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ABSTRACT

The objective of the current investigation was to conduct a biomechanical analysis of human gait
based on the Unsupervised machine learning — Artificial Intelligence approach. Twenty-eight
junior active males participated in the study. Following the placement of the markers, the
participants were asked to complete the gait task in a 10-meter gateway where the dominant leg
contact was placed on the third step and non- non-dominant leg on the fourth step. The task was
executed in two separate attempts, first by the preferred speed of the participants and second with
a steady speed of 100BPM. The Hierarchical approach consisting of Nearest Neighbor and the
utilization of Z score was employed to discern uniform gait biomechanical patterns of the entire
participant according to the values of joint angles and joint moments in both conditions - preferred
and steady speeds by SPSS software version 26 (p<0.05). Considering a combination of both
kinematics and kinetics parameters, in preferred speed, the hip and knee in the vertical direction
for both dominant and non-dominant limbs are classified in one cluster, but in a steady speed, the
hip in mediolateral direction and knee in the vertical direction for both dominant and non-dominant
limbs are presented in one cluster. The kinematic and kinetic variables are useful in gate clustering
to categorize gait patterns. These variables can be subdivided into homogeneous subgroups for a
more detailed understanding of human locomotion.
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INTRODUCTION

Gait, being crucial elements of human existence, are commonly evaluated through the utilization
of biomechanical gait analysis as a means of assessing abnormal gait patterns and scrutinizing
athletic prowess [1]. This is of paramount importance in detecting gait irregularities, identifying
postural abnormalities, and evaluating clinical modalities and rehabilitation regimens [1, 2]. It is
of considerable significance to acknowledge that the examination of gait entails a substantial
quantity of mutually reliant variables, which can be difficult to interpret due to the vast amount of
data and their inter-relations [1]. However, significant progress in motion capture equipment,
research methodologies, and data analysis techniques has led to abundance of investigations being
conducted, which have contributed to the enhancement of our comprehension of gait
biomechanics. Such studies have provided invaluable insights into the intricate mechanisms that
govern human gait, and have paved the way for further advancements in this field of research.
The investigation of the mechanical properties of the human body, commonly referred to as gait
analysis, is designed to measure the variables that impact the efficacy of the lower extremities. The
researchers envision the implementation of gait analysis as a tool for both diagnosis and treatment
selection. However, they have encountered considerable obstacles in this endeavor due to
intricacies such as the sheer volume of data involved and the lack of distinct correlations between
an individual's gait and their condition [3, 4].

The escalating volume of data in the realm of biomechanics research has significantly amplified
the significance of enlisting innovative methodologies such as artificial intelligence that possess
superior capabilities in managing large-scale data, called “big data”[4]. As a result, the progression
of data science techniques will broaden the understanding of examining novel hypotheses
concerning biomechanical risk factors and performance-linked variables linked with the
biomechanics of walking and running gait [4]. A bipedal locomotion or gait pattern may be
subdivided into the stance and swing phases, which are distinguished by the occurrence of initial
contact and toe-off instance. Kinetic and kinematic parameters are capable of identifying gait
patterns throughout the process of gait progression [5].

The study carried out by Farah and colleagues established that the identification of gait phases can
be executed through the utilization of machine learning techniques [6]. As a result of the
aforementioned, it is clear that the application of artificial intelligence (Al) methods would bring
about advantageous outcomes for the field of gait analysis [1]. These methodologies exhibit
sufficient capability in managing data that is high-dimensional, temporal, and complex [7, 8]. In
order to achieve intelligent behavior, the construction of models that possess the capability of
automatic learning from databases that are available, and the ability to make precise predictions,
is paramount [9, 10]. Machine learning (ML) is currently being widely utilized across various
domains, including medical diagnosis [11-14], pattern recognition [15, 16], image processing [17,
18], classification [19, 20], clustering [4, 21], prediction analysis[1, 22, 23], monitoring [24],
therefore, making them suitable for gait studies. Machine learning methodologies have been
effectively utilized in diverse gait-related domains, namely, to interpret gait disorders [20, 25, 26],
to anticipate timely measures for mitigating fall-associated hazards resulting from physical
impairments or advanced age [9, 12], to determine motor recovery tasks [27, 28], or in planning a
rehabilitation or therapeutic modalities [29-31].

