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Abstract
Spinocerebellar ataxia (SCA) is a progressive neurodegenerative disorder characterized by autonomic
dysfunction. SCA has multiple genetically classified subtypes, amongst which SCA1 and SCA2 are most
prevalent in India. Autonomic function based characterization of SCA patients into respective subtypes has
not been done. We have evaluated autonomic function - heart rate variability (HRV), systolic blood pressure
variability (BPV), systolic baroreflex sensitivity (BRS) and composite autonomic severity score (CASS) in
SCA patients (SCA1 = 31; SCA2 = 40). To evaluate the classification performance of the battery of autonomic
function tests (AFT), linear discriminant analysis (LDA) and support vector machine (SVM) classifiers were
used. The average classification accuracy for SCA subtypes were 80% by LDA and 70% by SVM. Interestingly,
individually the autonomic function tests do not differ between SCA1 and SCA2 but when they are used
together by classifier - a conclusive pattern to characterize the SCA subtypes emerges. This is the first
study to classify SCA patients into their respective subtypes using a novel machine learning approach on
their autonomic function profile.

Introduction
Spinocerebellar ataxia (SCA) is a heterogeneous
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group of progressive neurodegenerative disorder of
cerebellum, its afferent and/or efferent connections.
More than 30 distinct genetic subtypes of SCA are
known (1). Amongst them, SCA1 and SCA2 are most
prevalent in India (2, 3). Over the years, clinicians
have been faced with immense difficulty in classifying
patients into SCA1 and SCA2 based on clinical signs
and symptoms. The only existing gold standard for
classification is based on genetic analysis quantifying
the number of CAG trinucleotide repeats (4, 5). The
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pr oblem with genetic analysis lies in it being
expensive, limited centers for testing and cumbersome
procedure requiring trained manpower. There is an
existing need for non-invasive, cost-effective and
reliable biomarkers to classify SCA1 and SCA2
patients.
Autonomic dysfunction is a predominant manifestation
in SCA patients (6-10). Thus a classification based
on autonomic function could serve as a promising
biomarker. Therefore, we have studied autonomic
function tests - heart rate variability (HRV), systolic
blood pressure variability (BPV), systolic baroreflex
sensitivity (BRS) and composite autonomic severity
score (CASS) in SCA patients. HRV quantifies the
beat to beat variation in RR interval and is a validated
measure of cardiac autonomic tone (11-14). Similarly,
BPV measures the variation in beat to beat blood
pressure and signifies the autonomic regulation of
blood pressure (13, 14). BRS is a composite measure
of the overall cardiovascular autonomic regulation
(15). CASS was developed as a single validated score
for laboratory quantification of autonomic failure (16,
17). This score standardizes for known confounding
factors like age and gender.
The idea was to derive a characterization of SCA1
and SCA2 patients on the basis of their autonomic
function profile. The autonomic function tests (HRV,
BPV, BRS and CASS) were assessed in SCA
patients (SCA1 = 31; SCA2 = 40) and we tried to
classify them into SCA subtypes using machine
learning approach. Machine learning is an emerging
field where algorithms are made which can learn on
the basis of data and subsequently can be used to
classify data (18). These algorithms can be used for
classification and enable reliable and repeatable
decisions. W e have used LDA and SVM - two of the
machine learning algorithms. LDA is a one of the
pattern recognition algorithms of machine learning
used to find a linear combination of features that
characterizes or separates two or more subsets (1921). SVM is another algorithm of machine learning
which can be used to create decision boundary to
decipher two or more groups using both linear and
non-linear approaches (22).
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This paper presents a study to explore a novel
machine learning approach using classifiers based
on autonomic function to classify SCA1 and SCA2.

Methods
A.

