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Abstract

The study and analysis of sports biomechanics in order to improve performance is facilitated with
the widespread use of technological applications. In general, these applications are built based on a
sample of athletes that compete on the professional level. If this sample is not representative of the
population that uses this technology, some results and scores coming from performance models may not
reflect the real users’ performance. With this work, our aim is to compare the scores given by a software
called MotionMetrix’s 3D Runnig Gait and models built with the characteristics of a set of software’s
users. In order to do that, RunTreino company, kindly, provided data that characterize these users. To
achieve our goal, we started by analysing and preprocessing the dataset, then, several different methods
were studied and applied, namely, dimensionality reduction, clustering and ordering multivariate data
methods. Lastly, some supervised learning algorithms were applied in order to check the possibility to
predict a score given a set of stride parameters.
Keywords: dimensionality reduction, clustering, ordering multivariate data, supervised learning

1. Introduction
Biomechanics is defined as the study of the mechan-
ical nature of biological processes, as heart action
and muscle movement. The goal of sport biome-
chanics is to provide information to coaches and
athletes on sport skill techniques that will help them
to obtain the highest level of athletic performance
[26].

The pioneer of using deterministic models in
biomechanical analyses was Dr. James G. in 1967
with his dissertation on high jumping [15].

The need for diagnosis on elite performance was
identified by Lapham and Bartlett [19].

One of the best ways of getting biomechanical
data is doing a gait analysis. By the end of the
eighteenth century, the gait mechanism was al-
ready been studied by Eadweard Muybridge but the
first important review paper on gait analysis study
only appeared in 1994, reviewed by Jake Aggarwal
[22][3].

Using gait analysis, Lapham and Bartlett in 1995
published a review of the use of neural networks in
sports biomechanics[19].

In 2006, Barlett discussed the use of Artifi-
cial Intelligence in sports such as cricket, soccer,
short putters, golf, baseball, running, jumping and
weightlifting [7].

The use of statistical and machine learning algo-
rithms, have been widely used for gait data repre-
sentation, classification and pattern recognition [18]

[27] [23].
Since we are talking about a multivariate prob-

lem, there is also studies, in this topic, that use
techniques known as data reduction techniques [24]
[9] [4].

For endurance sports like distance running, there
is a considerable amount of research on its biome-
chanics so coaches can fine tune a runner’s tech-
nique to match the profile of elite runners [12] [11]
[10] [21].

The data for this thesis came from a software used
by a Portuguese company, RunTreino. This com-
pany is mainly focused on running performance and
evaluates it components like V O2max, heart rate,
and aspects of biomechanics using the last techno-
logical and scientific resources.

The software name is MotionMetrix’s 3D Runnig
Gait and to use it, the company needs two depth
sensing Kinect cameras and a computer as shown
in figure 1

Figure 1: Equipment used by the software to obtain
data
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It furnishes a report with a biomechanical profile
that reveals how efficient the runner is and if he has
probabilities of getting injured [1].

An example of the running performance section
of a biomechanical profile file is presented on Figure
2

Figure 2: Example of the running performance sec-
tion of a biomechanical profile report

To do this thesis, we use a text file where it
is stored these measured variables and some more
variables.

Every parameter is evaluated by comparing it to a
range of values that the system predefined as ideal.
These optimal values were obtain using long dis-
tance elite runners. Relatively to stride parameters,
this evaluation is converted to a rating (represented
in the report by stars).

RunTreino’s athletes are amateur runners and
the majority are more focus on trail competitions.

The main aim of this thesis is to understand if the
results of this software, mainly the stride score, can
be trustable when applying to runners that are not
professional athletes, neither common track ath-
letes. ‘Elite’ running has typically focused on levels
of performance higher than those of a recreational
runner.

2. Dimensionality Reduction
2.1. PCA
PCA is an important technique for dimension re-
duction. In general, it is applied to a data set com-
posed by measures of continuous variables in order
to extract the important information of it. This
new information is represented by a group of new
orthogonal (uncorrelated) variables called principal
components [2].

Let X = {X1, X2, ..., Xp}T be a vector of p ran-
dom variables and µ its mean vector.

