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The Application of Machine Learning Algorithms
to the Analysis of Electromyographic Patterns from
Arthritic Patients
Sumitra S. Nair, Robert M. French, Davy Laroche and Elizabeth Thomas

Abstract— The main aim of our study was to investigate the
possibility of applying machine learning techniques to the analysis
of electromyographic patterns (EMG) collected from arthritic
patients during gait. The EMG recordings were collected from
the lower limbs of patients with arthritis and compared with those
of healthy subjects (CO) with no musculoskeletal disorder. The
study involved subjects suffering from two forms of arthritis,
viz, rheumatoid arthritis (RA) and hip osteoarthritis (OA).
The analysis of the data was plagued by two problems which
frequently render the analysis of this type of data extremely
difficult. One was the small number of human subjects that could
be included in the investigation based on the terms specified in
the inclusion and exclusion criteria for the study. The other was
the high intra- and inter-subject variability present in EMG data.
We identified some of the muscles differently employed by the
arthritic patients by using machine learning techniques to classify
the two groups and then identified the muscles that were critical
for the classification. For the classification we employed leastsquares kernel (LSK) algorithms, neural network algorithms like
the Kohonen self organizing map, learning vector quantification
and the multilayer perceptron. Finally we also tested the more
classical technique of linear discriminant analysis (LDA). The
performance of the different algorithms was compared. The LSK
algorithm showed the highest capacity for classification. Our
study demonstrates that the newly developed LSK algorithm is
adept for the treatment of biological data. The muscles that were
most important for distinguishing the RA from the CO subjects
were the soleus and biceps femoris. For separating the OA and
CO subjects however, it was the gluteus medialis muscle. Our
study demonstrates how classification with EMG data can be used
in the clinical setting. While such procedures are unnecessary for
the diagnosis of the type of arthritis present, an understanding
of the muscles which are responsible for the classification can
help to better identify targets for rehabilitative measures.
Index Terms— EMG, gait data, kernel methods, 3D locomotion
analysis, neural networks, osteoarthritis, rheumatoid arthritis.
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I. I NTRODUCTION
Arthritis is a disease in which there is damage present in the
joints. It has been estimated that more than 21% of US adults
(46.4 million persons) have had doctor-diagnosed arthritis [1].
Our patients consisted of subjects suffering from two common
forms of arthritis: hip osteoarthritis and rheumatoid arthritis.
In osteoarthritis (OA) low grade inflammation results in pain
in the joints caused by the wearing of the cartilage that covers
and acts as a cushion inside the joints. Rheumatoid arthritis
(RA) on the other hand is a chronic inflammatory autoimmune
disorder. It affects the distal extremities. All arthritis in the
lower limbs therefore affects gait and impinges on the capacity
of a patient to lead an independant life.
Currently in the clinical setting, gait disorders are primarily
studied using kinematics as opposed to electromyographic
data. Kinematics is the study of the limb displacement in
space. Electromyographic (EMG) activity is the electrical
activity of muscles. The use of EMG recordings in order to
classify and understand neuromuscular disorders is however
promising for many reasons. In the first place, EMG data in
many situations has been found to vary significantly based on
the type of gait being examined, while the kinematic data was
found to be relatively invariant. This was found to be true when
studying the EMG and kinematic recordings of backward
versus forward locomotion [2], the changes in gait following spinal cord injuries [3] and the locomotion in reduced
gravity [4]. Secondly, the EMG is a physiological measure
which brings us closer to understanding the neuromuscular
adaptations to such joint disorders. One of the major reasons
for the current underutilization of EMG data is the difficulty
in treating such data. Compared to kinematic data, it shows
a much greater inter-individual and inter-cycle variability [5]
and [6]. Electromyographic activity is also subject to several
sources of noise such as electrical noise, motion artefacts
and cross talk [7]. Cross talk refers to the influence that the
electrical signals from one muscle could have on another.
Concerning research, another difficulty with such studies
can be the limited number of subjects. Despite the wide
prevalence of arthritis in an ageing population, a proper
understanding of the effects of joint disorders on gait requires
strict exclusion criteria. This is due to the fact that the vast
majority of arthritis patients and the accompanying control
subjects are more advanced in age and also suffer from other
problems that significantly affect gait such as diabetes and
non stabilised hypertension. The exclusion of subjects with
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these disorders, limited the number of subjects that could
be included in the study. The controls were required to be
from an age group matching those of controls. The same
criteria for exclusion as applied to patients were also applied to
controls. In addition, for the latter group, any sign of arthritis
was a reason for exclusion from the study. A more detailed
description of the exclusion and inclusion criteria can be found
in the Methods section.
It is important to identify the differences in the muscular
activity during the gait of patients suffering from arthritis. This
would lead to improvements in the rehabilitative measures that
are currently used for such patients such as physical activity.
Several studies have now demonstrated the positive effects
of physical activity in the case of arthritis patients [8], [9]
and [10]. Techniques such as electro muscle stimulation for
muscular strengthening are being developed for rehabilitation
[11]. These measures are currently undertaken in a general
fashion without a proper understanding of the muscles which
are functioning in a manner which is significantly different
from that of healthy subjects. In the best of conditions, a
kinematic gait analysis might be conducted [12] and [13].
However, even if a kinematic change is detected, it could be
due to many different patterns of altered muscular activity.
Physical activity for rehabilitation is best undertaken with an
understanding of the muscles which are involved. Once the
muscles which are the most altered are identified, they could
also be used to objectively follow the evolution of a patient
following some treatment.
In this study we explore the potential of several machine
learning techniques for the analysis of EMG data recorded
during gait. From all the problems mentioned in the paragraph
above, it is clear that EMG studies would benefit greatly
from analyses that are fault tolerant. We therefore applied
several neural network and kernel method analyses to the
problem. These more recently developed methods were also
compared to the more classical LDA technique. The problem
was approached as a classification task to distinguish control
subjects from arthritic patients. Identifying the muscles that are
critical for the classification would then help us to differentiate
the muscular activity between the two groups. Another purpose
of the study was to test the capacity of the LSK algorithms,
that were recently developed by Dodd et al. [14] and Nair
[15]. Biological data can be very difficult to analyze due to
problems of high dimensionality and noise. Here, we test the
capacity of this newly developed kernel methods for treating
biological data.
The machine learning techniques explored in the study were
neural networks, the kernel methods and LDA. As opposed to
neural networks and the kernel methods, LDA as the name
suggests is a linear technique that finds linear transformations
of the dependent variables that would provide for a better
classification than the individual variables. Neural networks
and the kernel methods represent two more recent developments in the history of machine learning. Neural networks
borrow some concepts from neuronal processing. The neural
network methods tested in this study were a Kohonen self
organizing map (SOM), learning vector quantization (LVQ)
and the multi layer perceptron (MLP). The kernel methods
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are a class of algorithms that use a kernel function in order
to transform a nonlinear learning problem into a linear one.
Kernel methods can be divided into different types depending
upon the loss function that is used [16]. Some examples of
kernel algorithms are support vector machines which are based
on statistical learning theory, gaussian processes which were
developed using a Bayesian/probabilistic approach and finally,
regularization networks, which make use of functional analysis
concepts. The LSK kernel methods described in this paper
belong to the category of regularization networks.
The LSK algorithms use the reproducing kernel Hilbert
space (RKHS) theory and Tikhonov regularization principle
for data modeling and the conjugate gradient (CG) algorithm
for finding the solution of the model. Four different variations
of LSK algorithms, viz, CGF, CGPI, CGPII and CGPIII were
discussed in [14] and [15]. (The differences between these
four subtypes are described in the Section II-B and Appendix).
The capacity of these algorithms for treating biological data
however has never been explored. In this paper we investigated
the potential of these algorithms for extracting information
from highly complex data like EMG recordings.
Several nonlinear machine learning methods have been
applied previously to the study of kinetic, kinematic and EMG
data gathered from gait studies. Kinetic data comes from foot
pressure measurements while kinematic data comes from the
study of limb displacements in space. Several kinds of neural
networks have been used for classifying kinematics and kinetic
data with various degrees of success. A good review on the
subject can be found in work by Chau [17] and [18]. The
EMG data in these studies were mostly used for the nonlinear
mapping between EMG and kinematic or kinetic variables.
The EMG data has therefore been used to predict tendon
forces [19] and [20], basic gait parameters such as velocity and
cadence [21] and elevation angles of the lower limbs [22]. In
the realm of kernel methods, there has been an application of
support vector machines to the study of kinematic data in order
to classify kinematic patterns in cerebral palsy patients [23]
as well as for categorizing the gait of old and young subjects
[24] and [25]. All these studies indicate that these techniques
hold much promise in understanding arthritis. Our research
is original in comparing neural networks and some kernel
methods for the classification of EMG data. These signals are
more complicated and show a greater intra- and inter-subject
variability than kinetic or kinematic signals. Since gait is a
function that is frequently affected in arthritis, we carry out an
investigation of the effectiveness of these different methods of
machine learning in studying EMG data from arthritic patients.
We demonstrated in this study that despite the difficulties
involved in analyzing EMG data, that they can be exploited
by machine learning techniques for further understanding of
the disorder.
II. M ETHODS
In this section we provide a description of the methods
used to carry out the study. We first describe how the EMG
data was collected. Information concerning some aspects of
these experiments has already been published [26]. Concerning
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the theoretical techniques only a brief description of LDA,
SOM, LVQ and MLP are given as these are relatively old,
well published techniques. As the LSK is a new variant of
the kernel method a more elaborate explanation has been
provided both in the Methods section and the Appendix. This
is followed by an explanation of the measures that are used
to evaluate the different machine learning techniques. Finally
we explain how we identified the muscles that were critical
for the classification.