P atients

The study was conducted on genetically confirmed
SCA1 (n=31, age = 35.8±7.8 years) and SCA2 (n=40,
age = 33.3±10.5 years) recruited from outpatient
department of Neurology at the All India Institute of
Medical Sciences (AIIMS), New Delhi. The patients
had no other co-morbidities (vascular disease, heart
disease, respiratory problems etc.) and were not on
any medications known to affect their autonomic
function. Informed written consent was obtained from
all patients. The study protocol was approved by
Institute Ethics Committee, All India Institute of
Medical Sciences (AIIMS), New Delhi.
B.

Study protocol

All subjects were instructed to refrain from food and
caffeine intake 4-h before the recording. Patients were
given 15 minutes of supine rest before assessment
of a utonom i c f unc t ion par am eters in am b ient
te m pe rat ure (25 -27 °C) m a int ain ed r oom . T he
measurements of heart rate variability (HRV), blood
pressure variability (BPV), baroreflex sensitivity
(BRS), autonomic reactivity tests and quantitative
sudom otor axon reflex test (QSART ) were
performed at the same visit in morning hours. Arterial
pressure signal at sampling frequency of 200 Hz
was measured beat-to-beat non-invasively with finger
photoplethysmography using Finometer® model 2
(FMS, Finapres Medical Systems, Amsterdam, the
Netherlands) based on the volume clamp method of
Penaz along with Lead II ECG at 1 kHz for 5 min
under spontaneous breathing by patient using digital
band pass filter with low cut-off frequency of 0.5 Hz
and high cut-off frequenc y of 35 Hz (Fig. 1).
Autonomic function tests comprised of autonomic
tone (HRV, BPV, BRS) and autonomic reactivity tests
which were quantified using composite autonomic
severity score (CASS).
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Fig. 1 : This figure represents the record of blood pressure and lead II ECG in a patient of spinocerebellar ataxia during spontaneous
breathing. Systolic blood pressure and heart rate signals are derived from raw blood pressure and ECG signals respectively.

C.

Heart rate and blood pressure signal analysis

R sequences. The PSD was calculated using fast
Fourier transformation (FFT) using Hanning
window in the three frequency bands such as
very low frequency (VLF; frequency 0.001–0.04
Hz), LF (f requency 0.04–0.15 Hz) and HF
(frequency 0.15–0.40 Hz) (11). The normalised
LF, HF and total power c om ponents were
calculated.

Analysis of all recorded signals was done offline using
the Nevrokard HRV and systolic BPV analysis
software for calculation of the time and frequency
domain parameters along with the derivation of
spontaneous systolic BRS.
1)

Heart rate variability (HRV)

ECG was analysed offline using Labchart Pro 7 (AD
instruments, Australia) and HRV was computed using
Nevrokard software (Nevrokard Kiauta, Slovenia) on
beat-to-beat series. HRV was assessed by time
domain, frequency domain and non-linear analysis.
a) Time domain analysis of heart rate variability:
The time domain indices of HRV computed were
SDNN (Standard deviation of all NN intervals) and
RMSSD (The square root of the mean of the sum
of the squares of differences between adjacent
NN intervals) (11).

c) Non-linear analysis of heart rate variability: HRV
was also calculated by non-linear approach using
a Poincare plot. To quantify the plot’s geometric
appearance, the technique of fitting an ellipse
to the plot was used from which two indices
were obtained - SD1(the standard deviation
of ins tantaneous beat-to-beat R-R interval
variability or minor axis of the ellipse) and
SD2 (the standard deviation of long term R-R
interval variability or major axis of the ellipse)
( 12 ) . T he no r m a l is e d S D1 an d S D 2 wer e
determined.
2)

b) F r e q u e n c y d o m a i n a n a l y s i s o f h e a r t r a t e
variability: The interval between successive R
waves was computed (RRI) from the original
electrocardiographic signal resampled at 7 Hz.
The R-R tachogram was further analysed by
power spectral density (PSD) analysis of the R-

Systolic blood pressure variability (BPV)

