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Abstract. Low back pain remains a major cause of absenteeism in the
world. In addition to its socio-economic impact, the age at which the ﬁrst
symptoms appear is decreasing. Consequently, there are more experts
who start incorporating prevention plans for the lumbar area in their
work routines. In addition, the continued market growth of wearable sensors and the potential opened up by wearable technology allows experts
to obtain a precise feedback from improvements in their patients in a
daily basis. For this reason, this work wants to continue with the development and veriﬁcation of the usefulness of mDurance, a novel mobile
health system aimed at supporting specialists in the functional assessment of trunk endurance and muscle activity by using wearable and
mobile devices. This work presents an extension of this system to classify low back muscle activity in the low back. mDurance has been tested
into a professional football team. Clustering and data mining are applied
in a new dataset of endurance and muscle activity data collected through
mDurance. In addition, these results are cross-related with a questionnaire created to evaluate how the football players perceive themselves
physically and mentally. The results show a clear correlation between
the perception participants have about their low back endurance and
the objective measurements conducted through mDurance. The results
obtained through mDurance and the football players answers show a
68.3% of accuracy and 83.8% of speciﬁcity in the ﬁrst approach to build
a classiﬁer to assess low back muscle endurance and activity using mDurance system.

1

Introduction

Low back pain (LBP) is considered an extremely common health problem, and
the major cause of activity limitation and work absence in the world. In addition,
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it continues to decrease the age at which the ﬁrst signs of fatigue or discomfort in
the low back begins to appear [1]. Thus, experts are beginning to make plans to
improve the endurance and to discharge these important muscles in daily activity.
According to Kim [2], electromyography (EMG) is based on the study of muscle activity through observation and analysis of the electrical signals monitored
during voluntary or involuntary muscle contractions. EMG is useful to study
muscular function during sport activities, biofeedback training, daily living or
detect pathological states of the musculoskeletal systems. In order to assess all
those functions, EMG oﬀers useful information about timing of muscular activity
and its relative intensity. Fernandez [3] reports that muscle fatigue is manifested
as a reduction in the ability to keep a certain level of strength in a sustained
contraction or as the inability to achieve a level of initial strength in intermittent
contractions and it is accompanied by changes in muscle electrical activity. Muscle fatigue has central and peripheral components. The ﬁrst are manifested as an
inability to realize an induced activity for the development of this activity. The
second stands out as a muscle inability to produce a certain level of strength. In
applications of electrical stimulation it is important to assess the development of
muscle fatigue to prevent deterioration of the mechanical behavior of the muscle
being stimulated.
Muscle fatigue can be evaluated by EMG signals. The eﬀect of fatigue on
muscle mechanics is well represented by various metrics, such as the mean frequency (MNF), median frequency (MDF), the root mean square (RMS), the average rectiﬁed value (ARV) and the maximum voluntary muscle contraction (MVC)
[2,4,5]. This information is very interesting to compare the evolution of the muscle
strength among sessions, as well as to measure the eﬀectiveness of potential treatments. In the time domain the RMS of the EMG signal is considered the most reliable parameter. An increase of the RMS with advancing fatigue has been reported
in many studies [6,7]. RMS is not aﬀected by the cancellation due to motor unit
action potential train superposition, which may aﬀect other processing techniques
involving rectiﬁcation [7]. In [2] it is shown that muscle fatigue is accompanied
with an increase in the RMS and ARV and a decrease in the MNF.
On the other hand, the design and implementation of wearable EMG systems
for health monitoring has got lot of attention throughout the world, specially
in the sport, the physiotherapy and scientiﬁc community during the last years.
These wearable sensors allow experts to obtain a precise feedback from improvements in their patients daily [8]. The studies that use surface EMG in sport
sciences are mostly related to determination of the mechanism of contraction
and relaxation of muscles while also dealing with evolution of injuries. The data
obtained from these studies can be used in the following areas [9]: the evaluation
of the technical development, the establishment of the suitable exercise programs
and the follow up of the development of the athletes. Techniques that take full
advantage of the extraordinary amount of data that such sensors/systems can
gather are lacking. Several analysis provide a very large data volume coming
from EMG register and physical examinations. The analysis and treatment of
these data is diﬃcult and time consuming.
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For this reason, mDurance was presented as a novel mobile health system
aimed at supporting specialists in the functional assessment of trunk endurance
and muscle activity by using wearable and mobile devices [10,11]. The present
study aims to analyze the endurance and the muscle activity of the low back
during an endurance muscle test execution by mDurance. This work studies the
eﬀects of the muscle fatigue of a football team. In addition, this study is intended
to be the starting point for the development of a new classiﬁcation system of low
back muscle activity, by applying clustering and data mining in the new data
generated by mDurance.
The design of this new classiﬁcation system can be applied in several investigations, including the functional evaluation of muscular processes and veriﬁcation of the response of rehabilitation therapy in sports medicine, occupational
medicine and physical medicine and rehabilitation, the study and ergonomic
analysis of the workload and the prevention of muscular fatigue in activities
of human occupation. The rest of the paper is structured as follows. Section 2
presents a description of the main features of the study. The fundamental results
and discussion about this work are outlined in Sect. 3. Final conclusions and
remarks are summarized in Sect. 4.