A. EMG Data Gathering
The raw material for our study was the EMG data collected
from CO, RA and OA subjects. The RA group consisted of
eight outpatients, while ten outpatients were in the OA group.
Patients were defined as suffering from rheumatoid arthritis
based on the criteria established by the American Rheumatism
Association or as suffering from hip osteoarthritis based on the
criteria established by the American College of Rheumatology.
The age of the members of the CO, RA and OA groups
were 60 ± 7 years (mean age ± std deviation). All subjects
in the RA and OA groups were assessed by an experienced
rheumatologist. Exclusion criteria applied to the RA and
OA patients were other musculoskeletal disorders, Alzheimer
disease, Parkinson disease, motor neuron disorders, nonstabilized diabetes mellitus, blood hypertension, respiratory
insufficiency, pregnancy and lactation. For control subjects,
these criteria and in addition, the presence of any arthritis,
were reason for exclusion from the study. All participants gave
their informed consent for participation in the study, which was
approved by the local ethic committee and conformed with the
declaration of Helsinki.
The EMG data were recorded at a rate of 2000 Hz by
means of bipolar surface electrodes (1 cm diameter, electrode
separation of 1 cm) which were placed over six muscular
groups of each leg of the RA patients. The muscles recorded
from were the soleus, gactrocnemius medialis, peroneus brevis, tibialis anterior, vastus lateralis, and biceps femoris. For
the OA patients, the muscles recorded from were the soleus,
gactrocnemius medialis, gluteus medialis, tibialis anterior, vastus lateralis, and biceps femoris. Electromyographic recordings
were obtained from seven muscles of each leg for the control subjects. These muscles were the soleus, gactrocnemius
medialis, peroneus brevis, tibialis anterior, vastus lateralis,
biceps femoris and gluteus medialis. The appropriate muscles
were then used from the CO muscle pool for each type of
classification. A ground electrode was placed on the wrist.
Signals were preamplified (x100), digitized, and transmitted to
the remote amplifier via telemetry. The EMG data from each
trial were first filtered with zero-phase 5th order band-pass
Butterworth filter at 20-400 Hz and full-wave rectified. The
resulting EMG signal was normalized with respect to the mean
EMG activity measured during the whole gait cycles. Finally,
EMG recordings were time interpolated over individual gait
cycles to fit a normalized 200-point time base. An illustration
of the EMG data collected from the right gluteus of an RA
subject is given in Figure 1.
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B. LSK methods
The LSK methods were developed using RKHS theory [27]
and the Tikhonov regularization principle [28]. The theoretical
background of the functional & parametric learning models
and CGF are discussed below. In the appendix we have
provided a description of CGPI, CGPII and CGPIII.
Consider a two category classification problem,
{(x1 , z1 ), (x2 , z2 ), . . . , (xN , zN )}, xi ∈X ⊆Rm , zi ∈ R, i =
1, 2, . . . N , and X is a normed space. Let zi ≥ 0 if xi ∈ C1
and zi < 0 if xi ∈ C2 where, C1 ⊂ Rm and C2 ⊂ Rm are the
two given classes. Assume there exists an unknown function
f that generates the given data. Hence

