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ABSTRACT
For chronic and progressive illnesses, such as Parkinson’s disease, early disease
detection can be crucial in delaying the advancement of symptoms and preventing early
death. Recent research has suggested the use of arm swing asymmetry as one criterion to
be used in Parkinson’s diagnosis. It is unknown, however, which method is the most
sensitive detector of arm swing asymmetry. In this study, a perturbation, in the form of
unequal wrist weights, was used to induce arm swing asymmetry in ten normal, healthy
college students. Arm motion was detected using video-based motion analysis and
accelerometers, and arm swing was quantified as excursion of the wrist, forearm
accelerations computed from video-based motion analysis, and forearm accelerations
obtained from accelerometers. Approximately one and a half strides of steady-state
walking data were analyzed in each trial. The areas under receiver operator characteristic
curves indicated that accelerations from marker data were the most sensitive detectors of
arm swing changes in response to the applied perturbations. Analyses of variance and
post-hoc mean comparisons showed that increasing the mass added to the wrist resulted
in decreases in arm swing and that women had larger arm swings than men.
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CHAPTER 1
INTRODUCTION
1.1 Statement of the Problem
For chronic and progressive illnesses, early disease detection can be crucial in
delaying the advancement of symptoms and preventing early death. One such example is
Parkinson’s disease (PD). PD is a motor disorder caused by the death of brain cells that
produce dopamine, a neurotransmitter that aids in human movement. PD currently
affects over 500,000 people in the United States, and has an average age of onset of 60
years old. With the average age of the population on the rise, the number of people
affected by the disease is expected to increase in coming years (Pollack, 2005).
The exact cause of PD is unknown, and positive diagnosis is made only after
motor abilities are affected. Primary motor symptoms of PD include tremor, limb or
trunk stiffness, bradykinesia, and postural instability (Rajput et al. 1997). While
historically, the focus of most PD research has been the lower extremity, the decrease or
loss of arm swing in PD patients has recently gained attention. Nieuwboer et al. (1998)
found that reduced arm swing was the most frequently reported motor dysfunction in PD
patients. Furthermore, Wood et al. (2002) discovered that either unilateral or bilateral
loss of arm swing was an independent predictor for falls in PD patients. Regardless of
the diagnostic criteria used to assess PD, it has been shown that earlier drug treatment can
delay mortality (Rajput et al. 1997). For these reasons, the quantification of arm swing
asymmetry in PD patients has lately been sought as a means of both early detection and
disease monitoring.
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1.2 Related Work
Arm swing asymmetry quantification in PD patients was studied Lewek et al.
(2010). Different walking conditions were compared between patients early in the
progression of PD and controls: normal walking, fast walking, and heel-walking. The
researchers examined both arm swing magnitude and arm swing asymmetry, and found,
surprisingly, that there were no significant differences between controls and PD patients
regarding arm swing magnitude. Arm swing asymmetry, however, was significantly
greater in those with PD compared to controls for all conditions. Interestingly, while arm
swing asymmetry showed significant differences between controls and PD patients, the
researchers found no asymmetry in lower extremity movements for PD patients. This is
important because it suggests that asymmetry of arm swing may precede asymmetry of
the lower extremity. The researchers concluded that arm swing asymmetry may be useful
and reliable as diagnostic or monitoring criteria for PD. To quantify arm swing, Lewek
et al. (2010) calculated arm swing as the excursion of the wrist with respect to the origin
of the pelvis as detected by video-based motion analysis during a single stride. This
method was not compared to others to assess validity, and wrist excursion was the only
measure used to characterize arm swing.
Huang et al. (2011) also examined arm swing asymmetry in PD. The researchers
confirmed the results found by Lewek et al. (2010): that arm swing asymmetry is
significantly higher in PD than controls. Additionally, Huang et al. (2011) determined
that there is also significantly reduced bilateral coordination in PD; this was thought to
contribute to the detected asymmetry. In this study, forearm angular accelerations, as
detected by accelerometer units attached to each forearm, were used to quantify arm
swing over approximately 360 strides. While the measurements from accelerometers
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were found to be in agreement with results obtained from other methods of gait analysis,
the researchers did not directly compare the use of accelerometers to video-based motion
analysis, or the use of forearm angular accelerations to other measurements of arm swing,
such as wrist excursion.
Roggendorf, et al.(2012) used ultrasound-based motion analysis to measure arm
swing asymmetry in two groups of PD patients and controls during treadmill gait. It was
again found that arm swing asymmetry was significantly greater in those with PD
compared to controls; however the asymmetry in PD patients was greater for those in the
early stages of the disease compared to later stages. Arm swing was characterized by
shoulder joint angles as detected by an ultrasound motion analysis system. The
researchers did not compare this technique to others.
Despite the fact that research has shown repeatedly that arm swing asymmetry is
prevalent in early PD and should be used as diagnostic criteria, there are currently no
studies in which the methods of arm swing measurement are directly compared in terms
of their sensitivity to, or ability to detect, asymmetry. Also, it should be noted that while
studies cited above focus on Parkinson’s disease, better quantification of asymmetry has
the potential to improve the diagnosis of any illness in which arm swing asymmetry is a
symptom. Examples of such diseases include stroke, cerebral palsy, and adult onset
primary cervical dystonia (Ford et al., 2007; Meyns et al., (2011); Kagi et al., 2008).
1.3 Objectives of the Project
The purpose of this study was to determine if dynamic forearm accelerations
measured by accelerometers are a more sensitive method of measuring arm swing
asymmetries than either the extent of wrist excursion or the forearm acceleration as
detected by video-based motion analysis. The study involved inducing arm swing
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asymmetries by applying wrist weights of varying masses. Data obtained from both
accelerometers and video-based motion analysis were analyzed.
1.4 Specific Aims of the Project


Measure wrist excursion using markers and video-based motion analysis.



Calculate forearm accelerations through differentiation of position data obtained
from markers and video-based motion analysis.



Use accelerometers to directly measure dynamic forearm angular accelerations.



Perturb symmetry of arm swing with unequal distribution of wrist weights.



