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Abstract 
A better classification between patients with parkinson disease and healthy adults is of great importance for 

clinicians and directly affects the selection of treatment method, the adjustment of medication dose, or even 

the decision about a dopaminergic therapy. Clinicians widely use semi-objective/subjective assessments in 

order to be able to differ patients from healthy adults. Here, to make an objective classification between two 

distinct groups (healthy/patient), we apply a powerful method, recurrence quantification analysis, on data 

including trajectory behavior of gait reaction forces with long length collected from elderly patients with 

Parkinson disease and healthy adults as they walk. We show that the complexity measures of the 

quantification analysis, determinism, entropy and divergence, behave different for two distinct groups 

(healthy/patients) and may be used for an objective classification. 

Keywords: Complexity measures, Recurrence Plot, Gait Reaction Force, Parkinson Disease.

 

1. Introduction 

Parkinson Disease (PD) is a common, debilitating neurode-

generative disease. PD occurs in about 1% of the population 

over the age of 60 and being widespread increases with age 

(about 20% of people over the age of 80). The disease affects 

gait and mobility related to the motor functions and causes 

functional disorder and death of vital nerve cells producing 

dopamine being a chemical messenger that sends messages 

to the part of brain that controls movement and coordination 

such as gait ability and balance [1].  

Doing a better discrimination between patients with PD and 

healthy adults is important for clinicians so that it directly 

affects the selection of treatment method, adjustment of me-

dication dose, or even the decision about dopaminergic the-

rapy [2]. Clinicians often use semi-objective/subjective met-

hods such as Hoehn-Yahr staging, which is the most popular 

subjective scaling used wordwide, Unified Parkinson’s Dise-

ase Rating Scale (UPDRS), Short Falls Efficacy Scale-Inter-

national (Short FES-I), etc [3, 4, 5]. Due to the subjectivism 

of the clinical methods, in the literature, there are many ef-

forts in order to be able to make an optimal classification 

using objective ones [6].  

In this sense of the objective methods, gait variables of pati-

ents with PD and healthy adults as control group have been 

widely studied to differ patients and healthy adults using 

some analysis regarding informatics approaches or li-

near/nonlinear methods on gait reaction force (GRF) collec-

ted from adults as they were walk normally [7]. It has been 

reported in the literature that fluctuations in stride times for 

healthy adults have self-similar fractal structures and they are 

correlated variables possessing some memory effects and 

hidden temporal structures, However, for a patient with PD, 

these self-similar structures disappear and fluctuations with 

short magnitude about the mean in stride times become 

completely random (i.e., statistically independent) [8]. Haus-

dorff and co-workers originally showed for the these data sets 

using Detrended Fluctuation Analysis (DFA) that the data 

from healthy subjects generally possess fractal scaling indi-

ces of around 0.8 − 1.0, while the DFA scaling exponent be-

comes close to 0.5 for gait rhythm of a patient with PD. Any 

value between 0.8 and 1.0 represents long-range correlati-

ons, whereas values close to 0.5 will be representative of un-

correlated, random occurrences [9]. In our previous work, we 

showed the relation between success rate of classification of 

adults as healthy/patient and Hoehn-Yahr stages using ent-

ropy-based complexity measures, Shannon, Kullback-Leib-

ler and Renormalized entropies [10]. Bernard-Elezari et al. 

discriminated patients with PD from healthy older adults 

with a high accuracy by applying a machine learning algo-

rithm on the data from patients with PD [11]. Recently, we 

made a classification between healthy adults and patients 
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with PD (not elderly) applying requrrence quantification 

analysis on gait data with short length [12]. 

In clinical studies, it is not usual and easy to collect large 

number of strides from patients with PD [13]. Therefore, 

here, we apply a powerful method, Recurrence Plot [14], for 

analysis of both short/long time series in clinical conditions 

and classification of distinct regimes (healthy/patient, high 

risk/low risk, periodic/chaotic, etc).  