≥ 0, x ∈ C1
f (x)
< 0, x ∈ C2
Let f belong to a RKHS F, defined on X . (By [42] a
RKHS, F, is a Hilbert space of real valued functions on
some set X in which all the point evaluations are bounded
linear functionals). Then the given learning problem can be
represented in functional and parametric forms [14] and [15].
The functional representation of the learning problem is
z = Lf =

N
X

(Li f )ei

(1)

i=1

where L : F →RN is a bounded linear operator, z =
[z1 , z2 , . . . zN ]T , Li : F → R is a bounded linear operator
such that Li f = zi and ei ∈ RN is the ith standard basis
vector. Since f = L∗ c, where L∗ is the Hilbert adjoint of L
[29], (1) can be represented as
z = LL∗ c =

N
X

(Li f )ei

(2)

i=1

For the finite dimensional case, LL∗ = K, where K =
[k(xi , xj )]ij is the kernel matrix [29]. Here, k is the reproducing kernel of F. Now (2) can be written as
z = Kc =

N
X

(Li f )ei

(3)

i=1

Equation (3) is the parametric representation of the learning
problem.
For practical reasons, a regularized cost function has to
be used in order to solve the above linear models. This is
because (1) and (3) suffer from numerical instabilities and
hence the solution is not insensitive to noise. Using the
Tikhonov regularization with a suitable regularizing operator,
stable approximations for inverse problems can be found.
The Tikhonov functional corresponding to (1) is
Jreg (f ) = ||Lf − z||2F + µ||f ||2F

(4)

where, µ > 0 is the regularisation parameter. The solution
freg that minimizes Jreg (f ) is called the regularized solution
of (1). Finding a function that minimizes (4) is equivalent to
solving its normal equation [30]. The normal equation of a
cost function is obtained by taking its gradient and equating
it to zero [31]. The normal equation corresponding to (4) is
(L∗ L + µI)f = L∗ z

(5)
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The CG algorithm derived for solving (5) is named as CGF
[14] and [15]. A more complete description of the development
of the LSK algorithms can be seen in studies done by Dodd
et al [14] and Nair [15].
C. LDA
LDA is a classical, supervised method that makes use of
statistical approaches for dimensionality reduction and classication. It maps high dimensional data to a low dimensional
space using a transformation matrix. The optimal transformation matrix is determined by minimizing the inter-class
distance and maximizing the intra-class distance of the classes
of objects under study [32].
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typical three-layer architecture with an input layer, a so-called
”hidden” layer and an output layer. Inputs to the network were
arranged to be bipolar. There was also a ”bias” node on input,
which provided an output threshold.
The tanh squashing function was used instead of a sigmoid
function in order to avoid a slow convergence. Another measure taken to avoid this problem was the use of the Fahlman
offset [36] and [33]. A momentum term is also added to the
weight change value. This is a fraction of the previous weight
change for that node and ensures a smoother convergence
trajectory.
F. Input data preparation and testing protocol for the algorithms

where ηi , ηf are pre-defined constants, t is the epoch and T is
the total number of epochs. A similar equation was also used
for decreasing σ(t). A complete desciption of the Kohonen
network can be found in [33] and [34].
Learning vector quantization is a supervised version of
SOM. The network architecture of LVQ is same as that of
SOM, except that it uses labeled nodes. The weight change
equation for LVQ is the same as that for the Kohonen
SOM except that it is multiplied by a factor +1 for correct
classifications and -1 for incorrect classification [33].

