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Gait Motion Classification for Neurodegenerative Diseases by
Recurrence Structure Analysis

Gauthier Debes, Diwei Wang, Peter beim Graben, Frédéric Blanc, Candice Muller, Hyewon Seo, and Axel Hutt

Objective: Gait analysis plays a significant role in clinical assessments to discriminate neurological disorders from healthy controls,
to grade disease severity, and to further differentiate dementia subtypes. Methods: In this paper, we propose to apply recurrence
structure analysis (RSA) as a method to classify pathological gait tasks from 3D skeleton pose sequences. Results: For each
dataset, RSA yields symbolic sequences, whose complexity reflects the subject’s gait movement complexity. A new gait movement
model permitted to derive novel complexity measures, which serve as classification features. Applying a Multi-Layer Perceptron
classification to healthy and pathological subjects suffering from Alzheimer Disease (AD) or Dementia with Lewy Bodies (DLB)
permits to distinguish subjects with regular and irregular gait and AD and DLB patients. Moreover, the performed analysis indicates
that arms movement is more informative in the distinction of AD and DLB than legs movement. A final comparison to previous
studies of similar data demonstrates that the proposed model-based feature classification outperforms some previous data-based
feature classification methods. Conclusion: Model-based data features permit to discriminate patients suffering from Alzheimer
Disease and Dementia with Lewy Bodies based on gait videos. Significance: Complexity model features derived from gait videos
permit the classification of neurological patients, which outperforms some data-based feature classification methods.

Index Terms—Recurrent structure analysis, Pathological gait classification, 3D human pose sequence.

I. INTRODUCTION

ALZHEIMER’S Disease (AD) and Dementia with Lewy
Bodies (DLB) are two of the most prevalent neurode-

generative diseases affecting the elderly. Numerous studies
have demonstrated that quantitative gait impairment analysis
is a well-established method for assessing these conditions
and evaluating their severity, even in the early, prodromal
phases [1]. By analyzing gait patterns, clinicians can facilitate
earlier detection and ensure effective monitoring of disease
progression.

Gait data have been extensively used to assess patients with
neurodegenerative diseases. For instance, Mannini et al.[2]
applied Hidden Markov Models and Support Vector Machines
to classify gaits in healthy elderly, post-stroke, and Hunting-
ton’s disease patients using inertial measurement units data.
Other studies focused on differentiating dementia subtypes,
such as AD and DLB, leveraging data from pressure-sensitive
electronic walkways to calculate key gait parameters. Muller
[3] identified walking speed and step length asymmetry as key
factors for distinguishing dementia subtypes using decision
trees. Merory et al. [4] further demonstrated that AD and
DLB patients exhibit distinct gait patterns compared to the
general population, while Mc Ardle [5] observed greater step
variability in DLB compared to AD.

These studies were based on observations from wearable
sensors and electronic walkways. Recent studies have shown
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that 3D pose sequences of AD and DLB patients can provide
new insights. For instance, recent deep-learning based methods
deploy neural network models specially designed to consume
time-series data, such as temporal CNN (Convolutional Neu-
ral Networks)[6] or Transformer[7]. Some extract 3D pose
sequences from gait videos and work on those 3D data for
the pathological gait analysis[6], [7], while others develop
methods that directly work on 2D videos[8].

While promising, deep learning methods require a large
amount of training data with a considerable amount of compu-
tational resources. In this paper, we show that our lightweight
method based on a gait model and utilizing recurrence analysis
can achieve performance comparable to many state-of-the-art
deep-learning models.

II. METHODS

A. Data

Gait movement represents a three-dimensional motion and
its classification necessitates three-dimensional recordings.
Since movement data from patients should be recorded with-
out constraining their mobility to gain a realistic classifica-
tion, non-invasive recording techniques are necessary, such
as wearable devices [9], [10], ground reaction force [11] or
videos [12]. Studies of video-sequences can extract the three-
dimensional movement of body joints and analyze these data.
The data in the present work originates from videos of walking
subjects, whose joint locations have been reconstructed from
2D video by using the sequence of image features and the
subsequently estimated gait parameters from it. The group
of subjects under study comprised 50 persons yielding 133
recorded movement videos. Typically, sets of videos were
recorded from the same subject, e.g. from different observation
angles or while walking back and forth. These videos were
taken from healthy subjects and AD patients and DLB patients.
The observed subjects included 25% males and 75% females.
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They were elderly individuals with a mean age of 80.8± 8.8
years (77.3 ± 10.8 years for the males and 82.0 ± 8.0 years
for the females).