Let Σ be the covariance or correlation matrix of X
and (λi, γi) their pairs of eigenvalues/eigenvectors
for i = 1, ..., p. The jth principal components is
given by:

Zj = γTj (X− µ) j = 1..., p (1)

The objective is to find k principal components
(k < p) that can explain the majority of data vari-
ability. One popular criterion is given by

mink :

∑k
j=1 λj∑p
i=1 λi

> threshold, (2)

where, typically, the threshold used is 0.85.

2.2. LDA
Linear Discriminant Analysis (LDA) is considered
a supervised learning approach since it finds a lower
dimensional space that emphasizes class separabil-
ity and preserve the inter-class separation, using the
class labels.

Consider C, C > 1 classes. The purpose in dis-
criminant analysis is to allocate an unit (object, in-
dividual) to one of these classes based on his mea-
surements. Let X be an n× p matrix

X =

X1

...
XC


where each Xi, i = 1, 2, .., C is a ni × p data

matrix corresponding to class/group population i.
We can also, reorganize the above Xi matrices by
the inclusion of a class vector, i.e,

Xi =

 x11 ... x1p yi
...

. . .
...

...
xni1 ... xnip yi


where yi is the ith class yi = 1, ..., C.
Consider that the between-class scatter matrix

SB and the within-class scatter matrix SW are re-
spectively defined as

SB =

C∑
i=1

ni(µi − µ)(µi − µ)T (3)

SW =

C∑
i=1

∑
j:yj=i

(xi − µi)(xi − µi)
T (4)

where ni with i = {1, ..., C} is the number of
observations in class C and µi and µ are the mean
of the observations in class i and the mean of all
observations, respectively.

We assume rank(SW ) = p, i.e, it is non-singular
(invertible).

Therefore, we seek to find a projection Ap×r (1 ≤
r ≤ p) that maximizes the ration of between-class
scatter SB against within-class scatter SW

arg max
A

ATSBA

ATSWA
(5)

It is known that A is given by

A = (φ1|φ2|...|φr) (6)

where {φi}ri=1 are the generalized eigenvectors as-
sociated to the generalized eigenvalues λ1 ≥ λ2 ≥
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... ≥ λr of the following generalized eigenvalue prob-
lem:

SBφ = λSWφ (7)

Assuming that SW has at most rank C − 1. This
implies that the multiplicity of λ = 0 is at least
d−C + 1. Thus, A can find at most C − 1 linearly
independent vectors (r ≤ C − 1)

3. Ordering and ranking multivariate data
In this work we will follow the categorization pro-
posed by Barnett [6]. He divide it into four main
categories:

• Marginal ordering (M-Ordering): one of
the p variables is chosen and the observations
will be marginally ordered on that subspace
(R). In this case, there is p possibilities to or-
der the data. It is used with the purpose of
studying marginal distributions.

• Conditional ordering (C-Ordering): sim-
ilar to the first one but in this case, only one
variable is chosen to order the data.

• Partial ordering (P-Ordering): or Convex
hull orders multivariate data using a cyclical
process. We start by finding the smaller set of
points that form a convex set and contains all
the points of the initial dataset. These points,
denoted by first convex hull are eliminated and
the second convex hull is found [5]. This pro-
cess only stops when no points remains. This
means that all points belong to a set. Because
of its data depth notion it induces to a center-
outward ranking of the observations.

• Reduced ordering (R-Ordering):

1. Distance ordering: each observation is re-
duced to a numerical value using a metric.
This generalized distance is measured in
relation to a convenient point, for exam-
ple, using the origin, the mean or median.
Convex hull volume variations and min-
imum spanning trees (MST) [14] can be
used to this type of ordering.

2. Projection ordering: each observation is
reduced to a single value using a combi-
nation of its components. The R space is
the projection line.

3.1. Minimal Spanning Trees
A graph is an abstract notation used to represent
the network between objects. Each connection is
called edge (E) and each object is a vertice (V )
or a node. We can find two types of graphs, the
ones that the edges have direction (directed) and
the others that do not have (undirected)

A tree is an undirected and connected graph (any
two points are linked by one path). A spanning tree
is a subset of Graph G, which has all the vertices
covered with minimum possible number of edges.
With this definition, we can easily conclude that it
can not be disconnected neither have cycles.