Compare arm swing detected by video-based motion analysis (wrist excursion and
forearm accelerations) to arm swing detected by accelerometers (forearm angular
accelerations)

1.5 Hypotheses
Hypothesis #1: Accelerometers will be more sensitive detectors of small arm swing
asymmetries than excursion measured by video-based motion analysis.
Rationale: Arm swing is caused by the pendular dynamics of the
arm modulated by forces generated by muscles acting across the
joints of the arm during gait. Newton’s Second Law of Motion
tells us that the moments generated by muscles contribute directly
to arm accelerations. Accelerometers measure those dynamic
accelerations, while video-based motion analysis measures the
positions of limbs. These positions represent the accumulated
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effects of muscle forces, and therefore are expected to be less well
suited to detecting minute asymmetries in arm swing.
Hypothesis #2: Arm accelerations measured using accelerometers will be more sensitive
detectors of small arm swing asymmetries than accelerations obtained by
twice differentiating positions obtained from video-based motion
analysis.
Rationale: As mentioned above, accelerations are directly related
to torque and the production of arm swing. While accelerometers
directly measure accelerations, position data from markers must
be differentiated twice to determine accelerations. Marker data is
inherently noisy and differentiation is known to magnify this
noise. Therefore, it is expected that accelerations calculated from
video-based motion analysis will be noisy and, consequently, less
well suited to detecting asymmetries than accelerations from
accelerometers.
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CHAPTER 2
BACKGROUND AND RELATED WORK
2.1 Arm Swing during Walking and the Importance of Measuring Arm Swing
Asymmetry
Initially believed to be simply an inherited trait from four-legged ancestors,
researchers have proposed many purposes for the pendulum-like motion of arm swing
that occurs opposite to leg movements during walking (Ortega et al. 2008). Arm swing
during walking is believed to decrease vertical ground reaction moment, reduce lateral
displacement of the center of mass, counteract angular momentum of the legs, and
increase stability (Collins et al., 2009; Ortega et al., 2008). Arm swing is considered
symmetrical when both arms behave identically and perfectly out of phase (Sadeghi et
al., 2000). Many clinical conditions alter the symmetry of arm swing and result in
detectable side-to-side differences, making arm swing asymmetry potentially useful for
disease diagnosis and monitoring.
2.1.1 Arm Swing Asymmetry in Parkinson’s Disease
Arm swing may become asymmetrically reduced or absent, and may present as
the only symptom of PD for years. As a result, unilateral loss or reduction of arm swing
during walking is a useful clinical sign in the detection of PD (Thompson, 2004). In a
study by Zampieri et al., (2010) wearable inertial sensors were used to compare 22 gait
and postural transition parameters between controls and PD patients during both the
traditional Timed Up and Go (TUG) test and a modified version of the TUG. It was
found that, of all 22 parameters measured, arm swing showed the largest difference
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between the two groups; PD patients demonstrated an asymmetrical reduction in peak
arm swing velocity when compared to controls.
A study by Lewek et al. (2010) found that, compared to controls, Parkinson’s
patients exhibited significantly higher arm swing asymmetry across three different
walking conditions. Using a video-based motion system, it was also discovered that
when walking velocity increased or walking pattern was altered, arm swing magnitude
increased but arm swing asymmetry remained unchanged in PD patients. Interestingly,
there appeared to be no asymmetry in lower extremity in the PD patients used in the
study. The researchers concluded that arm swing asymmetry, rather than arm swing
magnitude, may be a more reliable parameter in the detection of early PD.
Huang et al. (2011) measured arm swing asymmetry in PD patients and controls
using wearable accelerometer assemblies on each forearm. The researchers found, in
agreement with Lewek et al. (2010), that arm swing asymmetry was significantly higher
in PD patients than controls. It was also found that PD patients have reduced bilateral
coordination of arm swing compared to controls; this is believed to contribute to the
observed asymmetry.
In agreement with both Lewek et al. (2010) and Huang et al. (2011), Roggendorf
et al. (2012) found an increase in arm swing asymmetry in Parkinson’s patients compared
to controls. The researchers also found that arm swing asymmetry was more prevalent in
patients in earlier stages of PD compared with patients in later stages. It was discovered
that intra-individual arm swing amplitude of both sides was highly correlated in controls,
lesser correlated in patients with more progressed PD, and not associated at all for
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patients with early stage PD. The researchers concluded that arm swing asymmetry was
an accurate predictor for Parkinson’s disease status.
2.1.2 Arm Swing Asymmetry in Other Illnesses
In the literature, arm swing asymmetry has been documented as an indication for
other diseases as well. In patients with adult onset primary cervical dystonia, the
frequency of reduced arm swing was significantly greater than in controls, and in these
patients, 86% had reduced arm swing only on one side (Kagi et al., 2008). In children
with hemiplegic cerebral palsy, arm swing was also asymmetric. The hemiplegic side
demonstrated significantly smaller anterior-posterior arm swing length than the nonhemiplegic side, regardless of walking velocity. Normal children did not show any
significant side-to-side differences in arm swing (Meynset al., 2011). Studies in stroke
patients also revealed arm swing asymmetry; arm swing amplitude on the non-paretic
side was approximately double the arm swing amplitude on the paretic side (Ford et al.,
2007).
2.1.3 Arm Swing Asymmetry in Normal Populations
If arm swing asymmetry is to be used as a diagnostic criterion, it is important to
understand asymmetries present in the arm swing of normal populations. Cross, Collard
& Nelson (2008) found that all normal, healthy subjects without previous upper extremity
injury swung one arm more, with differences in hand displacement ranging from 4-29%.
Kuhtz-Buschbeck et al., (2008) studied arm swing asymmetry in young, healthy
subjects as well. Arm swing asymmetry, characterized by arm swing amplitude, was
present in almost half of the trials, and in 10 of the 16 subjects, direction of asymmetry
was predictable regardless of walking velocity. The researchers found that arm swing
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asymmetry was independent of handedness and leg movements. It was concluded that
some degree of arm swing asymmetry is physiological, and should be taken into account
when using arm swing asymmetry to detect pathologies.
Another study by Donker et al. (2002) examined arm swing adaptations in healthy
subjects to four different conditions: no perturbation, mass added to both wrists, mass
added only to the right wrist, and mass added only to the right ankle. The mass consisted
of a 1.8 kg bracelet that was attached with Velcro. The researchers used video-based
motion analysis and electromyography (EMG) to calculate forearm angular displacement
and muscle activity, respectively. It was discovered that loading both arms resulted in a
significant decrease in arm movement and significant increase in muscle activity as
compared to the control trial. Loading one arm led to a significant reduction in that arm’s
movement, an increase in movement of the opposite arm, and a significant increase in the
muscle activity of both arms.
2.2 Methods for Measuring Movement
There are numerous methods available in human movement analysis, in terms of
technologies used to measure how humans move. Each offers researchers its own
benefits and drawbacks in data collection and processing.
2.2.1 Technologies Used to Measure Movement
Human motion analysis has been traditionally performed using a video-based
approach. Three-dimensional video-based motion analysis systems are comprised of two
or more cameras and at least three reflective markers placed on palpable bony landmarks
on the skin. Light-emitting diodes (LEDs) mounted on the cameras send out infrared or
invisible light and the cameras record the markers’ reflection of these rays. Triangulation
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of the marker in space is achieved by locating the best-fit intersection of multiple camera
rays for each marker. Through the use of specialized computer software, three
dimensional trajectories from the markers are created and labeled (Davis et al., 1991).