In the present research, an unsupervised methodology is embraced to categorize gait patterns into
various groups. To achieve this, the feature set, which has been extracted by a gait matcher, is
subjected to a clustering scheme. Assuming the feasibility of clustering gait patterns into distinct
groups, our aim is to ascertain (a) the existence of any correlation between individual clusters and

Journal of Advanced Sport Technology 7(2) 24



the physical attributes of the individual in question, and (b) the extent to which these correlations
are consistent across various gait matchers. Examining the clustering tendency of gait feature sets
has multiple advantages. Firstly, within the framework of a gait-based surveillance system, the
quest for a particular identity can be restricted to designated clusters that are grounded on the input
gait data, thus leading to a reduction in search time. Secondly, concerning an identification-at-a-
distance system that is open set, clustering gait patterns may prove to be valuable in constructing
a physical "profile" of an observed identity that is not present in the existing database.
Consequently, the amalgamation of such matchers at a higher level is expected to enhance the
overall recognition accuracy. Previous research has exhibited unique groupings of ambulatory
patterns in both healthy and pathological cohorts, implying that diverse techniques of motion may
be manifested [4]. However, these studies have used discrete time point variables and usually
focused on only one specific joint and plane of motion.

The fundamental objective of the present research is to meticulously scrutinize the phenomenon
of clustering on joint biomechanics of lower limbs concerning limb dominancy. The ultimate goal
is to ascertain whether or not these variables have a discernible influence on the clustering
mechanism. Henceforth, the primary objective of this investigation was to ascertain whether the
gait patterns of individuals with sound health could be demarcated into homogeneous
subcategories based on three-dimensional kinematic data gathered from the ankle, knee, and hip
joints. The secondary aim was to pinpoint differences in joint Biomechanics amongst the
aforementioned groups.

MATERIAL AND METHODS

Participants

The current study is an observational cross-sectional study. Twenty-eight junior active males (age:
19.56+2.34 years, height: 185.21+15.94 cm, body mass: 65.44+8.45 kg) participated in the study
according to the G-power® considering 80% of power level including an effect size of 0.80 and
alpha of 0.05. The criteria for exclusion comprised the existence of any disorder pertaining to the
neurological or musculoskeletal system, which impeded the movement of the subjects.
Additionally, the utilization of any assistive device was also considered as grounds for exclusion.
This study was approved by the ethical Committee of the Sport and Science Research institute
(IR/ssri.rec.2023.14178.2035) and written and informed consent was obtained from each
individual before participating in the study.

Equipment

The subject was introduced to the laboratory and a brief explanation was given about the
experimental methods. Demographic characteristics of subjects including height and body mass
were measured. 21 anatomical reflective markers were used (Figure 1). The gait kinematics were
collected via a 3D motion-capture system with 6 cameras having 4 Mb of resolution and the Cortex
6.0 software (Raptor-4, Motion Analysis, Vicon). Two force platforms manufactured by AMTI
were utilized during the gait analysis to gather kinetic data pertaining to the subject's gait pattern.
The participant stated warming up and getting familiar with the test. The laboratory coordinate
system used for the study was considered as X-axis in the direction of walking and positive
forward, Y-axis in lateral direction of Gait and positive to the right, and Z-axis in the vertical
direction and positive upward.

After the placement of the markers, the individuals were instructed to accomplish the gait task
within a 10-meter walkway whereby the leg that was dominant made contact with the third step
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while the non-dominant leg made contact with the fourth step. The calibration space was designed
in such a meticulous manner that it facilitated an optimal environment for the task at hand. It is
imperative to provide a precise explanation of the calibration area, which was meticulously crafted
to ensure that the participants were able to complete the task with utmost accuracy and precision.

