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Abstract

Objective. To describe patterns of muscle activation during gait in selected abdominal and lumbar muscles using cluster analysis.

Participants. A sample of convenience of 38 healthy adult volunteers.

Outcome measures. Electromyographic activity from the right internal and external obliques, rectus abdominis and lumbar

erector spinae were recorded, and the root mean square values for each muscle were calculated throughout the stride in 5% epochs.

These values were normalised to maximum effort isometric muscle contractions. Cluster analysis was used to identify groups of

subjects with similar patterns of activity and activation levels.

Results. Cluster analysis identified two patterns of activity for the internal oblique, external oblique and rectus abdominis

muscles. In the lumbar erector spinae, three patterns of activity were observed. In most instances, the patterns observed for each

muscle differed in the magnitude of the activation levels. In rectus abdominis and external oblique muscles, the majority of subjects

had low levels of activity (<5:0% of a maximum voluntary contraction) that were relatively constant throughout the stride cycle. In

the internal oblique and the erector spinae muscles, more distinct bursts of activity were observed, most often close to foot-strike.

The different algorithms used for the cluster analysis yielded similar results and a discriminant function analysis provided further

evidence to support the patterns observed.

Conclusions. Cluster analysis was useful in grouping subjects who had similar patterns of muscle activity. It provided evidence

that there were subgroups that might otherwise not be observed if a group ensemble was presented as the ‘norm’ for any particular

muscle’s role during gait.

Relevance

The identification of common variations in muscle activity may prove valuable in identifying individuals with electromyographic

patterns that might influence their chances of sustaining injury. Alternatively, clusters may provide important information related to

muscle activity in those that do well or otherwise after a particular injury. � 2002 Elsevier Science Ltd. All rights reserved.
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1. Introduction

During walking, the trunk muscles have been noted
to play a number of roles related to the generation and
control of motion between the trunk and pelvis [1].
These roles are important in decreasing the overall
vertical displacement of the body, and hence lead to a
smoother trajectory for the centre of mass during the
stride cycle [2]. The muscles also serve to balance the
trunk on the pelvis [3]. This role is particularly impor-
tant at the time of foot-strike when ground reaction

forces between 1 and 2 bodyweights are generated [1].
For instance, the trunk muscles act to counter flexion
and lateral flexion moments of the head and trunk that
occur in response to the ground reaction forces. A re-
lated function that has been suggested for the trunk
muscles is that of shock absorption. It has been sug-
gested [4] that the trunk muscles might be effective in
absorbing the energy associated with the propagation of
ground reaction forces at foot-strike.

Despite the importance of trunk muscle activity,
previous research examining gait has concentrated on
the electromyographic (EMG) activity of muscles
in the lower limbs. Of the few studies that have con-
sidered the activity of the lumbar muscles while walking
[5–11], the key finding was that the erector spinae
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muscles are activated primarily just before foot-strike of
each limb. Even fewer studies have investigated
abdominal muscle activity during gait [10–15]. The main
findings of these studies were that activity of internal
oblique (IO) and external oblique (EO) muscles is con-
tinuous throughout the stride with IO being most active
during the late stance/double support phase of the gait
cycle and EO most active at mid-stance. In many
instances [7,8,10–12], the studies that have investigated
trunk muscle activity have been limited by small subject
numbers that range from 5 to 10, and the techniques and
muscles investigated have been quite different across
studies. Thus it is difficult to form a coherent picture of
the activity of the trunk muscles during gait. Hence, the
primary purpose of the current study was to investigate
the EMG activity levels and phasing of selected trunk
muscles in a larger sample of subjects.

In EMG analyses of gait, the generation of muscle
ensemble averages has become a standard method of
describing the patterns of activity observed [16]. These
averages often represent the mean levels of EMG ac-
tivity across individuals for a particular muscle during
the stride cycle [16–18]. A problem inherent with the use
of ensemble averaging is that significant variations in
both patterns and amplitude of activity in normal sub-
jects may not be observed [19]. Thus, an ensemble
average may not provide an accurate representation of
the EMG activity seen across individuals. Cluster anal-
ysis is a technique developed to identify natural group-
ings that may exist in a population of interest [20]. This
technique places individuals into a cluster that contains
other individuals with similar characteristics. Similari-
ties and dissimilarities are determined by the analysis of
descriptive variables for each individual. Although the
application of cluster analysis to EMG data has not
been widely used, the findings of those studies [19,21,22]
that have used the technique provide evidence that it
might be useful, particularly for identifying differences
in subjects with and without pathology. However,
without an appreciation of the normal variations in
EMG patterns, it would be difficult to discern the rele-
vance of differences related to pathologies. Thus a sec-
ondary purpose of the current study was to determine if
cluster analysis was able to identify groups of individ-
uals with different activation patterns in selected
abdominal and lumbar muscles during gait.