The marker positions themselves can be used to compute distances and angles, and
changes in marker position over time can be used to determine velocities and
accelerations. Velocity and acceleration of markers or segments are calculated by
differentiation of position and velocity, respectively.
Video-based motion analysis presents some prospective drawbacks. One potential
problem is found when differentiating noisy or incorrect data; data noise can be caused
by lighting, marker identification problems, electrical interference, movement, or camera
placement. Differentiation magnifies these errors, resulting in inaccurate measurements
and extensive data processing. Other disadvantages of video-based analysis are the large
expense and large amount of space required to set up a multi-camera system. Bernmark
& Wiktorin (2002) cite additional shortcomings with optoelectronic and camera based
analysis systems. Prior to use, the cameras must be calibrated; after this, it is impossible
to move the cameras without recalibration, making it difficult to use in field studies.
Markers also have the potential to obstruct human movement.
Accelerometers are another option available for use when studying human
movement. Accelerometers used in human motion detection are classified as
piezoresistive, piezoelectric, capacitive, or strain gauge. All of these are
electromechanical devices that operate as a mass-spring system and make measurements
of acceleration using Newton’s Second Law of Motion and Hooke’s Law. When forces
outside the unit produce an acceleration, a mass inside the unit is displaced and the
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spring to which it is attached produces a restoring force proportional to the external force.
Using the displacement of the mass, the mass itself, and stiffness of the spring, the
acceleration can be calculated (Kavanagh & Menz, 2008). Modern accelerometers are
considered small micro electro-mechanical (MEMS) devices, simply meaning they are
small machines driven by electricity (Andrejasic, 2008). Accelerometers may be uniaxial
or multiaxial; they can measure accelerations in one axis or multiple perpendicular axes,
respectively.
Accelerometers offer many benefits to researchers. They are low in cost, small, do
not obstruct to human movement, and can be used virtually anywhere to collect large
amounts of data. Since they measure accelerations directly, no differentiation is required
and therefore fewer errors are found in the dynamic accelerations. Through integration,
angular velocity and rotation of human segments can be determined. One weakness of
accelerometers, however, as described by Kavanagh & Menz (2008) is that their
reliability has not been well documented.
Yet another option for researchers to use when measuring human movement is
gyroscopes. Gyroscopes operate based on the principles of angular momentum, and
directly measure orientation as well as angular velocity. Benefits and drawbacks of
gyroscopes are discussed by Aminian et al. (2002). Gyroscopes are small, inexpensive,
and can be used outside of the gait laboratory. Angular velocity can be integrated to
arrive at rotation angles, or differentiated to calculate angular accelerations. Powerful
processing and filtering are required, however, to negate signal drift and artifact.
Ultrasound-based systems are also available to measure human movement. These
systems utilize three receivers per body segment of interest to obtain its position and
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orientation in space. From this data, the position of other anatomical points relative to
the receivers can be calculated as well. During data collection, the transmitter sends out
bursts of ultrasound to the markers and the delay it takes to reach the receivers is
recorded to calculate position of segments. Based on these spatial coordinates, joint
angles and other spatial-temporal gait variables can be measured, such as step length and
stride time. The method, however, presents a severe disadvantage in the limited range
allowed for use (Kiss et al., 2004).
Electromyography (EMG) is a method used by researchers to measure muscle
activity. When skeletal muscle is activated, it generates electrical potential that can be
measured by EMG electrodes placed on the skin lying over the muscle of interest. While
EMG relays information regarding muscle activation, it is not informative of position or
acceleration, as are other methods of measurement.
2.3 Components of Symmetry Measurements
Symmetry measures have two elements: the gait variable and the method used to
calculate symmetry. For each component, there are numerous variations used by
researchers.
2.3.1 Parameters Used to Measure Arm Movements
There are many different parameters used by researchers to measure arm
movements and compare side-to-side symmetry during walking. One such variable is
joint angle. Joint angles are described as one segment’s orientation in relation to another.
Riad et al. (2011) described movement of the upper extremity during walking in terms of
joint angles to identify and classify deviations from normal in patients with spastic
hemiplegic cerebral palsy; this measure was called arm posture score. The researchers
measured four variables: shoulder flexion/extension, shoulder abduction/adduction,
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elbow flexion/extension, and wrist flexion/extension. The researchers used markers and
a camera-based system to capture these joint angles.
Joint angles were also used by Roggendorf et al. (2012) to measure arm swing. In
this study, arm swing was deconstructed into forward and backward swings. Forward
arm swing was described as a positive angle between the arm perpendicular and the
global horizontal axis, while backward arm swing was represented by a negative angle.
Kuhtz-Buschbeck et al. (2008) investigated the relationship of arm swing
asymmetry and handedness. The researchers measured arm swing in terms of the joint
angles of the elbow and shoulder, as well as shoulder joint rotation and wrist excursion,
which is the distance travelled by the wrist in the anterior/posterior directions. Elbow
joint angle was defined as the relationship of markers on the acromion, lateral epicondyle
of the humerus, and the styloid process of the ulna; this described flexion and extension
of the arm. Shoulder rotation in the transverse plane was calculated as the angular
excursion of the right and left acromion processes about the longitudinal axis of the body.
For both the shoulder joint angle and wrist excursion, measurements were described
relative to a reference line of zero, which was equivalent to when the arm was straight at
the subjects’ sides. The shoulder joint angle was positive and negative when the elbow
was in front of this line and behind it, respectively. Arm swing amplitude was measured
by wrist excursion in the anterior and posterior directions relative to the reference line.
Wrist excursion was also used to quantify arm swing magnitude in a study done by
Lewek et al. (2010) The researchers defined arm swing as the excursion of the wrist in
the anterior, posterior, medial, and lateral directions with respect to the origin of the
pelvis.
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Similar to wrist excursion is displacement, or the length travelled by a particular
point during one complete gait cycle. In a study conducted by Cross et al. (2008) arm
swing was defined as hand displacement in space, as measured by a video-based motion
system. Meyns et al. (2011) calculated arm swing length by measuring the difference of
the maximum and minimum position of a hand marker in the sagittal plane. To confirm
the validity of this as a measure of arm swing length, the researchers also measured the
angle between the humerus and the vertical axis. It was found that the largest swing
lengths, as measured by displacement, also had the greatest upper arm elevation angles;
therefore, the researchers considered their method effective.
Another common variable is range of motion. Range of motion was used by
Zampieri et al. (2010) to describe the difference between the maximum and minimum
movement of the forearms in the longitudinal axis during arm swing. Gyroscopes were
used to detect these values. Riad et al. (2011) also measured range of motion as the
difference between maximum and minimum position during the gait cycle for each of the
four variables measured (shoulder flexion/extension, shoulder abduction/adduction,
elbow flexion/extension, wrist flexion/extension). In both studies, range of motion was
measured in degrees.
Velocity is yet another parameter useful for measuring arm swing. In a study
conducted by Zampieri et al. (2010), arm swing was characterized by peak arm swing
velocity, which was calculated as the maximum angular velocity recorded during the
swing phase.
Angular displacement is another variable that can be used to quantify arm swing;
this method was used by Donker et al. (2002). The researchers recorded the changes in