The task was executed in two separate attempts, first by the self-selected speed of the participants
and second one with steady state walking speed of 100BPM.

Figure 1. The present discourse presents an extended perspective of the Laboratory of Biomechanics with a focus
on the walkway. The walkway is equipped with a sophisticated motion-capture system that includes state-of-the-art
cameras and force plates.

Protocol

Data processing and analysis

Data of the markers and ground reaction force (GRF) were subjected to filtration utilizing a fourth-
order low-pass Butterworth filter. The cut-off frequency employed in the filtration process was 10
Hz. The instances of heel contact and toe off were deduced based on the point at which the vertical
GREF crossed a threshold level of 20 N. According to the magnitude of GRF on force platform,
stance phase of gait in two different conditions: 1). Preferred speed and 2). Constant speed
100BPM were extracted. Additionally, 3D hip, knee, and ankle angles were computed by means
of Cardan angles. The joint moments were represented in the joint-coordinate system, ascertained
using a inverse-dynamics methodology and were normalized with respect to the participant’s body
mass.

Procedure of cluster analysis

The present study utilized a connectivity-based clustering technique, namely the hierarchical
clustering analysis (HCA) approach, to accurately exhibit homogeneous biomechanical patterns
of gait in the entirety of the participant cohort or objects. This was accomplished by thoroughly
investigating the dominant and non-dominant joints in three planes, and formulating a cluster tree,
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or dendrogram. To initiate the collective HCA on a data set, extremum values of joints angles and
joints moments in both conditions - preferred and steady speeds - were diligently considered for
input. Firstly, the selected kinematics and kinetics were separately inputted to comprehensively
discern the clustering and classifications of the joints based on dominant and non-dominant limbs.
It is of paramount significance to acknowledge that the selection of the squared Euclidean distance
as the metric for this analysis was executed with great care and precision. Additionally, the
conscientious adoption of Ward's linkage method was undertaken with utmost diligence and
attention to detail. In addition, the nearest neighbor and Z score were judiciously considered for
clustering method and transform values. Furthermore, the subsequent analysis consisted of k-
means clustering by carefully inputting all the variables, including maximum and minimum in
both angles and moments. ANOVA statistical analysis was conducted to elucidate the significance
of the variables entered in the clustering process. The SPSS software version 26 was employed for
the purpose of constructing the clustering model while the alpha level was set at 0.05.

RESULTS

Clustering of the variables consist of three joints x three planes x limb dominancy is presented in
table 1. According to the different conditions of preferred and steady- state walking speed, in both
preferred and steady speed, biomechanics of dominant and non-dominant knee in vertical direction
classified in one cluster while considering only kinematics gait pattern. Also, hip joint
Biomechanics, both in dominant and non-dominant limbs, in vertical direction would be classified
in one cluster considering kinetics parameters only (figure 2). Considering a combination of both
kinematics and kinetics parameters, in preferred speed, hip and knee in vertical direction for both
dominant and non-dominant limbs are classified in one cluster, but in steady speed, the hip in
mediolateral direction and knee in vertical direction for both dominant and non-dominant limbs
are presented in one cluster (Table 1). Considering preferred speed, Hip joint Biomechanics, both
in dominant and non-dominant limbs, in vertical direction would be classified in one cluster
considering kinetics parameters only. Considering a combination of both kinematics and kinetics
parameters, in preferred speed, hip and knee in vertical direction for both dominant and non-
dominant limbs are classified in one cluster, but in steady speed, the hip in mediolateral direction
and knee in vertical direction for both dominant and non-dominant limbs are presented in one
cluster.