The inputs for the classification consisted of vectors of
dimension 2400. This corresponds to the EMG recordings
of twelve muscles sampled at 200 points in one locomotion
cycle placed end to end. As for each subject, the EMG data
was recorded for several cycles. Each subject was therefore
associated with several EMG vectors each of dimension 2400.
The mean number of EMG vectors associated with each
subject of the CO class was 11. For the RA class it was 13
and finally for the OA class it was 18.
The EMG data from the RA patients contained missing
values and artifacts (7.86%). Those values were imputed with
the regularized expectation maximization (EM) algorithm [37]
and [38]. The EM algorithm is an iterative method for computing the maximum likelihood estimates of the parameters
from incomplete data [38]. In the regularized EM algorithm
Tikhonov regularization principles [28] are also used for
obtaining a unique solution.
The data was normalized using the linear method, i.e., for
each muscle its maximum activity was set to be one and its
minimum activity was set to zero. Such a normalization procedure was adopted to give an equal importance to all the muscles and also to preserve information concerning differences
in EMG amplitude between patients and control. Experiments
were done by applying CGF, CGPI, CGPII, CGPIII, SOM,
LVQ, MLP and LDA. A cross validation procedure was used
for the training and testing. For each question investigated,
a total of 30 trials were conducted. For each investigation,
eighty percent of the subjects (with all the cycles associated
with that subject) from each class was chosen randomly by the
algorithm for training. The remaining subjects were then used
for testing. At no point was data from the same subject used
for training and testing. Differences were determined to be
significant by using ANOVAs and a Tukey HSD posthoc test.
This method of sampling the data for training and testing was
successfully used for analyzing neural activity in the inferior
temporal cortex with the Kohonen network [39] and by French
when studying the problem of catastrophic forgetting in neural
networks [40] and [41].

E. MLP

G. Performance Measures

We compared the LSK methods to a standard MLP network.
The MLP is trained using a feedforward-backpropagation
(FFBP) algorithm [35]. The network was constructed using the

The performance of the classifiers was determined using
accuracy, sensitivity, specificity and the speed of convergence.
For the LSK method, we also computed the values for the

D. SOM and LVQ
Kohonen’s self organizing map (SOM) is an unsupervised
method that maps high dimensional data to a low dimensional
space. The topological and metric properties of the data are
preserved in the Kohonen mapping. The network has nodes
that are arranged linearly or in a grid pattern. The nodes are
fully connected to the input layer, which means associated with
each node there exists a weight vector having dimension equal
to the input space. During the training phase, the Euclidian
distance is calculated between the input training vector and
the nodes of the network. The node corresponding to the
smallest distance becomes the winner. Weight changes are then
made for the winning node and for its closest neighbours. The
weights during the training phase (t) are updated according to
the following equation
δwki = η(t) exp −[d(k, c)2

1
][xki (t) − wki (t)]2 (6)
2(σ(t))2

where wki is the weight vector associated with input vector xi
and the node k. The term δwki is the change in wki , η(t) is the
learning rate, σ(t) is the learning radius, d(k, c) is the distance
from the winning node c to the kth node and xki is the kth
component of the input vector xi . The factors controlling η(t)
and σ(t) were not constant but decreased gradually according
to the following equation
η(t) = ηi (ηf /ηi )t/T

(7)
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receiver operating characteristic (ROC) curves. The following
are the definitions of accuracy, sensitivity and specificity
ars + cos
ars + arf + cos + cof

(8)

Sensitivity =

ars
ars + arf

(9)

Specificity =

cos
.
cos + cof

(10)