Recurrence is one of the fundamental features of dynamical 

systems and introduced by Poincare in 1980 [15]. Poincare 

recurrence theorem states that almost all trajectories of dyna-

mical systems will return very close to their previous positi-

ons after a sufficiently long time. Investigation of dynamical 

properties systems by recurrences can be visualized in two 

dimensional plot which is called Recurrence Plot (RP) and be 

derived quantification analysis, RQA, are based on point 

density and line structures visible in the RP. This technique 

shows robustness and stability, and provides an alternative 

for quantifying order and disorder of physical systems. In or-

der to understand the underlying dynamics of complex sys-

tems, this method has been applied to various real-world sys-

tems in neuroscience, financial science to geophysical and 

climate systems as well as model systems [16]. 

We organized the letter as follows:  

 

i. We show efficiency of RP for distinct systems, periodic, 

quasi-periodic, Brownian and random (stochastic) after 

technical details of RP and RQA. 

ii. Using a windowing procedure, we apply the recurrence 

technique on the data including swing forces in GRF from 

elderly patients with PD and healthy adults and show a 

classification between adults as healthy/patient in RP as a 

visualization. 

iii. We present the complexity measures, determinism, ent-

ropy and divergence, of the RQA for a distinction of the 

groups which consist of elderly patients and healthy adults. 

 

2. Materials and Methods 

2.1 Database and pre-processing 

In this work, the data set collected by Hausdorff’s group is 

used [17]. They developed a footswitch system including gait 

variables (GRF) of patients with PD and healthy adults and 

used a force-measuring unit [18] consisting of a pair of shoes 

including a total 16 force transducers with a surface of about 

10 cm2 each (Figure 1). The database which contains gait va-

riables of patients with PD (mean age: 66.3 years, 63% men) 

and 73 healthy controls (mean age: 66.3 years, 55% men) is 

available in ‘PhysioBank Database’ [19].  

For the database, vertical ground reaction forces (in Newton) 

were recorded using 8 force sensors underneath each foot 

when the subjects walked normally (no tasking conditions) 

on a self-selected pace for approximately 120 seconds in a 

well-lit, obstacle free, 25-m long corridor. The output of 16 

sensors were digitized and recorded with ∆t = 0.01 sec.  

In Figure 2, it can be seen that the total GRF is a time series 

during successive strides of an adult. In this research, we use 

the data of total GRF under the left foot (Swing Force), which 

is strongly correlated with swing of the right foot, whenever 

total GRF under the right foot equals zero during successive 

swings. The corresponding data that we have used in this re-

search has length N = 2000. We apply the RQA for each  

swing using a windowing technique (totally 10 window with 

window length NW = 200) and calculate the complexity me-

asures of RQA for patients with PD and healthy adults, sepa-

rately. We totally use 9 elderly patients (Ages≥ 80, Mean 

Figure 2. Total ground reaction force (GRF) underneath 

left and right foot during successive strides of an adult. 
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Exclusion criteria for the control group were a history of neuro-
logical or medical disorder that might interfere with a normal gait
pattern, dementia (Mini-Mental State Examination score < 24) and
an abnormal gait. All patients were required to be able to walk for a
period of 20 s with only stand-by supervision from the examiner .

Neuropsychological assessment

Patients were investigated by means of a structured neurological ex-
amination using an extensive neuropsychological test battery includ-
ing Stroop test (parts I, II, and III), verbal fluency tests, Digit Span for-
ward and backward (Wechsler Adult Intelligence Scale, WAIS), Word
List Learning (Nürnberger Alters-Inventar, NAI, containing recall
and retrieval tasks), Mini-Mental State Examination (MMSE), the
Cambridge Examination for Mental Disorders of the Elderly cogni-
tive test (CAMCOG), Structured Interview for the Diagnosis of De-
mentia of the Alzheimer type, Multiinfarction Dementia and Demen-
tias of Other Etiology (SIDAM), Wisconsin Card Sorting Test, Tower
of Hanoi, Raven Standard Progressive Matrices (RSPM), Brief As-
sessment Interview, Token Test, self-assessment scale (Nürnberger
Alters-Inventar, NAI), Corsi Block Tapping and the Vienna reaction
device. The neuropsychological test battery was always administered
after the MRI and gait analyses were performed, with a mean interval
of 3 days. Information regarding the level of formal education was
elicited in the interview. For a more adequate use of the National In-
stitute of Neurological Disorders and Stroke SVE criteria [5] a new
global score (NPS) containing selected, weighted parts of the above
test battery was introduced to identify different patient subgroups and
to improve long-term follow-up. Detailed results of neuropsycholog-
ical studies are reported elsewhere [6].