Figure 2 & 3 present dendrogram of the hierarchical cluster analysis. Linkage distance is shown
on the horizontal axis, and three-dimensional joints on the vertical axis for both conditions of self-
selected walking speed and steady-state walking speed.
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Table 1. Result of HCA for preferred and steady speed in separation according to the selected kinematics, kinetics and a combination of both of the kinematics
and Kinetics

variables

Preferred speed

Steady speed

cluster by
kinematics

cluster by
kinetics

total

cluster by
kinematics

cluster by
kinetics

total

Hip X Dominant

1

1

1

1

Hip Y Dominant

Hip Z Dominant

Hip X non-Dominant

Hip Y non-Dominant

Hip Z non-Dominant

Knee X Dominant

Knee Y Dominant

Knee Z Dominant

Knee X Non-Dominant

Knee Y Non-Dominant

Knee Z Non-Dominant

Ankle X Dominant

Ankle Y Dominant

Ankle Z Dominant

Ankle X Non-Dominant

Ankle Y Non- Dominant

RlRr|lRr|RrRPrINRP|RP|N| P |RP,[RFP|RPrP]|F

N S R S S N e N N S ) BN PN I NORN SN

RlRr|lRPr|RP[RPINIRP|IRP|IN| P |RP,[RPP|R[F~,]|F

Ankle Z Non-Dominant

1

1

1

A R R R R R S N T S =

Green color: the second cluster formed by kinematics only, yellow color: the second cluster formed by kinetics and blue color: the first cluster formed by
combination of kinematics and kinetics together.

Journal of Advanced Sport Technology 7(2)

28



Dendrogram using Single Linkage
Rescaled Distance Cluster Combine

a ] 10 15 20 25
Hip ¥ preferred Dominant 1 : . I : .
Ankle ¥ preferred Dominant 13
Knee ¥ preferred Dominant T
Hip ¥ preferred Mon-Dominant L
Hip " preferred Non-Dominart bl
Hip % preferred Dominant 2

Knee ¥ preferred Mon-Dominant 10—

Anlkle v preferred Dominant 14 J
Arkle ¥ preferred Mon- Dominant 17
=
Ankle Z preferred Dominant 15 |
Ankde Z preferred Mon-Deminart 18
Ankle ¥ preferred Non-Dominart 16
Knee ¥ preferred Dominant a
Knee  preferred Non-Dominant 11
Hip Z preferred Dominant 3 J
Hip Z preferred Mon-Dominant 5
Knee Z preferred Dominant 9 |
Knee 7 preferred Non-Dominant 12
Dendrogram using Single Linkage
Rescaled Distance Cluster Combine
o] 5 10 15 20 25
| | 1 1 1
Knee Z preferred Dominarnt 9 J

Knee Z preferred Non-Dominant 12

Hip ¥ preferred Dominarnt 2

Ankle ¥ preferred Mon- Dominant 17

Hip % preferred Non-Dominant ]

Ankle ¥ preferred Dominart 14—
Ankle ¥ preferred Mon-Dominant 16—

Ankle ¥ preferred Dominant 13

Knee ¥ preferred Dominant g

Knee ¥ preferred Non-Dominant 11—

Knee X preferred Dominant 7

Knee ¥ preferred Non-Dominant 10

Ankle Z preferred Dominant 15

Hipy ¥ preferred Mon-Dominant 4 —| —

Ankle Z preferred Mon-Dominarit 18

Hip X preferred Dominart 1
Hip Z preferred Dominant 3 J
Hip Z preferred Mon-Dominant [

Figure 2. A dendrogram resulting from the implementation of a hierarchical cluster analysis. Linkage distance is
shown on the horizontal axis, and three-dimensional joints on the vertical axis for preferred speed
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Dendrogram using Single Linkage
Rescaled Distance Cluster Combine
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Figure 3. A dendrogram resulting from the implementation of a hierarchical cluster analysis. Linkage
distance is shown on the horizontal axis, and three-dimensional joints on the vertical axis for steady speed.
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Table 2 represent the result of k-mean clustering based on ANOVA. According to the table, in
preferred speed, angle maximum and moment minimum include the most significant role in
classification of the clusters (F=53.250, p=0.000) and (F=40.736, p=0.000), respectively. In steady
speed, angle maximum and angle minimum play the most significant role in clustering the data
(F= 68.663, p=0.000) and (F=6.119, p=0.025), respectively. in preferred speed condition, angle
minimum and moment maximum contained the least effect on clustering (F=4.23, p=0.057) and
(F=4.319, P=0.054) but in steady speed condition, moment maximum has the least effect (F=3.132,

