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ABSTRACT

THESIS: Establishment of a Normalcy Index for Gait Patterns in Healthy Adults
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PAGES: 85

Currently normalcy indices have not been used to evaluate the gait of normal
healthy adults. The purpose of this study was to assess the appropriateness of using a
normalcy index in assessing gait patterns by investigating normalcy indices of different
compositions created from an adult population. Thirty-seven normal and healthy subjects
between the ages of nineteen and sixty-six underwent a clinical gait analysis. Ten trials
from the left and right sides of the body were averaged. From the averaged data, sixteen
kinematic variables were chosen for further analysis. Principal component analysis was
applied to the variables and four separate normalcy indices were formed. They consisted
of a right side, left side, left and right combined, and average of both sides indices. For
the left side index, 23.41% of the variance was accounted for in the principle component.
In the right side index, 25.35% of the variance was accounted for. 25.45% and 23.95%

of the variance was accounted by the PC in the average of both sides and the left and
right combined indices. The mean index scores of the left and right indices are 6.48 and
8.38. Index score for the average of both sides and left-right combined indices is 6.80. A
paired samples t-test showed that the left and right indices were significantly different at
the .01 level. The mean of the index from both sides and the left-right combined were
not significantly different with an alpha of 0.969. The significant difference between the
left and right side indices suggests that with further refinement, normalcy indices may
possibly be used to assess the symmetry of gait
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CHAPTER 1

DEVELOPMENT OF THE PROBLEM

INTRODUCTION
A clinical gait analysis is the quantification of patterns found in walking and is
typically used to assess the functional capabilities of individuals with various pathologies
(Davis, 1997). Gait analyses are often used in the clinical evaluation of patients with
cerebral palsy, stroke, degenerative joint disease (arthritis), and traumatic brain injury.
Evaluation of gait in pathological subjects is done by comparing their data to data from
normal subjects that are free of disease or pathology. This comparison provides
physicians with information that can help with assessing the severity or gait of a subject
and the subsequent formation of a treatment plan (Baker, 2006). A clinical gait analysis
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can also be used to track the progress of patients before and after surgical intervention.
Joint replacement patients and children with cerebral palsy undergoing tendon transfers

are instances where a gait analyses has been used to monitor the affect and recovery
process from surgery.
Kinematic analyses provide descriptions of the motion of body segments during
gait and other activities. Displacements, velocities, accelerations, are three examples of
kinematic descriptors of motion (Rose, J., Gamble, J.G., (2006). However, kinematics do
not account for the forces that cause motion, thus providing an incomplete picture of
motion. Some typical kinematic variables collected in a clinical setting are illustrated in
Figures 1 and 2 below (Bendetti,

1998)
Figure 1 Pelvis and Hip Kinematics during one cycle of gait
Reproduced from Bendetti, et al, (1998)
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Figure 2 Knee and Ankle Kinematics during one cycle of gait
Reproduced from Bendetti, et al, (1998)

Although kinematics reveal a great deal of information about human walking patterns,
direct information of the causes of walking problems are not revealed through their use.
Kinetics, another branch of mechanics, deals with forces that cause motion. Just
as kinematics are used to quantify and observe patterns in human gait, kinetics are also
used in the same manner. Ground reaction forces, moments, and powers all fall under the
classification of kinetics. Ground reaction forces are measures of the forces produced by
interaction between the foot and ground during walking. Figure 3 contains curves of
ground reaction force data during the gait cycle in the sagittal, frontal, and transverse
plane. Net muscle moments, both common in gait analyses, are used to quantify how the
body responds to external forces (Rose, J., Gamble, J.G., 2006). Figure 4 contains
moments about the hip, knee, and ankle during the gait cycle. Another kinetic variable
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used in gait analyses is joint power which is a measure of the rate of work done by
muscles crossing the joint of interest. Figure 5, below, contains graphs of joint power
from normal subjects Illustrating hip, knee, and ankle powers, with points of clinical
significance noted on the graph. H1and H2, represent points on the joint power curves
that are peak power generation and absorption during one cycle of gait.

Figure 3 Ground reaction forces during one gait cycle
Reproduced from Bendetti, et al., (1998)
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Figure 4 Sagittal Plane Moments of the Hip, Knee, and Ankle during on cycle of gait
Reproduced from Whittle, et al., (2003).
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Figure 5 Joint Powers of the Hip, Knee, and Ankle during one cycle of gait
Reproduced from Whittle, et al., (2003)

Data presented in figures 1-5 were all collected and processed using techniques
that are fairly modern, and recent advances in technology have made them easier to use
(Simon, S.R., 2004). The reduced time requirements of data collection and processing
have allowed for more focus on interpreting the results obtained from gait data. In many
instances, interpretation of gait results and patterns found in gait data is done through the
process of graphing. One limitation of using graphs for pattern detection is that graphing
does not reveal or account for the interrelationship of the collected variables. Interaction
and coordination of joints and muscles throughout the body to produce walking is
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thought to be represented by interrelationships that can occur between gait variables
(Daffertshofer, A., 2004). However, no standards exist for the interpretation of gait data
or revealing the interrelationships between the observed variables.
In response to the problem clinicians have sought techniques that ease the
interpretation of gait data (Chau, et al., 2001). The selection of techniques for
interpretation is important because the technique chosen must preserve the
interrelationships and correlations present in the data set (Davis, 1997). A logical
solution for this is data reduction. Data reduction consists of condensing a data set into a
smaller subset while preserving the interrelationships and correlations present in the
original dataset (Chau, et al., 2001). It is done to ease the interpretation of large and
complex datasets and is achieved using multivariate statistics. One particular
multivariate statistical analysis, principal component analysis (PCA), has the ability to
reduce data while maintaining correlations present among the variables. PCA condenses
data into principal components (PCs) that contain variables that are correlated.
Depending on the data, various numbers of PCs can be formed. Each PC contains new
and different information within the data set.
Given that clinical gait analyses are performed to assess the walking patterns of
individuals, researchers must not only determine deviations from normal gait in their
subjects, but also variability amongst the measured variables. A solution to this problem
has been the development and use of normalcy indices. A normalcy index allows
researchers to represent the closeness of walking patterns to “normal walking patterns.”
(Schutte, et al., 2000 and Romei, et al., 2004) In previous studies, PCA was used to
create a normalcy index of gait that could successfully discriminate between children and
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children with cerebral palsy (Schutte, et al., 2000 and Romei, et al., 2004). However, a
limitation of those studies is that the indices were formed from the gait of normal and
abnormal subjects. If the intent is to assess how close individuals gait patterns reflect
normal gait, is combining normal and abnormal subjects in the formation of the index
appropriate? Furthermore, in both studies, the indices consisted of a combination of left
and right side data to produce the index. No studies exist that investigate indices of age
groups other than children or indices created from different combinations of data.

Purpose
The purpose of this study is to test the appropriateness of using a normalcy index
in assessing gait patterns of adult populations of different combinations by examining the
closeness of the results between this study and the previous normalcy index studies.

Significance
This study will help to determine the usefulness of normalcy indices for gait
analyses and help establish the basic parameters of a normalcy index, including the affect
of having a variety of ages in the formation of the index. By providing evidence that
either supports or refutes the results of previous normalcy indices, this study may provide
direction for the next steps in developing normalcy indices for use in clinical settings.

Methods
Ball State University students, staff, and faculty were recruited for participation in
a study. Potential recruits were told that the study involved a clinical gait analysis and
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that their data would be used to create a normalcy index of gait patterns. Subjects that
agreed to participate were then required to come to the Ball State University
Biomechanics Laboratory for one testing session. Upon arrival to the lab, potential
subjects were required to fill out a health history questionnaire, informed consent, and an
SF-36 questionnaire. The health history questionnaire contained questions relating to
neurological or musculoskeletal pathologies that significantly affected lower body
walking mechanics. Exclusion criteria included individuals with severe arthritis of the
lower limbs, joint replacements, recent sprains or muscle strains, and recent surgery.
Once subjects completed the needed paperwork, anthropometric measurements were
taken. After the anthropometrics were recorded, reflective markers were placed on
specific anatomical landmarks in the arrangement of the Vicon Plug-in Gait marker
setup.
Data were collected using a Vicon Motion Systems Inc - MX System. The
camera sampling frequency was set at 60 hertz and the force plate sampling frequency
was set at 960 hertz. For randomizing foot strikes on the force plate, subjects were asked
to select a one or two. If the subjects picked a one, then they had to perform all of their
trials with left foot strikes first before the set of trials for the right foot strikes. If the
subjects picked a two, then the set of trials with right foot strikes were done before the
left foot strikes. Data collection began after subjects were given multiple trials of practice
walking along the walkway. The practice trials were used to adjust the subjects starting
position in order to obtain successful foot strikes on the force plate. During the practice
trials, subjects were instructed to walk at their normal self-selected pace and to repeat this
when actual data collection began. When the subject was setup for successful force plate
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strikes data collection began. The collection process was complete once the subject had
15 trials from each side successful and correct force plate strikes.
In order to reduce error in the collected data, the first 10 trials for each side of the
body that feel within the range of plus or minus 0.10 m/s of the mean of all the subject’s
walking trials were then selected for analysis (Lelas, J.L., et al, 2002). Each of the 16
collected variables was then averaged over 10 trials for left and right side data for all
subjects. The next step consisted of running PCA on the averages of the 16 collected
variables.
When PCA was completed, a score (coefficient value) was given/assigned to each
of the 16 variables. The normalcy index was formed from the coefficients of each
variable. A simple algebraic equation, similar to those of regression analyses, was
created by placing each coefficient and its corresponding variable into an equation. Each
subject’s particular value for each variable was put into the calculation of the final
normalcy index score.

Limitations
Subject participation was limited to Ball State University, students, faculty, and
staff, thus may not be representative of the United States population. During data
collection, subjects were told to walk at their own comfortable pace. However, given that
the lab is not their typical environment their walking speed may have been affected.

Delimitations
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Only healthy normal subjects free of musculoskeletal or neurological pathologies
were included in the study. If the subjects failed to strike the force plate correctly with
their foot during data collection, those trials were discarded. Also any trial where the
subject had a walking velocity greater than plus or minus 0.10 m/s of the mean walking
velocity during the data collection session, were discarded.