15

position of the forearms using a marker-based system. From these data, angular
displacement was calculated as the rotational movement in the sagittal plane.
Researchers have also used dynamic angular accelerations to measure arm swing.
Huang et al. (2011) achieved this by attaching accelerometer assemblies composed of
two accelerometers each onto the forearms of their subjects. Using accelerometers in
parallel a known distance apart allowed the cancellation of gravitational accelerations and
elbow translation, resulting in the calculation of angular acceleration of each forearm.
2.3.2 Methods Used to Calculate Asymmetries
While asymmetry of gait is often assessed, there is no standard method used to
calculate it. Different researchers have proposed, implemented, and compared various
techniques to quantify asymmetry.
The symmetry index (SI) represents one common method used to measure
symmetry between the left and right sides during human gait (1). This method was
proposed by Robinson et al. (1987) to compare a variety of discrete gait variables. In this
formula, XR is the movement of the right limb and XL the movement of the left. When SI
is equal to zero, symmetry is considered perfect between the two sides. A positive SI
would signal that the right limb magnitude is greater, while a negative SI would indicate
the left limb magnitude is greater.

(1)
The denominator of this formula can be modified; if a study’s population is
normal, healthy subjects, the reference value is often the average of the two sides, as seen
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in (1). If a comparison is being made between injured and uninjured sides, however, the
uninjured side is often chosen as the reference value.

The original SI was modified by Karamanidis et al. (2003). The researchers
thought that the SI could potentially reduce the real symmetry of subjects; if half of a
study’s subjects had 10% asymmetry and the other -10%, the mean value would be 0, or
no asymmetry, and would not accurately portray the measured asymmetry. To avoid this
dilemma, Karamanidis et al. (2003) simply took the absolute value of the difference
between the right and left values (2).

(2)

An asymmetry ratio has also been used to quantify asymmetry of gait parameters
(2). According to Sadeghi et al.,(2000) a ratio of one indicates perfect limb symmetry,
while values above or below this signify asymmetries in gait on the right and left sides,
respectively. Riad et al. (2011) used this method in developing their arm posture index;
the researchers divided the pathological side with the non-involved side.

(3)
Yet another ratio to measure limb symmetry was developed by Vagenas &
Hoshizaki (1992) and named the index of asymmetry (Ia) (3). In this formula, the L and
R represent the left and right limbs, respectively. The researchers recorded results as 1,
0, or -1; asymmetries larger than 1% were indicated by +/- 1, and a score of 0 indicated
perfect symmetry. A similar method was used by Kuhtz-Buschbeck et al. (2008) in
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quantifying arm swing asymmetry, although these researchers used a range of +/- 100
instead of a simple trichotomy. Zampieri et al. (2010) and Roggendorf et al. (2012) also
used this method to quantify arm swing asymmetry.

(4)

Zifchock et al. (2008) proposed a different method to quantify asymmetry using
discrete variables that does not require a reference side: the symmetry angle. The
symmetry angle relates to the angle formed by the x-axis and the vector created by
plotting the right-side value against the left-side value. Identical values for both the right
and left sides would create a vector 45 degrees with respect to the x-axis; this represents
perfect symmetry, and can be either positive or negative, depending on the sign of the
values. Any deviation from this line indicates asymmetry, and maximum deviations can
range +/- 90 degrees. The SA can be converted to percent of the maximum using the
formula shown (4). A score of 0 indicates perfect symmetry and 100% describes equal
values opposite in magnitude.

(5)

Zifchock et al. (2008) compared their SA method to the traditional SI method (1)
used to quantify asymmetry, and several drawbacks to the SI were highlighted. The first
disadvantage of the SI discussed was in choosing a reference value. When considering
healthy subjects with equal asymmetries on opposite limbs, using the left versus right
side as the reference offered different results, showing inconsistencies in the SI. The
issue of choosing a reference value was also emphasized when subjects are healthy and
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normal. Robinson et al. (1987) and Herzog et al. (1989), when faced with this
predicament, both used the average of both sides. When Zifchock et al. (2008) employed
this method, it resulted in significantly lower SI values compared to when one side was
used as a reference. This underscored how researchers could potentially be
underestimating asymmetry through their choice of symmetry measure.
The SA has been used to quantify upper extremity asymmetry. This method was
employed by Lewek et al. (2010) to quantify arm swing asymmetry in PD patients. For
this study, arms were separated not into left and right arm (Xleft/Xright) but instead the arm
that swung less and the arm that swung more, as described by wrist excursion. This
method was also used by Huang et al. (2011) although minimum and maximum forearm
angular accelerations were used instead of arm swung less or more.
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CHAPTER 3
METHODOLOGY
3.1 Subjects
Participation in this study was limited to subjects without known musculoskeletal
problems or history of injury to the shoulder, wrist, and elbow. Upper extremity injury,
whether past or current, could potentially alter arm swing and therefore was used as
exclusion criteria. There were ten participants: five males and five females. All were
healthy, aged between 18 and 23 years old, and right-handed (as indicated by self-report).
Subjects had an average height of 173.4 cm and an average weight of 70.7 kg (Table 3.1).