These data were categorized by a physician according to
a gait score and a diagnosis. The gait score was based on
the MDS-UPDRS Gait III classification [13] and quantified
gait impairment. It was categorized into four classes ranging
from Normal: No impairment (67 videos), Slight: Independent
Walking with minor gait impairment (42 videos), over Mild:
Independent Walking with substantial gait impairment (14
videos) to Moderate: Requires an assistance device for safe
walking (walking stick, walker) but not a person (10 videos).
The diagnosis distinguished the disease severity of subjects,
which were classified as Healthy (47 videos), Mild Dementia
with Lewy Bodies (19 videos), Mild Alzheimer’s Disease (37
videos), Severe Dementia with Lewy Bodies (12 videos) and
Severe Alzheimer’s Disease (18 videos), see more information
in the Supplementary Material [14].

The present work merged the patient’s videos into specific
groups to classify these groups using the video-based data.
Considering the gait score, in a first regular/irregular setting,
subjects were grouped into a set of normal and non-normal
walking subjects. An additional setting called GaitScoring
distinguished three subject groups including normal walking
subjects, subjects with slight gait impairments and all subjects
with mild to moderate gait impairments.

Complementary to the gait score, we also introduced groups
based on the subjects’ diagnosis. The group pair AD/DLB
distinguishes Alzheimer Disease and Lewy Body Disease
patients, the group set Healthy/Patients permits to compare
healthy subjects and patients, the group TernaryDiagnosis
splits data into the three groups of healthy subjects, Alzheimer
patients and Lewy Body Disease patients.

The datasets represented the position vector time series of
25 joints recorded with a video sampling rate of 30Hz. The
data at each joint represented sets of points in a 3-dimensional
phase space. The duration of the videos was different for each
subject and comprised a diverse number of gait steps (between
2 and 19 full steps). Hence each dataset represented the time-
dependant positions of 25 joints of an individual subject while
walking, see Fig. 1 for illustration of the joints’ positions. The

Fig. 1: Relative location of the 25 joints. The coordinates
in the datasets were given relative to the SpineBase and thus
were translational invariant in the walking person.

joints coordinates were given relative to the root position of
the walking person. This allowed to interpret the coordinates in

one, two, or three dimensions as translation-invariant position
of the subject’s body dependent of time.

B. Recurrence structure analysis

Recurrence structures in high-dimensional systems have
been observed for over a century, beginning with the work
of Poincaré in the 19th century [15]and are well-established
in the study of complex natural systems today [16]. Figure 2
illustrates an example of a multivariate time series and its
corresponding phase space trajectory. Figure 2 (A) displays the
two time series of a right ankle’s signal on the anteroposterior
(top) and craniocaudal (bottom) axes positions of a person’s
right ankle, representing just two dimensions of the three-
dimensional position trajectory. Given that the points are
sampled at constant intervals, the movement is slow, where
data points are close to each other in phase space and fast,
where data points are more distant [17], cf. also Fig. 2(C).In
the remainder of this article, we will call the slow domains
metastable states and the fast domains transient states [18].
Moreover, we point out that Fig. 2(A,C) just illustrates the
phase space in two dimensions, while of course its dimension
may be much larger. For instance, assuming a single joint
its phase space would be three-dimensional, while all joints
together would span a 3× 25 = 75-dimensional space.

An important parameter for our RSA1 is the symbolic
sequence representing metastable and transient states [18],
[20], see Fig. 2(B). In such a symbolic sequence, each color
represents a unique state, being either a metastable state or a
transient state. All transient states are color-coded in red. Since
the sequence is ordered in time, it also reflects the temporal
location of each transient and each metastable state. The
symbolic sequence may enter the corresponding recurrence
matrix as shown in Fig. 2(D).

