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Abstract. Currently, vestibular disorders are quite common in Vietnam.
However, as far as we know, methods for vestibular diagnosis are only quali-
tative, which are mostly based on experiences and doctors’ observations.
Therefore, a demand for a quantitative method is needed to help doctors
accurately diagnose the vestibular disease. Moreover, the method is expected to
allow monitoring the patient’s situation during the treatment. To response to this
demand, this paper applied machine learning technique to build a model to
predict a person who has balance disorder. The data is obtained by a self-made
device to measure the Center of Gravity (CoG) from people with and without
vestibular. Results show that our proposed quantitative method had high
accuracy in predicting whether a certain person has balance disorder or not.
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1 Introduction

When a person has balance disorder, they may have the feeling of dizziness,
unsteadiness, or a lightheaded status. They feel hard to keep balance or fall down when
changing position. There are 4 main systems in the body that work together to ensure a
good postural balance: inner ear (vestibular system), vision, muscle and joints, and
sensory input [1]. When one of these systems does not work well, it interferes your life
by making you uncomfortable and uncontrollably. Balance disorder can be the
symptom of following diseases: benign paroxysmal positional vertigo (BPPV),
Meniere’s disease, Migraine, acoustic neuroma, vestibular neuritis, Ramsay Hunt
syndrome, cardiovascular disease, vestibular problems [2]. To diagnose these diseases,
doctors need to perform a complex process, including physical examination such as
Romberg’s sign, the rotary chair test, etc., and using medical equipment for
Electronystagmography test and Videonystagmography test [3]. Hence, more advanced
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medical techniques for better diagnosis are in high demand. A promising technique for
determining balance disorder is to apply the Center of Gravity (CoG). The Center of
Gravity (CoG) is an imaginary point around which the body’s weight is evenly dis-
tributed. For patients with balance disorder, their CoG points oscillate around normal
ones due to bad ability to keep balance, so their CoG patterns may be different.

In this paper, we use the CoG data, which is the measurement of people’s CoG
location, to determine whether a person has balance disorder or not. The CoG data are
collected in some hospitals, universities, ... etc. and stored in a system made by our
group. The raw data can be transformed to a new dataset which is more meaningful to
doctors. We process the data by using support vector machine (SVM) technique, which
is a supervised data mining technique for classification. In recent years, SVM has been
applied widely in medical diagnosis. In 2013, patients with diabetes are classified by
SVM with the accuracy of 78% [4]. In 2010, SVM is used for prediction of medication
adherence in Heart Failure patients with 11 attributes. They tried Kernel method with 4
kernel functions and found that Radial Basis Function had the best accuracy - up to
77.6% for 2 groups of patients [5]. This paper proposed a method for processing CoG
data with 2 stages. Stage 1 is to convert CoG raw data into useful parameters and to
access the influence of each parameter in patient’s postural balance. Stage 2 is to apply
SVM for binary classification using corresponding parameters obtained in stage 1.

The paper is organized as follow. Section 2 is the methodology and the setup of the
experiment. Section 3 is the results and discussion. Section 4 concludes the paper.

2 Methodology

2.1 Data Preparation and Processing

Sets of CoG data from patients with and without balance disorder are collected with
CoG device. This device is made by our group to record real time CoG signals, which
is shown in Fig. 1 [6].

It is a simple design with Arduino microprocessor and 4 loadcells, which is
designed based on postural sway analysis. A postural sway analysis is a method based
on the distribution of force in the four directions of the human body when standing on a
rectangular or square board as illustrated in Fig. 2.

The device collects data on the mass that the human body produces over 4 sensors
and sends signals to user interface via COM port or Bluetooth. Then, the CoG of each
person is calculated as below:

[(FA+F2) — (F1+F3)] x L
x= W (1)
(L +F4)— (F1+F2)] x L )

=

where W = F1+ F2 4 F3 + F4.
The platform demonstrates the projection of CoG onto 2-dimentional space, rep-
resented as a set of (x, y) coordinates. There are totally 78 participants at the age
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X