Magnetic resonance imaging

MRI studies were performed with a 1.5-T superconductive unit us-
ing a circular polarizing head coil (Magnetom 63 SP, Siemens Med-
ical Systems, Erlangen, Germany). T1- and T2- and proton-density
weighted spin-echo images were obtained in the transverse plane to
evaluate structural lesions. The diagnostic criterion for infarction
was an increased intensity in T2-weighted images corresponding to
decreasing intensities in T1-weighted images in typical vascular ter-
ritories; white matter lesions (WMLs) were diagnosed in areas of in-
creasing intensities in T2-weighted images only. MRI data were stan-
dardized by a planar elastic matching procedure on a stereotactic
atlas. Image presentation demonstrated the incidence of WMLs and
lacunar infarctions using superimposed grey scale ratings. Scans
were rated for lacunar, periventricular, and diffuse WMLs separately
for degree and topography. Results have been published in detail
elsewhere [7].

Among the 119 patients studied in cross-section 39 patients were
re-examined at a minimum follow-up interval of 12 months (mean
26, range 12–63) to assess the course of gait disturbance in a prospec-
tive longitudinal study (Table 1).

Data presentation

The computerized gait analysis (CGA) system (Fig. 1) is based on a
force-measuring unit consisting of a pair of shoes including a total
16 force transducers with a surface of about 10 cm2 each. The shoes
can easily be attached to and removed from the subject’s bare feet.
Eight of the transducers cover the surface of the sole of a shoe.

The capacitance of a force transducer is transformed into a fre-
quency by a capacitance dependent timer; the frequency is transmit-
ted to the measuring device and converted into a voltage by means
of a phase locked loop. The voltage is scanned every 20 ms by means
of an analogue-to-digital converter located in the measuring device.
This device is attached to the patient’s body through a cable and, af-

ter having carried out up to four measurements, is connected to a per-
sonal computer to sample and store the gained data. Each measure-
ment records 20 s of walking, resulting in a total of 16,000 bytes of
data.

To show the forces in the same way in which they were measured,
the left and right foot are outlined with a bar graph at the location of
each force transducer. The height of the filling is proportional to the
force measured at the given time (histogram: Fig. 2a). A force/time
diagram can be plotted for each force transducer separately as well
as for the total vertical reaction force per foot as a function of time,
calculated by adding the eight individual forces per foot (Fig. 2b).
Maximum values in healthy subjects represent the moments of heel-
strike and push-off (Fig. 2c, d).

We focused our analysis on off-line calculation of gait-lines rep-
resenting the course of the force application point during foot heel-
to-toe movement (Fig. 3a) and of the cyclogram displaying a butter-
fly-shaped graph calculating the course of the point of gravity
resulting from vector addition of all 16 force transducers when both
feet are considered to be fixed in a virtual plane (Fig. 3b, c).

Taking into account the phases of a gait cycle, left and right ver-
tical lines represent the single support phases, whereas diagonal/hor-
izontal lines display the shift of the centre of gravity from one foot
to the other during the double support phases. Gait lines demonstrate
left and right stance phases (Fig. 4).

Gait Disorder Score

We developed a score to monitor the clinical course of SVE and the
effect of treatment on disease severity using the following six vari-
ables (Tables 2, 3):
– GDS 1: Cadence (steps/min). The cadence reflects the step fre-

quency and, together with the step length, defines the walking
speed, which is reduced as soon as gait steadiness decreases.