2. Methods

2.1. Subjects

Thirty eight subjects without low back pain were
evaluated (19 men and 19 women). Their mean age,
height, and mass were 26.3 (SD, 6.5 yr), 172 (SD, 8.0
cm), 68.7 (SD, 10.6 kg), respectively. The subjects were

predominantly a group of university students who were
moderately active and reasonably fit and healthy. The
subjects had no history of low back pain or of having
participated in any specific exercise program for ab-
dominal or back muscles. The North Health Ethics
Committee approved the study. All subjects were vol-
unteers and gave their written consent to participate.

2.2. Equipment

Electromyographic activity was measured from active
surface electrodes with an inter-electrode distance of 10
mm (Delsys DE 02.3, Delsys, Boston, USA). Data were
sampled at 500 Hz, amplified 1000 times, band-pass
filtered (20–450 Hz) and relayed to a computer-based
data acquisition and analysis system (Superscope, GW
Instruments, Washington, USA). The common mode
rejection ratio at 60 Hz is >80 dB for the DE 02.3
electrodes. Custom built footswitches were taped to the
subjects’ heels and under the metatarsal heads of both
feet. These switches contained two flexible plates that
closed a 9-V circuit and generated a pulse that was
transmitted to the computer. They allowed the appre-
ciation of foot-strike and toe-off.

2.3. Procedures

Electrode sites were prepared by shaving and cleaning
the area with alcohol. The electrodes were orientated
approximately parallel to the direction of the fibres of
the muscles of interest (the right internal and external
obliques, the right rectus abdominis and the right lum-
bar erector spinae). The fibre orientation of the ab-
dominal muscles and the placement sites for the
electrodes were determined using the methods of Ng
et al. [23]: internal oblique, 2 cm inferior to a line joining
the left and right anterior superior iliac spines, medial to
the inguinal ligament, but lateral to the lateral border of
the rectus sheath; external oblique, just below the rib
cage at the inferior angle of the ribs; rectus abdominis,
at the level of the anterior superior iliac spine, 2 cm
lateral to the midline. The site for the lumbar erector
spinae muscles was determined using the methods de-
scribed by De Foa et al. [24], at the level of the L4/L5
interspace, 2 cm lateral to the midline.

The EMG activity collected during gait was norma-
lised to that collected during maximum voluntary iso-
metric contractions (MVC). Normalisation to an MVC
is a widely used procedure, and remains the method
chosen most often by researchers who are seeking in-
formation concerning muscle activation levels [25]. As it
has been shown that there is not a single exercise that
consistently induces the maximum activity for all ab-
dominal muscles in every subject [26], multiple exercises
were needed. The results of pilot studies indicated that
the four tests shown in Fig. 1 were the most appropriate
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to use. One exercise, the ‘hang extend’, was used to
generate maximum EMG activity for the erector spinae
muscles. This exercise has been demonstrated by other
researchers [26] to induce maximum activity in this
muscle. In all tests, subjects were asked to perform with
maximal effort and to hold their position as manual
resistance was applied for 6–8 s. Root mean square
(RMS) values from two second epochs were calculated
for each muscle during these maximum muscle tests. The
highest value recorded for each muscle was used in the
subsequent analysis.

EMG data were collected as subjects walked on a
motorised treadmill. All subjects were experienced in
treadmill walking. At the data collection session, all
subjects were given time to adjust to walking on the
treadmill (10–15 min) at a speed of 4.0 km/h. This speed
represented the normal walking pace of these subjects in
a relaxing environment. EMG data over two 15-s epochs
were recorded in the final 5 min. Subjects were unaware
of the time of data recording.

2.4. Data and statistical analysis

In the temporal domain, the data were normalised to
stride time and the stride cycle was divided into 5%
epochs. The percentage MVC for each muscle was cal-
culated for each epoch. These analyses were repeated
over 10 strides for each subject, and the average was
calculated.