Systolic BPV was also determined by time and
frequency domain analysis. The systolic BPV was
analysed in time domain to calculate SDNN and
RMSSD. For spectral analysis, PSD was calculated
using FFT using Hanning window in the three
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frequency bands such as VLF (frequency 0.001–0.04
Hz), LF (frequency 0.04–0.15 Hz) and HF (frequency
0.15–0.40 Hz). PSDs were plotted in mmHg 2/Hz for
systolic BPV (13,14).
3)

Systolic baroreflex sensitivity (BRS)

The quantification of systolic BRS was done by
sequence and spectral methods as described earlier
(14,15). To detect the sequences, the criteria were
(i) R-R variation >5 ms, (ii) BP changes >0.5 mmHg,
(iii) sequences >3 beats and (iv) sequences correlation
coefficient >0.85. The slope of regression line
between R-R interval and systolic blood pressure
(SBP) gives estimates of the BRS. In the spectral
method, analysis of R-R interval and simultaneously
recorded beat-to-beat blood pressure was done. Thus,
baroreflex gain was com puted by dividing the
amplitude of R-R oscillations in low frequency (LF)
band (0.04–0.15 Hz) and high frequency (HF) band
(0.15–0.4 Hz) by the amplitude of corresponding
oscillations in SBP. A Hanning window was used
and magnitude of squared coherence (K 2) function
between the SBP and R-R interval was computed for
the calculation of gain in the transfer function in
each frequency band. The coherence between the RR interval and beat-to-beat SBP was assessed by
c r o s s -s p ec tra l an alys i s . T h e - i ndex (g ain in
relationship between the R-R intervals and beat-toTABLE I :
Cardiovagal subscore
1
2
3
Adrenergic subscore
1
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beat SBP) was calculated only when the K 2 between
the RRI spectrum and the SBP spectrum >0.5. -LF
is K 2 function between pressure and R-R interval in
LF band, whereas -HF is K 2 function between the
SBP and R-R interval in an HF band. Both -LF and
-HF are expressed as ms/mmHg.
4)

Composite autonomic severity score (CASS) analysis

To quantify autonomic failure a single validated score,
CASS was developed which standardizes for the
confounding effects of age and gender. CASS ranges
from 0 to 10 and constitutes of cardiovagal (0–3),
adrenergic (0–4) and sudomotor (0–3) subscores
(Table I) (16,17). Cardiovagal subscore comprises of
results of deep breathing test (DBT) and Valsalva
maneuver (VM), quantifying the heart rate changes
during these respective maneuvers. On the other
hand, adrenergic subscore constitutes of blood
pressure changes during VM and head up tilt (HUT).
Sudomotor autonomic function was assessed by
QSART. In QSART, sudomotor responses were
recorded from four sites of right side: medial forearm,
proximal lateral leg, medial distal leg and proximal
foot by placing four capsules (Fig. 2). The stimulus
was iontophoresis of 10% acetylcholine solution for
5 min, and the responses were recorded in a sweat
cell using transdermal self adhesive electrodes (Fig.
3).

The composite autonomic severity score (CASS).

HR DB or VR reduced but 50% minimal normal value
HR DB or VR reduced to <50% of minimal normal value
Both HR DB and VR reduced to <50% of minimal normal value

4

Phase II e reduction <40 but >20 mmHg mean BP or
Phase II l does not return to baseline or
Pulse pressure reduction 50% of baseline or
Systolic BP recovery time 4-5 seconds
Phase II e reduction >40 >20 mmHg mean BP +
Phase II l or IV absent or
Systolic BP recovery time 6-9 seconds
Orthostatic hypotension (systolic BP reduction = 30 mmHg; mean BP reduction = 20 mmHg) or
Phase II e decrease of >40 mmHg + Absent phases II l + IV or
Absent phases II l + IV + Systolic BP recovery time = 10 seconds
Criteria for 3 + Orthostatic hypotension (systolic BP reduction = 30 mmHg; mean BP reduction = 20 mmHg)