Fig. 2. CoG Platform design

between 22 and 60. All patients are required to stand on the CoG device twice, for the
duration of 45 s each, with leg-open and leg-closed status. Base on each patient’s
medical record and treatment, patients are divided into two groups: with and without
balance disorder. The patients in group “with balance disorder” are diagnosed with a
disease that has balance disorder symptom, such as vestibular disorder, high blood
pressure, BPPV, cerebral circulation insufficiency, etc. People in this group currently
complain about high frequency of unstability and dizziness. They stayed in the hospital
for less than one week (this ensures they do not undergo so many treatment proce-
dures). The “without balance disorder” group includes healthy patients who are not
diagnosed with any diseases relating to balance disorder and rarely feel dizzy and
unstable. All patients do not have any leg injury that interferes them from standing on
the device and do not use stimulants before measurement.
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Each dataset for each patient contains 300 samples, or 300 pairs of (x, y) measured
in time series, which represents the CoG of each person in 45 s. When changing from
leg-open to leg-closed position, the patient’s coordinate might have insignificant
numerical errors, so the first 100 samples collected in the first 15 s are eliminated and
the rest are kept for processing. The mean of x and y, denoted by X and y, are used as
the new origin coordinate around which patients sway to keep balance. According to
[7], this dataset can be transformed to a new dataset which is more meaningful to
doctors: mean distance, root mean squared (RMS) distance, range, mean velocity, 95%
confident circle area, 95% confident ellipse area, sway area, mean frequency, fractal
dimension, total power, etc. In this paper, only some of these parameters are chosen for
calculation for each dataset.

The first purpose is to figure out the influence of such parameters on human balance
by examining two independent groups, which is done by Independent Sample T-test.
Group 1 includes 28 patients with balance disorder, group 2 includes 50 patients
without balance disorder, and each patient in each group corresponds to a set of values,
including mean distance, mean distance X, mean distance y, RMS distance, RMS
distance x, RMS distance y, mean velocity, mean velocity x, mean velocity y, mean
frequency, mean frequency x, mean frequency y, 95% confidence circle area, 95%
confidence ellipse area and sway area, drawn out from the raw set of (x, y) data. When
considering each parameter, the Independent Sample T-test is used to check whether
the mean values of two group for each parameter are statistically different from each
other. If yes, then that parameter could have impact on human’s balance disorder.

The second purpose is to use SVM to classify patients with and without balance
disorder, which requires above parameters as the input of SVM. The inputs of SVM
should include attributes that have significant impact on human balance. According to
independent sample T-test value, if there is any parameter that makes the mean values
of two group not different from each other, it will be ignored temporarily, and the rest
will be considered as the input of SVM. A user interface by C# programming language
and Microsoft Visual Studio is created to support parameter calculations for the pur-
pose of binary classification.

All calculations will be done in reference to the mean CoG, which means each pair
(x, y) is transformed to a new pair (X, Y) in the new coordinate so that the new origin is
the mean CoG (¥, y). It is also necessary to do additional calculations for only x or y
direction. The resultant distance (RD) is the distance from each data point to the mean
CoG in the new coordinate.

X=x-x,Y=y-y (3)

RD[n) = (X[n2 + Y[i) n=1,.. ..N (4)

where N is the number of samples for each dataset. The mean distance is the average
distance from the mean CoG and the RMS distance from the mean CoG is the RMS
value of the RD, which is calculated as:
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Mean distance = 1 /N ZRD[n] (5)
RMS distance = [1 /N ZRD[n]Z} 1/2 (6)
When considering only x direction, the mean and rms distance for each direction is:
Mean distance x = 1 /N Z |X[n]| (7)
) 51172
RMS distance x = [I/N ZX[n] } (8)

The total excursion is the total length of the CoG path, and is approximated by the sum
of the distances between consecutive points on the CoG path

_ 1/2
Total path = > [ (X[n+1] = X[n])” + (Y[n+1] = ¥[n])’] (9)
The total path when considering only x direction is:
Total path x = Y " [X[n+ 1] — X[ (10)

The mean velocity (v) is the distance that the coordinates move in a time unit:
v = Total path/T (11)

The increase in total path or mean velocity may suggest a poorer ability to keep
balance. The 95% confidence circle is defined as the circle that contains 95% of the
distance from the mean CoG, and the 95% confidence ellipse is defined similarly.

Area CC = (MD + 7y 55rp )’ (12)
1/2
Area CE = 21 Fspp 59 [sz Sy2 — sXyz} (13)

Where sgp, sy, Sy are the standard deviation of RD, X and Y, sy, is the covariance;
zo5 = 1.645 is the z statistic at the 95% confidence interval. F o5, n—2 is the F statistic
at 95% confidence level for a bivariate distribution with n data points. It has the value
of 3.00 for a large number of samples (n > 120).

Sway area (AREA-SW) estimates the area enclosed by the CoG path per unit of
time.