– GDS 2: Length of gait lines. This is proportional to the length of

Fig. 1 CGA system consisting
of a pair of shoes including a to-
tal 16 force transducers and a
measuring device attached to the
patient’s body through a cable

Figure 1. Gait analysis system based on a force-measuring 

unit consisting of a pair of shoes including force transdu-

cers and a measuring device attached to the patient’s body 

through a cable [18]. 
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age = 81.4 ± 1.2) with PD, since the database only have 9 

elderly patients in this age range, and 9 elderly healthy adults 

 (Mean age = 76.8 ± 5.4) as control group in accordance 

with the number of elderly patients with PD.  

2.2 Recurrence Plot and Quantification Analysis 

In 1987, Eckmann et al. proposed the recurrence plots (RP) 

to describe the recurrence property of a dynamical system 

and to visualize the time dependent behaviour of orbit 𝑥𝑖 in a 

phase space [20]. The RP can be expressed by the 𝑁 x 𝑁 mat-

rix                                                                                                                  

      𝑅𝑖,𝑗(𝜀) = Θ(𝜀 − ‖𝑥𝑖⃗⃗⃗  − 𝑥𝑗⃗⃗⃗  ‖),      𝑖, 𝑗 = 1,… , 𝑁,       (2.1) 

 

where 𝑁 = 𝐿 − (𝑚 − 1)𝜏, 𝜀 is a threshold distance, Θ(𝑥) is 

the Heaviside function (i.e. Θ(𝑥) = 0 if 𝑥 < 0, and Θ(𝑥) =
1 if 𝑥 > 0) and ‖∙‖ is a norm (i.e. Euclidean norm) [14]. 

Phase space vector 𝑥𝑖⃗⃗⃗   can be reconstructed using Taken’s 

time delay method, 𝑥𝑖 = (𝑢𝑖 , 𝑢𝑖+𝜏, … , 𝑢𝑖+(𝑚−1)𝜏), based on 

the observations 𝑢𝑖 where 𝑚 is embedding dimension and 𝜏 

is time delay. The recurrence plot is obtained by plotting the 

recurrence matrix in Eq. (1). Recurrence states which are in 

𝜀-neighbourhood (i.e. (𝜀 − ‖𝑥𝑖⃗⃗⃗  − 𝑥𝑗⃗⃗⃗  ‖)>0) state that 

𝑅𝑖,𝑗(𝜀) = 1 and it is plotted a black dot at the coordinates 

(𝑖, 𝑗), otherwise states that 𝑅𝑖,𝑗(𝜀) = 0 which leads to a white 

dot at the coordinates (𝑖, 𝑗) in RP.  

 

Several criteria for the choice of the threshold value have 

been advocated in the literature [14]. One of these uses a 

fixed number of neighbours (FAN) 𝑁𝑛 for every point of tra-

jectory that the threshold value 𝜀𝑖 changes for each state to 

set up all columns of RP have the same point density the way 

that recurrence rate adjusted a fixed value with 𝑅𝑅 = 𝑁𝑛/𝑁 

[20]. It should be noted that there may be almost no recur-

rence point if 𝜀 is chosen too small, but almost every point is 

a neighbour of the others in phase space if 𝜀 is too large. For 

the choice of embedding dimension and time delay, simi-

larly, if 𝑚 is too small, the geometry is not entirely unfolded, 

on the other hand, it leads to a round off error if 𝑚 is too 

large. Moreover, choosing a proper time delay 𝜏 is based on 

the detection of the first local minimum of the mutual infor-

mation as the most common method in the literature [14]. 

 

To show efficiency of the RP method, in Figure 3, we plot 

distinct time series and corresponding RPs regarding perio-

dic, quasi-periodic, Brownian and random motions simula-

ting from the sine function, the quasi-periodic circle map, the 

cumulative sums of random displacemets of single particle in 

one dimension and the white noise, respectively. The diogo-

nal lines emerge in RP for both periodic and quasi-periodic 

motions so that these are long diogonals and with equal dis-

tances for periodic signal although they are shorter and with 

different distances for quasiperiodic one. For the Brownian 

motion, band structured patterns with single isolated points 

occur although it can be only seen isolated points for random 

(uncorrelated) motion. 

