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A new classification of hemiplegia gait patterns
based on bicluster analysis of joint moments
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Purpose: Hemiplegia is a paralysis on one side of the body resulting from disease or injury to the motor centers of the brain that may
lead to difficulty in walking and problems in balance. A new methodology for hemiplegia gait patterns classification based on bicluster
analysis, which aims to identify a group of patients with similar gait patterns, and verify if spatial-temporal gait parameters are correlated
with the Barthel Index, has been proposed. Methods: Eighteen hemiplegia patients were recruited. Measurements included spatial-
temporal gait parameters and joint moments. Gait data were measured using a motion tracking system and two force platforms. Bicluster
analysis was used to classify the subjects’ gait patterns. The relation between Barthel Index and spatial-temporal gait parameters was
determined based on the Spearman correlation. Results: A high correlation between spatial-temporal gait parameters and Barthel Index
(r> .5, p <.05) was observed. Well-separated biclusters presenting similarity among the lower limb joints during the gait cycles were
obtained from the data. Conclusions: Bicluster analysis can be useful for identifying patients with similar gait patterns. The relation
between the gait patterns and the underlying impairments would allow clinicians to target rehabilitation strategies at the patient’s indi-

vidual needs.
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1. Introduction

Hemiplegia is a paralysis on one side of the body
resulting from disease or injury to the motor centers of
the brain. Usually, an injury to the right side of the
brain will cause a left-sided hemiplegia, while an in-
jury to the left side of the brain will cause a right-
sided hemiplegia. It can occur in all age groups, but
most commonly in elderly people over 60 years old
[5]. The common cause of hemiplegia is a stroke,
which by insufficient blood supply to the brain leads
to loss of brain functions. Stroke is one of the main
causes of adults’ disability in most countries [13],
[23]. In Western European countries, the ratio of
hemiplegic patients to the general population is 3.94
per 1000 for men and 2.52 per 1000 for women [11].
Symptoms usually depend on the affected part of the
brain. Hemiplegic patients may have difficulty in

walking, and problems with balance maintenance
[10], [16], [18]. Gait observation, which may provide
information about musculoskeletal and neurological
conditions in hemiplegia patients, is an important
aspect of diagnosis. In the past, hemiplegia patterns
were explored in many studies, and a deterioration in
spatial-temporal gait parameters (e.g., stride length,
stride velocity, stride time, etc.), phasic patterns (e.g.,
swing, double stance, etc.), and kinetic (e.g., ground
reaction force, joint powers, etc.) was reported [2],
[9], [12], [14], [15], [17], [19]. Several authors have
characterized gait patterns by using a variety of tech-
niques such as mathematical modeling, Support Vector
Machine (SVM), or cluster analysis to analyze gait
classification of elderly patients [2]-[4], [6], [21],
[22]. Carod-Artal et al. [6] found that gait velocity of
stroke patients was a strong determinant for group
placement. Consideration of several parameters at the
same time instead of a single parameter for each pa-

* Corresponding author: Jolanta Pauk, Biatystok University of Technology, Wiejska 45C, 15-351 Biatystok. Tel: +48 510 034 086,

e-mail: j.pauk@pb.edu.pl
Received: May 6th, 2015
Accepted for publication: December 22nd, 2015



34 J. PAUK, K. MINTA-BIELECKA

tient is the advantage of this method. However, in con-
trast to clustering, biclustering is a data mining method
that groups both rows and columns of a matrix simulta-
neously. This method has been applied previously to
examine patterns in gene research [7]. We suggest that
bicluster analysis can also be used to identify meaning-
ful but not obvious patterns, in gait data by dividing
data into groups (biclusters). Therefore, the purpose of
this study was to check whether the biclustering
method can effectively group gait patterns in hemiple-
gia population, and to verify if spatial-temporal gait
parameters are correlated with the Barthel Index.

2. Materials and methods

2.1. Subjects

The study has been conducted using 87 gait pat-
terns of 18 hemiplegia patients with a stabilized clini-
cal condition (12 with left hemiplegia and 6 with right
hemiplegia) over 12 months, post-stroke. Stroke was
defined as an acute event of cerebrovascular origin
causing focal or global neurological dysfunction last-
ing more than 24 hours diagnosed by neurologists,
and confirmed by computed tomography or magnetic
resonance imaging. As inclusion criteria for hemiplegia
patients characteristics such as occurrence of stroke
within last 12 months/occurrence of stroke at least
12 months prior to evaluation, equines deformity,
which was evaluated through the observational analysis
and clinical assessment, ability to walk 10 meters inde-
pendently without a walking device, lack of neurologi-
cal and/or orthopedic co-morbidities impairing ambu-
lation, and cognitive ability to understand training
procedures and to follow the study instructions were
applied. Patients were excluded if they had received
a phenol nerve block in the hemiplegic lower limb or
botulinum injections during the six months prior to the
evaluation, and if they had other medical disorders,
which might have adversely affected their gait patterns.
All subjects received full information about the study
before giving signed informed consent. The study was
approved by the local ethics committee.