Sudomotor subscore
1
2
3

Single site abnormal and 50% of the lower limit
Single site <50% of the lower limit or two or more sites reduced and 50% of the lower limit
Two or more sites <50% of lower limit

2

3

*This criteria is based on Low PA (Ref. 17) and Novak P (Ref. 16). [0 in each of these subscores denotes normal response].
Abbreviations: BP = blood pressure; HRDB = heart rate response to deep breathing; VR = Valsalva ratio; IIe = phase 2 early; IIL = phase 2 late.
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Fig. 2 : This figure depicts the placement of electrodes in quantitative sweat axon reflex test from four sites of right side:
medial forearm, proximal lateral leg, medial distal leg and proximal foot by placing four capsules.

Fig. 3 : This figure shows the record obtained in quantitative sweat axon reflex test at right medial forearm site representing the two parameters latency and sweat volume (calculated by area under the curve and used for composite autonomic severity score calculation).

D.

Statistical analysis

Each parameter was tested for distribution of the
data based on standard normality tests (D’ AgostinoPearson omnibus normality test and Shapiro–W ilk

t e s t ) . I n c a s e o f G au s s i an d a t a d i s tr i b u t io n ,
parametric tests were applied and for non-Gaussian
distribution, appropriate non-parametric tests were
applied. The following tests were used: t-test for
normally distributed data and the Mann-W hitney U

328 Tamuli, Godiyal, Kaur, Jaryal, Srivastava and Deepak

test for non-Gaussian distribution. The categorical
variables were compared by using Fisher’s exact test.
The statistical analyses were performed using GraphPad Prism Version 5.00 for W indows (GraphPad
Software, Inc., USA) and analysis of CASS was done
by using MATLAB (R2015a).
E.

Cl ass ifie r Desi gn

1)

Linear Discriminant Analysis (LDA)

LDA classifier has an inherent advantage of being
computationally efficient, easy to implement and
having good real time performance (19). Especially,
small data set can also be utilized by this classifier
to get a reliable output (21). It provides an adequate
separation between the given classes by looking into
the linear combinations of input variables. In a LDA,
if S i be the data element having m features and n be
the number of subjects in an experiment, each subject
can be assigned to any of the two categories
€ = {0, 1}. Then S renders in a matrix of size n×m
and € in a vector of size n×1. Classes 0 and 1 have
the number of elements N 0 and N 1 respectively.
The mean of each class € over all S i is denoted by
c where i elements in class €. The overall mean 
of the data is

N   N11
 0 0
N0  N1
For this the expectation value of data is expressed
as covariance matrix C.



C = E S –  S – 
T
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2)

Support Vector M achine (SVM )

SVM classifiers are robust for condensing information
in the learning data and offer a good performance of
classification even with smaller data points. SVM is
implemented by constructing a hyperplane as a
decision surface so as the margin of separation
between the positive and a negative example is
maximized. It works with the higher dimensional
feature space formed by the nonlinear mapping, (x)
of the n-dimensional input vector into a K-dimensional
feature space (22). The equation of the hyperplane
separating two different classes is given by the
relation:
K

y  x   W T   X    j  j  x   0
j 1

with W   0 , 1, ! , k 

T

is the weight vector of the

network. A non-linear (polynomial) kernel was used
for the SVM classifier; k  xi , x j   x iT x j  c , where





d

x i and x j are the feature vectors of i th and j th classes,
respectively, c  0 is a trading off parameter for
influencing higher-order versus lower-order terms in
the polynomial, T denotes transpose and d denotes
the degree of polynomial.
Previously both the classifiers have been extensively
used for the pattern recognition and are
computationally efficient. A total of 19 AFT features
were feed into the classifiers to determine the overall
performance. The data was randomly sampled at a
train to test ratio of 85:15 for both of the classifiers.
The training data was used to train the system and
testing data was analyzed to test the performance

w  C 1  1   0 

T

and w 0 = –w

A separating hyperplane is determined by the weight
vector w in m dimensional feature space. Any element
x can be found at a normal distance D(x):
D(x) = xw + w0