A statistics software program (SPSS, SPSS Inc.,
California, USA) was used to perform the clustering
procedures. The data were analysed with three different
algorithms. Wards; Furthest Neighbour; and K-means.
Three procedures were employed to check the validity of
the clusters [27–29]. Firstly, a split sample replication
procedure was undertaken. Cluster analysis was initially

performed on the whole group of subjects. Next, cluster
analysis was performed on a smaller sample, randomly
selected from the initial group. A high degree of agree-
ment between the original and replication clusters indi-
cated the stability of the clusters and provided evidence
concerning the validity of those clusters [29].

Secondly, a discriminant function analysis was un-
dertaken. Subjects were randomly assigned into one of
two groups. Cluster analysis was performed on the first
of the two groups. A stepwise discriminant procedure
was then applied to the identified clusters and a discri-
minant function was determined [20,27,28]. This func-
tion was then applied to the remaining group (the
‘holdout group’). From these calculations, clusters
within the holdout group were determined and these
were compared to the results of cluster analysis per-
formed separately on the holdout group. If there was a
high degree of agreement between the assignments made
with the discriminant function applied to the holdout
group and those made by the cluster analysis of the
holdout group, cluster stability was indicated.

The third validation technique involved mixing of the
data. That is, data from two different muscles were mixed
and the clustering and discriminant analysis procedures
outlined above were used to determine whether the two
muscle groups could be differentiated. This was under-
taken using two sets of data. Set 1 contained rectus
abdominis and internal oblique EMG, and set 2 con-
tained EMG data from internal and EO muscles.

3. Results

Although data were collected from 38 subjects, in
some instances, due to technical problems related to
electrical noise or movement artifacts, not all subject’s

Fig. 1. The positions that the subjects held during their maximal isometric voluntary effort.
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data were analysed. Therefore in the following sections,
the number of datasets used ranged from 33 to 38.

3.1. Internal oblique

The application of both Wards and Furthest Neigh-
bour algorithms to the data of the IO muscle identified
two clusters. The first cluster contained 21 subjects and
the second 12 subjects. There was 100% agreement be-
tween both algorithms with the same subjects being
placed into the same groups. Having identified 2 clus-
ters, the K-means technique was then used with a 2-
cluster solution. This analysis placed the subjects in
exactly the same groups as the Wards and Furthest
Neighbour techniques.

Fig. 2 shows the mean EMG activity level for each of
the 20 epochs of the stride cycle. It shows that the main
difference between the two groups was the magnitude of
the percent MVC. The phasing patterns were very simi-
lar. The split sample analysis indicated excellent cluster
stability in that two clusters were identified, with subjects
being placed into the same groups as they had previously
been when the whole group was analysed. The stepwise
discriminant analysis indicated that there was 90%
agreement with the results of the cluster analysis.

The final stage in validating the results for the IO
muscle was to apply stepwise discriminant analysis to
the same subjects selected for the split sample analysis.
This procedure identified three variables (epochs 3, 7
and 18) and determined a discriminant function that
described the relationship of these variables to the two
groups that had been determined by the cluster analysis.
The discriminant function was applied to the data from
the subjects that had been left out of the initial analysis
(the holdout group). This procedure accurately pre-
dicted the groupings of the holdout group such that they
were identical to the results of the previous analysis that

used the whole group. Cluster analysis on the holdout
group also produced the same result.

3.2. External oblique

The application of both Wards and Furthest Neigh-
bour algorithms to the data of the EO muscle identified
two clusters. The clusters that were determined by these
two algorithms were slightly different. The Ward tech-
nique identified 29 subjects in group one and seven
subjects in group two. The Furthest Neighbour algo-
rithm identified 31 subjects in group one and five in
group two. The K-means method was then used with a
2-cluster solution. This analysis placed all but one sub-
ject into the same groups as the Wards method.

Fig. 3 displays the mean EMG activity for each of the
20 epochs of the stride cycle. It shows that the main
difference between the two groups is the magnitude of the
percent MVC. Group 1 subjects demonstrated very little
activity during the stride cycle with a mean percent MVC
at a relatively constant level between 2% and 4% of the
MVC. Group 2 subjects demonstrated a higher percent
MVC level of activity as well as definite peaks of activity.
Split sample analysis demonstrated excellent cluster
stability in that two clusters were identified, with subjects
being placed into the same groups, as they had previously
been when the whole group was analysed. The applica-
tion of the stepwise discriminant analysis indicated 100%
agreement with the results of the cluster analysis.