2.2. Measurement protocol

Assessment of functional level of independence

The patient’s level of functional independence was
assessed by neurologists through the modified Barthel

Index (BI). Application of the BI to determine dis-
ability is considered reliable, valid, and sensitive [8].
The BI evaluates the following ten self-care functions
such as feeding, moving from chair to bed and re-
turning, performing personal toilet, getting on and off
the toilet, bathing, mobility, climbing up and down
stairs, dressing and undressing, bowel control and
urine control. Each activity is scored separately and
the total points are calculated. The maximum score of
100 means that the patient is fully independent in
physical functioning. The lowest score of O corre-
sponds to the totally dependent, bedridden person.

Measuring spatial-temporal gait parameters
and joint moments

Gait parameters were measured using a motion
tracking system (Motion Analysis Corp., USA), al-
lowing one to extract the spatial-temporal gait pa-
rameters, and two AMTI force platforms (Advanced
Mechanical Technology, Inc., USA), providing the
ability to determine the exact moments of initial and
terminal contacts, measure temporal parameters.
Temporal parameters were estimated using sample
frequency of 1000 Hz, and spatial-temporal gait pa-
rameters were estimated using sample frequency of
120 Hz. Each patient was asked to walk barefoot at
habitual speed. The measurements were repeated to
obtain at least three valid walking trials, and patients
had to take a five-minute rest between each trial.
Mean values of parameters such as stride duration
(sec), velocity (m/sec), stance duration (sec), stride
length (m), and step length (m) of both affected and
unaffected side were calculated. These gait data were
summarized in Table 1. The joint moments of the
lower extremity were calculated using an inverse dy-
namic approach [24] and were normalized to the body
mass.

Classification of gait patterns
based on the biclustering algorithm

The biclustering algorithm (greedy algorithm),
whose function is to extract a subset of hemiplegia
patients behaving similarly over a subset of joint mo-
ments, was used to classify gait patterns. Data con-
taining ankle, knee and hip joint moments of exam-
ined patients were represented as a matrix 4 with rows
corresponding to specific gait cycles of joint moments
for hemiplegia patients, and columns corresponding to
subsequent measurements during a specific cycle. All
numbers in the data matrix were transformed by scal-
ing and function x — 1/x°, and each element a; of the
matrix 4 was a real number describing the result of
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the j-th measurement in the i-th gait cycle. As pro-
posed in [7], to avoid the formation of additional
recognizable patterns in the data, which could inter-
fere with the algorithm, missing values were re-
placed by 0. The result of proposed method was a set
of biclusters, each being a submatrix with sets of
rows and columns extracted from the original data.
Cheng and Church in [7] proposed a mean square
residue score as the measure of similarity of values
in a bicluster
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were defined as mean of the i-th row of a bicluster,
mean of the j-th column, and mean of all the values in
a bicluster, respectively. The goal of presented algo-
rithm was to find a bicluster with the largest possible
volume, measured as the number of elements, while
keeping the mean square residue score as small as
practically possible. It was also desirable to find non-
trivial bicluster that is characterized by high row vari-
ance. In order to fulfill those requirements, Cheng and
Church [7] have formulated a multi-step heuristic that,
by successively removing and then adding nodes,
produces a bicluster satisfying the constraints given.
The starting point of the method is a matrix having all
the rows and columns from the original data set, with
its missing elements replaced with zeros. First, they
have defined the node deletion method [7]. In that
step, the value of function d(7)
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is computed for each row and column of the initial
bicluster. Then, a row or column having the greatest
d(i) value is removed from initial bicluster, d(i) values
are recomputed for the remaining rows and columns,
and the process is repeated until the H(/, J) is lower or
equal to o (delta). Delta is a threshold that limits the
value of mean square residue score. Since in each
iteration exactly one node of the bicluster is removed,