Sway area =2 S (X[ + 117 [a] + + X[a]Y [+ 1] (14)
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The mean frequency is the rotational frequency, in revolutions per second or Hz, of the
CoG if it had travelled the total excursions around a circle with a radius of the mean
distance

Total path v

Mean f = =
2nMDT 2nMD

(15)

2.2 Support Vector Machine Technique

Support Vector Machine Methodology. Support Vector Machine is a supervised data
mining technique mainly used for classification. It aims at both minimizing misclassi-
fication and maximizing the geometric margin. The most basic form of SVM is linear
SVM in which all data are linearly separable, but in fact, the dataset is too complex to
simply solve by linear SVM. Fortunately, SVM can work efficiently for non-linear
classification by applying kernel trick, which implicitly maps the inputs into a new space
with higher dimensions to minimize nonlinear complexity. In this paper, we use a
mapping function x — ¢(x) to cast the original input data into a higher dimension space
to deal with nonlinearity. However, calculating ¢(x) for each sample is very complex,
especially when the dimension of the data set increases, and the number of samples is
large. We need to simplify the process by using kernel trick in which only inner products
(dot product) of the mapped inputs in the feature space need to be determined without
explicitly calculate ¢. Four kernel functions are summarized in Table 1 [8]:

Table 1. Four kernel functions

Name of kernel function | Definition

Polynomial k(x,z) = (r+ vxTz)d

Laplacian k(x,2) = exp(—||x — yI|/(26%)),y > 0
Radial basis function Kk(x,z) = exp(—7y|jx — YH ),y >0
Sigmoid k(x,z) = anh(yx z+r)

The kernel trick converts the objective function into a new form:

N N N

. 1

/. = argmax E i ~3 E E Aoy nYmk (X, X )
4=l

(16)
subject to > ;b,lyn —0:0<4,<C,¥n=12,...N

where N is the number of data point in the training set; xn is the nth vector in the
training set; yn is the label of nth data point (yn can be 1 or —1); An is the Lagrange
factor of nth data point; C is a constant described above. After this function is solved,
support vectors will be found, and labelling can be performed next.
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Experiment Setup. We divided the data into training and testing dataset. Training
dataset includes 50 samples, in which 18 samples are labelled as 1 (which means they
are in group “with balance disorder”), and others are labelled as —1 (which means they
are in group “without balance disorder”). Testing dataset includes 28 samples, in which
10 samples are labeled as 1 and 18 samples are labeled as —1. The division of training
and testing data is based on hold-out technique (training set/testing set = 64/36) [9].

We selected parameters using SVM library in C#. It allows parameter optimization
by grid search tool, in which cross-validation accuracy is obtained for each parameter
and the one with highest cross-validation accuracy will be considered the optimal value
[10].

In order to evaluate our methodology, we calculate the accuracy, sensitivity and
specificity for each classification. Each classification gives us values of TP (true pos-
itive), TN (true negative), FP (False positive), FN (False negative) which help to
measure accuracy, sensitivity and specificity [11]. These values are critical in assess-
ment of a specific test’s reliability. Sensitivity shows the probability a test can correctly
give a positive result for people who have disease. For a test with high sensitivity, it
will generate positive result for almost everyone who has the disease and return just
few false-negative results. Specificity of a test is the ability to correctly generate a
negative result for people who do not have that disease. A test with high specificity will
correctly identify almost people who do not have the disease and the rate for false-
positive results is very low. The calculation of accuracy, sensitivity and specificity is
given as below.

TN +TP

Accuracy = (17)
IN+TP+FN+FP
TP
Sensitivity (TP rate) = —— 18
ensitivity (TP rate) TP+ FN (18)
FP
Specificity (FP rate) = ——— 19
pecificity (FP rate) FPEIN (19)

3 Results and Discussion

According to Independent Sample t-test, the mean values of two group for each
parameter are statistically different from each other, so all above parameters have
impact on human’s balance and could be useful for clinical assessment. Especially,
parameters calculated for solely x or y direction also reflect a significant difference
between 2 groups, which is identical to the results obtained in [12]. Theoretically,
patients with balance disorder will agitate more than normal people, so their coordinate
also swing more around the origin. Hence, there is an increase in all above parameters,
which is identical to the results of Independent Sample t-test. The p-value for each
parameter is summarized in Table 2. In this t-test, the null hypothesis HO and H1 is
expressed as “the two means of the two groups are equal” and “the two means of the
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two groups are not equal”, respectively. When p-value is less than o (o = 0.05), it
indicates a significant difference between 2 groups and vice versa.