The stepwise discriminant analysis identified eight
variables (epochs 2, 3, 6, 8, 12, 13, 14 and 16). The
discriminant function was applied to the data of the
subjects that had been left out of the initial analysis, and
accurately predicted the groupings of the holdout group
such that they were identical to the results of the pre-
vious analysis of the whole group. Cluster analysis on
the holdout group also produced the same result.

Fig. 3. Mean percent MVC EMG activity for the external oblique

muscle across the stride cycle. Vertical axis represents activity level of

the muscle expressed as a percentage of maximum voluntary con-

traction. Horizontal axis depicts one stride cycle of the left leg divided

into 5% epochs. LFS¼ left foot-strike; RFS¼ right foot-strike;

LTO¼ left toe-off.

Fig. 2. Mean percent MVC EMG activity for the internal oblique

muscle across the stride cycle. Vertical axis represents activity level of

the muscle expressed as a percentage of maximum voluntary con-

traction. Horizontal axis depicts one stride cycle of the left leg divided

into 5% epochs. LFS¼ left foot-strike; RFS¼ right foot-strike;

LTO¼ left toe-off.

180 S.G. White, P.J. McNair / Clinical Biomechanics 17 (2002) 177–184



3.3. Rectus abdominis

The application of both Wards and Furthest Neigh-
bour algorithm methods to the data of the rectus ab-
dominis identified two clusters. The first cluster
contained 33 subjects and the second cluster contained
five subjects. There was 100% agreement between both
algorithms with the same subjects being placed into the
same groups. The K-means technique grouped the sub-
jects in exactly the same way as the Wards and Furthest
Neighbour techniques.

Fig. 4 displays the mean EMG activity for each of the
20 epochs of the stride cycle. It shows that the main
difference between the two groups was the magnitude of
the percent MVC. Group 1 subjects had very little ac-
tivity during the stride cycle. The mean activity re-
mained at a relatively constant level of 2% of the MVC.
Group 2 subjects had a higher percent MVC level of
activity as well as definite peaks of activity. The appli-
cation of stepwise discriminant analysis to these data
showed that there was 100% agreement with the results
of the cluster analysis.

Split sample analysis demonstrated excellent cluster
stability in that two clusters were identified with subjects
being placed into the same groups, as they had previ-
ously been when the whole group was analysed. The
stepwise discriminant analysis identified two variables
(epochs 11 and 13), and accurately predicted the
groupings of the holdout group such that they were
identical to the results of the previous analysis of the
whole group. Cluster analysis on the holdout group also
produced the same result.

3.4. Erector spinae

The application of both Wards and Furthest Neigh-
bour algorithm methods to the data of the erector spinae
muscles identified three clusters. The first cluster con-

tained 18 subjects, the second cluster contained fourteen
subjects and the third cluster contained four subjects.
There was 100% agreement between both algorithms.
Having identified three clusters with the hierarchical
methods, the K-means method was then used with a
3-cluster solution. This analysis grouped subjects in
exactly the same way as the Wards and Furthest
Neighbour techniques.

Fig. 5 displays the means for each of the 20 epochs of
the stride cycle. The main difference between the three
groups is the magnitude of the percent MVC. The
phasing patterns were similar. Split sample analysis
identified three clusters with subjects being placed into
the same groups as they had previously been when the
whole group was analysed. Stepwise discriminant anal-
ysis showed that there was 97% agreement with the re-
sults of the cluster analysis. The stepwise discriminant
analysis identified three variables (epochs 2, 12 and 20),
and accurately predicted the groupings of the holdout
group such that they were identical to the results of the
previous analysis of the whole group. Cluster analysis
on the holdout group also produced a similar result,
with only two changes. One subject was placed into
group two instead of group one, and another subject
was placed in group one instead of group two.

3.5. External oblique and internal oblique combined

The final test used to validate cluster analysis was to
analyse a set of data that contained variables from more
than one muscle. Data from EO and the IO muscles
were combined and subjected to cluster analysis. Both
Wards and Furthest Neighbour algorithm methods were
used.