it is guaranteed that the algorithm will proceed by
(n + m) iterations at most, where »n is the number of
rows and m is the number of columns of the initial
bicluster. The method of deleting one node at a time,
which requires recalculation of d(i) values for each of
the remaining rows and columns of a bicluster, can be
implemented in O(nm) time. However, in some cases,
it may be more expensive, and therefore, the authors
proposed different method of node removal that can
be implemented in O(log n + log m) time. This
method [7] also requires calculation of d(i) values for
each row and column, but, unlike the previous one,
removes all nodes that have their d(i) values greater
than certain threshold and defined as d(i) > aH(l, J)
for ¢ > 1 in a single iteration. A parameter « (alpha)
is a threshold describing when the multiple node dele-
tion step is used (a higher o leads to less multiple
node deletion). Similar to the first method, the re-
moval step is repeated until the mean square residue
score is less or equal to J. By discarding the d(i) recal-
culation step after each node removal, the efficiency of
the algorithm is improved at the cost of possible omis-
sion of significant &biclusters due to rapid conver-
gence of the solution towards smaller biclusters. This
behavior can be mitigated by fine-tuning of the alpha
parameter. After the node deletion steps are com-
pleted, even though the resulting bicluster satisfies the
H(l, J) < 6 requirement, it may not yet be maximal.
In other words, there might exist a node or a set
of nodes that can be safely added to it without increas-
ing the mean square residue score beyond the defined
o threshold. As a solution, the authors suggest a node
addition step, which is again based on d(i) values.
Only rows or columns having its mean lower than the
mean square residue score of the whole bicluster are
considered candidates for inclusion in the resulting
bicluster. The node adding step is repeated until no
rows or columns that satisfy the addition criteria can
be found. Cheng and Church in [7] proved that this
selection mechanism guarantees that the bicluster
score H(I, J) will not increase. However, it is still
possible that it will decrease greatly below the o. Fi-
nally, all the steps described above are combined into
a single bicluster finding algorithm. After the data
conditioning step replaces the missing values with
zeros, the bicluster rows and columns are initialized
using all of the rows and columns presented in the
matrix. Then, the multiple node deletion algorithm is
called followed by single node deletion. After the
initial bicluster is reduced, the node adding method is
used to possibly expand the set of nodes, and possibly
reduce the bicluster score even more. Since the node
manipulation methods are deterministic, successive
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runs of the algorithm would produce the same result.
For that reason, a data masking step, where each new
discovered bicluster is masked in the original data set
by replacing its elements with random numbers, is
being introduced. Now, when the finding process
is repeated, the node deletion algorithm is able to
discover different biclusters. In the original imple-
mentation [7], the masked data set is used during
node deletion step but not during node adding step,
and the resulting bicluster may include the randomly
generated entries. Our algorithm also uses the
masking technique when deleting rows and columns,
but, unlike the original one, it populates the bi-
clusters with the values coming from the unmasked
data set.

2.3. Statistical analysis

The data set included gait cycles from 18 hemiple-
gia patients. Means and standard deviations were cal-
culated for the total subject sample for the data from
the gait analysis. An ANOVA for repeated measure-
ments was applied for gait variables to evaluate dif-
ferences in quantitative walking parameters. The data
from trials were averaged together to provide the
unique score for each participant. A value of p < .05
was considered significant. The spatial-temporal gait
parameters of patients were compared with Barthel
Index by using the Spearman correlation. Computer
software Statistica 10.0 (StatSoft, Tulsa, OK, USA)
was used for analysis.

3. Results

3.1. Assessing spatial-temporal
gait parameters

Eighteen eligible hemiplegia subjects (mean age
44.4 (SD 17.1), BMI 24.0 (SD 4.2), 66.7% of male)
were recruited. Spatial-temporal gait parameters for
affected and unaffected sides in hemiplegia patients
are shown in Table 1.

The analysis shows that no significant differences
(p > .05) in the stride duration and the stride length
between affected and unaffected sides in hemiplegia
subjects were observed. However, significant differ-
ences (p < .05) in the step length and the stance dura-
tion were observed.

Table 1. Spatial-temporal gait parameters
for affected and unaffected side in hemiplegia patients

Hemiplegia
Gait parameters Affected | Unaffected | P-value
side side

Stride duration (sec) _
Mean (SD) 1.61(.39) 1.61 (40) | p=.462
Velocity (m/sec)
Mean (SD) .58 (.37)
Stance duration (%)
Mean (SD) 65.14 (8.08) | 69.25(7.57) | p<.05
Stride length (m) _
Mean (SD) .84 (.36) 85(37) | p=.403
Step length (m)
Mean (SD) A5 (.17) 43 (.20) p<.05

3.2. Agreement between Barthel Index
and spatial-temporal gait parameters

The distribution of the study subjects according
to the five-grade scale of independence is shown in
Table 2. The most numerous group (i.e., 7 patients)
were patients with a mild degree of dependence, the
smallest group (i.e., 1 patient) was patient with ad-
vanced degree of dependence, six patients were mod-
erately dependent, and four patients were completely
independent.