Accuracy =

and

Here ars and cos are respectively the number of arthritis
and control test vectors that the classifier identifies correctly
and arf and cof are respectively the number of arthritis and
control test vectors that the classifier identifies incorrectly.
Sensitivity can be seen as the probability that the test is
positive given that the subject is a patient. Specificity can be
interpreted as the probability that the test is negative, given
that the subject is not a patient.
The performance of the LSK algorithms was also evaluated
using the receiver operating characteristic (ROC) curve. The
ROC curve of a continuous binary classifier consists of points
with (1- specificity) as the x co-ordinate and sensitivity as the
y co-ordinate. The points are obtained using different threshold
values [43]. The accuracy of the test is higher if the ROC plot
bulges towards the upper left corner.
Also evaluated for the study were the number of epochs
taken for each algorithm to converge. In the case of MLP, LVQ
and SOM the number of epochs for training was chosen in
the following fashion: it was the maximum number of epochs
following which the performance of the network was not found
to improve. The weights in the networks were also not found
to change beyond 0.05 units. The CG algorithm converges
in at most N steps and hence the stopping criteria for the
LSK algorithms was: stop the algorithm when ||Jreg (f n+1 ) −
Jreg (f n )|| < 10−5 , where n < N and f n was the function
obtained at the nth iteration.
H. Identifying the muscles that function differently between
patients and controls
We used the LSK method, viz, the CGF for identifying the
muscular differences between controls and patients. This was
done by analyzing the classification success showed by LSK
after deleting one muscle at a time from the classes under
study.
I. Hyper parameters
For applying the LSK algorithms, the RKHS space gener0
0
ated by the Gaussian kernel, k(x, x ) = exp(−β||x − x ||2 ),
where β ∈ R is the kernel width, was taken as the hypothesis
space. The hyper parameters, kernel width β and regularization
parameter µ were determined using cross validation [42]. For
applying cross validation an initial estimate of the hyper parameter was calculated. Then a search for the hyper parameter
was done around the estimated value. The parameters that need
to be initialized in the algorithms were always set to 0 which
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always satisfied the given conditions. The value of µ for the
CO vs RA class was 0.8 while it was 0.03 for the study of
the CO vs OA class. Likewise, the values of β were 0.01 and
0.00065 for the CO vs RA and CO vs OA studies respectively.
For training using the LSK algorithm, the output points were
labeled as ±1, depending on whether they belonged to the
CO or patient class, i.e., for the training points {(xi , zi ), i =
1, 2, . . . N }, zi = 1 if xi belongs to CO class and zi = −1
if xi belongs to RA or OA class. For testing, f (x) = 0 was
selected as the threshold, i.e., a point x was estimated to be
in the CO class if f (x) ≥ 0, else it was estimated to be a
patient.
For SOM and LVQ, the networks used in this investigation
had 4 nodes arranged linearly. The parameters used were
ηi = 1.0, ηf = 0.03, σi = 10 and σf = 0.1. These parameters
were chosen by using cross validation to give an optimal
performance of the network.
The parameters for the MLP network were the following:
the number of hidden layer units was 100 and the number of
output nodes was 2. The parameters used for the network were
the following: learning rate = 0.1, momentum = 0.9, fahlman
offset = 0.1 and bias value = -1. These parameters were chosen
by using cross validation to give an optimal performance of
the network.
III. E XPERIMENTAL R ESULTS
In this section we report the results of our EMG analysis
using the LDA, kernel and neural network methods. The
results are given in the form of the mean ± std.deviation.
The result section is organized in the following manner. In
section III-A we compare the classification performance of
the different methods. In section III-B we report on the
convergence rates of the different algorithms. In section III-C
we provide classification results obtained by using k-fold cross
validation for the data sampling. Finally in section III-D, we
use LSK to demonstrate which muscle groups are critical in
distinguishing patients from controls.
A. Classification Performance
1) Accuracy: The accuracy measure gives the overall performance of the algorithms. Fig. 2 gives the accuracy rate
of the CGF, LDA and neural network algorithms on CO vs
RA data. All the LSK algorithms classified the data with an
accuracy rate of around 91% (CGF: 91.48%± 7.57%, CGPI:
90.95% ±7.4%, CGPII: 91.41% ±7.52%, CGPIII: 91.48%
±7.57%). On the other hand, all the neural network methods
failed to classify the data. The LDA algorithm with a mean
performance of 72% ± 20% performed better than the best
neural net performance of 57% ±18% (p < 0.05, ANOVA,
Tukey HSD posthoc).
In the case of CO vs OA data also, LSK showed an excellent
performance in terms of the accuracy measure. Fig. 2 gives the
accuracy rate of the CGF, LDA and neural network algorithms
on CO vs OA data. The accuracy rates of all the four LSK
algorithms were around 97% (CGF: 96.67% ±3.77%, CGPI:
97.04% ± 2.43%, CGPII: 96.7% ±3.86%, CGPIII: 96.71%
±3.79%). Of the four neural network methods, LVQ produced
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the best accuracy rate (89.4% ± 11.8%), as seen in Fig. 3. In
this case, we did not find a significant difference between the
performance of LDA and LVQ (p > 0.05, ANOVA, Tukey
HSD posthoc).
2) Sensitivity and Specificity: Sensitivity determines the
capacity of the algorithms for identifying the positive data
(patients with arthritis) while the specificity rate measures their
capacity for identifying the negative data (normal subjects).
Table I displays the sensitivity and specificity rates of the
classification by each algorithm in the case of the CO vs RA
class. The LSK algorithms succeeded in identifying both the
RA and CO data, as their sensitivities and specificities were
around 90%. All the other algorithms failed to predict the
RA data, since their mean sensitivities were less than 60%.
The abilities of the SOM and LVQ methods for identifying
the CO data were much better than for the RA data, as their
specificities were greater than 80%. As in the case of the
above neural net algorithms, the LDA technique was better
at identifying the CO data than the RA data.
All the four LSK methods succeeded in identifying the OA
subjects as well as CO subjects as can be seen in Table II.
The SOM showed a 100% specificity rate, while it failed to
identify the OA data. The LVQ and LDA algorithms succeeded
well in detecting the CO class. However they showed a poorer
capacity in identifying the OA data. The sensitivity of LVQ
was 76.88% ± 27.95% while that of LDA was 79% ± 11%.
The MLP neural net failed to identify both the OA and CO
data.
We compared the performance of the LSK methods using
ROC curves also. See figures 4 and 5. The ROC area was
approximately equal to one in both the classification tasks.
This means that they showed an excellent classification performance.
From the above discussion it is clear that in terms of the
three performance measures we used viz, accuracy, sensitivity
and specificity, the LSK methods showed a superior performance over SOM, LVQ, MLP and LDA.