The concept of minimum spanning tree is ap-
plied to weighted graphs (graphs with weights in
the edges). Thus, a minimum spanning tree is a
spanning tree whose edges have the least total dis-
tance. It may not be unique.

The three most famous algorithms for finding the
minimum spanning trees are: Kruskal, Bor̊uvka and
Prim’s algorithm.

4. Cluster analysis
4.1. Hierarchical clustering
It is an iterative type of clustering based on the
measure used to compute the (dis)similarity be-
tween observations and it can have two approaches.
It can be agglomerative (bottom-up) or divisive
(top-down). In the first one, each observation forms
its own cluster and pairs of clusters are merged iter-
atively as we go up the hierarchy. In the divise, we
start with a cluster with all observation and splits
are performed recursively.

DIANA is an example of the divise approach and
AGNES of the agglomerative one (see [17]).

The distance between sets of observations can be
determine in several ways (linkage methods).

4.2. Density-based clustering
These type of methods define clusters as connected
dense regions with arbitrary shapes in the data
space. The key idea is that for each point of a clus-
ter, the neighborhood of a given radius (ε) has to
contain at least a minimum number of points. It
allows us to identify clusters of any form even if the
data has outliers. The method that we will going
to used is the most popular one: DBSCAN [13].

4.3. Centroid-based clustering
In centroid-based clustering, clusters are repre-
sented by a central vector. This vector represents
the cluster centers (centroids), which are not nec-
essarily a member of the data set. In almost all
the methods k is a fixed hyperparameter and their
aim is to find the k cluster where the squared dis-
tances between cluster are minimized. To do that
an initial set of random k groups is created. Then,
it iteratively reallocates the objects into each group
in order to optimize the objective.

k-means is the most widely-used centroid-based
clustering algorithm[20].

4.4. Model-based Clustering
It is a generalization of k-means however it consid-
ers that the data as coming from a distribution that
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is mixture of two or more clusters.
In this type of clustering, the set of k centroids

are the base of the model (normal distribution) that
generates the data. Consequently our goal is to find
centroids that are good representatives.

A commonly used algorithm to estimate parame-
ters for model-based clustering is the Expectation-
Maximization (EM) algorithm. It is an iterative
method to find (local) maximum likelihood.

More generally, the maximum likelihood criterion
is to select the parameters (clusters) Θ that max-
imize the log-likelihood of generating the data X.
Once we have Θ, for each observation we can com-
pute probability of belonging to each cluster. Then
it will be assigned to one with highest probability .

4.5. Fuzzy Clustering
In fuzzy clustering, also known as soft k-means due
to their similarities, the data is grouped taking into
account their likelihood of belonging to clusters. In
other words, each observation has a set of member-
ship coefficients corresponding to the degree of be-
ing in a given cluster. This coefficient is a numerical
value varying from 0 to 1 where: 0 is where the data
point is at the farthest possible point from a clus-
ter’s center and 1 is where the data point is closest
to the center. It does not ignore outliers, but un-
like the other clustering methods, this one does not
have the need to create regions of higher dimension
to include the limits. One of the most widely used
fuzzy clustering algorithms is the Fuzzy C-means
clustering (FCM).

5. Supervised Learning
In this work we are going to use mainly artificial
neural network, not only because they are power-
ful when used in both types of problems (classifica-
tion and regression) but also because they can be
viewed as a framework for several machine learning
algorithms instead of a single algorithm [8].

5.1. Multilayer perceptron
Multilayer perceptron or artificial neural network
is a network composed by neurons which are orga-
nized by layers in order to process the information.
There are no connections among neurons within the
same layer. Connections only exist between succes-
sive layers.

Each layer can have its own activation function.
For example, the linear units are more used in the
output layer. The ReLU is currently the recom-
mended activation function.

The first layer is called the input layer and it is
where the signals from the outside enter in the net-
work. Then, the idea of the neural network is pass-
ing the outputs of the units of one layer as inputs to
the units of the next layer until the last layer, the
output layer, is reached. The output of this last

layer will be the output of the network.
Each connection of the multilayer perceptron has

a weight associated. Let wij be the weight for the
connection from the ith neuron to the jth and Ci

be the set of neurons or inputs of the layer before
connected to sli. Consider ni, i = 0, .., n the number
of units in the layer i and gi the activation function
function of the layer i and x0 = sl0 = 1 the bias
term.

