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SUMMARY 
Parkinson's disease (PD) is a common neurodegenerative 
disease with symptoms of bradykinesia, rest tremor, rigidity, 
and postural instability. Currently there is no definitive 
diagnosis of PD.  The disease is diagnosed by a clinician who 
qualitatively evaluates a patient’s visible symptoms during a 
physical exam. Post-mortem histology has shown that the 
accuracy of clinical diagnoses can be low, ranging from 74% 
to 90%. 
 
We have developed an artificial neural network (ANN) which 
classifies subjects as healthy or PD based on vertical GRF 
features. Data from a total of 40 PD subjects and 40 healthy 
controls (COs) was gathered from two previously published 
studies via a public online database. Eight vertical GRF 
features were measured and used as the input into the ANN. 
The average PD subject’s vertical GRF was found to having 
less high frequency power, smaller first and second peak 
amplitudes, and a delayed occurrence of the first peak. 
Detrended fluctuation analysis (DFA) determined the PD 
subjects had on average more long term correlation in their 
swing time intervals as measured over 70 strides. The ANN 
successfully diagnosed 10 out of 10 PD patients (sensitivity of 
100%) and 9 out of 10 healthy COs (specificity of 90.0%). 
 
INTRODUCTION 
PD is a common neurodegenerative disease affecting 4 million 
people worldwide with higher incidence in elderly people.  
The characteristic symptoms of PD are bradykinesia, rest 
tremor, rigidity and postural instability. A clinical diagnosis of 
PD is subjective and requires parkinsonian symptoms to be 
present. Furthermore, post-mortem histology has shown that 
the accuracy of clinical diagnoses can be low, ranging from 
74% [1] to 90% [2]. The lack of a biomarker available for a 
definitive diagnosis motivates the need to develop novel 
diagnostic tests that have high accuracy and can potentially be 
utilized during the prodromal period (i.e. before the 
symptomatic and clinically diagnosable period). 
 
Two groups have developed PD diagnostic tests based on 
classification of biomechanical markers with machine learning 
algorithms. Chan et al. performed correlation analysis on 
upper extremity kinematics and then used a least square 
support vector machine to classify 14 PD and 14 healthy 
patients [3]. Muniz et al. performed principle component 
analysis on the ground reaction force (GRF) and then 
compared the performance of a probabilistic neural network, 

support vector machine and logistic regression in classifying 
15 PD and 30 control (CO) subjects [4]. While these results 
are encouraging, studies with larger sample sizes are still need.  
Further investigation may also lead to the determination of 
other novel PD biomechanical markers.  
 
Recent work has demonstrated that the variability of swing 
phase intervals during steady state gait is significantly 
different between PD and healthy CO patients [5]. Detrended 
fluctuation analysis (DFA) which can distinguish between 
white noise, brown noise, and fluctuations with short or long 
term correlation have shown that stride time intervals have 
long term correlation (power-law scaling) that differ between 
young healthy, elderly and diseased subjects [6]. These and 
other vertical GRF features have not been used to diagnose 
PD. 
 
The aim of this study is to evaluate the accuracy of a novel 
artificial neural network (ANN) classifier which operates on 
GRF features that have previously not been utilized to 
diagnose PD. The ANN will be developed and tested with a 
large sample size of 40 PD and 40 CO patients. 
 
METHODS 
The vertical GRF from a total of 40 PD subjects and 40 
healthy COs was gathered from two previously published 
studies via a public online database [5,7,8]. The mean Unified 
Parkinson’s Disease Rating Scale of the PD patients was 41.3 
± 9.4.  In each study the vertical GRF was measured by insoles 
(Infotronic Datatech, The Netherlands) while the subjects 
walked at their usual, self-selected pace for 2 minutes on level 
ground.  For each subject the following eight features were 
calculated from the vertical GRF: 1) average power between 
0.5 Hz and 1.5 Hz (dB); 2) average power between 1.5 Hz and 
20 Hz (dB); 3) swing phase (% gait cycle); 4) first peak 
magnitude (N/BW); 5) second peak magnitude (N/BW); 6) 
time of first peak (% stance phase);  7 & 8) DFA’ scaling 
exponent α for the left and right foot. 
 
The average power in the two frequency bands was calculated 
by integrating the power spectral density of the first 2048 
samples (20.48 sec.) of the vertical GRF signal.     
 
Heel strike and toe off events were automatically detected and 
used to extract 70 consecutive gait cycles for each subject. The 
swing phase portion of gait, magnitude of the first peak, 
magnitude of second peak, and when the first peak occurred 
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were calculated from each gait cycle and averaged over all 
strides. 
 