2
2.1

Methodology
Subjects

Fifteen professional soccer players from 19 to 32 years old (mean ± SD; age
24.05 ± 3.32 years old; height 178.07 ± 5.21 cm; weight 74.39 ± 5.19 kg) were
recruited to be evaluated by one external physical therapist using mDurance.
Before performing the evaluation, the volunteers were informed about the
research aims, risks and beneﬁts of participation. All subjects were tested during
the 2016/2017 Spanish competitive soccer preseason.
2.2

Instrumentation

For this work, mDurance was used to measure the low back endurance and
muscle activity. The mDurance system consists of a wearable inertial sensor
to track the patient trunk posture and a portable electromyography sensor to
seamlessly measure the electrical activity produced by the trunk muscles. All
the information registered through these sensors is intelligently managed by a
mobile or tablet application by mHealthDroid [12]. In addition, all data is stored
in a new storage system in the cloud, formed by a back-end service and API Rest
application. The back-end platform is here used for data engine can apply data
mining techniques and applications.
2.3

Test Procedure

Diﬀerent tests are available to assess the trunk endurance in people with or without LBP. This kind of tests are performed by a specialist, and they normally
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consist of the measurement of the time a person can hold a speciﬁc posture
involving the trunk muscles. During the execution of the test, the health professional has to control the patient position, and with the help of mDurance, the
specialist decides when the test ends, according to some established termination
criteria. The results obtained for a given patient help experts determine their
status and muscular capacity, as well as their ability to hold a posture normally
related to daily living activities. To assess the low back stabilization, mDurance
uses a functional trunk endurance test widely used: the static trunk extensor
endurance test (STEET), also known as Sorensen test [13] (see Fig. 1).

Fig. 1. STEET procedure using mDurance.

In the STEET, the subject has to maintain a horizontal unsupported posture
with the upper body extending beyond the edge of the bench. Special remarks
are that two chances are given to the individual to execute the STEET. The
position is held up to a maximum of 240 s. A detailed description of this test,
including posture, procedure and ﬁnalization criteria, is available in our previous
work [10].
The STEET test was executed once per week to minimize the fatigue eﬀects
on the performance of the volunteers. The test was realized both before and
after the training sessions up to a maximum of three times, in order to get a
higher variety in the results for reducing the muscle fatigue intervals of each
player. In both cases, each player ﬁlled up a questionnaire (see Fig. 2) every time
that he realized the test. This questionnaire was created and approved by the
physical therapists who evaluated the players. The main goal is to evaluate how
the players are perceived themselves physically and psychologically and to check
which is their condition and to improve their performance. This evaluation is
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carried out by comparing the responses obtained from the questionnaires ﬁlled
in by the players and the results obtained through mDurance for each test. The
complete procedure was explained to the subjects before performing the sessions,
assuring the full understanding of their phases.

Fig. 2. Part of the questionnaire used for the physical and mental player assessment.

2.4

Dataset Analysis

The dataset consists of the ﬁnal results obtained through mDurance and the
results obtained through the questionnaires. This dataset represents how the
endurance and muscle fatigue aﬀect the soccer players performance according to
several features. They are divided into two blocks: Questionnaire and mDurance
results.
Questionnaire results:
– Player’s condition. This represents the health condition of each player in
the exact moment of realizing the test. The condition can take the following
values: “Ok”, “Fatigue”, “Discomfort”, “Injury” depending on the player was
in perfect condition, or he had done any diary activity which could cause
muscle fatigue, or the player suﬀered some low back pain during the test or
the player was injured in that date.
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– Has Played. This indicates if the players who were going to do the test had
played or not. Q1, Q2 and Q4 represent the diﬀerent yes/no questions in the
questionnaire. They describe both physical and mental status of the players
for a particular date. Q3 describes the number of hours that each player was
sitting that day.
mDurance results:
– Total time. It indicates the endurance total time in second, which the player
lasted in the STEET test.
– Ratio. It refers to a value calculated by the total time and an average value.
It can be consulted in our previous work [10].
– Ratio label. It has two levels: “Up” and “Down”: The values are classiﬁed
according to if the ratio is higher than 1 or lower than 1. In the ﬁrst case, it
means that the player is above the average and he is below in the opposite
case.
– RMS, ARV and MVC. They describe the absolute muscle fatigue values measured in the end of the test by the application. They are expressed in mV.
– RMS per second, ARV per second. Another way to compare the muscle activity among the players is to create some new attributes, which allow to check
that players had a major muscle activity. Thus, these variables are calculated
dividing the ﬁnal RMS and ARV values over the total time obtained in the
test. They are expressed in mV/s.
– Endurance label. It describes the three possible endurance states that are registered by the mDurance application. They are: “bad shape”, “good shape”,
“excellent shape” according to the time duration in the test.
– Fatigue label. One of the diﬃculties that this work has encountered is to get
to categorize the results of muscle activity obtained by the application. We
could not ﬁnd any bibliography which allowed to label the muscle activity
values. For this reason, we classify these results in three levels: “minimum
fatigue”, “medium fatigue” and “maximum fatigue”. Each fatigue level is
used to represent the minimum, medium and maximum value obtained in the
three tests executed for each football player. For example, if a football player
got 0.4, 0.5 and 0.6 mV for each RMS result obtained for each test, the ﬁrst
value would be classiﬁed as “Minimum fatigue”, the second value as “Medium
fatigue” and the third value as “Maximum fatigue”.
– Fatigue per second label. Finally, it is also decided to create a new EMG range
to categorize the results obtained by the RMS and ARV per second, in order
to classify every player based on the same unit. The values are classiﬁed again
in three levels: “minimum”, “medium” and “maximum” fatigue per second.