This procedure separated the two muscles into two
clusters. Four subjects were grouped with the IO cluster
instead of with the external oblique where they be-
longed. Five subjects were grouped with the EO cluster

Fig. 4. Mean percent MVC EMG activity for the rectus abdominis

muscle across the stride cycle. Vertical axis represents activity level of

the muscle expressed as a percentage of maximum voluntary con-

traction. Horizontal axis depicts one stride cycle of the left leg divided

into 5% epochs. LFS¼ left foot-strike; RFS¼ right foot-strike;

LTO¼ left toe-off.

Fig. 5. Mean percent MVC EMG activity for the erector spinae

muscles across the stride cycle. Vertical axis represents activity level of

the muscle expressed as a percentage of maximum voluntary con-

traction. Horizontal axis depicts one stride cycle of the left leg divided

into 5% epochs. LFS¼ left foot-strike; RFS¼ right foot-strike;

LTO¼ left toe-off.
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instead of with the IO cluster. Stepwise discriminant
analysis had a 91% agreement with the results of the
cluster analysis.

3.6. Rectus abdominis and internal oblique combined

The same procedures were used with the rectus ab-
dominis and internal obliques. The two muscles were
reasonably well differentiated from one another. Nine
subjects were grouped incorrectly with the rectus ab-
dominis cluster instead of the IO cluster. Only one
subject was grouped with the IO cluster instead of with
the rectus abdominis cluster. Stepwise discriminant
analysis had a 90% agreement with the results of the
cluster analysis.

4. Discussion

The primary purpose of this study was to use EMG
to identify the magnitude and pattern of selected trunk
muscles during gait. The need for such data was evident
given the small sample sizes and the varying procedures
used for data collection and analysis undertaken in
previous research. As such, until now, it was difficult to
appreciate a typical pattern of muscle activity occurring
within the stride cycle.

In respect to the internal oblique muscle, two patterns
of activity were observed. Sixty four percent of subjects
had relatively constant activity at a lower level of acti-
vation. This finding is similar to that of Waters and
Morris [10] who reported continuous activity of this
muscle throughout the stride when subjects walked at
4.39 and 5.29 km/h. In the current study, 36% of subjects
had a biphasic pattern of activity with maximum values
occurring during the mid to late stance phase of each
leg. In some subjects, Waters and Morris observed
bursts of EMG activity during mid stance. Although
they did not state the number of subjects in which the
bursts of activity were seen when walking at the slower
speed, they reported seeing this activity in 50% of sub-
jects at the faster speed. With respect to the duration of
these bursts, those described by Waters and Morris [10]
finished prior to foot-strike. Callaghan et al. [11] also
noted low level (6% MVC) bursts of activity in internal
oblique, however, these coincided with footstrike.

Two patterns of EMG activity were observed for the
EO muscle. The majority of subjects (81%), used the EO
muscle at a level of less than 5% MVC throughout the
stride, a finding similar to that of Callaghan et al. [11]
who noted no discernable pattern in the majority of
subjects. The remaining subjects in the current study had
a biphasic pattern with peaks of activity occurring close
to foot-strike. These results are in contrast to those of
Waters and Morris [10] who described activity occurring
throughout the stride with peaks centred in mid-stance.

However, the greater walking speeds that Waters and
Morris examined may have led to increased arm action
and trunk rotation and thus increased activity of the EO
muscle.

Two patterns of EMG activity were observed from
the rectus abdominis muscle. In the majority of subjects
(87%), the mean EMG activity of rectus abdominis was
constant at approximately 2% MVC. These findings are
similar to those of Sheffield [14] who reported that this
muscle was inactive during gait, and Callaghan et al. [11]
who noted activity levels less than 5% MVC in the
majority of subjects. However, in the current study,
there were a small group of subjects (13%) that had a
distinct biphasic pattern of activity, with peaks
(mean¼ 8% MVC) occurring close to each foot-strike.
Waters and Morris [10] observed rectus abdominis
EMG activity in 50% of the subjects that they studied
(walking speed: 4.39 km/h). In contrast to the present
study, the activity they observed occurred mid stance.

Three patterns of EMG activity were observed from
the erector spinae muscles. Irrespective of the pattern,
peaks of activity were observed close to foot-strike, and
thereafter EMG activity decreased considerably. The
presence of a peak in muscle activity at foot-strike was
in agreement with other researchers [6,7,10,11,30]. This
activity of the erector spinae may be related to trunk and
lumbar spine kinematics. Winter and Yack [30] sug-
gested that the activity is the result of the erector spinae
contracting to control forward rotation of the trunk as it
decelerates during weight acceptance at footstrike. In
contrast, Shiavi [31] considered the activity to be related
to weight transference between the limbs and to the re-
versal in direction of pelvic and thoracic rotation. He
suggested that these muscles contract bilaterally (one
eccentrically, the other concentrically) to balance the
torso and pelvis in preparation for the swing phase.