Summary
Normalcy indices have been used to assess the gait of individuals by establishing
a single gait score. The reproducibility of a normalcy index has only been tested once.
Furthermore, previous normalcy indices have been constructed from data of children’s
left and right sides of the body. No one has investigated creating indices of different data
compositions in normal and healthy adult subjects. Therefore, the purpose of this study
was to test the reproducibility of a normalcy index in adult subjects and test the
appropriateness of normalcy indices of different compositions. With these results,
direction can be given to the further advancement and refinement for the use of normalcy
indices in clinical gait analyses.

CHAPTER 2

REVIEW OF LITERATURE

Introduction
This review begins with brief history of gait analysis. The second section focuses
on common variables collected in a gait analysis and examples of studies that utilize
those variables. The last section of the review deals with data reduction and difficulties
associated with reducing gait data. Studies that have reported methods to reduce gait data
are also discussed.

History of Gait Analysis
Humans have always taken interest in gait, thus attempts to characterize human
gait have occurred throughout history. Cave paintings and other drawings discovered
during the Paleolithic period (15,000-10,000 BC) depict both humans and animals

walking and performing other movements (Mow, and Huiskes, 1991). In 384-322 BC,
Aristotle was the first to recognize that muscle contractions produced movement
(Mow,and Huiskes, 1991). Sculptures and paintings from the ancient Greeks and
Romans, all demonstrate that those artists had some understanding of how the human
body moved during different activities (Whittle, 1996). During the late 1400’s and early
1500’s, Da Vinci was able to model/sketch muscular contractions and the joint
movements as first described by Aristotle. The use of mechanics for describing human
gait began during the 15th to 17th centuries with Newtonian physics (Mow, and Huiskes,
1991). Specifically, Borelli’s On the Motion of Animals (De Motu Animalum), 1680
began the use mathematical models to simplify the complexity prevalent in movement of
biological organisms. The use of mathematical models is still in use today, in the process
of calculating internal forces and moments from external forces as well as models used
by the many software platforms common to clinical gait analyses (Mow, and Huiskes,
1991).
The first quantitative measures of human locomotion were published in 1836 by
the Weber brother’s paper Die Mechanik Der Menschlichen Gerverzeuge. They were
able to quantify temporal and distance parameters during gait, such as walking velocity.
The use of photography began with the publication of photos of human and animal
locomotion by Muybridge in Animal Locomotion in 1887 (Cappozzo, 1984). He used
multiple cameras to capture walking of humans and animals in the form of cine
photography. This allowed for a better analysis of locomotion, and was the standard
method for capturing gait until recently (Whittle, 1996).
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The beginning of modern era of biomechanics and quantification of gait began
with the publication of Der Gang des Menschen in 1895 by Braune and Fisher. They
were the first to model the limbs of the human body as rigid segments, which is
fundamental in the field of biomechanics and is still used in gait analyses. Another
important contribution that Braune and Fisher made to biomechanics was the first use of
stereophotogrammetry (Cappozzo, 1984). Stereometry allows for the reconstruction of
moving point’s position in coordinate system into three-dimensional position thereby
allowing for the measurement of segment motion in space. This when combined with the
use of cine film (stereophotogrammetry) lead to more advanced analyses of gait.
In the last century, another important advancement in the study of human gait was
the invention of devices to measure external forces during walking. Amar in 1916
created a dynamometer that could capture the forces between the foot and floor during
the period of contact in walking. Eberhart, et al., (1947) created a dynamometer that
could successfully measure reaction forces and moments between the foot and floor
during walking. This was important because it allowed biomechanists to obtain ground
reaction forces. Further information was obtained by finding moments and powers. The
addition of ground reactions forces, moments, and powers, allowed for a more advanced
study of human gait.
A group of physicians from the University of California, San Fransico and
Berkeley began to publish a great deal of research regarding human gait (Whittle, 2003).
This group included Verne Inman, John Saunders, and Howard Eberhart. A study by this
group Saunders, et al., (1953) used photography and a force plate to describe what they
considered were major determinants of normal and pathological gait. The authors
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concluded that center of mass excursion (COM) patterns in the vertical and lateral
directions were indicators of both normal and pathological gait. These excursions were
affected by six “major determinants”: pelvic rotation, pelvic list (pelvis obliquity), knee
flexion in stance, foot and knee mechanisms, and medial displacement of the pelvis.
Each of these determinants is responsible for minimizing COM excursion in producing a
walking pattern that requires the minimum amount of energy. However, in pathological
gait, the contribution of each determinant to COM excursion changes may change
because of compensating for the injured area. This is detected by changes in the normal
pattern exhibited by these measures during gait. The authors give an example of
compensatory walking patterns when the knee is immobilized. Because of the inability to
flex the knee, the subject must elevate the pelvis on the affected side excessively for
successful foot clearance. Regardless of disability, the overall goal is to minimize the
COM excursion via compensatory mechanisms. Compared to previous human gait
studies, this study was more advanced and this can be likely attributed to advances in
modeling and technology. Examining pathological gait for medical uses in a manner
similar to this study started during the 1970’s.
Clinical gait analysis is the measurement, quantification, and interpretation of
walking patterns present in humans (Davis, 1997). Baker (2006) gives four reasons for
performing a gait analysis. The first reason for performing a gait analysis is to help
diagnose disease or pathology such as stroke or cerebral palsy. Assessment of the severity
or extent of a disease or injury is the second reason for performing a gait analysis.
Tracking the progress of rehabilitation and treatment plans is the third reason. The final
reason for a gait analysis is for the prediction of the outcome of a treatment or the
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determination that no treatment plan is needed. Overall, a clinical gait analysis provides
doctors, biomechanists, physical therapists, and other medical staff with information
about a patient’s gait patterns that is helpful in defining and assessing their overall health
status. Gait analyses have become much more streamlined and advanced with the
introduction of computing technology and motion capture systems.
The increasing use of clinical gait analyses have occurred because of advances in
technology that decreased the time spent collecting and processing gait data. The ability
of computers to perform complex calculations at incredible speeds has greatly reduced
the time spent processing data. Before advances in technology, the use of cine film and
photography were standard and required manual digitization of each frame of data which
was a very time consuming process. An example of manual digitization is described in
Davis, et al., (1991). Today’s systems track the markers, and automatically identify the
markers, and also can collect force plate data simultaneously greatly reducing the time
spent processing data (Capuzzo, 1984). Examples of the technology include opticalelectric camera based systems, such as Vicon Motion Systems Inc - MX System.

Gait Analysis Variables
Kinematics

Human gait is often quantified or described with kinematics. Kinematics refers
to the study of motion without reference to the causes of motion. Displacement, velocity,
and acceleration are all kinematic variables that can be quantified in either two or three
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dimensions (Rose, J., Gamble, J.G., (2006). Kinematic gait variables are typically
displayed over the entire period of the gait cycle during walking. A gait cycle is defined
as the period of two consecutive heel strikes of the same leg during walking. It is the
basic unit of reference and time frame used in the analysis of gait. For normalization
purposes, the gait cycle is based upon a percentage scale with the first foot strike at zero
percent and ending with the consecutive foot strike of the same foot. For further
classification purposes the gait cycle is broken down into two phases: the stance and
swing phases. Within the stance phase, are events of clinical interest, such as foot off and
foot strike. Figure 7 below is an illustration of the gait cycle, indicating the phases and
important events that occur in normal human gait.

Figure 7 The Gait Cycle and its Phases
Reproduced from Rose, and Gamble, (2006).
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In addition to analyzing the phases and events of the gait cycle, gait can also be
separated in the planes of motion for further analysis. The sagittal plane or side view of
the body during walking contains flexion-extension movements of the hip, knee, and
ankle. The frontal plane or fontal view of the body contains adduction and abduction
movement of the limbs. Hip abduction or swinging the leg out to the side is an example
of a frontal plane movement. The last plane is the transverse that separates the body into
top and bottom halves. Examples of transverse plane movements are pelvic and hip
rotation. The direction of these transverse plane rotations are described as internal and
external rotation. Figure 8, provides illustrations of the three planes of motion.

Figure 8 planes of motion a) Sagittal Plane, b) Frontal Plane, c) Tranverse Plane
Reproduced from Hamilton, and Luttgens, (2002)