Table 2. p-values of all parameters when comparing means between 2 groups (group 1: n = 28;
group 2: n = 50)

Parameter | Mean Mean Mean RMS RMS RMS
distance distance x distance y distance distance x distance y

P-value | 0.003 0.024 0.001 0.002 0.009 0.001

Parameter | Mean Mean Mean Mean Mean Mean
velocity velocity x velocity y frequency frequency x | frequency y

P-value | 0.000 0.000 0.000 0.000 0.000 0.005

Parameter | 95% confidence circle area 95% confidence ellipse area | Sway area

P-value | 0.002 0.001 0.000

All parameters are eligible for the input of SVM. The first trial for SVM involves
the use of 7 attributes: mean distance, RMS distance, mean velocity, mean frequency,
95% confidence circle area, 95% confidence ellipse area and sway area, in which
movement of the coordinate in solely x or y direction is not taken into account, and the
second one has 15 attributes, which means 8 attributes is added: mean distance x, mean
distance y, RMS distance x, RMS distance y, mean velocity X, mean velocity y, mean
frequency X, mean frequency y.

These two trials help to figure out whether a better result can be obtained when
adding more parameters relating to the movement of patients’ CoG data in one
direction. When using SVM with 7 attributes, the accuracy for the training and testing
data sets is obtained and described in Table 3:

Table 3. Performance of 7-attribute SVM

Kernel functions | Data set Accuracy | Sensitivity | Specificity
Gaussian (RBF) | Training set | 88% 77.2% 96.9%
Testing test | 78.6% 70% 83.3%
Polynomial Training set | 62% 100% 40.6%
Testing set |57.1% 100% 33.3%
Laplacian Training set | 76% 33.3% 100%
Testing set | 67.9% 20% 94.4%
Sigmoid Training set | 64% 0% 100%
Testing set | 64.3% 0% 100%

When using SVM with 15 attributes, the accuracy for training and testing data sets
is obtained and described in Table 4:
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Table 4. Performance of 15-attribute SVM

Kernel functions | Data set Accuracy | Sensitivity | Specificity
Gaussian (RBF) | Training set | 90% 72.2% 100%
Testing test | 82.1% 80% 83.3%
Polynomial Training set | 84% 100% 75%
Testing set |82.1% 100% 72.2%
Laplacian Training set | 90% 83.3% 93.8%
Testing set | 75% 80% 72.2%
Sigmoid Training set | 64% 0% 100%
Testing set | 64.3% 0% 100%

Referring to Table 3 and Table 4, the RBF is the most effective function among 4
kernel functions with the highest accuracy. The accuracy of RBF when performing
classification on training dataset is 88% for 7 attributes and 90% for 15 attributes. The
accuracy of RBF when performing classification on testing dataset is 78.6% for 7
attributes and 82.1% for 15 attributes. Sigmoid function brings up the lowest accuracy
(~64%) and sensitivity (0%) so it is not a promising function. In 15-attribute SVM
with 3 kernel functions, the accuracy, sensitivity, and specificity for classification of
training and testing set are greater than or equal to those in 7-attribute SVM. Therefore,
SVM with more attributes has better outcomes, and the movement of CoG data in
solely one direction, indicated by 8 additional parameters, can influence on classifi-
cation accuracy. Laplacian function and Polynomial function do not seem to work well
with 7-attribute SVM but they have better results in 15-attribute SVM. We can see that
through experiment, RBF is the most effective function. Moreover, SVM with 15
attributes has better results than SVM with 7 attributes since it almost increases the
accuracy, sensitivity, and specificity of classification for both training and testing set.

4 Conclusion

In this paper, SVM on the CoG data is used to diagnose diseases with balance disorder.
Parameters that can be used to assess human’s postural balance include: mean distance,
mean distance X, mean distance y, rms distance, rms distance x, rms distance y, mean
velocity, mean velocity x, mean velocity y, mean frequency, mean frequency x, mean
frequency y, 95% confidence circle area, 95% confidence ellipse area and sway area.
When classifying patients with and without balance disorder by SVM algorithm, RBF
is the function that is the most effective. Moreover, SVM with 15 attributes has better
results than SVM with 7 attributes since it almost increases the accuracy, sensitivity
and specificity of classification for both training and testing set. One limitation of this
research is that the impact of age on human’s postural balance is ignored. The CoG
pattern for young and old people may differ, because the older usually has poorer
ability to keep balance due to the degradation of skeleton system. This fact opens a
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future direction for the topic. In conclusion, 15 parameters listed above can demon-
strate patient’s balance status, and SVM algorithm is a potential technique to classify
patients with and without balance disorder with high accuracy.
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