p=0.096).
Table 2. ANOVA test in separation in both preferred and steady speed
preferred speed steady speed
variables Cluster Error Cluster Error
F Sig. F Sig.
Mean df Mean df g Mean df  Mean Square  df J
Square Square Square
Angle 10162881 1 196487 16 53250 .000% 20336753 1 296.182 16  68.663  .000*
maximum
Angle 269572 1 63842 16 4223 057 505858 1 82.666 16 6.119  .025*
minimum
Moment 3.327 1 770 16 4319  .054 5.157 1 1.646 16 3132  .096
maximum
Moment 1.175 1 029 16 40.736 .000* 181 1 235 16 773 392
minimum

*Significant difference (P<0.05)

DISCUSSION

The purpose of the present research endeavor was to meticulously investigate and analyze the
phenomenon of clustering on the lower joints’ biomechanics in order to classify biomechanical
parameters of the gait. In essence, the preliminary phase of this scholarly inquiry necessitated the
precise and detailed measurement and evaluation of the kinematic and Kinetic parameters
associated with the maximum and minimum lower extremities joints angle and moment,
respectively. The process was performed at both the preferred speed and constant speed of gait by
utilizing the technique of clustering. The results of this research showed that taking into
consideration a conflation of kinematics and kinetics parameters, when in a state of preferred
speed, hip and knee joints performance in vertical direction for both of the dominant and non-
dominant limbs are grouped together in a cluster. However, when in a state of steady speed, the
hip in the mediolateral direction and the knee in the vertical direction for both the dominant and
non-dominant limbs are presented in a cluster. Also, the research findings indicate that the
maximum angle exhibited the most prominent impact and this effect is statistically significant. in
preferred speed, angle maximum and the moment minimum show that is statistically significant.
In fact, the results showed that in the preferred speed, the kinematic variable only in the knee joint
and in the vertical axis and the kinetic variable in the hip joint and in the vertical axis had an effect
on clustering, and also in the steady speed, it was shown that the same joints in the kinematic and
kinetics are effective in the vertical axis, but in general, with the change of speed, the effect in the
hip joint changed from the vertical axis to the mediolateral direction, which can indicate balance.
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On the other hand, considering the effect of moments and angles, it can be said that the maximum
angle has the greatest effect on clustering.

Previous studies have reported the presence of multiple gait patterns in healthy individuals [32-
34]. This phenomenon may induce a diversity of movement patterns within a control group, thus
potentially confounding the outcomes of the research. One potential strategy to tackle the
aforementioned issue could involve employing cluster analyses to effectively identify and classify
individuals according to their distinct movement patterns [35]. Prior research endeavors have
employed a hierarchical cluster analysis (HCA) as a means of categorizing the various gait patterns
exhibited by individuals afflicted with cerebral palsy [36, 37], Charcot-Marie-Tooth disease [38]
and chronic stroke [39], and as well healthy individuals [33, 34, 40]. Mezghani et al., (2013)
undertook an investigation on a cohort of 111 asymptomatic subjects and delineated four discrete
ambulatory patterns. Nevertheless, the authors confined their study to solely the kinematic data of
the knee joint in the frontal plane, condensed using principal component analysis (PCA) [32].
Although previous studies have identified distinct gait patterns in individuals, it is important to
note that only one recent study has explored the existence of consistent subcategories for running
gait patterns in healthy individuals [41]. The investigations that have attempted to classify uniform
sub-categories founded on the kinematic data of running gait are not inevitably representative of
the broader population, and they do not encompass the entirety or complexity of the patterns of
lower limb running gait.