DFA was used to analyze the degree of long range (power 
law) correlation in the swing phase time series by determining 
the scaling exponent α [6]. Briefly, for a process where the 
value at one step is completely uncorrelated with any previous 
values, e.g. white noise, α will be 0.5. When 0.5< α < 1.0 the 
process is said to have persistent long range correlations, e.g. a 
brief swing phase is more likely to follow a brief swing phase. 
When α < 0.5 the process is said to be anti-correlated, e.g. a 
brief swing phase is more likely to follow a long swing phase. 
 
Because parkinsonian symptoms are often worst on one side 
of the body, the minimum value between the left and right foot 
was used for the first five vertical GRF features.  For feature 
6, time of the first peak, the maximum was used. The DFA’ 
scaling exponent α was used as feature 7 (left foot) and 8 
(right foot) with no minimum or maximum taken.       
 
The 80 subjects were randomly divided up into three groups 
consisting of 50% for training (40 subjects), 25% for 
validation (20 subjects) and 25% for testing (20 subjects). A 
two-layer feed-forward ANN, with sigmoid activation 
function in the hidden and in the output neurons, was 
designed, trained, and tested using Matlab’s ANN pattern 
recognition toolbox. The ANN had 8 inputs (vertical GRF 
features) and two outputs (PD or CO) (Figure 1).  Each input 
node was connected to all the hidden layer nodes through a 
weighted synaptic connection. The value at each hidden node 
consisted of a linear weighted sum of all the input nodes, with 
the weights allowed to vary based on the training data. The 
number of hidden neurons was adjusted iteratively in an effort 
to maximize the networks performance. The network was 
trained using a scaled conjugate gradient backpropagation 
algorithm. Once trained, the reserved testing data was used to 
evaluate the performance of the diagnostic test when presented 
with 20 new patients. The sensitivity and specificity of the 
ANN diagnostic test were calculated and summarized in a 
table of confusion.  

 

Figure 1:  Artificial neural network structure with 8 input 
nodes 8 hidden neurons and two output nodes.  
 
RESULTS AND DISCUSSION 
The mean ± 1 SD of the GRF features was as follows:  
average power between 0.5 Hz and 1.5 Hz, 0.242 ± 0.087 dB 
(PD) and 0.258 ± 0.048 dB (CO);  average power between 1.5 

Hz and 20 Hz, 0.028 ± 0.012 dB  (PD) and 0.040 ± 0.016 dB 
(CO); swing phase, 36.53 ± 2.44% (PD) and 38.68± 1.32% 
(CO); first peak magnitude, 1.27 ± 0.21 N/BW (PD) and 1.36 ± 
0.18 N/BW (CO); second peak magnitude, 1.17 ± 0.19 N/BW 
(PD) and 1.24 ± 0.14 N/BW (CO); time of first peak, 25.85 ± 
4.58% (PD) and 22.43 ± 4.29% (CO). The DFA demonstrated 
that the fluctuations in the swing phases were close to 
completely random for the CO patients (mean α=0.559) 
whereas the PD patients had a greater degree of long range 
(power law) correlation (mean α=0.662). In summary, on 
average a PD subject’s swing phase, as a percent of the gait 
cycle, was shorter. Their vertical GRF was found to have less 
high frequency power, smaller first and second peak 
amplitudes, and a delayed occurrence of the first peak.  
 
The scaled conjugate gradient backpropagation algorithm took 
8 epochs to train the ANN. The final number of hidden 
neurons used was 8. The ANN successfully diagnosed 10 out 
of 10 PD patients (sensitivity of 100%) and 9 out of 10 healthy 
COs (specificity of 90.0%) (Table 1). The ANN incorrectly 
diagnosed 10.0% of the COs as having PD (false positive) and 
0% of the PD patients as being healthy (false negative). 
 
Table 1:  A table of confusion showing the ANN performance 
in terms of sensitivity and specificity. 

ANN Diagnosis Actual Diagnosis  
  CO PD total 
 

CO 
9 

45% 
0 

0.0% 100% 

 
PD 

1 
5% 

10 
50% 90.9% 

 total 90% 100% 95.0% 
 
CONCLUSIONS 
Eight features of the vertical GRF have been shown to be 
potential biomechanical markers for the diagnosis of PD.  The 
total accuracy of the ANN classifier (95%) is greater than the 
highest reported clinical diagnostic accuracy (90%) [2]. The 
utility of machine learning, a powerful enabling technology 
for diagnostics, can be amplified when large data sets are 
shared through online databases. 
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