The resulting symbolic segmentation of the trajectory can
be eventually employed to identify metastable states in the
recurrence plot and in the original time series. Figure 2(c) and
(d) visualizes the phase space trajectories and the recurrence
matrix, respectively, with the colored symbols of the sequence.
In phase space, metastable states (non-red colored) accumulate
in small clusters, whereas transient states (colored in red) are
more spread in phase space.

Finally, we mention that we optimized the distance ε by
maximising the Shannon entropy of state occurrences without
normalization as in a previous study [18]. As a result of
entropy maximization, the dwell times of the system within
its metastable and transient domains are uniformly distributed.
This ensures an optimal balance of metastability and transients
and, consequently, allows for a detailed analysis of gait irreg-
ularities through complexity measures.

C. Complexity measures

Symbolic sequences exhibit a certain complexity or regular-
ity and multiple complexity measures are already known [21],
[22], [23]. For instance, the alphabet cardinality [24], [23]
M(ε) counts the number of distinct states that appear in the

1https://github.com/peterbeimgraben/rsa
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Fig. 2: Elements of the symbolic recurrence structure analysis.(A) Time series of the anteroposterior (top) and craniocaudal
(bottom) axes positions of a person’s right ankle (joint #18 in Fig. 1); sampling points are color-coded with respect to
metastability and transients. (B) Corresponding resulting symbolic sequence. (C) Color-coded 2D trajectory of the ankle’s joint
with respect to anteroposterior (X) and craniocaudal (Z) coordinates. (D) Corresponding color-coded recurrence plot [19].

sequence., Moreover, the number of words may also express
the degree of complexity. It represents the number of distinct
states with different size in the sequence. The Lempel-Ziv
Complexity, CLempel−Ziv [25], [26], evaluates sub-sequences
in the global sequence and counts how many distinct ones
exist.

The data under study comprises a set of Ndata = 3×25 =
75 time series reflecting the three-dimensional movement of all
joints. Now a selection of certain components of certain joints,
e.g. the anteroposterior and craniocaudal component of the
right ankle joint as shown in Fig. 2, of number Njoints ≤ Ndata

is possible and this subset of data spans a phase space of
dimension Njoints. For this dataset, one estimates a certain
number of complexity measures Ncm choosing a subset of
the complexity measures available. This number of complexity
measures represents the dimension of the feature space of a
subsequent classification procedure.

In general, it is possible to combine several subsets of
joints of number Nsubsets described in respective phase spaces
of different dimensions. For instance, one may choose all
components of three leg joints (yielding 3×3 = 9 dimensional
phase space) and of two hand joints (yielding 2×3 = 6
dimensional space), i.e. Nsubsets = 2. In this example, for
the leg and hand phase space one may estimate N leg

cm = 4 and
Nhand

cm = 6 complexity measures. Consequently the final data
space has dimension N leg

cm + Nhand
cm = 10 for each subject

under study.
We point out that these measures are applicable for general

symbolic sequences and are unspecific to systems. However,
complexity measures taking into account specific properties of
specific systems may better capture and describe the system’s

complexity. This will be shown in detail in section III.

D. Classification techniques

At the end, we have a dataset composed of X = 342 sub-
jects, and for each subject, we have N biomarkers that quantify
the gait impairments (see section III-B). These N biomarkers
are used as inputs for the classification employing Multi-Layer
Perceptron [27] (MLP) composed of four layers. The first three
layers of the neural network employ the ReLU as activation
function, while the final layer uses a softmax activation func-
tion. We trained the four-layer MLP to minimize cross-entropy
loss using gradient descent, utilizing the Adamax optimizer to
adjust the learning rate based on the moments of the gradients
calculated through backpropagation. Finally, to evaluate the
performance of our model, we use a 5-fold cross-validation
[28]. Cross-validation involves partitioning the dataset into
five distinct subsets. The model is trained on four of these
subsets and validated on the remaining subset. This process
is repeated five times, with each subset used exactly once as
the validation data. The overall performance metric is obtained
by averaging the results from each fold. The metric used to
assess the reliability of the model is the accuracy, defined as:
A = #(Correct predictions)/#(Total data).