Grieve and Gear, (1966), attempted to establish equations that described the
relationship of speed, stride length/rate both children and adults. All subjects were
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normal and healthy, including seventeen females and thirty-two males. Step frequency
and relative walking velocity exhibited a linear relationship in both the adult and
adolescent groups with correlations of .966 and .999. The authors chose to group and
classify walking patterns of both children and adults using log-log and linear regression
equations of step frequency and relative walking velocity. Group classification was
defined by three equations. Type one and two classifications were log-log equations of
step frequency and relative walking velocity. Most adults fell under the type two
classifications, while adolescents fell under both types one and two classifications. The
children, whose gait was immature, were classified under type zero, a linear regression of
step frequency and relative walking velocity. The time of swing and stride length
relationship was reported using regression, and analyzed graphically. Children exhibited
shorter stride lengths and earlier times of swing, than the other two groups. During the
first four to five years of development, children’s walking undergoes much change to
more stable, mature, and adult-like patterns.
Sutherland, et al., (1980) examined gait of 186 normal children between the ages
of one to seven years old. They found that sagittal plane joint motions and angles
resembled adult like patterns by four to five years of age. However, walking velocity,
cadence, and step length do not reach mature patterns until later ages. The authors
suggest that walking velocity, cadence, and step length be used to classify the gait
maturity of gait in children. Data from Norlin, et al., (1981) suggests that walking
velocity and stride length are dependent on age in children eight years old and younger.
After eight years old, walking velocity and stride length are dependent on leg length.
Thus, changes in stride length and walking velocity are not attributed to body growth
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alone but are also age-related. Their results point to gait maturing until the age of 16
years old which is different than the results obtained by Sutherland, et al., (1980).
Hausdorff, et al., (1999) examined stride dynamics and variability of 50 pediatric subjects
aged from three to 14 years old. Stride dynamics, stride to stride control, did not reach
adult like values until the age of 11. Differences between stride dynamics and variability
were still present when adjusting for age and height affects. All these studies show that
differences due exist between children and adult walking patterns.
More recent studies have relied on the advances of technology to include both
temporal gait variables as well as kinematics at each joint. Bejek, et al., (2005),
examined the effects of walking speed changes on gait patterns in adults with
osteoarthritis. Three groups of 20 subjects (12 women and eight men) were established.
The first group consisted of elderly, normal subjects with no hip or knee osteoarthritis.
The second group consisted of 22 subjects who had unilateral hip osteoarthritis, while the
third groups consisted of twenty subjects with unilateral knee osteoarthritis. 17 out of the
22 collected variables showed significant differences from one to two km/h, from two to
three km/h, and from three to four km/h in patients with hip osteoarthritis. 15 out of the
22 collected variables for patients with knee osteoarthritis showed significant increases as
walking speeds increased. When the hip group was compared to the normal group,
thirteen of the variables were significantly different, at the same walking speed. 13
variables also showed significant differences when the knee group was compared to the
normal group. When the hip and knee groups were compared, ten of the variables
showed significant differences at the same walking speed. Both the hip and knee groups
compensated for their lack of motion in the affected joints by increasing pelvic motion as
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walking speed was increased. Two important findings occurred in this study. The first
finding is the fact that kinematic variables are all sensitive to changes in walking speed.
Secondly, the authors were able to show how those walking speed changes affected the
gait of subjects with osteoarthritis. It is important to note that recent studies are taking on
a more global view of gait because advances in technology are revealing previously
undetected relationships of the variables collected in clinical gait analyses.
Frigo, et al., (1986), examined the effect of walking speed on sagittal plane joint
angles in walking in normal and three above the knee amputees. A three-dimensional
graph of joint angles versus walking speed was used to display the data. Swing duration
and peak joint excursion increased with walking speed and frequency increases. When
comparing normal data to the data of subjects with the prosthetic limb, noticeable
differences occurred. Time of swing and peak joint angles all increased with increases of
walking speed. In preparation for heel-strike, the subjects with prosthetic limbs extended
their knee earlier than normal subjects. The amputees also had a faster hip joint flexionextension cycles than the normal subjects. Knee joint flexion before heel strike was a
result of the quick hip flexion-extension cycle that caused the knee to lock earlier due to
inertia. The flexion-extension cycles in the subjects with prostheses was found to last
longer as stride frequency increased. Although, the authors were able to show distinct
changes in kinematic patterns of amputees, the causes of these changes were still
unknown. Thus for designing prosthetics, having both kinematic and kinetic data from
amputees would be very valuable.
Kinetics
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In the human body, forces produced by muscles control joint motions, which
allows movements such as walking to occur (Rose, J., Gamble, J.G., (2006). During
standing, walking or any activity where contact with the ground occurs, humans exert a
force against the ground. The ground then exerts an equal and opposite force in a
reaction to the person. In gait analysis, ground reaction forces are measured using force
plates. Obtaining ground reaction forces are necessary if joint moments and powers are
to be calculated. The process of calculating joint reaction forces and joint moments from
ground reaction forces and kinematic data is referred to as inverse dynamics. Moments
control the rotations of joints and this variable gives an indication of what action is
occurring across the joint (Rose, J., Gamble, J.G., (2006). Joint powers are calculated by
multiplying the joint moment by the angular velocity of the joint. They represent the rate
of work done by the joint moment in creating or controlling rotation of the joint (Mow,
1991).
Ground reaction forces have also been quantified and examined in pediatric
populations. Diop, et al., (2005) found that ground reaction forces were sensitive to
walking speed changes and age. 47 male and female four to ten year olds participated in
the study. The children walked on a treadmill with a built in force plate at three different
speeds. For age comparison, the children were spilt into three groups: four to six years
old, six to eight years old, and eight to ten years old. The four to six year old group
generated a greater anterior-posterior ground reaction force than the other groups to
compensate for a lower vertical reaction force. This contrasts with Sutherland, et al.,
(1980), which concluded that children’s gait matures at the age of five years old. This is
further supported by Beck, et al., (1981) from gait data of 51 healthy children between
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the age of eleven months to 14 years old. The ground reaction forces patterns seemed to
reach mature levels by the age of five. Chester, et al., (2006) also found that kinetic
patterns at the hips and knees of children were adult like by the age of five. The group of
9 to 13 years old had mean ankle plantarflexor moments similar to adults. From this, it is
evident that children plantar flexor moments don’t reach adult levels until at least 9 years
of age. Overall, it is apparent that various studies have shown that no consensus has
occurred regarding when gait maturity occurs in children, to resemble adult walking
patterns.
Andriacchi, et al., (1977) also examined the relationship between walking speed,
other temporal parameters and ground reaction forces, in subjects without knee
osteoarthritis and subjects with knee osteoarthritis. The osteoarthritic group had
measurements taken prior to knee replacement surgery, and approximately 5 and 9
months after surgery. The osteoarthritic subjects had shorter step lengths and an
increased cadence when walking at the same velocity as the normal group. However, as
they recovered from surgery, their values trended towards the values from the normal
group. The subjects with osteoarthritis had higher medial-lateral ground reaction forces
at heel strike than the normal subjects. This finding may have some significance in the
design of knee replacements because of the bending moments that can occur from
increased medial lateral ground reaction forces.
Gait in aging populations has been studied in an effort to identify characteristics
or groupings of data in individuals prone to falling along with other deficits and/or
injuries common in the elderly. Examining both healthy young and elderly adults, Devita
and Hortobagyi, (2000), found that the elderly group tended to rely more on the hip
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musculature during walking at the same speeds as the young adults. 279 percent more
work was generated at the hip for the elderly than the young and adults, thirty-nine
percent less work was generated at the knee, and twenty-nine percent less work was
generated at the ankle. Graf, et al., 2005 found similar differences between the hip and
ankle mechanics during gait of healthy and impaired elderly subjects. The impaired
elders generated less power at the ankle and subsequently had to rely on the hip
musculature to propel the body forward during gait. Although kinematic and kinetic data
are highly interrelated to gait speed, Kim and Eng, (2004) found stroke patients used
compensating patterns in gait that improve walking speed. Just like the amputees from
Frigo, et al., (1986), the stroke patients from this study had altered walking patterns.
Some of the subjects exhibited an additional positive power burst in the frontal plane (hip
abduction) that may help with foot clearance, thus improving walking speed. Chen, et al.,
(2005), had similar results, where their subjects had increased lateral displacement of the
leg to assist with foot clearance also allowing for an increase in walking speed. Because
of the complex nature of gait, researchers must account for changes in walking patterns
that may result from compensatory strategies or techniques. Thus, researchers should
choose data reduction techniques that allow for the possible detection of compensatory
strategies in walking patterns.