The methodology of utilizing a connectivity-based clustering or the hierarchical cluster analysis
(HCA) approach was employed to ascertain the presence of homogeneous gait patterns of the entire
participant group or objects, predicated on the PC scores, through the creation of a cluster tree or
dendrogram. Using the Ward's linkage method, binary clusters were formed by pairing individual
subjects based on distance information [42], the newly established clusters were subsequently
merged to generate larger clusters, culminating in the formation of the dendrogram.

The conclusive clustering solution was established through a quantitative approach [36, 38, 39]
the aforementioned determination was substantiated via a comprehensive visual scrutiny of the
dendrogram [43, 44]. A coefficient of inconsistency was computed through a comparison between
the link distance in a dendrogram and the mean distance of all links situated underneath it in the
tree. A coefficient of substantial magnitude indicates that unique clusters have been properly
segregated.

In corroboration with our conjecture, the HCA methodology proved to be efficacious in delineating
two discrete and uniform running gait patterns predicated on 3D kinematic data obtained from the
hip, knee, and ankle joints. These findings are in alignment with previous research that has
explored the walking and running gait patterns of fit individuals and has also noted the presence
of homogeneous clusters or distinct gait patterns in healthy individuals [32-34, 40, 41]. Hence, the
findings of the current investigation propose that an elevated level of inconsistency in gait
kinematic data may exist amid a specific assemblage [45].

Furthermore, the findings of this study provide corroboration for earlier research that highlights
the intricate nature of the classification and differentiation of gait kinematics. It is evident that this
task is a multifaceted classification predicament that is inherently interdependent upon the
relationships that exist amongst numerous kinematic variables [46-49].

previous research utilizing the HCA methodology has primarily directed its focus towards the gait
patterns of unaffected individuals in a singular plane. An illustration of this is demonstrated in
Simonsen and Alkjaer's (2012) study which discovered noteworthy disparities between two groups
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of pedestrians, predicated on their sagittal plane knee kinematics during heel contact and peak
flexion angles. These findings bear a resemblance to the present study's results. Additionally,
Mezghani et al., (2013) directed their research towards examining the kinematics of the knee in
the frontal plane. The input variables for the hierarchical clustering analysis were the first two
principal components. Their scrutiny revealed the presence of four distinct clusters, with
noticeable dissimilarities in both the stance and swing phases of the walking gait cycle [32].
Nevertheless, additional investigation is warranted in order to augment and elaborate upon this
discovery.

Acknowledgement of the limitations of the present research study is imperative. The outcome of
the cluster analysis is subject to the sample of data employed, and in the event that there is a
utilization of data from an entirely different healthy cohort, the resultant grouping may differ,
consequently modifying the concluding cluster solution. As a result, it becomes necessary to
undertake further research aimed at determining the stability and robustness of the PCA and HCA
methods. precautions must be made that the precise positioning of markers has the potential to
exert an influence on the accuracy of kinematic variables pertaining to planes [50]. Regardless, we
have opted to scrutinize these variables as they possess significant relevance in the analysis of
individuals' gait, owing to the crucial role that kinematics and kinetics variables play in this regard.
Conclusions

The outcomes of this study indicate that the observed fluctuations in gait patterns may be attributed
to the presence of diverse gait strategies that are represented within the sample. In this study, we
investigated and analyzed the clustering phenomenon on the biomechanics of the lower joints in
order to cluster the biomechanical parameters of gait.

It can be posited that the kinematic and kinetic variables, which are distinct components of human
motion, have been shown to be highly efficacious in the task of gate clustering, a procedure that
involves the categorization of gait patterns into discrete subgroups. It is worth noting that these
variables, owing to their unique properties, can be further subdivided into homogeneous
subgroups, which allows for a more nuanced and comprehensive understanding of the underlying
mechanisms that govern human locomotion.
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