To ensure that a detected classification can be trusted to
distinguish healthy subjects and different patient groups, a
mandatory test controls that the classification of subjects yields
different results than a random group of subjects. To generate
such a surrogate group of random subjects, we randomized
the labels of the data sets [29], [30]. In this procedure, we
drew randomly from the set of subject labels and mapped
randomly these labels to subjects. Repeating this procedure
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100 times and classifying each new surrogate dataset yielded
a distribution of accuracy values. To be as close as possible
to the original classification, we performed 20 times a 5-fold
cross-validation each time with different cross-validation folds.
If an applied Mann-Whitney U test between the surrogate
accuracy distribution and the original accuracy distribution led
to a p-value p < 0.05, the originally gained classification was
distinguishable significantly from a random classification and
hence was more trustworthy.

III. RESULTS

It is well-known that the size of a symbolic sequence
determines the range of the derived corresponding complexity
measure. Consequently, it is necessary to normalize the dura-
tion of the movement recording and we adapted this size to the
single subject. This specific analysis for each single-subject
takes into account the natural variability in human subjects.
Novel complexity measures adapted to each subject charac-
terize the single-subjects gait. A final classification gathering
all subject’s complexity measures permits to distinguish well
healthy from pathological subjects and AD from DLB patients.

A. Patient gait as a complex recurrent pattern

The recurrence analysis features shown in Figure 2 provide
a precise visualization of the gait dynamics, including the tem-
poral locations of transient and metastable states. This method
may be applied on the three-dimensional positions of one joint,
or in a high-dimensional space considering multiple joints’
positions moving together through time. In this latter case each
time instance corresponds to a pose and the recurrence analysis
provides a sequence of metastable states and transients for the
entire pose. In the subsequent paragraphs, we detail this novel
link between recurrent dynamics and medical gait analysis.

Considering a person walking, a regular gait corresponds to
a regular recurrent symbolic sequence. However, if the person
exhibits motion troubles, its symbolic sequence will be more
complex, not showing recurrent patterns or many patterns of
short duration. In fact, an individual affected by a neurodegen-
erative disease presents disorder and random moves in her/his
gait. To this end, an estimation of the symbolic sequences’
complexity or regularity [31], [32], [33] promises to provide
biomarkers for the single subject’s movement behavior.

Since conventional complexity measures depend on the
symbolic sequence length, i.e. the duration of the video, we
constrained the analysis by focusing on three gait movement
steps only. We are using the maximum and minimum peaks
of the ankle’s anteroposterior axis position (right or left does
not change anything) to spot the start and the end of the steps
(see the Supplementary Material [14] for illustration). In fact,
since the positions of the joints are relative to the position of
the root, considering the anteroposterior axis implies a highest
ankle position while the foot is attacking the floor. This is the
beginning of the so-called stance phase. Correspondingly the
minimum ankle reflects the position, where the foot is leaving
the floor. This is the beginning of the swing phase. Using
the peaks of the ankle’s position we can segment the data
to keep four peaks corresponding to three steps. Hence the

datasets analyzed include identical numbers of steps, yielding a
normalization of subsequently estimated complexity measures.
This segmentation lead to 342 datasets in total.

The normalization provides the opportunity to evaluate
whether a gait is regular. Healthy and regular gait imply that
one metastable state should appear in the symbolic sequence in
each step. If a state appears more or less often than the number
of steps, an irregularity is present. As a consequence, for three
steps three appearances of each metastable states should be
expected. An exception occurs if a metastable state appears at
both the beginning and the end of the three-step segmentation.
This means that the metastable state corresponds to the area
where the ankle’s anteroposterior position is at the peak used
to normalize the three steps. In this case, the corresponding
metastable state should appear four times.

B. Biomarkers
Now we introduce several different complexity measures,

which serve as biomarkers for the gait sequence:
• As stated before, a regular gait exhibits a single

metastable state in each step and we evaluate the degree
of regularity as the difference between the number of
metastable states’ appearances nk in segment k and the
number of steps. Then, the average over all metastable
states n yields Cappearence =

∑N
k=1 |nk − 3| /3n . For

illustration, also see the Supplementary Material [14].
• The previous complexity measure estimates the deviation

of the optimal number of metastable states. The sym-
bolic sequence of a perfectly regular gait segmented in
three steps is supposed to contain three times the same
states’ pattern. Now we quantify the states’ pattern and
count the number of different sub-sequences with only
distinct metastable states. For a perfectly regular gait,
the sequence exhibits three times a unique sub-sequence
and the corresponding complexity measure should be
equal to 1. The resulting number of sub-sequences
C1 = #(Sub− sequences) is an additional complexity
measure. New sub-sequences start with a metastable state
only and transient states at the beginning are neglected.
In addition, the first state at the end of a sequence is
neglected. For illustration, also see the Supplementary
Material [14].