Data Reduction in Gait Analysis

33
In the previous section, a review of gait studies shows that data is often
interpreted in a number of different ways. Studies that were more recently conducted,
have all attempted to establish a cause and effect type of conclusion or diagnosis.
Something very similar to this is the idea of interrelationships among the collected
variables. Interrelationships and high correlations between variables represent and reveal
important information about gait patterns. With large amounts of data, the ability to
generate that data in relatively short periods of time, and different techniques employed
in the processing and interpretation of data, detecting the interrelationships among the
collected variables becomes difficult. Thus, data reduction has become increasingly
important (Daffertshofer, et al., 2004). However this process can be difficult because no
standard or guiding rules for how the collected variables should be reduced or analyzed
exists (Chau, 2001 and Davis, 1997).
Graphing data is a common technique used to interpret gait data, but does not
account for the correlations between variables or complexity of the patterns present in
human gait. Furthermore, this process can be very time consuming because of the large
number of graphs that may need to be generated in diagnosing and assessing a patient’s
gait. To deal with these issues, multivariate statistics have been used to reduce gait data
and preserve the correlations present that reveal information about the patterns of gait.
Cluster analysis, is a statistical technique that finds clusters (groups) within
datasets based upon the relationships between the variables within the dataset thereby
reducing the data (Chau, 2001). Mulroy, et al., (2003) used cluster analysis when
analyzing the gait of 47 recovering stroke patients. Cluster analysis of kinematic, joint
torques, and EMG data revealed four clusters identified as; fast, moderate/slight flexion,
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flexed, and extended for the patients initial testing. Cluster placement was determined by
walking velocity, knee extension in midstance, and ankle dorsiflexion in midswing. At
the six month testing, group placements were determined by velocity, knee flexion in
terminal stance, and knee flexion in pre-swing. The changes in variables that identify
group placement is likely due to patients increased muscle activation during gait resulting
from improved muscle strength after recovering from stroke. Subjects that were better
able to control the ankle relied less on extending the knee to overcome ankle weakness.
Waterlain, et al., (2000) also used cluster analysis to classify gait patterns. Using cluster
analysis, the authors found four clusters of subjects related to age. The four primary
differences between the groups were related to peak muscle powers. From a clinical
perspective, both studies could help clinicians identify areas that they need to concentrate
on during the rehabilitation of their subject’s.
Another multivariate statistical method, principal component analysis (PCA), has
previously been used to analyze gait data. PCA’s main function is to extract the
maximum amount of variance from the observed variables. This variance extraction
allows for the reduction of the data from a large number of variables (16 in this case) to
one or two, which may allow for easier understanding of the underlying process. For
complex movements such as gait, the variance in the data set can be reflected in the
amount of change that all the variables undergo in relation to one another. These changes
can be quantified using correlations among the observed measurements. This is done
using an algebraic algorithm that seeks to find smaller subsets of variables that are
orthogonal to each other (Chau, 2001). Each subset of variables is orthogonal meaning
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that they are uncorrelated. These subsets of variables are called principal components
(PCs).
After applying PCA to a data set, the number of PCs is completely dependent
upon the data set. Typically the first PC accounts for the maximum amount of variance
within the observed variables. In order to extract the variance, PCA is used to create a
linear combination of the original variables that collectively accounts for the largest
possible share of the variance contained in these observed scores. The linear combination
is very similar to a regression equation of the observed variables where the dependent
variable is the value of the PC. Each successive PC formed is a result of residual
correlations of variables that account for the maximum variance of those variables
unrelated to the first PC. This is important because each PC reveals different information
about the dataset, in a reduced form.
In a study by Davis and Vaughan, (1993), multi-dimensional scaling (MDS) and
factor analysis (PCA) were used to describe the phasic behavior of EMG during gait.
MDS is used to show the relationships among variables using a two-dimensional plot.
The closeness of the data points represents the interrelationship or groupings of the
variables. A measure of activity across pairs of muscles was created and called a
“Coactivity Index” (CI). A large CI value represents a high level of coactivation of that
particular pairing of muscles. Two CIs were used in the MDS analysis, with one being
normalized via a KYST algorithm approach and the other CI coming from Winter,
(1987). EMG was collected on sixteen lower limb muscles and ensemble averages were
used for both the multidimensional scaling and principal component analysis. Four
components accounted for 91.5 percent of the variance of the EMG data using both PCA
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and MDS. The four components were: heelstrike, the loading response, propulsion
phase, and the biphasic manner. These four components suggest that muscle activation is
based upon loads and requirements placed upon the body for successful gait. Merkle, et
al., (1998), also used PCA in examining muscle activity during walking. 20 subjects
walked on a treadmill while EMG was recorded for 20 seconds from the right tibialis
anterior, right biceps femoris, right gastrocnemius, right rectus femoris, left erector
spinae, left sternocleidomastoid, and neck extensors. 65 percent of the variance within
the original data set was accounted for in two principal components. PC one was
composed of the right tibialis anterior, right biceps femoris, right gastrocnemius, and left
erector spinae. The first principal component was labeled transition control because it
contained bursts of muscular activity that occurred during the transition from one leg to
the other leg. PC two contained the right rectus femoris, right tibialis anterior, neck
extensors, and left erector spinae. The second component was termed loading because
the bursts of activity occurred during weight acceptance of the gait cycle. Using PCA,
the authors of this study were also able to establish that muscle activation patterns appear
to be related demands placed upon the musculature to successfully complete a gait cycle.
Wilson, et al., (1997), measured thirteen different components of ground reaction
forces of 24 subjects across different conditions. Conditions included different surface
types, different locomotion modes, and subject attributes. Before applying PCA to
reduce the data set into PC’s, four distinct groups were formed within the data set. The
groups were broken down into four different combinations of the ground reaction
components. The four groups were; all of the thirteen ground reaction components, stance
time and the vertical reactions, stance time and the anterior-posterior reactions, and the
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last group of stance time and the medial lateral-reactions. Three PCs contained 59
percent of the variation of all 13 reactions. For the other three groups, the variation
contained in the first three PCs, was 95.5, 85.3, and 80.6 percent. In each group, most of
the variance was contained within three PC’s. PCA was unable to distinguish between
mat surface type and gender. It could account for arch index, in cases where a low arch
index existed and only when looking at the medial-lateral reactions. These results could
help clinicians when diagnosing and prescribing orthotics and prostheses for patients with
gait pathologies.
Knee kinematics and kinetics during gait of both normal and pathological subjects
were described by Deluzio, et al., (1997), using principal component analysis. PCA was
used to create one principal component model (PCM) for each of the measured variables
which included; three dimensional bone contact forces, net reaction moments, and knee
angles from twenty-seven normal adults. Gait analysis was conducted on three patients
with osteoarthritis at pre-surgery and post-surgery time intervals. Their pre and postoperation bone contact forces, net reaction moments, and knee angles for the entire gait
cycle were compared to the value of the normal groups gait cycle. In each case, the
results of using the PCM’s corresponded with the clinical conditions of each patient as
measured by their Knee Society Score (KSS) validating the use of the PCM’s. (Install, et
al., 1989) This is very important because no previous work has been done in establishing
the validity of clinical significance of data results obtained from other PCA based gait
studies. From a clinical perspective this study is important because the PCM’s ability to
detect specific areas of abnormality may prove useful by providing clinicians with more
information for future courses of action concerning their patients’ rehabilitation.
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Astephen and Deluzio, (2005) also examined gait patterns in normal subjects and
those with osteoarthritis. PCA was used to form “features” from the original set of
seventeen variables. 25 features (principal components, PCs) which contained greater
than ninety percent of the variation of that data, were then analyzed using discriminant
analysis. Discriminant analysis revealed that twelve of the twenty-five features
successfully separated the normal and osteoarthritis groups. Feature one, the most
discriminatory feature was related to stance phase, frontal plane loading, and alignment
factor. Feature twenty represented the loading phase of the gait cycle. It contained BMI,
medial lateral knee forces, velocity, medial lateral knee moment, knee angle and force.
Although BMI is not a measure of gait, it is still important considering the effects obesity
has on individuals with osteoarthritis. This study is important because the authors were
able to reduce the data effectively using PCA, while also separating normal from
abnormal groups with the addition of discriminant analysis. In two steps the authors have
successfully taken large amounts of data and obtained clinically significant and important
results.
Olney, et al., (1998) used PCA to reduce seventy-four different kinematic and
kinetic variables from stroke patients into four PCs. These four components consisted of
40 variables and accounted for approximately 60 percent of the variation of the original
dataset. PC one had a correlation with walking speed at 0.96 and thus variables
contained in this PC are highly related to walking speed. PC two had the highest
correlation with variables that showed large differences between the affected and
unaffected side in the subjects, thus giving some indication of gait asymmetry. The third
PC was correlated to variables on the affected side of the stroke patients, primarily
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describing postural strategy during gait. Variables correlated to PC four didn’t form any
meaningful pattern that had any physiological importance. It is important to note that the
actual PCs formed were then compared to some of the collected gait variables, most
notably walking speed. Previous research has already shown that gait variables are
highly correlated to changes in walking speed.
Sadeghi et al., (2001) used principal component analysis to determine the role and
interaction of ankle and hip muscle moments during walking. Twenty, healthy male
subjects were selected to walk at self-selected speeds along a 13 m walkway with an
AMTI force plate and a four camera setup. Kinematic and kinetic data captured for the
right side of the body were used to calculate muscle moments at the hip ankle. After
applying PCA to the muscle moments at the hip and ankle, the authors found that the
main role of the hip and ankle musculature is in counteracting the effects of gravity. The
second role of the hip and ankle flexor muscles is in propelling the body forward during
gait. The primary roles of the hip and ankles muscle were achieved through interaction
and coordination between those joints. Sadeghi, et al., (2002) used PCA to identify the
main role of the flexors and extensor muscles at the knee in 20, healthy, male subjects.
Three PCs were formed containing more than ninety percent of the variation motion at
the knee. Based upon variables contained with each PC, control of balance, foot
clearance/limb preparation, and shock absorption were identified as the main roles of the
knee flexor and extensors muscles during various portions of the gait cycle. Symmetry of
the lower limb was investigated by Sadeghi, (2003) by applying PCA to sagittal plane
muscle moments in 20 healthy male subjects. The authors suggest that local asymmetry
of the lower limbs does exist, one leg controlling balance, while the other legs is
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responsible for propelling the body. The difference in local symmetry between the legs
may possibly be what leads to global symmetry.
PCA has also been used in studies where walking patterns have been quantified
using coordination and variability. Dafeertshofer, et al., (2004) applied PCA to kinematic
and EMG data by using PCA as a form of data driven filtering. Four PCs accounted for
about ninety percent of the variance within the kinematic data set. When they applied
PCA to collected data, the authors were able to create a planar constraint from the
changes in joint and segment angles. Borghese, et al., (1996), had subjects walk at selfselected speeds while collecting both kinematic and kinetic variables. When they applied
PCA to collected data, primarily the changes in joint and segment angles, the authors
were able to create a planar constraint. Approximately 99 percent of the variation present
in the data set was described using two PCs. This represents changes in elevation angles
(limb segment angles) which are measures of inter-segmental coordination. The authors
concluded that the changes in the planar constraint most likely represented neural control
changes rather than biomechanical factors because the planar constraint seemed to be
constant across all conditions and subjects. Mah, et al., (1994) used PCA to reveal
movement synergies present in gait data. Their subjects walked at different speeds with a
knee brace and walked at those same speeds over obstacles. After applying PCA to the
dataset of eight lower limb angles, three PCs were formed in both conditions accounting
for at least ninety one percent of the variation present. Although the data was reduced to
PCs small changes in the walking patterns during the different conditions was still
detected using distortion analysis. This provides evidence that PCA is able to detect
small changes in gait patterns that are a result of perturbations. All three of these studies
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demonstrate the usefulness of PCA when attempting to quantify coordination and
variability in gait. This is likely due to the fact that the PCs formed from using PCA are
ordered according to the amount of variance account for in the analyzed data.
The use of principal component analysis is not confined to reporting the contents
of each principal component or using the reduced data from PCA in other analyses or
statistical techniques. Schwartz, et al, (2000) developed an index for assessing hip flexor
function during gait. Three clinicians were given questionnaires with twelve different
kinetic and kinematic variables and asked to choose the variables that would prove most
useful quantifying improvements in hip flexor function. Maximum pelvic tilt, pelvic tilt
range, maximum hip extension in stance, timing of crossover, and peak late stance hip
flexion power were the variables chosen from 23 normal subjects with no known gait
pathologies for inclusion within the Hip Flexor Index (HFI). Once PCA was applied to
these five variables, it was determined that time of crossover be removed from the index
upon viewing the principal component. The first principal component formed from the
remaining four variables, accounted for 59 percent of the variation present in the dataset.
The authors then chose to name the first principal component HFI, and it represents a
variable and/or scoring system/scale that measures the magnitudes, interactions, and
relationships of maximum pelvic tilt, pelvic tilt range, maximum hip extension in stance,
and peak late stance hip flexion power with each other. The HFI score for 40 subjects
with spastic cerebral palsy who all had previous surgeries to repair hip function was
computed. To test the functionality of the index, a group of clinicians and surgeons were
asked to assess whether a subject’s gait was better or worse from typical graphs of the
four measured variables contained within the HFI. A significant correlation of 0.971
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between the clinicians’ ratings and the HFI scores indicates the clinical validity of the
HFI in assessing hip function during gait. Schutte, et al., (2000) forced their data onto
one principal component and used the linear combination to form an index to quantifying
deviations in gait from normal. A group of 71 cerebral palsy and 25 normal subjects
walked at normal self-selected paces for a number of trials where one gait cycle for each
side of the body was selected for further analysis. Principal component analysis was run
on 16 discrete kinematic variables selected from each gait cycle. A normalcy index was
created from the linear combination that resulted from the application of PCA to the 16
collected variables. Normal subjects had a mean score of 15.7, while the cerebral palsy
subjects with quadraplegia had the highest mean scores of 491. This demonstrates the
ability of a normalcy index to classify normal and abnormal gait patterns. Romei, et al.
(2004) used the same methodology as Schutte, et al, (2000) in the formation of a
normalcy index in 144 children with cerebral palsy and twelve able-bodied subjects. The
index was able to discriminate between subjects with dependent and independent
ambulation. Similar to Scutte, et al., (2000), subjects with the most severe cases of
cerebral palsy had the highest scores within the index. Both studies had similar mean and
standard deviations of the sixteen kinematic variables used in the index.

