particularly when using the Fl-score and Matthews coefficient as
weight optimization metrics) take advantage of the performance improvements obtained
by the unweighted ALMMo-0 stack models (also achieving perfect precision scores) while
significantly improving the recall scores, leading to final ensemble models that are able to
achieve a small number of false negatives (resulting in high recall scores), as well as a small
number of false positives (resulting in high precision scores).

Attending to the robust predictive performance shown by the proposed modeling
approach, improved minority-class detection capabilities, and explainable model structure,
we suggest that our approach would be adequate for various cerebral palsy medical
applications, such as wearable rehabilitation devices, real-time patient monitoring, clinical
decision-support dashboards, and patient progress tracking.

6. Conclusions

This paper proposed intelligent models, namely ensemble fuzzy rule-based models,
to automate the detection of a type of gait cycle anomaly known as true equinus, found in
individuals suffering from spastic diplegia. The diagnostic application addressed in this ar-
ticle may help to achieve a more accurate identification of the gait patterns characteristic of
cerebral palsy and consequently facilitate correct decision-making regarding the type of in-
tervention to be performed with the patients (surgical, orthotic, or spasticity management).

The resultant data structure (characterized by multiple data streams measured by
the instrumented gait analysis) poses challenging restrictions to the applicable modeling
approaches, which must be adequate for a dataset characterized by multiple independent
data sources, a large class imbalance, and a small sample size of spastic diplegia cases.
Furthermore, medical diagnostic intelligent models are also required to be explainable and
interpretable, which means that human experts must be able to understand the reasoning
behind the model predictions.

In order to address all the restrictions and requirements posed by the addressed
problem, this paper proposes a novel approach consisting of a multi-view ensemble archi-
tecture to address the challenge posed by the multiple data sources and efficient parallel
processing requirements. Moreover, the proposed approach addresses the interpretability
requirements by choosing fuzzy rule-based systems as the base models of the ensemble
and using the ALMMo-0 classifier to efficiently obtain the fuzzy models. Finally, the chal-
lenge posed by the class imbalance is addressed by modeling the ensemble stack model
using the proposed ALMMo-0 (W), which modifies the original ALMMo-0 learning algo-
rithm by introducing a weighting scheme to the minority-class rules and a cost-sensitive
optimization procedure.

The proposed approach is evaluated in two sets of tests. The first set of tests uses
multiple benchmark datasets to evaluate the proposed ALMMo-0 (W) method, showing that
it consistently outperforms the original ALMMo-0 and also showing that the improvements
in minority-class detection are controllable by the chosen optimization metric. The second
set of tests addresses the diagnostic application addressed in this paper, showing that the
selected ensemble architecture is adequate for the problem structure and requirements for
multiple learning algorithms. Moreover, it also shows that the specific ensemble setup
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of the proposed intelligent approach results in significantly better-performing diagnostic
models, outperforming the ensemble setups that exclusively use the original ALMMo-0
learning algorithm to obtain the individual models of the ensemble.

Furthermore, it is also shown that there exist significant predictive performance differ-
ences between the different base models and their respective data sources. Sagittal joint
angle measurements and sagittal ankle joint moment measurements are the most descrip-
tive features of the dataset, resulting in base models with distinctly better performance than
base models trained on other features. It is also shown that the ensemble structure is able
to combine the strengths of the different base models and improve the overall predictive
performance, consistently outperforming the performances of the individual base models.
The proposed approach can be integrated into wearable rehabilitation devices for real-
time gait monitoring or used in clinical decision-support dashboards to assist healthcare
professionals in diagnosing and tracking gait abnormalities.

In future work, it is suggested to apply the proposed approach to problems that have
similar data structures and performance requirements, not only on medical diagnostic
applications but also in different fields and on data-based modeling problems in the
automation field, which pose comparable challenges and requirements. Moreover, it is
suggested that the proposed ALMMo-0 (W) approach can be considered individually,
and not exclusively as part of the proposed ensemble architecture, as it may be adequate
for other types of imbalanced problems and show different results by considering different
performance metrics not tested in this paper. Finally, as the methodology was developed
for true equinus gait patterns in spastic diplegia individuals, its generalizability to other
gait disorders or broader clinical populations remains to be validated.
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