• Extending the previous complexity measure, one searches
for the longest sub-sequence that occurs more than once
in the symbolic sequence. Once identified, this sub-
sequence is removed from the sequence. Then, the al-
gorithm aims to find the second longest recurrent sub-
sequence, and continues in this manner. When only
non-recurrent sub-sequences remain, the algorithm iden-
tifies the longest sub-sequence composed only of dis-
tinct metastable states, neglecting transient states. This
iterative process continues until no symbols remain in
the symbolic sequence. Similar to the algorithm of
the previous complexity measure C1, the first tran-
sient state and the last metastable state are removed, if
necessary, yielding another complexity measure, C2 =
#(Iterated Sub− sequences). For more details and il-
lustration, also see the Supplementary Material [14].
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• Metastable states may occur regularly indicating a certain
regularity of the full sequence. We calculate the deviation
of the sequence position distance between the occurrences
of the states. To this end, we segment the symbolic
sequence step by step and keep only those metastable
states, which appear only once in each step. Considering
the center sequence position of each state, computing
the distance between the three center positions allows
to compute the average deviation of the center positions.
For illustrative examples, please see the Supplementary
Material [14].

• It is known that neurodegenerative disease patients show
gait impairment, such as slow walk steps, irregularities
during the stance or the swing phase, or a small am-
plitude of arm movement [5]. We can easily identify
these characteristics thanks to the joints position. Since
we segmented the data in three steps, we defined the
step period as the number of data time steps per seg-
ment, normalized by the leg’s length, Cstep period =
#(data points)/3× step length.

• By considering the ankle joint position on the anteropos-
terior axis, we can determine the beginning and the end of
the swing and stance phases. Consequently, we estimate
the deviation of the number of data points between the
minimum and maximum peaks Cswing to quantify the
irregularity of the swing phase.

• Similarly, the deviation Cstance of the number of data
points between the maximum and minimum peaks in the
stance phase quantifies its irregularity.

• Finally, by calculating the mean of the maximum distance
between two positions of the wrist joint at each step,
we quantify the mean maximum amplitude of the arms
Carms.
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Fig. 3: Classification results for one fold. Left : The gait score
distinguishes subjects with regular from irregular gait, i.e. neu-
rotypicals from patients. Right : The diagnosis classification
differentiates individual subjects suffering from Alzheimer’s
disease (AD) and Dementia with Lewy Bodies (DLB). The
numbers denote the number of trials in each class out of 68
(left) and 64 (right) datasets. The data considered four body
parts, cf. dataset 4BPs in Fig. 4.

In sum, the first four biomarkers are complexity measures,
which evaluate symbolic sequences. The last four biomarkers

are gait characteristics estimated from the joint trajectories.
Together with the alphabet cardinality, the Number of Words
and the Lempel-Ziv complexity (see section III-B), eleven
biomarkers reflect different degrees of the data complexity (see
the Supplementary Material [14]).

C. Classification

In sum, we consider 11 biomarkers including 7 complexity
measures and 4 gait characteristics measures. These biomark-
ers permit to classify the data of individuals assuming two
different criteria. The first criterion focuses on gait impairment.
It distinguishes healthy subjects with regular gait and subjects
with gait impairments. This gait impairment merges all MDS-
UPDRS Gait III scores, cf. section II-A). The second crite-
rion differentiates the diagnosis of individual AD and DLB
patients. The classification is performed for each criterion
separately using a supervised learning algorithm with the
biomarkers as inputs, see section II-D. The outputs are classes
corresponding to the scores for either the gait score or the
diagnosis.