3
3.1

Results and Discussion
Muscle Activity Analysis

Most important attribute to detect the muscle fatigue is the RMS, so it is plotted
with respect to the endurance and fatigue labels. Figure (see Fig. 3) shows that
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Fig. 3. Endurance levels with respect to: (left) RMS values and (right) RMS per second
values.

RMS values are greater when the players endurance is worse. It indicates that
many of the players who realized the tests and that lasted a short time obtained
a higher RMS than the players who lasted more longer value. Thus, this is a clear
indicator of the existence of muscle fatigue in these players. In addition, it can
be observed that between the “good” and the “excellent” time classiﬁcation,
most of tests which had an “excellent” time classiﬁcation obtained the lower
RMS values. This supports the previous conclusion. In the ﬁgure (see Fig. 4)
is compared how the RMS and RMS per second values are distributed for the
three fatigue classiﬁers. It shows that the maximum, mean and minimum values
of the “Maximum” group are bigger than these same values in the “Medium”
and “Minimum” group. In addition, “Medium” values are bigger than these
in the “Minimum” group. However, the “Medium” group takes values both of
the “Maximum” group for the RMS values and the “Maximum” group for the
RMS/s values. This can make diﬃcult the supervised classiﬁcation task.
3.2

Clustering Analysis

In the clustering theory, the ﬁrst is to select an approximation functions. The
choice of function determines the future results and the clustering quality. Moreover, it is important to select the attributes that are going to participate in the
clustering process. There are two very diﬀerentiable variables sets: the quantitative attributes describing the ﬁnal results obtained for each test and the qualitative attributes, which represent both the questionnaire results as the endurance
and muscle activity. The most important variables are selected through Chisquared methods [14] and the correlation feature selection method (CFS) [15]
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Fig. 4. Muscle activity levels with respect to: (left) RMS values and (right) RMS per
second values.

were used. Finally, the selected attributes used in clustering were: RMS, RMS sec
representing to the quantitative variables and Condition, Q1, Q4, Ratio label,
Endurance label and Fatigue perSecond label.
The hierarchical clustering approach is a method of group analysis which
seeks to build a hierarchy of groups. Most algorithms are of the agglomerative
type, i.e., partitions start with as many groups as items and at each step are
united together. This approach could give a global idea about how many groups
should be considered. The Ward method was selected [16], because it oﬀered the
best results. Thus, the distance matrix of the data was calculated, because these
algorithms are based on making transformations about this matrix decreasing its
size. To select the best group, it is necessary to use the silhouette coeﬃcient of
the possible partitions. The silhouette coeﬃcient [17] is a measure that combines
the cohesion and separation. It compares the distance means among instances of
a same group and the distance means among instances of diﬀerent groups. The
results obtained are showed in Table 1.
When two groups are only considered (K = 2), the cohesion and the separation are the largest with respect to three (K = 3) and four (K = 4) groups.
However, this happens because the second group has few units with respect to
the ﬁrst group. Thus, this group is not a good option. If the groups are compared with three and four groups respectively, it is observed that the Silhouette
coeﬃcients are very similar (0.3418, 0.3456). However, it is not worth to take
four groups because one of these groups just has one item. Thus, it was decided
to take the three groups option.
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Table 1. Units per group and Silhouette coeﬃcient for all the possible groups in all
the possible pruning (k = 2, 3 and 4).
Size