Table 3.1 Subjects’ Characteristics
Gender
Subject
Age Height (cm)
M
1
19
179.1
M
2
21
182.9
F
3
21
160.0
F
4
19
160.0
M
5
23
172.7
F
6
21
172.7
M
7
22
185.4
F
8
21
170.2
F
9
18
172.7
M
10
23
177.8

Handedness
Weight (kg)
96.7
79.5
56.8
61.3
65.8
61.3
79.5
63.6
61.3
80.8

Right
Right
Right
Right
Right
Right
Right
Right
Right
Right

BMI
(kg/m2)
30.1
23.8
22.2
23.9
22.1
20.6
23.1
22.0
20.6
25.6

Subjects were told only that arm movements were being measured with both
video-based motion analysis and accelerometers during walking. Subjects were not
informed of the study’s exact purpose or different weight conditions prior to participation
to ensure that results were not affected by unnatural arm swing. Subject recruitment was
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performed by word-of-mouth at the Biomechanics Laboratory. IRB approval (#36656)
was granted from the Office of Research Protections at Penn State University. Each
subject signed an Informed Consent form prior to study involvement and was given a
copy for personal records (Appendix A).
3.2 Motion Analysis Methods
To directly measure dynamic accelerations, four triaxial G-Link MEMs
accelerometers (Microstrain, Inc.; Williston, VT) were used in this study. Two wearable
units were made; each consisted of two accelerometers rigidly mounted ten cm apart on a
foam-padded aluminum splint that measured 160 mm x 25 mm x 3 mm (Figure 3.1). The
units weighed approximately 150 g each. According to Elble (2005), mounting two
accelerometers a known distance apart in parallel negates both gravitational influence and
elbow translation and allows angular acceleration in a single plane to be computed (6). In
this equation, a1T and a2T are the tangential components of acceleration and L is the
distance between the accelerometers (10 cm). The sampling rate used during data
collection was 128 Hz from one channel and the output was in A/D units. 128 Hz was
chosen as the sampling rate because it was closest to the frequency of the video-based
motion system (100 Hz).

(6)

Prior to each subject arrival in the laboratory, the accelerometers were calibrated.
A digital level was used to determine that the surface used for calibration was level
within 0.1 degree. Accelerometers were placed both right side up and upside down for
approximately one second. Using these data and gravitational acceleration (9.81 m/s2), a
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linear fit to these two data points calculated the conversion from A/D units to
accelerations in m/s2 (Huang et al. 2011).

Figure 3.1 Mounted accelerometer design

Video-based motion analysis was used to measure arm swing as well. Six Motion
Analysis Corporation Eagle digital cameras (Motion Analysis Corp,; Santa Rosa, CA)
recorded the movement of markers and, through the Motion Analysis Eagle Hub, the
three-dimensional capture volume was created (Figure 3.2). EVaRT 5.0 software was
used to capture marker data at 100 Hz.
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Figure 3.2 Motion Analysis camera set-up and coordinate system

3.3 Protocol
Data collection was performed solely at the Biomechanics Laboratory. Prior to
subject arrival, a code written in Matlab 7.11.0 was used to generate the random order of
ten different conditions (Table 3.2). Upon subject arrival, informed consent was obtained
and informed consent forms were signed. Height and weight were recorded, and no
history of upper extremity injury was confirmed. Handedness was self-reported by
subjects. Subjects performed two standing trials; the first was used to generate an
anatomical coordinate system and the second created a template for the subsequent
walking trials. During both, only marker data were collected using the camera-based
system.
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Table 3.2 Ten different wrist weight conditions
Condition
1
2
3
4
5
6
7
8
9
10

Mass Left (g)
0
400
350
300
250
200
150
100
50
0

Mass Right (g)
0
0
50
100
150
200
250
300
350
400

For the first standing trial, two markers were placed directly on the sides of each
accelerometer, totaling four markers per accelerometer unit. Reflective markers were
placed on several anatomical landmarks on both the left and right side: the styloid
processes of the ulna and radius, both medial and lateral epicondyles of the humerus, and
the anterior and posterior superior iliac spines. A pelvic cluster comprised of four
markers was attached to the lower back. Bias markers were positioned on the right upper
forearm, the left wrist, and the right lower back to help the software discriminate between
the left and right sides. Similar to protocol used in a study by Huang et al. (2011),
accelerometers were attached to the upper forearms in alignment with the long axis of the
forearm and parallel to the dorsum of the hand when the wrist was anatomically neutral.
Subjects were instructed to stand in anatomical position with straight elbows and wrists;
wrists were then pronated 90 degrees. Three seconds of this static pose was captured
(Figure 3.3).
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Figure 3.3 Static pose with anatomical landmark markers. In this picture, the markers
enclosed by green, red, and yellow circles are anatomical markers that were removed
during walking trials. Markers surrounded by dark blue circles are placed directly on the
accelerometer units and remained on the subject for walking trials. Light blue circles
enclose the pelvic cluster that also remained on subjects during walking trials.

For the following standing trial, wrist, elbow, and both anterior/posterior superior
iliac spine markers were removed. Accelerometer markers, pelvic cluster markers, and
bias markers were left on. Again, subjects were instructed to stand with wrists pronated
90 degrees from anatomical position. Three seconds of this static pose was recorded, and
markers were labeled to create a template in EVaRT.
Wrist weights were then fastened to the subjects’ wrists. Subjects did not know
the mass conditions throughout the study. For each motion trial, subjects started at a
cone placed approximately five meters from the center of the video-based capturing area;
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this was done to ensure that arm swing captured was in steady state. Subjects were
instructed to “walk at a brisk and comfortable pace, as if you are walking to class” down
the runway to a cone about ten meters away, turn around, and return to the start position
(Figure 3.2). Once they reached the start cone, subjects were asked to keep their arms
static at their sides for approximately one second before resuming walking. During the
trials, the accelerometers continuously recorded data for each condition. It was expected
that, if subjects kept their arms still at their sides at the start of each trial, trials would be
easy to separate because the start of each trial would show very small accelerations. Each
of the ten conditions was repeated for five trials, totaling 50 motion trials. 500 frames of
marker data, amounting to five seconds, was manually collected for each trial. As stated
above, the accelerometers were programmed to continuously collect data for each
condition for three minutes; this was determined sufficient time to complete all five trials
of each condition. A total of ten accelerometer readings were collected for each subject.
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Figure 3.4 Runway area marked with cones for the start and turnaround of each trial and
approximate area of motion capture