Table 2. Barthel Index of hemiplegia patients

BI n %
0-20 Completely dependent 0 0
21-60 Advanced degree dependent 1 5.6
61-90 Moderate degree dependent 6 333
91-99 Mild degree dependent 7 38.9
100 Independent 4 222

The average value for BI in hemiplegia patients
was 88.1 = 13.9 (min. 50-max. 100). Studies have
shown that the average BI value of the male patients
was 86.0 £ 16.0, whereas the average BI value of the
female patients was 92.2 = 6.4. No statistically sig-
nificant difference (p > .05) in the BI value between
genders was found. When the patients were evaluated
in terms of being aged over or under 50 years, it was
determined that the BI value of those under 50 years
was 88.8 + 16.4, and the BI value of those equal and
over 50 years was 87.3 £ 10.9. No statistically signifi-
cant difference (p > .05) in the BI value between these
two groups of patients was found.

Table 3 presents the agreement between BI and
spatial-temporal gait parameters. The correlation be-
tween BI and spatial-temporal gait parameters was
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Table 3. Agreement between BI index and spatial-temporal gait parameters
in hemiplegia patients

Correlation coefficient p-value
Spatial-temporal
gait parameters Affected | Unaffected | Affected | Unaffected
side side side side

Stride duration (sec) 151 178 p<.05 p<.05
Velocity (m/sec) -.013 p<.05
Stance duration (sec) .048 -22 p<.05 p<.05
Stride length (m) 0.11 0.122 p<.05 p<.05
Step length (m) 0.01 0.187 p<.05 p<.05

low (r < .2), but statistically significant (p < .05) for
both affected and unaffected sides.

3.3. Classification of gait patterns
based on biclustering algorithm

In this section, we present results obtained from
the algorithm described in Section 2. The proposed
algorithm has been executed using different values of
o0 and «a. The best results with a minimum mean
square residue score have been obtained for the pa-
rameters o and « equal to 1 and 1.4, respectively. The
proposed algorithm has found most significant results
within 10 iterations. Figure 1 shows biclusters, i.c.,
subsets of gait patterns that exhibit the similarity
among the subsets joint moments, identified in hemi-
plegia patients.

Most patients, who as a result of the algorithm
have been selected for clusters, have similar gait pat-

terns for each of the three joints, i.e., hip, knee and
ankle. The results for the hip joint show similarity
between gait patterns of eight patients (3 female and
5 male). The similarity between gait patterns at the
knee joint was found for 5 hemiplegia patients (2 fe-
male and 3 male). Additionally, for the ankle joint, the
gait patterns were similar for 8 patients (3 female and
5 male). The analysis shows that in the group of pa-
tients having similar gait patterns at the knee and an-
kle joints selected for the biclusters, the average ve-
locity was 37.9% lower than in the whole group of
hemiplegia patients (0.36 m/sec in hemiplegia patients
selected for the biclusters vs. 0.58 m/sec in whole
group of hemiplegia patients, p < .05). Furthermore,
the average stride length in the group of patients se-
lected for the biclusters was 35.7% lower than in the
whole group (0.54 m in hemiplegia patients selected
for the biclusters vs. 0.84 m in whole group, p < .05).
The same was observed for the step length, where the
average of the step length was 26.7% lower compared
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Fig. 1. Biclusters containing measurements corresponding to individual joints:
(a) hip joint, (b) knee joint, (c) ankle joint, discovered by algorithm (6 =1, a = 1.4)

to the whole group (0.33 m for patients discovered by 4. Discussion

the biclusters vs. 0.45 m for the whole group, p <.05).