For layer l, l = 1, ..., n, we obtain the following
input and output, respectively:

sli =
∑

sj∈Ci,j=0,..,nl−1

wji ∗ sj for i = 1, .., nl

(8)

zli = gl(s
l
i) for i = 1, .., nl (9)

If l is the output layer then ŷ = zli and we obtain
the output of the artificial neural network.

In conclusion, to characterize a multilayer per-
ceptron we ought to know its architecture: number
of layers and the number of units per layer.

In the mid-eighties the multilayer perceptron re-
emerged due to the reformulation of a powerful
learning algorithm commonly called the Backprop-
agation Learning [25].

This algorithm provides us a way to calculate the
gradient of the loss function (function that we want
to minimize). The gradient is calculated by com-
puting the error (E) at the output and distribute
backwards throughout the network’s layers [16].

Using the chain rule we have:

∂E

∂wij
=
∂E

∂sj

∂sj
∂wij

=
∂E

∂sj
zi (10)

Set εj =
∂E

∂sj
.

If εj is in the output layer:

εj =
∂E

∂zj

∂zj
∂sj

=
∂E

∂zj
g′(sj), (11)

otherwise,

εj =
∑

k∈nextlayer

∂E

∂sk

∂sk
∂zj

∂zj
∂sj

= g′(sj)
∑

k∈nextlayer

wjkεk

(12)
In a nutshell, the general expression for the gra-

dient is:

∂E

∂wij
= ziεj (13)

where zi and εj are obtained from the the forward
network and the backward network respectively.
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5.2. Random forest
Analogous to multilayer perceptron, it is capable of
performing both regression and classification tasks.
Random forest is an ensemble of decision trees, usu-
ally trained with a technique called Bootstrap Ag-
gregation, commonly known as bagging. Bagging is
known to reduce the variance of the predictions.

Briefly, as the name indicates, the decision tree
method uses tree representation where the at-
tributes are the internal nodes of the tree, and at
the end we have the leaf nodes that corresponds to
the decision nodes. A decision tree makes decisions
by splitting nodes into sub-nodes. Therefore, node
splitting or attribute selection is a key concept and
vary with the algorithm. The popular attribute se-
lection measures are information gain and gini in-
dex. The root node will correspond to the best
predictor. Sometimes, a technique called prunning
is applied. It eliminates sub-nodes which prevents
the overfitting.

Random forest combines multiple decision trees
in determining the final output rather than relying
just in one.

6. Exploratory data analysis
As explained in the first chapter, our dataset pro-
vides information about athlete’s biomechanics. It
is composed by a sample of 118 amateur runners
(22 females and 96 males).

Figure 3: Histogram of biographical athletes’ char-
acteristics

There were athletes tested multiple times in dif-
ferent conditions and sometimes in different veloc-
ities so, in total, our original dataset has 298 rows
and 78 variables.

We are going to do two types of analysis which
leads to two datasets:

1. Dataset 1 (per test): the original dataset
was preserved. Its shape is 295× 24

2. Dataset 2 (per person): the data was
grouped and some adjustments were made.
Continuous variables were redefined and each
one was converted in a set of six descriptive
measures: quantile (q10), mean, median, 90%
quantile (q90), maximum (max) and standard
deviation (sd).

Regarding the speed variable, the mean value
was considered.

Continuous variables were redefined and each
one was converted in a set of six descriptive
measures: 10% quantile (q10), mean, median,
90% quantile (q90), maximum (max) and stan-
dard deviation (sd).

Regarding the speed variable, the mean value
was considered.

Each variable except the speed, is represented
in the following way:

var = {var0.1, varmean, var0.5, var0.9, var1, varsd}
(14)

where the first value is the first quantile and
using the same order as above, the last value
represents the standard deviation.

Its shape is 118× 138.

To understand how the velocity can impact the
value of each parameter we start by creating box-
plots with respect to speed.