3.4 Data Analysis
3.4.1 Data Processing
Marker data from the standing and motion trials were loaded into EVaRT 5.0.
Gaps in marker trajectories were filled using EVaRT’s rigid body function. Once marker
data were as complete as possible, a custom program was written in Matlab 7.11.0 to
process the data (Appendix B).
The first step in processing the markers was to distinguish between the anatomical
markers and the cluster markers in the first standing trial. Anatomical markers were
defined as those on the wrists, elbows, and anterior/posterior superior iliac spines
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(ASIS/PSIS). There were three marker clusters; the pelvic cluster, and the markers
attached to each accelerometer unit on both the right and left forearms. Each cluster was
composed of four markers. Three dimensional coordinates of all markers were copied
into individual matrices. Anatomical markers were defined for each cluster; for the
forearms, anatomical markers included the wrist and elbow markers, while for the pelvis,
anatomical markers were those on the ASIS/PSIS.
In order to calculate the location of the cluster markers in the anatomical frame, a
series of transformations was used. First, both the anatomical markers and cluster
markers were converted from their anatomical and local coordinate systems, respectively,
into the global, or laboratory, frame. For the anatomical markers, the origin of each
segment (pelvis and left/right forearms) was calculated. For the pelvis, the midpoints of
both the right and left ASIS/PSIS were calculated; the midpoint of these midpoints was
considered the origin. A similar formula was performed for each forearm using the
medial/lateral wrist and elbow. Using these origins, the transformation from the
anatomical frame to the global was found for each segment, this was called Tga. For the
marker clusters, the first marker was selected as the origin; the transformation from the
local coordinate system to the global frame was called Tgl.
Next, the transformation from the anatomical coordinate system to the local
coordinate system (Tla) was calculated by multiplying the inverse of Tgl by Tga. The
transformation from the local coordinate system to the anatomical coordinate system (Tal)
was found by taking the inverse of Tla. The cluster markers coordinates in the anatomical
frame were then calculated and averaged across the middle 200 frames of the first
standing trial; this allowed the position of the wrist to be known during motion trials
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without using markers on the wrist. Euler angles, wrist position, wrist center, and origin
location were all saved. Marker data were low-pass filtered at a cut-off frequency of 7
Hz to remove noise. These data were then double differentiated to produce forearm
accelerations; first, angular velocities were computed from finite changes in components
of the rotation matrix that described the orientation of each forearm relative to the global
coordinate system, and then angular accelerations were computed by numerically
differentiating angular velocity vectors.
3.4.2 Accelerometer Data Processing
Custom computer code was written in Matlab 7.11.0 to compute angular
accelerations from the raw accelerometer output. To compute angular accelerations,
tangential accelerations from the proximal accelerometer were subtracted from those of
the distal accelerometer, and this value was divided by the distance between them, which
was 10 cm (Elble 2005).
Next, a graph was plotted for each trigger of the left angular accelerations versus
time. Since subjects stood with their arms still at their sides prior to beginning each trial,
it was clear on the graph where the subjects were standing (angular accelerations were
approximately zero) or walking (angular accelerations oscillated about zero). By clicking
the graph at the start of each walking trial, the ten accelerometer triggers were separated
into fifty trials. Two seconds of steady state acceleration data from each trial were used
in statistical analysis.
3.4.3 Statistical Analysis
In this study, changes in arm swing with perturbation were of greater interest than
the computation of arm swing asymmetry as previously discussed. When performing
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statistical analysis, both wrist excursion (7) and delta wrist excursion (8) from baseline
were used. Baseline, Rexc(0,0) , was the average wrist excursion during the condition in
which no weight was added to either wrist. Subtracting the average excursion for each
condition in which weights were added from baseline was expected to show changes in
arm swing that were induced by the added weight. This approach was also used with
accelerations computed from video-based motion analysis and accelerations obtained
from accelerometers. In all instances, values computed using (8) were referred to as 
delta left (L) and delta right (R).
Rexc,i = maxR– minR

(7)

R,i = Rexc(0,0) – Rexc,i

(8)

A two-way repeated measures analysis of variance (ANOVA) was done in Sigma
Stat 3.1 for the following parameters: wrist excursion, accelerations from markers, and
standard deviations of accelerations from accelerometers. For each parameter, five
ANOVAs was repeated five times: the left arm, the right arm, delta left, delta right, and
delta left minus delta right (LMR). Excursions and accelerations were averaged across
trials and subjects. The variables of interest were gender and weight condition; gender
was included as a factor to account for the possibility that smaller female subjects’ arm
swings would be affected more by added wrist mass. A post-hoc Tukey tests were run to
determine if there were significant differences between the means when ANOVA
revealed significant main effects.
Receiver operator characteristic (ROC) curves and area under the curve (AUC)
for all asymmetric conditions were generated for delta wrist excursion, delta accelerations
from marker data, and delta accelerations from accelerometers in Matlab 7.11.0. ROC
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curves are a tool used for displaying the accuracy of a diagnostic test. In this study, a
binary classification system of positive and negative was used, and four outcomes were
possible (Table 3.3). The four outcomes were: true positive (those who actually have the
disease), true negative (those without the disease), false positive (those the diagnosis
determine have the disease but truly don’t), and false negative (those classified as
nondiseased who are actually diseased). For this study, any asymmetric weight
conditions were considered diseased, and nondiseased were the conditions in which no
mass or equal mass were applied (conditions 1 and 6, respectively). These outcomes are
dependent on a threshold; falling above or below this threshold results in a positive or
negative diagnosis, respectively. In ROC analysis, sensitivity is considered the true
positive rate, while specificity is the true negative rate. ROC curves plot the sensitivity
versus the false positive rate, which is one minus the true negative rate.
Table 3.3 Possible outcomes in ROC analysis. In this table, diseased, as characterized by
the diagnostic test (P`), is the sum of the true positives and false positives; nondiseased
(N`) is the sum of the false negative and true negatives. In reality, the diseased (P) is the
sum of the true positive and the false negative, while the nondiseased (N) is the sum of
the false positive and true negative. ("2x2 contingency table")
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For an ideal diagnostic test, both sensitivity and specificity would be perfect; this
means that test accurately separates subjects into positive and negative, generating no
false negatives or false positives. Graphs for perfect tests would have a line extend from
(0,0) to (0,1), and then from (0,1) to (1,1) (Figure 3.4). Alternatively, a 45 degree line
extending from the bottom left corner to the top right represents complete randomness
(Figure 3.4). This line divides the ROC space; points above correspond to a correct
diagnosis better than chance, while points below indicate a test that performs worse than
random (Figure 3.4).
Area under the curve (AUC) can be used to summarize and compare diagnostic
accuracy. To do so, the area between the line of random chance and the line generated by
the diagnostic test is computed. The larger the AUC is, the more accurate the diagnostic
test used.