Actual subtypes

The weight vector w and the offset w 0 can be
expressed as:
SCA1

Correctly
Classified

Misclassified

SCA2

Misclassified

Correctly
Classified

SCA1

SCA2

Estimated subtypes

Any element x is assigned to class 1 if D(x) is
greater than zero and x is assigned to class 0 if
D(x) is less than zero. All elements are part of the
separating hyperplane if D(x) equals to zero.

Fig. 4 : Concept of 2x2 confusion m atrix with the actual
c o n d i t i o n r e p r e s e n t i n g t h e g e n e t i c a l l y k n o wn
s p i no c e r e b el l a r a t axi a s u bt y p e s an d e s t i m a t e d
condition representing the ones classified by either
linear discriminant analysis or support vector machine.
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of the system. To check the performance of the
system, a confusion matrix (Fig. 4) was made where the diagonal element represents the correct
classification and the non-diagonal element shows
the misclassification. Three parameters - sensitivity,
specificity and overall classification accuracy were
calculated for the data sets. Sensitivity and specificity
for both SCA1 and SCA2 were calculated using
previously described formulas (23).
T h e ov era ll c l as s i f ic at ion a c c ur a c y ( C A) was
calculated as :
CA 

Number of correctly classified trials
 100
Total number of trials

Results
a)

Demographic and cardio-respiratory profile of SCA1
and SCA2 patients

T h e t w o S C A s u b t yp e s w e r e c o m p a r a b l e i n
demographic and basal cardio-respiratory parameters
as shown in the Table II.
b)
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(linear and non-linear), systolic BPV and systolic
BRS and CASS in the patients of SCA1 and SCA2
are presented in Table III. There was no significant
difference in all these parameters between SCA1 and
SCA2 patients.
c)

C l a s s i f i c a t i o n o f S C A1 a n d S C A2 b y a u to n o m i c
fun ctio n tests usi ng l in ear d iscri m in an t anal ysi s
(LDA) and support vector machine (SVM) classifier

The parameters measured by the autonomic function
tests (19 in number) as shown in Table III were feed
into the two classifiers i.e. LDA and SVM and the
overall performance was determined. A confusion
matrix was made representing correct classification
and misclassification for both the groups SCA1 and
SCA2. The confusion matrix for LDA classifier
has been depicted in Fig. 5. LDA exhibited 80%
overall clas s ific ation ac c urac y with s ens itivity
and specificity of 80% for both SCA1 and SCA2
subtypes respectively. On the other hand, a lower
accuracy was seen in the confusion matrix for

Autonomic function analysis by heart rate variability
(HRV ), sys to l i c b l o o d p re s s u r e v a r i a b i l ity (BP V ),
systolic baroreflex sensitivity (BRS) and composite
autonomic severi ty score (CASS)

The time and frequency domain measures of HRV
TABLE II :

Parameter

Demographic and cardio-respiratory
profile of the patients.
SCA1
(n=31)

Male: Female (n)
24:7
Age (years)
35.3±7.8
Age of onset (years)
30.5±7.5
Disease duration
5.0 (2.0–6.0)
(years)#
BMI (kg/m2)
24.2±3.0
HR (bpm)
81.5±13.3
SBP (mmHg)
120.6±14.9
DBP (mmHg)#
71.8 (61.1–85.0)
MBP (mmHg)#
89.1 (76.3–96.3)
Respiratory rate
(breaths/min)
20.3±4.1

SCA2
(n=40)

pvalue

30:10
33.3±10.5
27.1±9.6
6.0 (4.0–7.8)

0.999
0.368
0.111
0.056

23.7±3.3
81.4±11.7
120.2±12.2
70.6 (57.8–80.1)
87.7 (75.2–93.9)

0.461
0.990
0.897
0.388
0.351

19.2±3.9

0.221

All values are expressed as Mean±SD except for the
parameters denoted by # [values are expressed as median
(interquartile range)].
Abbreviation: SCA = spinocerebellar ataxia; n = number,
S BP = s ys t ol ic b l oo d pre ss ure ; DB P = d ia st ol i c bl ood
pressure; MBP = mean blood pressure; BMI = body mass
index; HR = heart rate; bpm = beats per minute.