Although cluster analysis is often used in social sci-
ence research, its use with biomechanical variables is not
extensive. Shiavi and Griffen [21] used clustering tech-
niques to group subjects based on EMG data recorded
from lower limb muscles during gait. The major finding
of this work was that individuals can have different
muscle activity patterns during gait, and that cluster
analysis was a useful means to distinguish different
patterns. Chen and Shiavi [19] applied cluster analysis to
the linear envelope generated from the EMG activity
recorded from lower leg muscles during gait. The results
concurred with the earlier work of Shiavi and Griffen
[21] in that they demonstrated that there are a variety of
patterns of activity for a given muscle, even in subjects
without pathology. The results of these studies also
showed that there were no clear boundaries between
normal and pathological patterns in the population
studied, with a number of subjects from both normal
and pathological groups included in each of the defined
clusters. Miller et al. [22] investigated the symmetry of
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EMG activity recorded bilaterally from leg muscles of
healthy elderly subjects and subjects with Parkinson’s
disease. Cluster analysis was used to identify the char-
acteristics of two groups: a group with low symmetry of
the ensemble average and secondly, a group with high
symmetry of the ensemble averages. This provided some
evidence that cluster analysis could distinguish the EMG
data of normal subjects from that of subjects with
pathological gait.

There are no clear guidelines or established rules for
the process of cluster definition. Consequently, a num-
ber of different algorithms that impose different struc-
tures to the clustering process have been developed [20].
There are two basic algorithm methods: hierarchical
methods (which include Wards minimum variance, sin-
gle linkage, complete linkage and average linkage) and
iterative partitioning methods (for example, K-means).
Meaningful clusters also depend on the definition of
‘similar’ that the analysis uses. Various distance mea-
sures are employed to determine inter-object similarity.
Most commonly, the Euclidean distance or squared
Euclidean distance (E2) is utilised. Other distance mea-
sures include the city block method, Pearson’s and the
Mahalanobis methods. Several studies conclude the
choice of distance measure does not appear to be criti-
cal, however, Hair et al. [20] commented that there may
be situations where this is not the case. Similarly, the
choice of algorithm can influence the outcome of the
clustering process. Although the literature suggests a few
guidelines to aid selection, it appears that that one
should compare the results of using several different
methods applied to the same data series and choose
those that give the most consistent and useful solutions
[20].

The current study provides evidence of how varia-
tions in patterns of activity might be lost with the use of
group ensemble averages. For example, if the activity
patterns of the two groups identified for rectus abdo-
minis were averaged, the group ensemble would show
that there was minimal activity during gait. However,
cluster analysis identified a group with a distinct peak of
activity close to each footstrike. Similarly, for the EO
muscle, most subjects were observed to have a relatively
constant level of 3–4% MVC across the stride cycle.
Cluster identified a group of subjects with a much higher
level of activity with peaks at specific phases of the
stride. This study also demonstrated that cluster analysis
could distinguish data recorded from two different
muscles. When data from EO and IO muscles were
combined, cluster analysis correctly identified 89% of
EO muscles and 85% of IO muscles. Similarly, with data
from rectus abdominis and IO muscles combined, 97%
of rectus abdominis and 73% of IO muscles were cor-
rectly identified.

In summary, the application of cluster to identify
subgroups within larger populations was useful. It pro-

vided sufficient evidence that there were subgroups and
that these could be hidden if only a group ensemble is
presented as the ‘norm’ for any particular muscle’s role
during movement. While the significance of the sub-
groups cannot be determined from the current study, the
key point is that variations in patterns of EMG can be
observed using the cluster technique, and with further
research, these may prove valuable in identifying indi-
viduals with patterns that might influence their chances
of sustaining injury, for instance to the spine. Alterna-
tively, clusters identified in subjects with low back pa-
thology may provide important information related to
muscle activity in those that do well after a particular
injury, compared to those that do not. Thus, cluster
analysis is a technique worthy of further development in
this area of research.
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