32

Figure 3.5 ROC curve basic characteristics. In this figure, the red dotted line indicates
complete random. Above this line, results are predicted better than chance, while below,
results are predicted worse than chance. The purple and green show diagnostic tests that
are better than random, while the blue line signifies a perfect diagnostic test. AUC for
the purple line is the shaded yellow region.
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CHAPTER 4
RESULTS
4.1 Wrist Excursion
There was a significant main effect (p < 0.001) of condition on right wrist
excursion (Figure 4.1). Post-hoc testing revealed significant differences (all p ≤ 0.049)
for right wrist excursion between the means of condition 10 and conditions 1, 2, 3, 7, and
8 (Figure 4.1; Appendix C). Significant differences (p = 0.028) were also found for right
wrist excursion between the means of conditions 9 and 2 (Figure 4.1; Appendix C). For
left wrist excursion, no significant main effects of condition on were found (p > 0.05).
Gender was not statistically significant (p = 0.07) for both left and right wrist excursions;
however, women had larger wrist excursions on both sides.
Regarding the delta wrist excursions, a significant main effect of condition was
again found on the right (p < 0.001) but not the left (p > 0.05). For right delta wrist
excursion, significant differences (all p ≤ 0.05) between the means of condition 10 and
conditions 2, 3, 7, and 8 were again found, as well as between the means of conditions 9
and 2 (Appendix C). Gender was not statistically significant (p > 0.05) for either left or
right delta wrist excursions.
Condition was also found to have a significant main effect (p < 0.001) on delta
left wrist excursion minus the delta right wrist excursion (LMR). Significant differences
(all p ≤ 0.025) between the means of condition 9 and conditions 2, 3, 4, and 6 were seen
as well (Appendix C). Again, gender was not statistically significant (p > 0.05).
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Figure 4.1Left/right wrist excursions averaged across trials and subjects versus
condition. Red bars represent the left arm and green bars represent the right arm. *
indicates significant differences (all p ≤ 0.049) for the right wrist excursion between the
means of condition 10 and conditions 1, 2, 3, 7, and 8. O denotes significant differences
(p = 0.028) for the right wrist excursion between the means of conditions 9 and 2. Bars
indicate one standard deviation from the mean.

ROC curves for all asymmetric conditions were created using delta wrist
excursions and AUC were calculated. AUC for asymmetric conditions in which there
was a 400 gram difference between wrists was 0.0423 (Figure 4.2). AUC for the 300
gram difference conditions was 0.901 (Figure 4.3). AUC for the 200 gram difference
conditions was 0.0327(Figure 4.4). AUC for conditions in which weight difference was
100 grams was -0.0045 (Figure 4.5). AUC versus perturbation condition was graphed
(Figure 4.6).
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Figure 4.2 ROC curve for delta wrist excursion conditions with 400 gram difference
(conditions 2 and 10). The red line represents random guessing. AUC = 0.0423.

Figure 4.3 ROC curve for delta wrist excursion conditions with 300 gram difference
(conditions 3 and 9). The red line represents random guessing. AUC = 0.0901.
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Figure 4.4 ROC curve for delta wrist excursion conditions with 200 gram difference
(conditions 4 and 8). The red line represents random guessing. AUC = 0.0327.

Figure 4.5 ROC curve delta in wrist excursion conditions with 100 gram difference
(conditions 5 and 7). The red line represents random guessing. AUC = -0.0045.
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Figure 4.6 AUC versus perturbation condition for wrist excursion. The largest AUC was
found for conditions 3 and 9, in which there was a 300 g difference between wrists. A
negative area was found for conditions 5 and 7. During these conditions, a difference of
only 100 g was present.

4.2 Accelerations from Video-Based Motion Analysis
A significant main effect of gender (p = 0.026) on right forearm angular
accelerations calculated from marker data was found, indicating that women have larger
forearm angular accelerations than men. No main effect for gender was found for the left
arm (p > 0.05). No significant effects of condition were found on either right or left arm
angular accelerations (Figure 4.7).
No significant main effects of either gender or condition were found for delta
right, delta left, or LMR (p > 0.05).
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Figure 4.7 Left/right forearm standard deviation of angular accelerations obtained from
marker data averaged across trials and subjects versus condition. Bars indicate one
standard deviation from the mean.

ROC curves for all asymmetric conditions were created using delta angular
accelerations and AUC were calculated. AUC for the most asymmetric conditions in
which there was a 400 gram difference between wrists was 0.1557 (Figure 4.8). AUC for
the 300 gram difference conditions was 0.0957 (Figure 4.9). AUC for the 200 gram
difference conditions was 0.0793(Figure 4.10). AUC for conditions in which weight
difference was 100 grams was 0.0351 (Figure 4.11). AUC versus perturbation condition
was graphed (Figure 4.12)
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Figure 4.8 ROC curve for delta angular acceleration obtained from marker data for
conditions with 400 gram difference (conditions 2 and 10). The red line represents
random guessing. AUC = 0.1557.

Figure 4.9 ROC curve for delta angular acceleration obtained from marker data for
conditions with 300 gram difference (conditions 3 and 9). The red line represents
random guessing. AUC = 0.0957.
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Figure 4.10 ROC curve for delta angular acceleration obtained from marker data for
conditions with 200 gram difference (conditions 4 and 8). The red line represents
random guessing. AUC = 0.0793.

Figure 4.11 ROC curve for delta angular acceleration obtained from marker data for
conditions with 100 gram difference (conditions 5 and 7). The red line represents
random guessing. AUC = 0.0351.
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Figure 4.12 AUC versus perturbation condition for angular acceleration obtained from
marker data. The largest AUC was found during conditions in which there was a 400 g
difference between wrists (2 and 10). The smallest AUC was calculated for conditions in
which a 100 g difference was applied (5 and 7).