Several measures can be calculated using RQA to identify 

dynamics and the degree of order/disorder of systems. The 

simplest measure of RQA is the recurrence rate (RR) or per 

cent recurrence 

                       𝑅𝑅(𝜀) =
1

𝑁2
∑ 𝑅𝑖,𝑗

𝑁
𝑖,𝑗=1 (𝜀),                       (2.2) 

which is a measure of density of recurrence points in RP. The 

average number of neighbours that each point on the trajec-

tory has in its 𝜀-neighbourhood is defined by 

                          𝑁𝑛(𝜀) =
1

𝑁
∑ 𝑅𝑖,𝑗

𝑁
𝑖,𝑗=1 (𝜀).                      (2.3) 

The next measures are based on the histogram 𝑃(𝜀, 𝑙) of dia-

gonal lines of length 𝑙, i.e. 

𝑃(𝜀, 𝑙) = ∑ (1 − 𝑅𝑖−1,𝑗−1(𝜀)) (1 − 𝑅𝑖+𝑙,𝑗+𝑙(𝜀))
𝑁
𝑖,𝑗=1 …   

                ∏ 𝑅𝑖+𝑘,𝑗+𝑘(𝜀)
𝑙−1
𝑘=0                                              (2.4) 

Figure 3. The distinct time series (upper) and corresponding recurrence plots of periodic, quasi-periodic, brownian and 

random motions from the left to right one, respectively (m=3, τ=2, Nn/N=0.05). 
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The ratio of recurrence points that form diagonal structures 

(of at least length 𝑙𝑚𝑖𝑛 = 2 in this research) to all recurrence 

points 

                         𝐷𝐸𝑇 =
∑ 𝑙𝑃(𝜀,𝑙)𝑁

𝑙=𝑙𝑚𝑖𝑛

∑ 𝑙𝑃(𝜀,𝑙)𝑁
𝑙=1

                               (2.5) 

is a measure of determinism (or predictability) of system. It 

should be noted that deterministic systems possess longer di-

agonals and less single isolated points in RP whereas stoc-

hastic or chaotic systems have none or very short diagonals. 

The Shannon entropy of the probability distribution of the 

diagonal line lengths 𝑃(𝜀, 𝑙) is defined by    

                  𝐸𝑁𝑇 = −∑ 𝑃𝑁
𝑙=𝑙𝑚𝑖𝑛

(𝜀, 𝑙) ln 𝑃(𝜀, 𝑙)              (2.6) 

Another RQA measure is about length of longest diagonal 

𝐿𝑚𝑎𝑥  in the RP, or its inverse, the measure of divergence  

𝐿𝑚𝑎𝑥 = max ({𝑙𝑖}𝑖=1
𝑁𝑙 ),   respectively   𝐷𝐼𝑉 =

1

𝐿𝑚𝑎𝑥
 ,        (2.7)                    

where 𝑁𝑙 = ∑ 𝑃(𝜀, 𝑙)𝑙≥𝑙𝑚𝑖𝑛
 is the total number of diagonal li-

nes. The measure of the divergence is related to the exponen-

tial divergence of the phase space trajectory [14, 20]. 

In this letter, as a first step of RQA, we reconstruct the m-

dimensional phase space trajectory. To define appropriate 

delay time 𝜏, mutual information as a function of the time 

delay is calculated for each swing forces from gaits of the 

healthy adults and the patients with PD. The optimal values 

of 𝜏, based on the detection of the first local minimum of the 

mutual information function, vary around 10.22 ∓ 2.41 

(mean and standard deviation) for the data sets. The optimal 

delay time, 𝜏 = 10, is selected in this range for reconstruc-

tion of phase space. To determine proper embedding dimen-

sion, the percentage of false nearest neighbours for replaced 

values of the embedding dimension is calculated for the data 

sets regarding swing forces. The optimal embedding dimen-

sion 𝑚, based on the criteria of the percentage of false nearest 

neighbours being less than 1%, ranges in 5.17 ∓ 1.34 (mean 

and standard deviation) fort he data sets. Therefore, we cho-

ose 𝑚 = 5 for the topologically proper reconstruction of the 

phase space. 