Figure 4: Boxplot of stride variables with re-
spect to speed (dataset 1)

Figure 5: Boxplot of stride variables with re-
spect to speed (dataset 2)

Additionally, the coming plots help us to under-
stand the dependence that the variables have with
each other and more important with the variable
Striderating that represents the stride score.
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Figure 6: Correlation between all the stride
variables including the score (dataset 1)

Figure 7: Correlation between all the stride
variables including the score (dataset 2)

We are going to create a new categorical variable
from the continuous variable Striderating. This
was done by applying the function floor(). We ob-
tained a variable with 4 classes: 1, 2, 3 and 4.

Figure 8: Stride rating
distribution by velocity
(dataset 1)

Figure 9: Stride rating
distribution by velocity
(dataset 2)

Lastly, we are going to standardized data. If we
do not do that we are giving more importance to
variables with larger values and therefore more vari-
ability.

7. Dimensionality reduction
To apply LDA, the score classes are used as the tar-
get value. They are four classes obtained by apply-
ing the floor() function to the continuous variable
Striderating.

• Dataset 1

The results of PCA shows that 86% of data
variability would be explained by the first 6
principal components.

After performing a LDA, we can conclude the
variables that have a higher contribution in
the class separability are: Stridelength, Strid-
erate, Stridetime and Speed. Nevertheless, us-
ing these three new variables, we would obtain
an estimate of misclassification error of 0.186.

• Dataset 2

The results of PCA shows that 85% of data
variability would be explained by the first 9
principal components.

In this dataset, using LDA, it is more difficult
to point out variables which contribute to the
class separability however the results obtained
are significantly better. The misclassification
error estimate is 0.0169.

8. Clustering
First of all, we applied DBSCAN to both datasets
in order to check the existence of outliers. We ob-
tained 7 and 10 outliers in the dataset 1 and 2,
respectively.

Figure 10: Clustering
method to detect outliers
(dataset 1)

Figure 11: Clustering
method to detect outliers
(dataset 2)

Now, for both datasets, we are going to present
the results of the method that achieved the best
performance.

• Dataset 1

Based on internal indices, the best method was
kmeans on the original standardized dataset.
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Figure 12: Compare clusters labels with true labels:
kmeans method

• Dataset 2

In this case, we opted by choosing based on the
external indices so, the method that we decided
to represent was the AGNES using the average
linkage method and on the linear discriminant
components.

Figure 13: Compare clusters with true labels:
AGNES method

9. Ordering and ranking multivariate data
Considering our observations, and for the aim of
this work, the best approach is to use a ”best-
worst” direction and not a central-outward order-
ing. We want to achieve a ranking from the best
performance to the worst and not with respect to
a center. Therefore, we propose an ordering proce-
dure based on the constructing of a valid direction
for benchmarking. With exception of methods that
use MST, the data is projected in the R space after
the choice of the direction and than it is ranked in
the univariate space.

In order to build a meaningful direction, we need
to discover the vector of values to use as a reference
of the best and the worst performance. In most
of our parameters the best value is not the higher
neither the lowest, so we are going to use the values
of the test/person that has the best stride score
using the software. From now one we are going to
refer this sample as the reference point. The worst
will be the farthest sample from this reference point.

Method A: for each sample it was calculated
the Euclidean distance between it and the ref-
erence point. Then the points were ranking in
ascending order.

Method B: same as method A but using Ma-
halanobis distance with the correlation matrix
and using the principal components (see 2.1).

Method C: order the distance of the first prin-
cipal component of each variable to the first
principal component of the reference point.

Method D: this method is going to be applied
to the data projected in the first two principal
components. The observations will be ranked
based on a minimal spanning tree.

To analyse the results, we used an error plot
where we can see clearly the difference between the
original ranking, Roriginal and the obtained rank-
ing by each method, Rmethodj

, j = A,B,C,D,E.
The original ranking was obtain ordering the
Striderating in a descending order. Below, we
present the plot of the method that seemed to have
a lower error.

Figure 14: Roriginal −RmethodA (dataset 1)

Figure 15: Roriginal −RmethodB (dataset 2)

The results were not satisfactory. In both cases,
none of these methods could aproximate the rank-
ing given by the software.

10. Supervised learning
First of all we start by randomly splitting the data
into training set (75% for building a predictive
model) and test set (25% for evaluating the model).
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To evaluate the performance and validate our
method we used 10-fold validations.