Fig. 5 : Confusion matrix for spinocerebellar ataxia type 1
(SCA1) and spinocerebellar ataxia type 2 (SCA2)
using linear discriminant analysis.

Fig. 6 : Confusion matrix for spinocerebellar ataxia type 1
(SCA1) and spinocerebellar ataxia type 2 (SCA2)
using support vector machine.
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TABLE III :
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Time and frequency domain measures of HRV (linear and non-linear),
systolic BPV, systolic BRS and CASS in SCA1 and SCA2 patients.

Parameter

SCA1 (n=31)

SCA2 (n=40)

p-value

23.59±10.75
13.19 (9.30–17.18)

24.07±11.71
13.57 (8.17–21.98)

0.859
0.912

62.44 (47.65–69.64)
30.30 (23.10–41.19)
196.60 (148.40–273.40)

58.74 (45.44–70.49)
28.57 (20.22–44.68)
170.80 (146.90–216.20)

0.931
0.551
0.177

1.24 (0.92–1.75)
4.07±1.56

1.31 (0.79–1.83)
4.2±1.74

0.995
0.912

5.17±2.13
1.92 (1.63–2.32)

5.34±2.26
2.00 (1.56–2.44)

0.743
0.689

74.29 (61.74–83.73)
21.08 (10.04–33.53)
241.30 (192.20–501.60)

73.06 (58.78–83.92)
18.25 (9.04–30.05)
239.50 (164.70–318.10)

0.894
0.498
0.196

7.43 (5.54–9.87)

7.92 (5.48–12.24)

0.693

1.40 (1.17–2.57)
1.98 (1.44–4.18)

1.47 (0.94–2.52)
2.05 (1.05–3.88)

0.469
0.741

a) Cardiovagal subscore
b) Adrenergic subscore
c) Sudomotor subscore

0 (0–1)
1 (1–1)
3 (2–3)

0.5 (0–2)
1 (1–1)
3 (2–3)

0.397
0.364
0.935

Total CASS

4 (4–6)

5 (4–5)

0.904

Time domain HRV indices (linear)
SDNN (ms) #
RMSSD (ms)
Frequency domain HRV indices (linear)
LF (nu)
HF (nu)
Total Power (nu)
HRV indices (non-linear)
SD1 (nu)
SD2 (nu) #
Time domain systolic BPV indices
SDNN (mmHg) #
RMSSD (mmHg)
Frequency domain systolic BPV indices
LF (nu)
HF (nu)
Power (nu)
Time domain systolic BRS indices
All BRS (ms/mmHg)
Frequency domain systolic BRS indices
-LF (ms2)
-HF (ms2)
Composite autonomic severity score (CASS)

All values are expressed as median (interquartile range).
#
The values are expressed as Mean±SD, n denotes number.
Abbreviations: SCA = spinocerebellar ataxia; HRV = heart rate variability; SDNN = standard deviation of all NN intervals; RMSSD = the
square root of the mean of the sum of the squares of differences between adjacent NN intervals; LF = low frequency; HF = high
frequency; SD = standard deviation; ms = millisecond; nu = normalized unit; BPV = blood pressure variability; BRS = baroreflex sensitivity.

the SVM classification for SCA patients (Fig. 6). For
SVM classifier, SCA1 had 80% sensitivity and 60%
specificity while SCA2 exhibited 60% sensitivity and
80% specificity. The overall accuracy of both the
classifiers is shown in Fig. 7 which represents the
average classification accuracy of both the methods LDA and SVM in SCA1 and SCA2 patients together.