3. Results and Discussion 

Firstly, we show the differences between visualisations of 

RPs obtained from gait variables (swing forces) of an elderly 

healthy adult and an elderly patient with PD randomly chosen 

from two distinct groups.  

In Figure 4, it can be seen that the portrait of the RP from 

swing forces collected from the healthy adult is very similar 

to those of from the time series of quasiperiodic motion due 

to long diagonal lines with different distances. The diagonals 

start to break down in the RP of the data from the elderly 

patients with PD as can be seen in Figure 5. This case points 

out that there is a kind of transition in gait variables from the 

healthy adults to the patients.  

Secondly, in order to define type of the transition between 

data of the adults, we apply the RQA using a windowing 

technique on the data coming from swing forces and we show 

tendencies of the complexity measures of RQA (DET, ENT 

and DIV) through each window for the patient with PD and 

the healthy adult in Figure 6, seperately. It can be clearly seen 

that the healthy adult and the patient with PD have different 

tendencies through the windows. For the heallthy adult, DIV 

measure posssess lower tendency than those of the patient 

with PD as DET and ENT measures have higher tendencies. 

Figure 4. Swing forces as a time series (upper) and corres-

ponding RP (lower) of an elderly healthy adult (m=3, τ=2, 

Nn/N=0.05). 

Figure 5. Swing forces as a time series (upper) and corres-

ponding RP (lower) of an elderly patient with PD (m=3, τ=2, 

Nn/N=0.05). 
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Decreasing determinism and increasing divergence may cha-

racterize three kind of transitions between distinct regimes, 

quasiperiodic-periodic, periodic-chaotic or quasiperiodic-

chaotic. However, also decreasing entropy quarantees that 

the transition is from the quasiperiodic regime to the periodic 

one which leads to increasing degree of order. It is well 

known that this feature was shown to be related to the ability 

of quasiperiodic system to encode more information, in the 

Shannon sense, than periodic ones. 

Thirdly, we present box plot of the average values of the 

RQA measures over windows for two distinct group inclu-

ding elderly healthy adults and patient with PD (totally 18 

adults) in Figure 7. Although two distinct groups as healthy 

and patient can be classified according to their median and-

mean values, if the standard deviations in the values of mea-

sures is considered, DET measure of RQA makes a better 

classification than the others between the distinct groups. In 

the light of these results, specially, DET measure can be pro-

pose as a method for an objective classification between he-

althy/patient adults.  

Lastly, we summarize the results in Table 1 including me-

dian, mean and standard deviations of the groups, which re-

gards measures of the RQA for the healthy/patient adults. 

Table 1. The values of median, mean and standard deviations 

of the groups regarding healthy/patient adults. 

RQA 
Measures 

Health Group Patient Group 

Median MeanStd Median MeanStd 

DET 0.886 0.890.03 0.842 0.840.05 

ENT 1.972 1.990.14 1.860 1.840.20 

DIV 0.054 0.0460.02 0.044 0.0510.03 

 

4. Conclusions 

We have shown the efficiency of the RP method using diffe-

rent short time series including periodic, quasi-periodic, 

brownian and random dynamics, and have displayed diffe-

rences of dynamics as the RP visualitions. Later, we have 

applied the recurrence technique on gait reaction force data-

base and have shown the differences in the RPs for an elderly 

healthy control and a patient with PD. Using a windowing 

method on the time series, we have also shown that RQA me-

asures of the subjects differ from the healthy adult to the pa-

tient one in terms of their tendencies. From the healthy adult 

to the patient one, trends of the measures lead to a scale-down 

for the DET and ENT measures as the behavior has a scale-

up for the DIV measure. This kind of changings of the mea-

sures may characterize that there is a transition from quasi-

periodic regime to periodic one in the the gait data. Lastly, 

we have apllied the analysis (RQA) on all adults in two distict 

group which include healthy adults and patients with PD, se-

parately, and we have shown that DET measure from the 

RQA is very convenient to make an objective classification 

between healthy and patient adults. 
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