The difference between spatial-temporal gait parame-

ters in patients selected for bicluster, which present Gait deviations observed in patients following
similar gait patterns at the hip joint, and spatial- stroke are remarkably diverse. Over the last few years,
temporal gait parameters in the whole group are not numerous methods have been applied to detect gait
statistically significant (p > .05). patterns in stroke patients, i.e., to classify groups of
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patients with similar gait patterns [15], [21]. A very
well known technique is cluster analysis, which has
been used to classify hemiplegia gait patterns based
on temporal-distance parameters and sagittal joint
kinematics during gait [18]. In this paper, we have
proposed the technique biclustering as an alternative
to clustering methods. The proposed method is based
on a simultaneous grouping of rows and columns of
a data matrix. Biclusters were extracted from a set of
87 gait cycles of joint moments for 18 patients. In our
study, we decided to group hemiplegia patients ac-
cording to their gait characteristics instead of dividing
them according to gender, BMI, and age. Bicluster
analysis was conducted using joint moments only, and
as the result of this method, well-separated biclusters
were produced from the data. Each bicluster extracted
from data contains only a specific subset of hemiple-
gia patients behaving similarly over a subset of joint
moments at the hip, knee, and ankle; as such, it fulfills
the primary purpose of this study. The need for this
type of data was obvious given the constraints of the
other methods that were used to analyze the data in
earlier research. It was difficult to assess the differ-
ences within joint moment patterns occurring during
the gait cycle. If we take into account that most of the
studies analyzed gait parameters using cluster analy-
sis, our results could be considered valid and reliable.
Although biclustering is potentially very useful, bi-
cluster analysis has never been widely used in clinical
biomechanics. This may be caused by lack of knowl-
edge about the new method and biomechanists’ concerns
regarding procedural problems related to this technique.
One of the main disadvantages of the bicluster analysis
method is that it is sensitive to variations in the gait
cycles. The various gait cycles of the particular hemiple-
gia patients may be selected for different biclusters.
However, considering that the main objective of this
study was to observe the natural grouping of hemiplegia
patients, which was aimed to demonstrate the presence
of similar gait patterns, this type of issue does not repre-
sent a critical source of error.

The spatial-temporal gait parameter values includ-
ing velocity, stride duration, stance duration, stride
length, and step length during walking were different
between the affected and unaffected sides of hemiple-
gia patients. In our study, a hemiplegic patient gait
was characterized by low velocity (0.58 m/sec), which
is in agreement with other studies [20]. The differ-
ences in stance duration and step length between both
affected and unaffected sides in hemiplegia patients
were significant (p < .05). The goal of this research
was also to determine if spatial-temporal gait pa-
rameters are correlated with the Barthel Index (BI).

The Barthel Index test was selected as the useful in-
strument for the evaluation of daily living activities
because its validity and reliability have been proven in
many studies [8]. Our results show that seven patients
(38.9%) were mildly dependent, six patients (33.3%)
were moderately dependent, four patients (22.2%)
were completely independent, and one patient (5.6%)
had an advanced degree of dependence. Although
many studies of gait parameters in hemiplegia patients
have been presented [2], [9], [12], [14], the relation
between the Barthel Index and spatio-temporal pa-
rameters during gait observation had been unknown.
As a result of our analysis, we found that the degree of
independence correlates with some spatio-temporal
parameters. The correlation between BI and all meas-
ured spatial-temporal gait parameters was low (r < .2),
but statistically significant (p < .05) for both affected
and unaffected sides. The obtained results indicate that
the relationship between independence in daily living
activities and gait parameters exists. These findings are
consistent with results presented by Abel et al. [1], who
state that the degree of motor recovery corresponds to
improvement in the spatio-temporal variables; the gait
efficiency improvement is related to velocity increase.
However, we did not find any significant differences in
BI values between genders (p > .05), which was also
reported by Carod-Artal et al. in [6].

5. Conclusions

In this article, we proposed the method of biclus-
tering, which allows automatic identification of groups
of hemiplegia patients with similar hip, knee, and
ankle joint moments during gait. The results obtained
by the proposed algorithm can be crucial for further
clinical trials. The relationship between gait patterns
and underlying impairments would allow clinicians to
develop individual rehabilitation strategies according
to a patient’s specific needs.

Acknowledgements

This study was supported by The Polish Ministry for Science
and Higher Education.

References

[1] ABEL M.F., DAMIANO D.L., Strategies for increasing walking
speed in diplegic cerebral palsy, J. Pediatr. Orthop., 1996,
16(6), 753-758.



40 J. PAUK, K. MINTA-BIELECKA

[2] ALAQTASH M., SARKODIE-GYAN T., YU H., FUENTES O.
et al., Automatic classification of pathological gait pat-
terns using ground reaction forces and machine learning
algorithms, Conf. Proc. IEEE Eng. Med. Biol. Soc., 2011,
453-457.

[3] AUBIN P., SERACKIS A., GRISKEVICIUS J., Support vector ma-
chine classification of Parkinson’s disease, essential tremor
and healthy control subjects based on upper extremity motion,
Conf. Proc. Biomedical Engineering and Biotechnology,
2012, Macao, 900-904.