Discussion
Almost 40-70% of Spinocerebellar Ataxia (SCA)
p a t i e n t s h a v e a u t o n o m i c d ys f u n c t i o n ( 6 - 1 0 ) .
Autonomic function testing is feasible, non-invasive

Fig. 7 : A verage c l as s i f i c at i on ac c urac y by us i ng l i near
di scrim i nant c las sif ier (LDA ) and support vect or
machine (SVM) for both spinocerebellar ataxia type
1 (SCA1) and spinocerebellar ataxia type 2 (SCA2)
patients together.
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and inexpensive technique for clinical assessment.
SCA patients’ classification into their respective
subtypes is still an uphill task for clinicians. W e
hypothesized that certain autonomic profile pattern
might typify certain ataxia subtypes. Thus this study
was d es ig ne d to a tt em p t to c ha r a c t er ize th e
autonomic functions in two most prevalent forms of
SCA - SCA1 and SCA2 and then utilize them to
classify SCA patients. Interestingly, individually
these tests do not differ between SCA1 and SCA2
but when they are used together by classifier there
emerges a definitive pattern to characterize the SCA
subtypes. On similar lines, other authors have tried
to classify SCA subtypes based on either their
clinical symptom s or their magnetic resonance
imaging (MRI) findings (24-26). But their limitations
lies in the fact that they require expertise, involve
expensive equipments and might be tedious for the
patients.
T h is s t udy us ed LD A a nd SV M c las s if ie r f or
classification of SCA patients. These classifier have
been previously used in ataxia patients to
characterize on the basis of either gait patterns or
MRI findings (27, 28). The autonomic function based
classifier in the present work could achieve an
average accuracy of 80% using LDA classifier,
whereas this accuracy was decreased to 70% by
using SVM classifier. LDA emerges as a better
classifier for our data with higher accuracy. The
advantage of LDA is its capacity to precisely classify
even with a smaller learning data and thus can be
implemented faster with less complexity, which
accounts for its better performance (21).
Our findings indicate that certain genetic subtypes
of SCA tend towards a unique autonomic profile.
Our study suggests that using autonomic function
based parameters we can effectively classify SCA1
and SCA2 patients using LDA classifier.
These algorithms are freely available for use in
MATLAB, R and many other platforms where the
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user can feed his data and utilize them to categorize
it. The advantage of machine learning is it can be
used to discover relevant features in otherwise
disordered datasets and it can sort a large array of
parameters together (which is not humanely possible)
to categorize datasets accurately. It can effectively
handle multi-dimensional huge set of data in less
time and thus saves lots of time and resources.
Machine learning tools have a huge scope in fields
like physiology where we handle enormous amount
of biological signal data having huge variability.
Our study was focused on SCA1 and SCA2 patients;
however inclusion of other subtypes of SCA would
h a v e a u g m en t e d th e c l in i c a l u t i l i ty. B e c a u s e
autonomic profiles are highly influenced by the patient
population and case ascertainment, these results
will be m os t valuable f or the pres ent patient
population seen at this referral center. Despite these
limitations, the present autonomic function tests offer
promising, cost- effective and reliable classification
of SCA1 and SCA2. The future course would include
recruitment of more number of SCA patients.
This study evaluated full battery of autonomic function
tests in order to classify SCA1 and SCA2 subtypes.
Although alone these tests are unable to differentiate
SCA1 and SCA2 but when utilized together using
classifier they successfully categorize SCA subtypes.
This system offers a good accuracy along with being
non-invasive, cost effective and convenient. Thus, it
may prove to be a clinically reliable, inexpensive
and non-invasive alternative for the characterization
of SCA1 and SCA2 patients.
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