Summary

Although data collection and processing has largely become automated, the
interpretation of the results of gait analysis data is often still very complicated. This has
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greatly increased the importance of data reduction in attempting to quantify the global
patterns of gait. Different techniques have been used to reduce gait data, though much of
the emphasis has been on the use of multivariate statistical analyses. Recently PCA, a
statistical tool, has been used to reduce gait data into principal components. These
principal components are groupings of variables that correlate highly with each other
during gait. Schutte, et al., (2000) and Romei, et al., (2004) used PCA to form a single
grouping of gait variables to form a normalcy index of gait. PCA has been shown to be
effective in not only revealing underlying patterns in gait, but it also reduces the data
without losing any important information
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Introduction
Clinical gait analysis is the quantification of the patterns that occur during human
gait and is used to assess the quality of gait of individuals. In most cases both normal and
pathological gait have distinct patterns that allows for comparison and the eventual
formation of a treatment plan (Davis, 1997; Baker, 2006). Subjects that undergo gait
analysis include patients with stroke, cerebral palsy, spinal cord injuries, athletic injuries,
as well as other pathologies that affect gait. Results obtained from gait analyses
conducted on pathological subjects are typically contrasted to established normative gait
data. Conclusions are then drawn about the state of the pathological subjects gait patterns
for an eventual diagnosis.
The use of computers, software and motion capture systems has standardized and
automated gait data collection and processing. In contrast, the evaluation of patients
undergoing a gait analysis is largely dependent on the interpretation of the results which
are not standardized and thus can be difficult (Chau, 2001 and Davis, 1997).
Furthermore, the complexity of human gait complicates the detection of the
interrelationships and correlations between variables (Davis, 1997). Correlations
amongst variables within clinical gait analysis data sets represent patterns that likely
reveal important information about gait. Currently clinicians are seeking ways to reduce
the data and effectively quantify these correlations (Daffertshoer, et al., 2004).
Principal component analysis (PCA), a multivariate statistical technique, is used
to reduce the data set into smaller subsets of variables called principal components (PCs).
Each principal component contains variables that are correlated with each other. The
number of principal components formed is entirely dependent on the dataset being
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analyzed because it depends on the correlations among the observed variables
(Tabachnick, 2001). PCA has previously been used to reduce gait data and quantify the
correlation between the variables. Olney et al., (1998) used PCA to reduce 74 kinematic
and kinetic variables into four principal components containing of 40 of the original
variables. The four PCs created, corresponded with walking speed, gait asymmetry, and
postural strategy during gait. The authors were able to evaluate subjects’ gait by using
three of the four PC’s that reduced the data while preserving the interrelationships
between variables.
PCA has also been used to create a scoring system of gait previously. Schwartz et
al., (2000) created a Hip Flexor Index, using PCA, to quantify hip flexor function in
cerebral palsy patients during gait. Schutte, et al., (2000) formed a Normalcy Index of
gait patterns by applying PCA to the kinematic data of normal children. This index was
then used to quantify the gait of cerebral palsy patients. It successfully differentiated
between normal subjects and different severity levels of cerebral palsy. Subject’s with
the most severe classification of cerebral palsy scored the highest on the index, indicating
pathological gait. Similar results were obtained by Romei, et al., (2004) and their index
was sensitive enough to group the pathological subjects based upon the severity of their
cerebral palsy.
Interestingly, in both Schutte, et al., (2000) and Romei, et al., (2004), data used to
form the indices included children, adolescents, and adults. In Schutte, et al., (2000),
twenty four control (healthy subjects) age ranged from approximately four years old to
almost eighteen years old. For Romei, et al., (2004), twelve normal (able bodied)
subjects ranged from seven to twenty eight years old, with fourteen years as the mean
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age. Also, in both studies, two trials (one left and one right) that the authors considered
acceptable were chosen for the creation of the normalcy indices. To increase their N
(total number of subjects), the authors considered the left and right sides as separate and
individual subjects. After applying PCA to the averaged kinematic data, the authors
averaged the index scores for the left and right sides to obtain the subject’s overall index
score.
Currently normalcy indices have been formed by considering left and right side
data as individual subjects. The indices were created from a small sample size that is a
combination of gait data from both children and adults. Therefore, the purpose of this
study is to assess the appropriateness of using a normalcy index in assessing gait patterns
by investigating normalcy indices made from adult data of varying combinations.

Methods
Healthy, adult, and able bodied subjects ranging from 18 to 70 years old, were
recruited from the Ball State University campus. Approval for the study was obtained
from the Institutional Review Board at Ball State University. Each subject was required
to fill out an informed consent, a health history questionnaire. Exclusion criteria from the
healthy history questionnaire included severe arthritis of the lower limbs, any recent
surgeries, joint replacements, sprains, or muscle strains, and neurological disorders such
as stroke. Subject parameters are given in Table 1.
------------------------------TABLE 1------------------------------
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Once subjects completed their questionnaires and met all the inclusion criteria,
preparation for data collection began. Subject’s anthropometric measurements were
recorded and reflective markers were placed according the Vicon Plug-in Gait placement.
All data were collected using a Vicon Motion Systems Inc - MX System. The system was
set with a camera sampling rate of 60 hertz and force plate sampling rate of 960 hertz.
Before actual data collection, the subjects were allowed a period of practice trials to
ensure proper starting placement for successful foot strikes on the force plate. The
walking trials were performed along a 10 meter walkway with a portable Kistler force
plate model: 9286 (Kistler Instrument Corp. Winterthur, Switzerland). placed in the
middle of the walkway. Data collection was complete once 15 trials with successful
force plate strikes were obtained for each side of the body.
In order to reduce error in the collected data, the first 10 trials for each side of the
body that fell within the range of plus or minus 0.1m/s of the mean of all the subject’s
walking trials were then selected for analysis. This was done to control the affect of
walking speed on the collected kinematic variables. One of the 38 subjects had to be
discarded because they did not have 10 trials of the left and right sides that fell within the
appropriate range of walking velocity. Data was processed using Vicon Workstation and
Polygon Software.
During data processing, the variables of interest included, time of toe off, time
peak knee flexion, walking speed, cadence, mean and range of pelvic mean pelvic
rotation, minimum hip flexion, range hip flexion, peak abduction swing, range knee
flexion, mean hip rotation in stance, knee flexion at initial contact, peak dorsiflexion in
stance and swing phase, and mean foot progression during stance. These variables were
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chosen in an effort to replicate the creation of a normalcy index as found in Schutte, et
al., (2000) and Romei, et al., (2004). One stride for each leg was nominated in every trial
leading to a total of 20 trials of data for the left and right sides of the body. These 20
trials were then averaged for each subject over the entire gait cycle. Thus each of the 16
kinematic variables was averaged over a total of 20 trials.
For formation of the normalcy index and data reduction, principal component
analysis was applied to the sixteen variables of interest. Using SPSS, the data were
analyzed as a correlation matrix and forced onto one principal component. The
weighting coefficients of each original variable were obtained from the Component Score
Coefficient Matrix. Each subject’s normalcy index score was calculated by multiplying
the weighting of each variable by its original value. Four separate normalcy indices were
created. The first index was created from an average of left and right data. The second
index was created from left side only data, while the third index was created from right
side only data. The fourth index was created by considering the left and right sides to be
individual subjects thus doubling the number of data points for statistical analysis just as
the studies of Schutte, et al., (2000) and Romei, et al., (2004).

Results

Means and standard deviations for all 16 kinematic variables for the present study
are given below. The results from Schutte, et al., 2000, and Romei, et al., 2004 are
included in the tables below for comparison.
------------------------------TABLE 2------------------------------
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Table 4 includes the amount of variance accounted in the PCs of each of the four created
normalcy indices. The principal component of right side data accounted for 25.35% of
the total variance, while the left side principal component accounted for 23.41% of the
total variance. Principal components for the average of both sides and left-right side
combined accounted for 25.45 and 23.95% percent in those data sets. The means,
standard deviations, correlations, and weightings of each variable with the four datasets
are given below in Tables 3-7.

------------------------------TABLE 3------------------------------

------------------------------TABLE 4------------------------------

------------------------------TABLE 5------------------------------

------------------------------TABLE 6------------------------------

------------------------------TABLE 7------------------------------

The mean index score for the right side was 6.48 with a standard deviation of 3.21
compared with values of 8.38 and 2.81 for the left side. For the index composed of an
average of both the left and right sides, the mean was 6.80 and the standard deviation was
2.93. The last index, of the left and right side, thereby doubling the number of subjects
had a mean of 6.8 and standard deviation of 2.91. Table 8 contains the means and ranges
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of all the indices formed. Table 9 contains the correlations among all of the formed
indices. A paired samples t-test showed that the left and right indices were significantly
different at the .01 level.

Age is significantly correlated at the .05 level with the left

side, both sides, and left-right sides combined indices with Pearson correlations of: -.47,
-.36, and -.33. A t-test was used to assess the relationship between gender and each index
score. The results are that gender and index score are not significantly different. The
corresponding p-values were .45 for the both sides index .42 for the left-right combined
index, .421 for the right side index, and .46 for the left side index.