At first, we considered the three-dimensional positions of
multiple joints in space to analyze the gait of an individual
and identify, if present, recurrent patterns. After supervised
learning and subsequent cross-validation, we gained the con-
fusion matrix to distinguish binary gait scores. The question
now is: which joints do we consider, and how do we com-
bine them to extract the most relevant gait classification?
Since the movement of hands, fingers, and feet tips appear
to be rather irregular even in healthy individuals (analysis
not shown), we decided to exclude them from the analysis.
Additionally, the head, neck, and entire spine are rather static
and do not contribute any relevant information on the gait
movements (analysis not shown). Therefore, we analyze only
the movements of both legs (ankle, knee, and hip) and both
arms (wrist, elbow, and shoulder) joints in agreement with
previous studies [34] (see Figure 1).

Moreover, multiple classification tests (not shown) indicated
that the more input information is considered, the better the
classification results are. However, analyzing joint by joint
to have a set of measures for each joint is time consuming.
Moreover, the movement of certain joints alone is not relevant
for the general gait’s dynamic. Thus, the best compromise
was to perform the analysis on the four body parts (2 legs
and 2 arms) independently. For the legs, we estimated the
seven complexity measures and the three gait characteristics
specific to the legs (step speed, occurrence deviation of stance,
and swing phase lengths). This represented ten measures per
leg. For the arms, we estimated six complexity measures only
and added the arm amplitude for gait characteristics. In fact,
Cdeviation works better with the legs because they move more
regularly than the arms. This resulted in 7 measures per arm.
Consequently, we had 34 measures in total when considering
the analysis of the four body parts separately, which we then
merged into one dataset. With these 34 measures, we could
classify the gait score (regular or impaired gait) for all subject
groups. The cross-validation resulted to three folds of 68 data
sets and two folds of 69 datasets. In details, we have 277
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irregular datasets against 65 regular datasets. Consequently, we
add a weight of 4 on the regular class during the classification
to compensate the lack of data of this class. For the diagnosis
classification (distinguishing data from AD and DLB patients),
we exclude the healthy datasets, leaving us with 320 datasets
resulting in 64 datasets per fold. We have here 139 DLB
datasets against 181 AD datasets. In Fig. 3 below, we can
observe an example of a confusion matrix for one fold of
each classification problem (gait score and diagnosis). We
observe a clear distinction between regular and irregular gait
(Fig. 3(left)) and between AD and DLB patients (Fig. 3(right)).

Figure 4 shows a comparison between the mean classifi-
cation accuracy according to different joint combinations for
the RSA. At first, we observe that just three combinations
of body parts yield a regular/irregular classification, which is
significantly different from random classification (red stars).
These combinations utilize four body parts separately (4BPs),
two legs separately (2Ls) and two legs in one dataset (2Lo) and
these also yield the best regular/irregular classification results
. In the AD/DLB classification, all but two combinations yield
non-random classifications. These two exceptions utilize two
legs in one dataset (2Lo) and all joints simultaneously (All)
and they also yield the lowest classification accuracy. For all
tests on random classifications, see [14].

Moreover, utilizing the four body parts (left/right arm and
left/right leg analyzed separately (4BPs) yields the best results
for both classification problems (colored light blue), cf. also
Fig. 3. More precisely, this combination yields a mean cross-
validation accuracy of 85.5% for the gait score classification
and a mean cross-validation accuracy of 75.6% for the diag-
nosis classification. These results are significantly different to
all other results (marked as black star).

The previous analysis considered recordings from both arms
and legs joints yielding good classification accuracy. This
raised the question whether arms and legs decode different
gait features and thus reflect specific gait patterns. To this end,
we grouped arm joints and leg joints together and classified
subjects. In fact, Table I shows that just considering legs
classified the gait score significantly better than with arm joints
only (p < 0.05). Conversely, utilizing arms led to a better
accuracy in the diagnosis classification (p < 0.05).

regular/irregular Median accuracy (in %) p-value
Arms 73.91 (±9.73) ¡0.005Legs 80.56 (±4.82)

AD vs DLB Median accuracy (in %) p-value
Arms 69.13 (±5.68) ¡0.005Legs 62.50 (±8.20)

TABLE I: Classification based on arms and legs. The data
comprised 5×2 = 10 classification accuracy values from the
two arms datasets (Ao and As) and the two legs datasets (Lo
and Ls) for the Gait score (regular/irregular) and diagnosis
(AD vs. DLB) classifications. The p-values were estimated by
two-sided Mann-Whitney U tests and indicated statistically
different classification results between data utilizing arms and
legs.