B. Convergence Analysis
The performance of the LSK algorithms and the neural
networks were also compared in terms of the number of epochs
required for training. The convergence rate of the LSK method
depends on the entire eigenspectrum of the kernel matrix K
and they converge in at most r steps, where r is the number
of distinct eigenvalues of K . In the case of the CO vs RA
experiment, the number of distinct eigenvalues of the kernel
matrix K was 131±11 whereas for the CO vs OA experiment,
it was 197±12. All the LSK methods took less than 19 epochs
to converge in the case of the CO vs RA experiment ( CGF:
9 epochs, CGPI: 11 epochs, CGPll: 18 epochs and CGPlll: 10
epochs) and less than 23 epochs for the CO vs OA experiment
(CGF: 15 epochs, CGPI: 13 epochs, CGPll: 22 epochs and
CGPlll: 18 epochs). The SOM and LVQ algorithms on the
other hand required 1000 epochs for convergence while MLP
took 200.
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C. Model evaluation using k-fold cross validation
To ensure that the successful performance of the LSK
method was not due to the sampling methods used in the
tests above, we also carried out tests using the k-fold cross
validation technique [42]. We chose k in such a way that each
fold contained atmost 2 subjects. Hence, k was 8 for RA vs CO
and 9 for OA vs CO. The reason for not selecting 1 subject per
fold (leave-one-out) is due to the high variability associated
with it [44]. With 8 fold cross validation, the CGF algorithm
classified the RA and CO data with a success of 91.07%
± 9.7%. The mean sensitivity in this case was 81%±34%
while the mean specificity was 82% ± 36%. Nine fold cross
validation in order to distinguish the CO and OA data using
the CGF method also yielded a similar success rate of 93.42%
± 8.52%. The mean sensitivity in this case was 91% ± 20%
while the mean specificity was 84% ± 35%.
D. Identification of important muscles by deletion
Using CGF we identified some of the important muscular
differences between patients and controls, as described in
Section II-H. Table III shows the classification capacity of
the algorithm after deleting each muscle at a time from the
CO vs OA class. The deletion of information from the gluteus
medialis dropped the classification rate to 74.57%±14.76%.
On the other hand, the classification capacities of the algorithm
following the elimination of a muscle other than the gluteus
medialis was greater than 91% (see Table III). Any decrease
in performance with the elimination of any muscle other than
the gluteus medialis was not found to be significant (p > 0.05,
ANOVA, Tukey HSD posthoc). The elimination of the gluteus
medialis effected the capacity for the identification of both OA
patients and controls as shown by a significant decrease of both
the sensitivity and specificity.
The classification results obtained by the deletion of each
muscle of in the CO vs RA studies is given in Table IV.
The algorithm’s performance deteriorated significantly only
when the soleus or the biceps femoris were deleted (p < 0.05
ANOVA, Tukey HSD posthoc). Other than a difference in
accuracy following the deletion of these two muscles, there
was a difference in the type of errors in the two cases.
The elimination of the soleus muscle effected mainly the
correct identification of RA subjects. This can be seen by a
statistically significant decrease in the sensitivity (p < 0.05,
ANOVA, Tukey HSD posthoc) but not the specificity of the
categorization in comparison with the complete input vector.
The elimination of information from the biceps femoris on
the other hand led to a statistically significant decrease in
specificity (p < 0.05, ANOVA, Tukey HSD posthoc) but not
sensitivity.
IV. D ISCUSSION
The purpose of this research was to investigate the use
of machine learning techniques for the analysis of EMG
data recorded during gait. The success of several of these
techniques in classifying patient and non-patient data in this
study shows us that we can exploit these techniques in order to
understand the neuromuscular aspects of gait disorders. The
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classification task was used as a means to identify some of
the muscular differences between patients and control subjects. This knowledge is important for undertaking the correct
rehabilitative measures for such patients. This could involve
increasing muscular strength either through physical exercise
or electro muscle stimulation. Such measures are currently
undertaken without a clear knowledge of the differences in
muscular activity involved. At best, a gait analysis is used to
obtain information on differences in kinematics [12] and [13].
Different types of muscular activity however can give rise to
the same kinematics. Knowledge on muscular differences can
therefore be used to better undertake rehabilitative measures.
The altered muscles can also be the target for monitoring the
evolution of a patient in response to some treatment.
Our study is based on the results from 7 CO subjects, 8 RA
subjects and 10 OA subjects. The small number of subjects
in the study is the result of strict inclusion and exclusion
criteria that were utilised (see Methods). All the exclusion
criteria applied to the arthritic patients were also applied to
the age matched control subjects. They were also required in
addition, to be free of any arthritic symptoms. Despite the
small number of subjects, the high success rate of the kernel
method in the testing phase (91.48% ± 7.57% for the RA
patients and 96.67% ±3.77% for the OA subjects using the
CGF kernel algorithm) indicates that the training was based
on generalizable aspects of the EMG signals. As we will be
continuing our work on these types of patients, these identified
muscles will be the first group of muscles checked in newly
recruited patients and controls.
The most successful method for the classification, was the
kernel LSK method. The algorithms were compared using
accuracy rate, sensitivity and specificity. The LSK algorithms
showed an excellent performance in analyzing the data compared with the neural network or LDA algorithms that were
employed. This was especially demonstrated in the case of
the RA subjects. During the data gathering phase of these
studies, the gait of these subjects appeared very similar to those
of normal subjects. A comparison of the standard parameters
from 3D gait analysis had in fact confirmed that there were few
differences in the gait of the two groups [26]. The LSK method
however had a mean success higher than 90% in identifying
the two groups while the success of all the neural network
techniques were close to chance. This is probably due to the
higher capacity of LSK algorithms for learning noisy data
with the use of the Tikhonov regularization method. For the
RA data, the accuracy of the LDA algorithm at 72% ± 20%
was better than that of the neural nets. It was still however
outperformed by the LSK algorithms, all of which had mean
success rates of around 90% or slightly higher.
In our investigation, the speed of convergence of the SOM,
LVQ and MLP methods lagged far behind those of the LSK
algorithms. The faster convergence of the LSK algorithms is
due to their optimization technique, viz, the CG algorithm.
The convergence rate of LSK algorithms is independent of
the dimensionality of the space and is determined by the
entire eigenspectrum. For both the classication experiments,
the number of epochs taken for convergence by the four LSK
algorithms was less than 15% of the total number of distinct
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eigenvalues of the kernel matrix K.