------------------------------TABLE 8------------------------------

------------------------------TABLE 9------------------------------

Discussion
The kinematic results of this study share some similarities and differences when
compared to the results obtained by Schutte, et al., (2000) and Romei, et al., (2004). The
differences that do exist are partially due to marker placement, and the natural variability
that occurs during human gait (Schache, A.G., 2002). However, this alone does not
account for all the differences. Another possible reason these differences occur is related
to the number of trials that were averaged. For this study, 10 trials were averaged for
each side of the body because both one left and right stride was nominated in each trial
from a series of speed controlled trials. Schutte, et al., (2000) and Romei, et al., (2004),
did not average their kinematic data. They simply chose two trials (one left and one

53
right) they considered acceptable. Another possible reason for differences in the results
of our study versus Schutte, et al., 2000 and Romei, et al., (2004) is possibly related to
those studies having less subjects in the formation of the normalcy indices (Thompson,
2004 and Tabachnick, 2001). Both Schutte, et al., (2000) and Romei, et al., (2004) had
fewer subjects in their studies than our study. It should be noted that gender doesn’t have
an affect on index scores. All p-values obtained from t-tests between gender and the
formed indices were not significant.
Our results show that the index is most affected by changes in walking speed,
with a correlation of the formed PC and walking velocity of at least 0.87 in all of the four
created indices. Olney, et al., (1998), also found that their first PC formed from gait data
of stroke patients, correlated highly with walking speed at a value of .96. This is
supported by studies that demonstrate the sensitivity of kinematic variables to changes in
walking speed (Hanlon M., 2005 and Kirtley, C., 1985). In addition, the age group for
this study ranged from 19 to 66 years old, which is different than the age groups used by
Schutte, et al., (2000) and Romei, et al., (2004). Schutte, et al., (2000) subjects ages
ranged from 4 to 18 years old while Romei, et al., (2004) had a subject age range of 7 to
28 years old.
Schutte, et al., (2000) and Romei, et al., (2004) had gait data from both children
and adults. All four indices created in this study had mean scores between 6 and 9.
Schutte, et al., (2000) had a mean score of 15.7 and Romei, et al., (2004) had a mean
score of 16.36 for the normal subjects. Grieve and Gear, (1966) found that high
correlations between walking velocity and step frequency in both adults and children.
However, when quantifying the gait of children and adults, differences did exist.
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Children’s gait was classified by a linear regression equation, which represented the
immaturity of their gait when compared to adults. In previous research of children’s gait,
maturity of the patterns exhibited can be modeled by walking speed, cadence, double
support time, and, step length (Sutherland, 1980). Norlin, et al., (1981), stated that gait
patterns continue to mature until at least 16 years old, which may play a part in the index
scores of our study being lower. This is further supported by Hausdorf, et al., (1999),
which demonstrated that stride dynamics and variability of children’s gait continues
maturing until the age of fourteen. Based on previous research as stated above,
differences do occur between the gait of children and adults, which may account for
differences with this studies index score results when compared to precious studies.
Furthermore, the left side, both sides, and left-right combined indices were negatively
correlated with age. In this study, these correlations mean that older subjects have lower
index scores when compared to younger subjects.
Results of this study show that the normalcy indices created were sensitive
enough to detect differences between left and right sides of the body via the left and right
indices. Refer to Table 9 for correlations among the created indices. The differences
between the left and right side indices may give an indication of the symmetry of gait.
Therefore, separate left and right side indices could possibly be used to quantify the
symmetry of gait for clinical purposes (Sadeghi, 2003). In subjects with pathologies that
affect one side of the body, comparing left and right indices could possibly reveal more
information about their walking patterns.
The low percentage of variance accounted for and low correlations of abduction
in swing, range of knee flexion, and mean hip rotation in stance is potentially
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problematic. To create a better index, the correlations of the variables within the PC
should be used to find different or possibly more appropriate variables for inclusion in the
index. Variables with low correlations such as mean foot progression during stance
would be a good candidate for removal from the index if other measures are determined
to be of greater clinical significance. Both Schutte, et al., (2000) and Romei, et al.,
(2004) suggest that addition of kinetic data to the formation of an index could lead to an
index that quantifies more information about human gait for clinical uses and purposes.

Conclusion

The creation and use of a normalcy index for quantifying and evaluating human
gait is reproducible. However, because Schutte, et al., (2000) and Romei, et al., (2004)
included children in their data sets, further investigation is needed to determine if the
mixing of age groups is appropriate. The results of the study have already shown a
significant and negative correlation with three of the four formed indices. The different
mean index scores obtained in this study versus Schutte, et al., (2000) and Romei, et al.,
(2004) also necessitates further investigation of normalcy indices.
After examining normalcy indices of different compositions in this study it is
evident that a great deal of attention should be focused on obtaining accurate and precise
kinematic data with as little error as possible for the formation of a normalcy index.
Increased efforts of obtaining subjects gait in its most natural form (self-selected speeds)
should be made. This along with the investigation of normalcy indices with clinically
relevant variables, including kinetics, could lead to an index that better quantifies gait.
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The variables used in a normalcy index, should be chosen by considering the correlations
between each variable and the PC when creating an index. Furthermore, a minimum
level of variance accounted for in the PCs formed, should be established possibly leading
to increased expression of the interrelationships among the observed and collected
variables. To further asses the use of a normalcy index, researchers should use it to score
a variety of different pathologies commonly seen in clinical settings. If the mean index
scores of the pathological subjects are significantly different and makes physiological
sense, then the index can be used as a clinical assessment tool.
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Age
Height (cm)
Mass (kg)

Minimum Maximum
19.00
66.00
147.92
190.50
46.81
95.45

Table 1 Descriptive Data of Subjects

Mean
37.76
170.56
73.28

Standard Deviation
14.94
9.38
13.92
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Means/St. Deviations of all 16
Left
Kinematic Variables

Right

Mean

Stdev

Both

Mean

Stdev

Schutte et
al.

Left/Right

Mean

Stdev

Mean

Stdev

Mean

Romei et
al.
Stdev

Mean

Stdev

Time toe off

60.12

1.39

60.31

1.38

60.20

1.29

60.21

1.38

61.87

2.67

58.36

1.96

Time peak knee flexion

71.95

1.20

71.68

1.20

71.81

1.13

71.81

1.20

71.40

2.70

70.06

1.85

Walking speed

1.49

0.20

1.49

0.20

1.49

0.20

1.49

0.20

1.43

0.21

1.63

0.13

Cadence

1.95

0.13

1.95

0.13

1.95

0.13

1.95

0.13

1.94

0.11

1.91

0.31

Mean pelvic tilt

9.05

4.73

9.03

4.71

9.04

4.72

9.04

4.69

9.26

4.26

9.43

5.20

Range pelvic tilt

2.51

1.03

2.25

0.81

2.38

0.86

2.38

0.93

3.57

1.60

3.81

1.25

Mean pelvic rotation

-0.64

2.13

0.72

2.02

-0.02

0.16

0.04

2.17

0.15

2.51

-0.78

3.19

Minimum hip flexion

-9.91

7.15

-10.22

7.21

-9.96

6.96

-10.07

7.13

-11.14

6.75

-6.59

6.00

Range hip flexion

43.06

5.21

43.06

5.61

42.99

5.18

43.06

5.37

45.00

5.15

38.98

4.24

Peak abduction in swing

-6.79

4.01

-6.89

3.38

-6.83

3.11

-6.84

3.68

-0.30

3.27

-0.16

3.53

Range knee flexion

57.41

3.52

57.10

3.88

57.21

3.30

57.25

3.68

54.44

10.59

56.34

4.60

Mean hip rotation in stance

-3.37

11.51

-7.46

13.12

-5.69

11.08

-5.41

12.43

10.91

7.33

2.03

8.98

Knee flexion at initial contact

4.78

5.07

5.10

5.45

4.95

4.82

4.94

5.23

6.83

4.69

6.24

4.54

Peak dorsiflexion in stance

16.90

4.52

17.94

7.41

17.81

5.74

17.42

6.11

13.31

6.45

11.68

3.76

Peak Dorsiflexion in swing
Mean foot progression angle in
stance
% Variation accounted for in
PC

4.91

3.31

5.96

5.04

5.52

3.92

5.43

4.27

3.21

4.88

3.82

4.08

-4.80

5.65

-7.01

6.37

-6.07

5.30

-5.90

6.08

-9.76

6.46

-11.26

6.50

23.41

25.35

25.45

23.95

Table 2-Means and Standard Deviation of All 16 Kinematic Variables

right side
Time toe off
Time peak knee flexion
Walking speed
Cadence
Mean pelvic tilt
Range pelvic tilt
Mean pelvic rotation
Minimum hip flexion
Total range hip flexion
Peak abduction in swing
Range knee flexion
Mean hip rotation in stance
Knee flexion at initial contact
Peak dorsiflexion in stance
Peak Dorsiflexion in swing
Mean foot progression angle in stance
Table 3 Right Side Data

mean
60.31
71.68
1.49
1.95
9.03
2.25
0.72
-10.22
43.06
-6.89
57.10
-7.46
5.10
17.94
5.96
-7.01

stdev
1.38
1.20
0.20
0.13
4.71
0.81
2.02
7.21
5.61
3.38
3.88
13.12
5.45
7.41
5.04
6.37

correlations weightings
-0.81
-0.20
-0.53
-0.13
0.87
0.22
0.63
0.15
-0.55
-0.13
0.36
0.09
0.06
0.02
-0.68
-0.17
0.81
0.20
0.01
0.00
0.30
0.07
-0.29
-0.07
0.43
0.11
-0.08
-0.02
0.21
0.05
-0.02
0.00
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left side
Time toe off
Time peak knee flexion
Walking speed
Cadence
Mean pelvic tilt
Range pelvic tilt
Mean pelvic rotation
Minimum hip flexion
Total range hip flexion
Peak abduction in swing
Range knee flexion
Mean hip rotation in stance
Knee flexion at initial contact
Peak dorsiflexion in stance
Peak Dorsiflexion in swing
Mean foot progression angle in stance
Table 4-Left Side Data

average both sides
Time toe off
Time peak knee flexion
Walking speed
Cadence
Mean pelvic tilt
Range pelvic tilt
Mean pelvic rotation
Minimum hip flexion
Total range hip flexion
Peak abduction in swing
Range knee flexion
Mean hip rotation in stance
Knee flexion at initial contact
Peak dorsiflexion in stance
Peak Dorsiflexion in swing
Mean foot progression angle in stance
Table 5-Average Both Sides Data

mean
60.12
71.95
1.49
1.95
9.05
2.51
-0.64
-9.91
43.06
-6.79
57.41
-3.37
4.78
16.90
4.91
-4.80

mean
60.20
71.81
1.49
1.95
9.04
2.38
-0.02
-9.96
42.99
-6.83
57.21
-5.69
4.95
17.81
5.52
-6.07

stdev
1.39
1.20
0.20
0.13
4.73
1.03
2.13
7.15
5.21
4.01
3.52
11.51
5.07
4.52
3.31
5.65