Fig. 4: Mean classification accuracy for multiple joints
combinations. Left: Gait score classification. Right: Diagnosis
classification. BP: body parts (arms and/or legs); A: arms;
L:legs; s:separated; o:in one. The term separated indicates
that we analyzed the body parts in separate phase spaces and
then merged all the complexity measures into one dataset. The
term in one describes the approach to perform the recurrence
analysis considering all the joints of the body parts at the same
time. All represents the results for the recurrence analysis of all
25 joints simultaneously. The black stars indicate that the cor-
responding joints combination is significantly different from
all the others (two-sided Mann-Whitney U test, p < 0.05).
The red stars denote the combinations, whose classification
was significantly different from a random classification (two-
sided Mann-Whitney U test, p < 0.05). All surrogate tests are
given in [14].

D. Importance of biomarkers

All biomarkers quantify the regularity of the subjects’
gait. To understand better which of these biomarkers reflect
most the gait regularity, we performed an ablation feature
importance test[35] on both classification criteria. To this end,
we considered four body parts (4BPs in Fig. 4 utilizing 11
biomarkers) and estimated the classification accuracy remov-
ing one feature. Table II indicates that the feature Cstep period

considering the inverse gait speed is important in both the
regular/irregular and AD/DLB classification. Moreover, the
feature Cdeviation encoding the gait complexity is more im-
portant in regular/irregular than in AD/DLB, whereas the arm
feature Carms is much more important in AD/DLB than in
regular/irregular.

E. Comparison to previous studies

We conducted three distinct classification tasks on the
4BPs dataset to provide a qualitative comparison with pre-
vious studies on pathological gait analysis. These tasks in-
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regular/irregular
Rank Feature ∆A (in %) Accuracy (in %)

1 Cstep period 2.44 85.58
4 Cdeviation 1.32 86.70

10 Carms 0.55 87.47
Reference accuracy 88.02%

AD/DLB
Rank Feature ∆A (in %) Accuracy (in %)

1 Carms 2.54 72.61
2 Cstep period 1.76 73.39

11 Cdeviation -1.21 76.36
Reference accuracy 75.15%

TABLE II: Feature ablation test. Selected results of a feature
ablation test utilizing dataset 4BPs (cf. Fig. 4). This test re-
moves single features and computes the accuracy difference of
a single feature i defined by ∆Ai = Aref −Awithout feature i.
This difference and reflects the feature importance. The larger
∆A is the lower is the resulting accuracy and the more
important is the feature.

Methods Healthy/Patients Diagnosis Gait
VIBE 89.6 72.78 60.43

MAX-GRNet 1 94.24 66.67 72.31
MAX-GRNet 2 96.22 75.39 65.41

ours 93.85 70.16 66.01

TABLE III: Comparison of performance with other meth-
ods. The performance of our method across various classi-
fication tasks is presented along with comparable previous
studies. The given performance represents the median accu-
racy obtained through cross-validation. Previous methods were
VIBE: VIBE [36] + OF-DDNet [6]; MAX-GRNet 1: MAX-
GRNet [7] + ST-GCN [37]; MAX-GRNet 2: MAX-GRNet [7]
+ KShapeNet [38].

,

clude: distinguishing between healthy subjects and patients
(Healthy/Patients); differentiating diagnostic groups of healthy
controls, Alzheimer’s Disease, and Dementia with Lewy Bod-
ies patients (TernaryDiagnosis); assessing gait impairment
severity among subjects based on MDS-UPDRS Gait III
scores, categorized into no impairment, slight impairment,
and mild to moderate impairment (GaitScoring). See also
section II-A for more data details.

Our method achieved a notably high accuracy of 93.85%
in the Healthy/Patients classification, whereas the other tasks
of TernaryDiagnosis and GaitScoring exhibited less accuracy
(70.16% and 66.01%, respectively). These results are compa-
rable to previous deep learning-based approaches developed
for similar tasks, whose results are presented in Table III. Note
however that all other methods perform the classification based
on subsequences cutted from videos, mainly due to computa-
tional resource limitation, and the classification accuracies are
calculated by averaging the validation results across 10 folds.