10.1. Regression problem
In this section we are going to try to approximate
the unknown function used by the software to ob-
tain the stride score. For this we are going to apply
three different methods: linear regression, neural
networks and random forest. The first one is linear
and the others are non-linear.

Relatively to the linear regression model, after
the training, the model was built. The variables
with the most relevant coefficents are:

Dataset 1: Anklelanding, Vdisp, Latforce and
Vertforce

Dataset 2: Striderate, Stridetime, Ankleland-
ing and Footstrikeangle.

Note that in the second dataset, in each variable
we are encompass all of the six measures.

The plots 16 and 17 are showing the different
stride scores obtained from the models for each test
or person, respectively.

Figure 16: Compare predicted values of differ-
ent models (dataset 1)

Figure 17: Evaluate supervised learning models
applied to dataset 1

Regarding dataset 2, we are only present the re-
sults of the non-linear models because the results of
the linear regression were really poor.

Figure 18: Compare predicted values of differ-
ent models (dataset 2)

Figure 19: Evaluate supervised learning models
applied to dataset 2

For both datasets, the best method was the ran-
dom forest. For this method the metrics MAE and
RMSE have low values so we can conclude that, us-
ing this method, it is possible to find a good approx-
imation to the unknown model used by the software.

10.2. Classification problem
In section 8 we find out that our data form clusters
different from their original score class. Thus, our
intention here, is to see if we are able to predict
these new classes. With that in mind, we are going
to train a neural network.

In order to evaluate the model we are going to
use the test set and calculate the accuracy and the
multiclass AUC.

Table 1: Evaluate the neural network model

Dataset 1 Dataset 2
Accuracy 0.757 0.800
AUC 0.856 0.8155
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Table 2: Confusion matrix - dataset 1

Actual
1 2 3 4

P
re

d
ic
te
d 1 2 1 0 0

2 4 37 6 0
3 0 2 15 5
4 0 0 0 2

Table 3: Confusion matrix - dataset 2

Actual
1 2 3 4

P
re

d
ic
te
d 1 0 1 0 0

2 1 13 2 0
3 0 0 11 2
4 0 0 0 0

Analysing the confusion matrices we can conclude
that, in both cases, the sensitivity of classes 1 and
4 is really low and in general, the specificity of all
of them is high.

11. Conclusions
With this work we intend to understand better the
influence of the stride parameters in the perfor-
mance of an athlete. There are softwares, like Mo-
tionMetrix, that are able to evaluate a person stride
score and consequently his performance based on
a gait evaluation where some parameters are mea-
sured.

The stride score is obtained using a combination
of several variables. These variables are already de-
fined. The question here is which weight should be
assigned to each one.

The crucial question that we expected to answer
is if the stride given by these type of software,
namely MotionMetrix, is reliable when used by am-
ateur athletes. This software, specifically, calcu-
lates this score using a sample of elite runners that
is why we want to ensure that we can rely on its
results.

For that, several statistical methods of multivari-
ate data were applied to a dataset furnished by Run-
treino, a company that works with this software. In
this original dataset each record corresponds to a
test so we created an extra dataset where a record
represents a person. In total two type of analysis
were made.

Initially, since the dimension of this problem was
high, we start by applying dimensional reduction
methods in order to not only be able to visualise the
data but also to understand which variables have
more impact in explaining the different scores.

Although, using PCA we are not able to reduce
our data to three dimensions, the results of LDA
were satisfactory.

Consequently, after check the existence of out-
liers, we applied clustering methods to understand
if the data could be grouped and maybe recognize
groups that lead to different scores. This last goal
was not achieved since the obtained groups did not
matched with the score groups (the original scores
were grouped in four classes to facilitate the analy-
sis). The results obtained in the ordering methods
reinforce this divergence.Taking everything into ac-
count, we can say that the stride score given by the
software seems not be suitable for non elite athletes.

Our attempt to approximate their function using
multilayer perceptron was not a success since the
error obtained was quite big to be able to say that a
good solution was found. Finally, using the random
forest method we obtained a good approximation to
their function.

Possible next steps would be to find a better
model, suitable for normal people, to predict the
stride score based on biomechanical parameters and
individual attributes.
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