In terms of implementation overhead as well, LSK is a
better choice. Kernel algorithms are nonparametric methods
for which the machine architecture is defined by the data.
On the other hand, neural network algorithms are parametric
methods. For this reason the LSK algorithms have only two
pre-defined parameters, viz, the regularization parameter and
the kernel width. The SOM and LVQ algorithms have five
parameters while MLP has seven.
To date, the LSK algorithms have been applied only to
simulated data [14] and [15]. This is the first time they
have been tested on real biological data. The EMG data had
several of the characteristic problems that plague biological
data such as noise and high dimensionality. The success of
our experiments introduced four new algorithms (CGF, CGPI,
CGPII and CGPIII) to the biological domain. A comparison of
machine learning techniques in the study of gait in children
with cerebral palsy has been carried out by Kamruzzaman
and Begg [23]. Unlike our study, these authors did not use
EMG recordings but several basic gait parameters such as
stride length and cadence. Even though these authors also
found that the kernel method outperformed the neural network
method and LDA, they did not observe differences as big as
we had between the capacities of the neural networks and
kernel methods for the RA data. This is very likely due to
the fact that a disorder such as cerebral palsy gives rise to
much more severe problems in gait than arthritis. As we have
already mentioned, in the case of the RA patients especially,
it was difficult to detect any anomalies with the naked eye.
We observe already in the case of OA patients with more gait
abnormalities, a closing of the gap between the capacities of
the kernel and other methods.
Several researchers have productively used recurrent neural
networks in the study of locomotion. Cottrell et al [45] used
kinematic variables at a previous time step to predict the
kinematic angles at a defined later time step. Cheron et al [22]
used EMG signals in order to predict lower limb kinematics.
A recurrent network is primarily useful in situations where it
is desirable not to present at once, all the information from
an entire locomotion cycle in the input layer. It is used to
predict the future values of a signal from values that were
produced from an earlier time step. This type of network would
therefore be indispensable in the control of prostheses [46]. In
our case however, we did not seek to produce information in
a sequential manner. Within each locomotor cycle temporal
information for each muscle as well as between muscles
should have been captured by the way in which the input
sequence was constructed i.e. by the concatenation of the
EMG data of all the studied muscles for a full locomotion
cycle. The success of the kernel method shows that sufficient
information was present in such a vector for a fairly successful
classification.
Following the classification, we identified the muscles that
were critical to the classification success. In the case of the
RA patients, this was the soleus and the biceps femoris,
while for the OA patients, it was the gluteus medialis. The
values from this test are provided in tables III and IV. The
elimination of information from these muscles from the input
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vector led to significant decreases in the classification capacity
of the kernel algorithm. In neither case did the elimination of
muscles other than the critical muscles, lead to statistically
significant changes in the classification capacity of LSK. The
results from these tests indicate that these muscles in patients,
display a different dynamic during gait than those of control
subjects. By observing the phases during which these muscles
are active, we can also deduce the points in the locomotor
cycle which are likely to be altered. The soleus muscle starts
to come into action during the middle of the loading response
and continues till the early parts of pre-swing. It reaches the
peak of its activity level in the middle of the terminal stance
phase. The biceps femoris on the other hand is mostly active
during terminal swing and continues some activity into the
early loading phase [7]. With alterations in the activities of
both these muscles in RA patients, we can expect anomalies
in gait starting from terminal swing through to the end of
terminal stance. For the OA patients, we should expect to see
alterations in the loading and mid stance phases where the
gluteus medialis is most active [7].
A great benefit of using EMG data as opposed to kinetic
or kinematic data, is that it provides information which is
more directly related to the physiological differences between
groups. This information can then be used for rehabilitative
measures that could improve the walking capacities of the
patients. Future work will now involve identifying the exact
difference between the activities of the muscles identified as
crucial in the classification. Some possibilities are a change in
amplitude or phase shifts. We will also have to carry out future
experiments to ascertain if the muscular differences observed
are a cause or a compensation for the inflammation observed
in arthritis.
We have demonstrated in this paper that the LSK kernel
method is successful at classification and hence the identification of the muscles that are the most altered in RA and OA
patients. A full study of the pathology would however require
for establishing the relationship between the altered EMG
and the altered patient kinematics. Several neural networks
have been used to map the nonlinear relationship between
EMG data and kinematics [17] and [22]. In our case a
comparison again of neural nets, kernel methods and more
classical methods of regression analysis to map this nonlinear
relationship would be the subject of a future study.
While in this paper we discussed the EMG recordings
collected during locomotion, the techniques described here can
be applied to almost any study involving EMG data. Studies of
both upper and lower body movements can sometimes involve
recordings from as many as 20 or more muscles. Multivariate
methods that can rapidly classify and identify the differences
between muscular activities are therefore important in all areas
of EMG analysis.
V. C ONCLUSIONS
We studied the EMG data collected from the CO, RA and
OA subjects by applying kernel, neural network and linear
discriminant algorithms (LDA). The kernel algorithms showed
a superior performance over the neural networks and LDA
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in terms of accuracy, sensitivity and specificity. The kernel
method was also better than the neural networks in terms of
computational efficiency. By means of a classification task,
we were able to identify the subset of muscles that most
differentiated these subjects. They were the soleus and the
biceps femoris muscles in the case of the RA patients and the
gluteus medialis in the case of the OA subjects. This indicates
that the activities of these muscles are altered in arthritis
patients. Current rehabilitative measures to increase muscular
strength in such patients can be better undertaken with a
clearer understanding of the muscular differences during gait
of these patients. These muscles can also be the targets used
to follow the evolution of a patient following any therapeutic
measures.
A PPENDIX
CGPI, CGPII AND CGPIII
To find the regularized solution of (3) the following cost
functions can be used:
Jreg (c) = ||Kc − z||2RN + µ||c||2RN