correlations weightings
-0.77
-0.21
-0.38
-0.10
0.89
0.24
0.64
0.17
-0.46
-0.12
0.52
0.14
-0.13
-0.04
-0.50
-0.13
0.76
0.20
-0.07
-0.02
0.04
0.01
0.01
0.00
0.59
0.16
-0.14
-0.04
0.32
0.09
-0.07
-0.02

stdev
1.29
1.13
0.20
0.13
4.72
0.86
0.16
6.96
5.18
3.11
3.30
11.08
4.82
5.74
3.92
5.30

correlations weightings
-0.83
-0.20
-0.46
-0.11
0.89
0.22
0.64
0.16
-0.52
-0.13
0.46
0.11
-0.16
-0.04
-0.63
-0.15
0.82
0.20
-0.04
-0.01
0.23
0.06
-0.12
-0.03
0.52
0.13
-0.13
-0.03
0.21
0.05
-0.06
-0.01
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left-right combined
mean
stdev
correlations weightings
Time toe off
60.21
1.38
-0.79
-0.21
Time peak knee flexion
71.81
1.20
-0.45
-0.12
Walking speed
1.49
0.20
0.88
0.23
Cadence
1.95
0.13
0.63
0.16
Mean pelvic tilt
9.04
4.69
-0.52
-0.14
Range pelvic tilt
2.38
0.93
0.43
0.11
Mean pelvic rotation
0.04
2.17
-0.02
-0.01
Minimum hip flexion
-10.07
7.13
-0.61
-0.16
Total range hip flexion
43.06
5.37
0.79
0.21
Peak abduction in swing
-6.84
3.68
-0.05
-0.01
Range knee flexion
57.25
3.68
0.19
0.05
Mean hip rotation in stance
-5.41
12.43
-0.17
-0.04
Knee flexion at initial contact
4.94
5.23
0.51
0.13
Peak dorsiflexion in stance
17.42
6.11
-0.09
-0.02
Peak Dorsiflexion in swing
5.43
4.27
0.24
0.06
Mean foot progression angle in stance
-5.90
6.08
-0.03
-0.01
Table 6-Left-Right Sides Combined (n=74)

Index Scores
Mean
St Dev
Max Score
Min Score

Right
6.48
3.21
13.41
1.17

95% CI Upper
95% CI Lower

7.55
5.41

Left
8.38
2.81
14.84
0.68
11.12
7.44

Average
Left-Right
Both Sides Combined
6.80
6.80
2.81
2.93
13.41
13.84
1.17
1.10
7.73
5.86

7.77
5.82

Table 7-Index Scores

Index Scores
Mean
Max Score
Min Score

Right
6.48
13.41
1.17

Left
8.38
14.84
0.68

Average
Left-Right
Both Sides Combined Scutte, et al
6.80
6.80
15.70
13.41
13.84
26.90
1.17
1.10
8.20

Table 8 Mean and Ranges of Index Score
Correlations
left vs right
0.826
both vs l/r
0.996
both vs left
0.950
both vs right
0.949
left vs l/r
0.937
right vs l/r
0.963
Table 9 Correlations between indices

Romei, et al
16.36
29.27
6.85

CHAPTER 4
Summary
The use of a normalcy index for evaluating gait is not well established. At this
point three studies have exclusively established normalcy index score for clinical uses. In
all three studies, the gait of cerebral palsy subjects was quantified (scored) using indices
formed from gait data of normal subjects. These studies consisted of gait data from both
left and right side data. The purpose of this study is to assess the appropriateness of using
a normalcy index in assessing gait patterns by investigating normalcy indices of different
compositions. Thirty-seven normal, healthy, male and female subjects of ages 18 to 66
years old underwent a clinical gait analysis for the formation of a normalcy index. In
each index, a different level of variance was accounted for. For the left side index,
23.41% of the variance was accounted for in the PC. In the right side index, 25.35% of
the variance was accounted for. 25.45% and 23.95% of the variance was accounted by
the PC in the average of both sides and the left and right combined indices. Again, the
left side index contained only data from left side of the body and vice versa for the right
side index. The mean index scores of the left and right indices are 6.48 and 8.38. Index
score for the average of both sides and left-right combined indices is 6.8. A paired
samples t-test showed that the left and right indices were significantly different at the .01

level. However, indices had a significant level of correlation of .83. Average of both
sides index and the left-right combined index were not significantly different with an
alpha of 0.97. Differences between index scores obtained in this study and Schutte, et,
al., (2000) and Romei, et al., (2004) may have resulted for a few reasons that may or may
not be related. Subject’s age groups were 4 to 18 and 7 to 28 years old in those studies
respectively while in this study, the youngest subject was 19 years old. Also the oldest
subject was 66 years old, representing a spread across five different decades. Sutherland,
(1980) suggested that cadence, step length, and walking velocity are important
determinants of maturing gait. Significant (at the .05 level) negative correlations were
found between age and the left, left-right, and both sides combined indices. The Pearson
Correlations were -.45, -.36, and -.33, respectively. Thus the affect of age must be taken
into account with the formation of normalcy indices. Given that both walking speed and
cadence loaded highly with the formed PC in our study, it would be prudent to consider
that age groups differences may have some effect on the index scores found in this study
versus the previous studies. Norlin, et al., (1981) found that aspects of gait keep maturing
until the age of 16 years old is further evidence of age related differences found between
children and adults. However, gender is not one of the reasons for differences in the
results of this study. With non-significant p-values from t-tests, no significant difference
exists between the index scores with males and females.
Another possible reason for differences may be related to fact that kinematic data
in our study was averaged over 20 trials for the left side and 20 trials for the right side.
Both Schutte, et al., (2000) and Romei, et al., (2004), chose one left and one right side
trial data for the formation of their indices. It is possible that the components formed in
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this study and Schutte, et al., (2000) and Romei, et al., (2004) are different because of the
low number of subjects. Furthermore, obtaining a stable PC requires at least 100 subjects,
or variables that have coefficients greater than 0.6. If at least 100 subjects were
contained within the datasets for these studies, it is possible that the index scores would
theoretically be closer. (Thompson, 2004 and Tabachnick, 2001) This point is very
important because the whole basis of a normalcy index depends upon principal
component analysis for its formation. Are truly clinically significant indices being
formed with such low numbers of subjects? Furthermore is it correct to then use these
indices to investigate and score the gait patterns of pathological subjects?
The significant difference between left side index and the right side index
suggests that these normalcy indices are sensitive enough to detect differences in the left
and right side of the body during gait. If the index is sensitive enough to detect right and
left side differences, then using right and left indices could be used to quantify the
symmetry in gait. Sadeghi, et al., (2000) and Sadeghi (2003) discusses both global and
local asymmetry of gait in normal subject populations. Local joint symmetry was defined
as both left and right side principal components corresponded to the same period of the
stance phase. The authors suggest that local asymmetry may be a result of different
functional roles of muscle crossing the ankles, knees, and hips. Global symmetry appears
exists for the total lower limb during gait. For the purposes of a normalcy index in this
study, it is likely that the overall index score could be used to represent (a)symmetry by
comparing left and right side data. By using separate left and right indices, the detection
of (a)symmetry, could possibly used by clinicians to detect potential issues in their
patients gait or compare gait across the right and left sides of the body.
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Olney, et al., (1998) applied PCA to kinematic and kinetic data of stroke patients
and four principal components were formed. In the second PC, some of the variables
most highly correlated with the second PC had large differences between the affected and
unaffected side. The other variables that had high correlations with the second PC were
those that had large values on the side unaffected by the stroke. To test this hypothesis,
subjects whose walking patterns are affected by pathologies of one side of the body
should have their gait scored using the left and right indices formed in this study. It seems
that, indices of both sides average or left-right combined are able to quantify gait patterns
in humans.

CHAPTER 5

Future Recommendations
First and foremost, to obtain a truly accurate normalcy index that effective scores
gait for clinical purpose, actual data collection, processing, and statistical analysis issues
need to be reconsidered. The nature of PCA requires a greater number of subjects than
most other commonly used statistical techniques. This point is very important because the
whole basis of a normalcy index depends upon principal component analysis for its
formation. Are truly clinically significant indices being formed with such low numbers
of subjects? Further studies involving normalcy indices should attempt to determine a
minimum number of subjects. Artificially doubling the number of subjects by considering
the left and rights side as individual subjects is problematic. Any error that has found its
way into a particular subject’s data set is amplified by using that subject’s left and right
side data as separate subjects. Furthermore, if asymmetry is also going to be considered
during the use of the indices, left and right side data should be considered separately.
Given the difference in results obtained in this study and previous research, an
index created from both children and adults populations is warranted. Is it plausible to
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include the data from the gait of children in normalcy indices that are used for scoring the
gait of adults? Given that children and adults exhibit some differences and similarities in
gait, discovering the variables that best describe gait of both children and adults for
inclusion in normalcy indices is needed. Furthermore, research is needed to establish
whether separate indices are needed for children and adults, or if their data can be
combined into a single index. The decision to include or exclude a variable should be
based upon its clinical relevance when evaluating gait in different populations and how
highly it is correlated to the formed PC. Furthermore is it correct to then use these indices
to investigate and score the gait patterns of pathological subjects that don’t include the
gait of pathological subjects in the formation of the indices?
Investigation of which variables to include in a normalcy index, will help to create
an index that reveals more information about gait patterns than is currently possible. This
should be done through the use of the correlations of the variables to the formed PC,
given that PCA essentially reveals the interaction of the variables in relation to each
other. Furthermore, investigating the compositions of left and right side indices for
possible quantification of (a)symmetry in gait, could also lead to indices that are better
able to quantify gait Again, the inclusion of both kinematic and kinetic variables in a
normalcy index is likely to reveal more information about (a)symmetry of gait in both
normal And pathological subjects. In pathological subjects with asymmetrical gait such
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as stroke victims, comparing left and right side indices may serve as a tool for monitoring
the return to symmetrical gait during the recovery period.
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APPENDIX A
INSTITUTIONAL REVIEW BOARD APPLICATION

APPLICATION
Ball State University Institutional Review Board
REQUEST FOR REVIEW OF HUMAN SUBJECTS RESEARCH
Section I – Title, Purpose, and Rationale
Title of Study
Establishment of a Normalcy Index for Gait Patterns in Healthy Adults
Purpose of the Study
The purpose of this study is to establish a normalcy index of gait in healthy adults by
determining the key indicators of gait.
Rationale
The use of gait analysis to evaluate individuals exhibiting an impaired ability to
walk is widespread in clinical settings. It provides a quantitative measure of gait that is
frequently absent from reports generated by physical therapists and physicians. During a
typical gait analysis, large amounts of redundant data are generated. Researchers must
then find relationships in the data that best explain the patient’s gait or movement pattern.
Next, they must effectively communicate those results to the physical therapist or
physician. However, since most gait laboratories use their own customized reporting
method, there is a lack of “normal” data that can be used for comparison across various
settings. Given both the lack of standards and the redundancy of the collected data, it is
difficult to convey the essential information obtained during a gait analysis to clinicians.
One possible solution for dealing with the lack of standards and redundancy in
gait data is a normalcy index. Previous studies have used principal component analysis
(PCA) to establish a normalcy index of gait. A normalcy index allows researchers to
represent the relationships among variables as a single score, thus reducing the
redundancy gait analysis data. However at this time, the most appropriate variables to
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use when creating a normalcy index are not known. In order for a normalcy index to be
clinically useful and valid, the proper gait variables must be determined. In previous
studies by Romei et al. 2004 and Schutte et al. 2000, the main focus was on kinematic
variables when creating a normalcy index. This study will include ground reaction
forces (GRFs) when creating a normalcy index and which may provide additional insight
into the gait patterns of individuals. The purpose of this study is to create a normalcy
index of gait from a healthy adult population.