Ind. Silhouette width Mean Silhouette width

K=2
Group 1 37
Group 2 4

0.6022
0.3999

0.5825

0.2648
0.4036
0.3251

0.3418

0.2648
0.4023
0.0000
0.4932

0.3456

K=3
Group 1 16
Group 2 21
Group 3 4
K=4
Group
Group
Group
Group

1
2
3
4

16
21
1
3

Figure 5 shows that players of the second group that have a major RMS value
per second will have a major probability of being classiﬁed into “Maximum”
or “Medium” muscle activity. In addition, all players labeled with the worst
endurance needed more muscle activity to maintain the same load as others
labeled with better endurance. The 71.42% the players classiﬁed with the best
endurance needed the minimum muscle activity. Another aspect to note is the
clustering of these instances according to the endurance labels. In Fig. 5, it is
also demonstrated the accuracy of the classiﬁcation used by mDurance to label
the RMS value in function of the player endurance. It is seen that the worst
endurance results obtained in the tests correspond with the instances of the
third group, labeled as “Maximum muscle activity” instances. This aspect is
extended to the second and ﬁrst group, where most of the instances are grouped
as good and excellent shape and “Minimum muscle activity”.
3.3

Classification Supervised Analysis

Once it has been able to determine the number of groups where to classify any
new RMS value obtained in the execution of a new STEET test, it is time
to build a classiﬁer and evaluate its performance. The supervised classiﬁcation
allows classifying a new instance in a certain groups of the considered ones.
Cross-validation is a model validation technique for assessing how the results
of a statistical analysis will generalize to an independent data set. Leave-p-out
cross-validation (LpO CV) involves using p observations as the validation set and
the remaining observations as the training set [18]. This is repeated to split the
original sample into a validation set of p observations and a training set. In this
work, it is used Leave-one-out cross-validation (LOOCV) because there are not a
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Fig. 5. Representation of the three groups obtained by Ward methods in histograms.
The groups are represented by the results obtained through mDurance and the questionnaires.

large number of samples. This is a particular case of leave-p-out cross-validation
with p = 1. Classiﬁcation algorithms can be grouped into two large families
attending the goodness of the results. Individual classifiers are learning a single
model, which can be of various kinds: KNN [19], SVM Linear [20] and SVM
Radial [21]. Ensemble classifiers are algorithms that combine several individual
classiﬁers, decision trees normally. For this study was used classiﬁcation trees
(CTree) [22].
In Table 2, these groups are compared on equal terms. The same variables
used for clustering are used in this section.
Table 2. Comparison between the main classiﬁers mentioned above.
Method

Accuracy Mean bal. accuracy Mean sensitivity Mean speciﬁcity

KNN (k = 9) 0.671

0.699

0.652

0.826

SVM linear

0.658

0.733

0.640

0.825

SVM radial

0.683

0.756

0.674

0.838

CTree

0.610

0.694

0.586

0.801
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It may be concluded that the individual classiﬁers clearly outweigh the ensembles classiﬁers, and SVM Radial seems to be the most appropriate. In this paper,
with 68.3% accuracy, it is shown that a classiﬁer could be constructed taking
into account the results obtained through mDurance and the answers obtained
through a simple questionnaire. In addition, this could increase until a 75.6% if
it is measured the mean of all the accuracies obtained for each fold in LOOCV.
It should be noted that the mean speciﬁcity, which identiﬁes the percentage of
non-fatigued people who are correctly identiﬁed is the best result obtained in
this study with a 83.8%. On the contrary, the mean sensitivity, which measures
the percentage of fatigued people who are correctly identiﬁed as having is the
lowest result.

4

Conclusion

It has been shown a study about the behavior of the muscles of the lumbar
area on a professional football team. This work intends to be the starting point
for the development of a new classiﬁcation system of muscle activity in the low
back muscle, by applying clustering and data mining in the new data collected
through mDurance results and the answers to the questionnaire (see Fig. 2). This
questionnaire aims to evaluate how the players are perceived themselves physically and mentally, and to check what are their conditions to can improve their
performance. The ﬁrst groups of what could be a new unsupervised classiﬁcation
system of the lumbar muscle activity have been grouped. The results claim that
groups correspond to the values of minimum-medium and medium-maximum
muscle activity, further demonstrating that muscle activity shown by the players was in most cases consistent with their perception. Once it was possible to
group instances into three groups, they were applied the most famous supervised classiﬁcation techniques, both individual and ensembles, in order to test
the accuracy of the classiﬁcation of new instances. It must be concluded that the
highest accuracy, speciﬁcity and sensibility were obtained with a single classiﬁer,
such as SVM Radial, which obtained a 68.3%, 67.4% and 83.8% in precision and
sensitivity and speciﬁcity respectively.
The design of this new classiﬁcation system can be applied in several investigations: functional evaluation and veriﬁcation of the rehabilitation therapies
and the prevention of muscular fatigue in activities of human occupation.
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