(11)

Jreg (c) = ||Kc − z||2RN + µ||L∗ c||2RN

(12)

Jreg (c) = hKc, ci − hc, zi + µ||c||2RN

(13)

where c ∈ RN .
CGPI is the CG algorithm derived for solving the normal
equation corresponding to (11), i.e. to solve
(K 2 + µI)c = Kz.

(14)

CGPII is the CG algorithm to solve the normal equation
corresponding to (12), which is
K(K + µI)c = Kz.

(15)

CGPIII is the CG algorithm to solve
(K + µI)c = z

(16)

which is the normal equations corresponding to (13) [14] and
[15].
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TABLE II
S ENSITIVITY AND SPECIFICITY: CO VS OA CLASS .
Fig. 2.

Accuracy rate: CO vs RA class.

Method
Kernel

Neural Nets
Fig. 3.

Accuracy rate: CO vs OA class.

Algorithm

Sensitivity (%)

Specificity(%)

CGF
CGPI
CGPII
CGPIII

97.81±4.71
98.23±3.25
98±4.67
97.81±4.71

93.41±10.61
93.6 ±10.14
93.32±10.86
93.56±10.61

LDA

79±11

91±10

SOM
LVQ
MLP

58.88±29.59
76.88 ±27.95
75.56±24.66

100
96.23±18.33
67.5±32.26

1
0.9
CGF ROC Area= 0.9403

0.8

CGPI ROC Area= 0.9328

Sensitivity

0.7

CGPII ROC Area= 0.9402
CGPIII ROC Area= 0.9403

0.6
0.5
0.4
0.3
0.2

TABLE III
D ELETION OF M USCLE : CO VS OA CLASS .
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0
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Fig. 4.

ROC curve and ROC area of LSK: CO vs RA class.
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0.9
0.8

CGF ROC area= 0.9929
CGPI ROC area = 0.9950
CGPII ROC area = 0.9928
CGPIII ROC area= 0.9929

Sensitivity

0.7
0.6

Muscle

Accuracy

Sensitivity (%)

Specificity(%)

Soleus
Gactrocnemius
Gluteus
Tibialis
Biceps
Vastus

94.92±7.44
96.18±4.18
74.57±14.76
97.30± 3.14
95.26±5
91.89±9.55

95.59 ±10.84
97.63±4.93
87.71±21.58
97.92± 4.49
98.51±3.28
94± 10.01

92.89±12.07
92.30±11.55
50.41±28.81
94.83±9.87
88.81±12.88
89.85±16.50

0.5
0.4
0.3
0.2
0.1
0
0

Fig. 5.
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0.8

1

ROC curve and ROC area of LSK: CO vs OA class.
TABLE I
S ENSITIVITY AND SPECIFICITY: CO VS RA CLASS .
Method
Kernel

Neural Nets

TABLE IV
D ELETION OF M USCLE : CO VS RA CLASS .

Algorithm

Sensitivity(%)

Specificity(%)

Muscle

Accuracy

Sensitivity (%)

Specificity(%)

CGF
CGPI
CGPII
CGPIII

90.72±18.4
89.14±19.62
90.72±18.4
90.72±18.4

89.8±10.08
89.82 ±10.6
89.7±10.02
89.8±10.08

Soleus
Gactrocnemius
Peroneus
Tibialis
Vastus
Biceps

79.82±12.81
92.89±5.0198
86.79± 8.62
91.9963±6.40
93.47± 5.41
82.46± 11.93

75.37±22.65
93.59 ± 9.18
89.91±13.33
94.03±10.29
92.91± 10.26
84.49 ± 17.46

88.49±13.80
90.91±8.31
82± 14.71
87.92±10.15
93.08 ±7.67
80.28±13.92

LDA

54 ± 25

88±14

SOM
LVQ
MLP

37.81±35.99
43.15±41.77
58.33±30.01

86.99±30.93
83.26±30.49
19.2±26.79