Section II – Description of Subject Population
Number of Participants: 50
Participant Population
This study will involve fifty participants ranging from 20 to 80 years old. These
individuals will be recruited from Ball State University and the surrounding communities.
Specified Inclusion / Exclusion Criteria
All participants will be free of musculoskeletal or neurological pathologies. A health
history questionnaire will be used to determine inclusion into the study. The SF-36
survey will be asses health and overall well being of the subjects.
Section III – Subject Recruitment
Method of Subject Recruitment
Individuals will be recruited through individual solicitation and Ball State University
campus faculty/staff email. Participation will be voluntary. No incentives will be given
to participate and advertisements will be used only in the event that we fail to meet the
desired number of subjects.

Section IV – Methods and Procedures
Experimental Design
Testing will be performed in the Biomechanics Laboratory at Ball State University.
Subjects will be expected to come to the Biomechanics Laboratory for one testing
session. Each session will consist of a one static trial and twenty barefoot walking trials.
In ten of the walking trials subjects will step on the force plate with their right foot and

75
during the other ten trials the subject will step on the force plate with their left foot. All
testing and equipment has been used in previous studies and has been validated.
Testing Equipment
Vicon MX motion capture system: An eight-camera VICON MX motion capture system
will be used to record the subjects’ gait patterns. The associated software, POLYGON,
will be used to analyze the data.
Kistler portable force plate: A Kistler portable force plate will be used to collect kinetic
data. The force plate data will be synchronized with the motion data collected using
VICON MX system.
Health History questionnaire
The health history questionnaire will be used for exclusion from the study. It will be
used to record patient’s weight, height, age, and sex. The questionnaire asks the
participants to check boxes corresponding to certain injuries, disorders, or other problems
that would affect gait. Participants are given the choice of providing comments for each
box they check at the bottom of the questionnaire.
Short Form-36 Health Survey: The SF-36 is a multi-purpose, short-form health survey
with only 36 questions. It yields an 8-scale profile of functional health and well-being
scores as well as psychometrically-based physical and mental health summary measures
and a preference-based health utility index. It is a generic measure, as opposed to one that
targets a specific age, disease, or treatment group. Accordingly, the SF-36 has proven
useful in surveys of general and specific populations, comparing the relative burden of
diseases, and in differentiating the health benefits produced by a wide range of different
treatments. The SF-36 has been translated in more than 50 countries as part of the
International Quality of Life Assessment (IQOLA) Project and studies of reliability and
validity.
Testing Session
The participants will be instructed about the data collection process and told how the
testing will be carried out. They will sign an informed consent form, and fill out the SF36 Health Survey. Next, participants will have their anthropometric measurements
recorded. Anthropometrics are physical measurement of the human body. Examples
include hand thickness, height, ankle width, knee width, etc. The principal investigator
will then place reflective markers on anatomical reference points on the body. Some
examples of marker placement include the ankle, shoulder, knee, wrists, etc. Once all the
markers have been placed on the subject, the subject will be instructed to stand in the
center of a walkway surround by the VICON cameras for recording of the static trial.
After recording the static trial, the subject will then be asked walk normally along the
walkway. Once proper foot placement on the force plate is established, the subject will
walk normally for ten trials contacting the force plate with the same foot each time. The
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next ten trials will consist of the subject contacting the force plate with the opposite foot
of the first ten trials. That ends the testing session.
Section V – Anonymity / Confidentiality of Data
Confidentiality / Protection from Harmful Use of Data
All data collected during this study and any results accumulated will be kept in locked
cabinets in the Biomechanics Laboratory and only the research team members will know
which data is associated with each specific individual. Participant numbers will be given
to identify each participant and only the principal investigator will have access to these
numbers. The participants’ names will not be used in connection with any part of this
study nor will the results be shared with any members of the faculty.

Section VI – Potential Risks and Benefits
Risks / Minimization of Risks
This study will use standard a biomechanical walking analysis. There is virtually no risk
associated with this data collection accept for risks that come with normal walking. The
principal investigator and one graduate assistant will be supervising the data collection in
case any of the subjects need assistance of any kind.
Potential Benefits
The participants will have access to their respective gait analysis upon request.
Section VII – Subject Incentives / Inducements to Participate
No incentives.
Section VIII – Other Financial Considerations

Financial Expenses to Subject
There will be no expenses incurred by the individuals associated with their participation
in this research project.
Provisions for Research-Related Injury Compensation
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No special medical arrangements have been made regarding each individual’s
participation in this study. In the event that participation in this research, supported by
Ball State University, results in an injury, medical treatment will be available but there
will be no compensation available for such injury.
Section IX – Informed Consent
The informed consent document is attached. Interested individuals will be invited to
participate in the study and should they volunteer, the procedures, risks and benefits will
be explained to them verbally. Each participant will be asked to read the informed
consent document. Any questions or concerns they may have will be addressed. The
participant will then be invited to sign the informed consent document.
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Dear BSU Faculty & Staff,

The Biomechanics Laboratory is performing a research study to establish a database of
walking patterns in healthy adults. We would like to invite you to participate in this
endeavor. If you decide to participate in this study you will be asked to come to the
Biomechanics Laboratory for an approximately two hour data collection session. During
this session, you will be asked to complete a health history questionnaire and then to walk
across a ten-meter walkway approximately 20 times. Potential risks are very small and
some exclusion criteria do exist. Using software in the biomechanics lab, we will be able
to make a skeletal model of your walking similar to the one below from collected data. If
you are interested in this exciting opportunity to participate in research, please contact
Jerry Lewis Clark II at 765-285-5178 or jlclark2@bsu.edu.
Sincerely,
Jerry Lewis Clark II
Graduate Assistant
Biomechanics Laboratory
Ball State University
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APPENDIX B
INFORMED CONSENT
INFORMED CONSENT
Ball State University – Biomechanics Laboratory
Establishment of a Normalcy Index for Gait Patterns in Healthy Adults
This is a scientific research study conducted by the Biomechanics Laboratory at Ball
State University. The purpose of this study is to establish a standard normalcy index for
gait patterns in healthy adults.
Testing will be performed in the Biomechanics Laboratory at Ball State University. You
will be expected to come to the Biomechanics Laboratory for one testing session lasting
approximately two hours. Upon arrival to the Biomechanics Laboratory you will
complete a Short Form-36 Health Survey and a health history questionnaire to assess
your overall health and well-being. The health history questionnaire is used for exclusion
from the study. Exclusion criteria consists of individuals who have musculoskeletal or
neurological disorders and anyone with joint replacements.
The testing session requires that you wear dark, tight fitting clothing. Data collection
begins with the recording of anthropometric data which are physical measurements of the
human body. Examples include hand thickness, height, ankle width, knee width, etc.
Reflective markers will then be placed on many anatomical landmarks where
anthropometric measurements were taken. Twenty walking trials will be performed
barefoot along a ten meter walkway. In the first ten trials you will be required to step on
the force plate the right foot. The last ten trials will require you to step on the force plate
with the left foot. After the twenty walking trials, your participation in the study will be
complete.

Your participation in this study is voluntary and you are free to withdraw at any time for
any reason without penalty. Only the research team members will have access to your
results and your name will not be used in any presentation of the results from this study.
At the conclusion of this study, you will be supplied with all pertinent results as well as a
brief interpretation of those results. This information is intended to give you some
impression of the procedures, the stresses, and the risks associated with this study. Risks
in the study include risks that come with normal walking. If you have any questions,
either now or in the future, feel free to ask the investigator.
For one’s rights as a research subject, the following person may be contacted:
Coordinator of Research Compliance, Office of Academic Research and Sponsored
Programs, Ball State University, Muncie, IN 47306, (765) 285-5070.
It is understood that in the unlikely event of physical injury resulting from research
procedures, Ball State University, its agents and employees, will assume whatever
responsibility is required by law. Emergency medical treatment for injuries or illness is
available where the injury or illness is incurred in the course of the study but
compensation for medical treatment will not be available.
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INFORMED CONSENT
Ball State University – Biomechanics Laboratory
I __________________________________________ believe that I am normal, healthy
adult and agree to participate in this research entitled “Establishment of a Normalcy
Index for Gait Patterns in Healthy Adults.” I have had the study explained to me and my
questions have been answered to my satisfaction. I have read the description of this study
and give my consent to participate. I understand that I will receive a copy of this consent
form to keep for future reference.

___________________________________________
Participant Name (Please Print)

___________________________________________
Participant Signature

_______________
Date

___________________________________________
Investigator Signature

_______________
Date

Principal Investigator:
Jerry Lewis Clark II
Ball State University
Biomechanics Laboratory
McKinley Avenue, PL 202
Muncie, IN 47306
(765) 285-5178
E-mail: jlclark2@bsu.edu

Faculty Supervisor:
Eric L. Dugan, Ph.D.
Ball State University
Biomechanics Laboratory
McKinley Avenue, PL 204
Muncie, IN 47306
(765) 285-5126
E-mail: eldugan@bsu.edu
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