IV. DISCUSSION

A smooth regular gait indicates a healthy body move-
ment, while irregular body movement is supposed to reflect
a pathological motor state. The proposed RSA permits to
derive complexity measures, which are optimized by the best
choice of the ball size ε. The complexity measures decode the

regularity of body movements together with newly developed
gait-specific movement features.We showed that both the com-
plexity measures based on recurrent symbolic dynamics and
gait movement contribute to the classification (Fig. II) and
hence carry important information on the body movement.

Moreover, the present work employs the recurrence com-
plexity measures and the gait-relevant movement features in a
feature space. This high-dimensional feature space permits to
classify subjects by machine learning. A similar combination
of recurrence analysis and machine learning classification has
recently been employed in [39]. Our method permits to choose
combinations of different joints, which revealed optimal, i.e.
most informative, sets of joints, cf. Fig. 4. In this context,
surrogate data analysis identified the non-informative joint
combinations, whose classification can not be distinguished
from random classification.

The importance of complexity in human motor action has
been shown in previous studies by recurrence analysis tech-
niques in non-clinical setups [40]. Complexity has also been
estimated without utilizing recurrence analysis to quantify the
regularity of gait movement in clinical settings without [41],
[42] and by utilizing recurrence analysis [43], [44]. In most
clinical studies, the gait is observed by feet movement. Few
previous studies took into account observations from distant
body parts [45], [46] and applied recurrence analysis. To the
best of our knowledge, all such previous studies based on
recurrence analysis chose a heuristic ball size ε independently
from the signal dynamics. Our recurrence structure analysis
extended these studies by optimising the ball size specific for
each dataset.

The proposed analysis extracts biomarkers, which span a
high-dimensional feature space. This feature space is specific
for the observations gained during human gait movement. By
virtue of these observations of the body movement and the
system-specific feature space, we found that arms movement
is important to distinguish Alzheimer and Lewy Body Dis-
ease, but much less informative to differentiate regular from
irregular gait movement, cf. Table I and Table II.

In fact, it is well-known that the arms movement is an infor-
mative feature of AD patients [47]. In addition, AD and DLB
patients are known to show different movement asymmetries
and degrees of movement variability [5]. The present work
adds to these results the hypothesis, that arms movement may
represent a further movement feature supporting the distinction
between AD and DLB patients.

The proposed method assumes a model of regular gait
based on previous physiological knowledge of healthy sub-
jects. Corresponding recurrence complexity measures and gait
timing indices quantify the gait of healthy subjects. These
biomarkers are distinguished to pathological gait yielding
the classification of patients. This approach contrasts with
previous deep-learning techniques, which are purely based
on video sequences without assuming any gait model. The
performance of our proposed model-based classification re-
sembles the deep-learning classification, while it is faster in
computation and consumes much less resource power.

The employed machine learning classification used a multi-
layer perceptron as supervised learning technique. This spe-
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cific choice may have limited the results. Future work will
explore whether alternative machine learning techniques, such
as more complex model architectures based on advanced deep
learning algorithms, can improve classification performance
compared to the current four-layer MLP approach.

The present work points out, that both body movement
complexity features and gait-specific movement features repre-
sent biomarkers and contribute to the classification of healthy
subjects and patients. Moreover, the data represent a combined
set of joints of free choice. The final subject classification
depends heavily on the choice of these biomarkers and the
choice of joints. Future work will further analyze in detail,
which features and which joint combinations are essential for
the classification. This analysis will yield deeper insights into
the importance of body parts in the distinction of AD and DLB
patients.

V. CONCLUSION

Data features extracted from 3D pose video-observations
permit to distinguish Alzheimer Disease patients and patients
suffering from Dementia with Lew Bodies. We show that
gait model-based feature classification utilizing recurrence
structure analysis performs similar to high-performance deep-
learning classification based on the observation times series.
Our model-based approach reveals that arms and legs con-
tribute differently to the classification of Alzheimer Disease
and Dementia with Lewy Bodies patients.
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T. Füzesi, “A versatile computational algorithm for time-series data
analysis and machine-learning models,” npj Parkinson’s Disease, vol. 7,
no. 1, p. 97, 2021.
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