[4] BEGG R.K., PALANISWAMI M., OWEN B., Support Vector
Machines for automated gait classification, IEEE Trans.
Biomed. Eng., 2005, 52(5), 828-823.

[5] BENERJEE T.K., MUKHARJEE C.S., SARKHEL A., Stroke in
urban population of Calcutta — An epidemiological study,
Neuroepidemiology, 2001, 2(3), 201-207.

[6] CAROD-ARTAL J., EGIDO J.A. et al., Quality of life among
stroke survivors evaluated 1 year after stroke, Stroke, 2000,
31, 2995-3006.

[7] CHENG Y., CHURCH G.M., Biclustering of expression data,
American Association for Artificial Intelligence, 2000.

[8] CoLLIN C., WADE D.T., DAVIES S., HORNE V., The Barthel
ADL Index: a reliability study, Int. Disabil. Stud., 1988, 10,
61-63.

[9] DE QUERVAIN LLA., SIMON S.R., LEURGANS S., PEASE W.S.,
MCALLISTER D., Gait pattern in the early recovery period
after stroke, J. Bone Joint Surg. Am., 1996 Oct, 78(10),
1506-1514.

[10] DETTMANN M., LINDER M., SEPIE S., Relationships among
walking performance, postural stability and functional as-
sessments of the hemiplegic patient, Am. J. Phys. Med.,
1987, 66, 77-90.

[11] DOGAN A. et al., The Rehabilitation Results of Hemiplegic
Patients, Turk. J. Med. Sci., 2004, 34, 385-389.

[12] HiLL K., GOLDIE P., BAKER P., GREENWOOD K., Retest reli-
ability of the temporal and distance characteristics of hemiple-
gic gait using a footswitch system, Arch. Phys. Med. Rehabil.,
1994, 75, 577-583.

[13] HoDGSON C., Prevalence and disabilities of community-
living seniors who report the effect of stroke, CMAJ, 1998,
159, S9-S14.

[14] Kim C.M., ENG J.J., Magnitude and pattern of 3D kinematic
and kinetic gait profiles in persons with stroke: relationship
to walking speed, Gait Posture, 2004 Oct, 20(2), 140-146.

[15] KINSELLA S., MORAN K., Gait pattern categorization of
stroke participants with equinus deformity of the foot, Gait &
Posture, 2008 Jan, 27(1), 144—-151.

[16] LAMONTAGNE A., MALOUIN F., RICHARDS C.L., Locomotor-
specific measure of spasticity of plantarflexor muscles after
stroke, Arch. Phys. Med. Rehabil., 2001, 82, 1696—1704.

[17] LAUZIERE S., BETSCHART M., Aissaoul R., NADEAU S.,
Understanding Spatial and Temporal Gait Asymmetries in In-
dividuals Post Stroke, Int. J. Phys. Med. Rehabil., 2014, 2, 3.

[18] MackiNTOosH S.F., HiLL K.D., Dopp K.J., GOLDIE P.A.,
CULHAM E.G., Balance score and a history of falls in hospital
predict recurrent falls in the 6 months following stroke reha-
bilitation, Arch. Phys. Med. Rehabil., 2006, 87, 1583-1589.

[19] MALONE L.A., BASTIAN A.l., Spatial and temporal asymme-
tries in gait predict split-belt adaptation behavior in stroke,
Neurorehabil. Neural. Repair., 2014, 28, 230-240.

[20] MANCA M., FERRARESI G., COSMA M. et al., Gait patterns in
hemiplegic patients with equinus foot deformity, BioMed.
Research International, 2014, 1-8.

[21] MULROY S., GRONLEY J., WEISS W., NEWSAM C., PERRY J.,
Use of cluster analysis for gait pattern classification of pa-
tients in the early and late recovery phases following stroke,
Gait Posture, 2003 Aug, 18(1), 114-125.

[22] PAUK J., Computerized analysis and modelling of patients
with deformities of lower limbs, Acta of Bioengineering and
Biomechanics, 2009, 11(1), 47-51.

[23] RoGER V.L., Go A.S., LLoYD-JONES D.M., ADAMS R.J.,
BERRY J.D. et al., Heart disease and stroke statistics — 2011
update: a report from the American Heart Association, Cir-
culation, 2011, 123, e18-18¢209.

[24] WINTER D., The biomechanics of motor control of human
gait, University of Waterloo Press, 1987.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