4.3 Accelerations from Accelerometers
Condition exhibited a significant main effect (p < 0.001) on left angular
accelerations obtained from accelerometers (Figure 4.13). Significant differences (all p ≤
0.039) were found between the means of condition 9 and conditions 2, 3, 4, and 6, as well
as between the means of condition 2 and conditions 1 and 10 (Figure 4.13’ Appendix C).
No significant effect of condition on right forearm accelerations were found (p > 0.05).
Additionally, a significant main effect of gender on left forearm angular
accelerations was also found (p = .015), which again demonstrated larger forearm angular
accelerations for women compared to men. No such effect was found for the right
forearm.
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When examining delta angular accelerations, a significant main effect of
condition was again found only on the left (p < 0.001). Significant differences (all p ≤
0.032) were found between the means of condition 9 and conditions 2, 3, 4, and 6, as well
as between conditions 2 and 10 (Appendix C). No main effects of gender were found for
either the delta left or delta right accelerations.
There was a significant main effect for condition on LMR (p = 0.008).
Significant differences (all p ≤ 0.045) were found between the means of condition 9 and
conditions 2, 3, and 6 (Appendix C). Gender was not found to have a significant main
effect (p > 0.05).

Figure 4.13 Left/right forearm standard deviation of angular accelerations obtained from
accelerometers averaged across trials and subjects versus condition. * indicates
significant differences (all p ≤ 0.039) for the left angular accelerations between the means
of condition 9 and conditions 2, 3, 4, and 6. O denotes significant differences (all p ≤
0.039) for the left angular accelerations between the means of condition 2 and conditions
1 and 10. Bars indicate one standard deviation from the mean.
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ROC curves for all asymmetric conditions were created using delta angular
accelerations and AUC computed. AUC for conditions in which there was a 400 gram
difference between wrists was 0.1535 (Figure 4.14). AUC for the 300 gram difference
conditions was 0.0298 (Figure 4.15). AUC for the 200 gram difference conditions was
0.0677(Figure 4.16). AUC for conditions in which weight difference was 100 grams was
0.0177 (Figure 4.17). AUC versus perturbation condition was graphed (Figure 4.18).

Figure 4.14 ROC curve for delta angular accelerations obtained from accelerometers for
conditions with 400 gram difference (conditions 2 and 10). The red line represents
random guessing. AUC = 0.1535.
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Figure 4.15 ROC characteristic curve for delta angular acceleration obtained from
accelerometers for conditions with 300 gram difference (conditions 3 and 9). The red
line represents random guessing. AUC = 0.0298.

Figure 4.16 ROC curve for delta angular acceleration obtained from accelerometers for
conditions with 200 gram difference (conditions 4 and 8). The red line represents
random guessing. AUC = 0.0677.
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Figure 4.17 ROC curve for delta angular acceleration obtained from accelerometers for
conditions with 100 gram difference (conditions 5 and 7). The red line represents
random guessing. AUC = 0.0177.
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Figure 4.18 AUC versus perturbation condition for accelerations obtained from
accelerometers. The largest AUC was computed for conditions in which a 400 g
difference was added (2 and 10). The smallest AUC was found for conditions that had a
100 g difference between wrist weights (5 and 7).
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CHAPTER 5
DISCUSSION
5.1 Key Findings
Of the methods used, the largest AUC was found when a 400 g difference in wrist
weights was applied and accelerations from video-based motion analysis were used to
measure arm swing (Figure 4.8). The AUC for this condition was slightly smaller for
accelerations from accelerometers, and the smallest AUC was measured when wrist
excursion was used to detect arm swing (Figure 4.14, Figure 4.2). Additionally, it was
expected that, as the magnitude of perturbation increased, the ability to detect it would
increase as well. This was true only for accelerations from video-based motion analysis
(Figure 4.12). Neither wrist excursions nor accelerations from accelerometers displayed
this predicted relationship between the magnitude of perturbation and sensitivity in
detection (Figure 4.6, Figure 4.18). Consequently, of the methods used to measure arm
swing, accelerations seemed more sensitive than wrist excursions at detecting
perturbation, as predicted. Contrary to expectation, however, accelerations from videobased motion analysis proved more sensitive than those from accelerometers.
This study also revealed an unexpected influence of gender on arm swing; a
significant main effect was found for accelerations from both marker data and
accelerometers, and a trend toward significance was found for wrist excursion. In all
instances, it seemed that women had larger arm swings, even without normalizing data
for height.
The main effects for condition on wrist excursion and accelerations from
accelerometers agreed with predictions (Figure 4.1, Figure 4.13). For both methods, it
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appeared that increasing mass on one arm resulted in decreased motion of that arm, as
expected.
5.2 Comparison to Previous Findings
Kuhtz-Buschbeck et al. (2008) also quantified arm swing in young, healthy
subjects using wrist excursion in the anterior/posterior directions. At self-selected
walking speeds, the researchers found the average lengths of left and right arm swing
were 35.9 cm and 31.4 cm, respectively. In this study, comparable values were found;
average left arm swing was 38.2 cm and average right arm swing was 37.4 cm when arm
swing was quantified by wrist excursions during condition 1 (no mass was added to either
the left or right sides; Figure 4.1).
Similarly, Huang et al. (2011) quantified arm swing in PD subjects and healthy
controls using the standard deviation of forearm angular accelerations detected by
accelerometers. For the PD subjects, arm swing ranged from about 10 to 20 (m/s2), and
controls ranged from approximately 20 to 30 (m/s2). In this study, standard deviation of
accelerations from both accelerometers and marker data ranged from about 10 to 20(m/s2;
Figure 4.7, Figure 4.13). Although these subjects were young and healthy, the arm
swings that were measured were more consistent with the PD subjects from Huang et al.
(2011) than healthy controls. This could be a result of the perturbations that were
introduced in this study.
According to Hosmer & Lemeshow (2000), AUC between 0.2 and 0.3 is
acceptable discrimination, AUC between 0.3 and 0.4 indicates excellent discrimination,
and AUC above 0.4 signifies outstanding discrimination, however values this high are
extremely rare. In this study, the highest AUC, which was obtained using accelerations
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from video-based motion analysis during the 400 g difference conditions, was 0.1557
(Figure 4.6). This suggests that none of the methods used provide adequate
discrimination between asymmetric and symmetric conditions (which represented our
“disease” and “nondisease” conditions). It is also possible that decreased AUC results
from perturbations that were not large enough to consistently alter arm swing.
In past research, Kozlowski & Cutting (1977) found, based only on observation,
that, “female walkers had a more pronounced arm swing than males.” This agrees with
findings from the current study, in which all three methods used to measure arm swing
detected that females have a larger arm swing than males. This research provides the first
quantitative description of gender differences in arm swing.
Donker et al. (2002) demonstrated that adding mass to one wrist decreased arm
swing on the perturbed side and increased movement of the opposite arm. The current
study also showed that asymmetrically increasing mass results in decreased motion of
that arm. It was not found, however, that motion of the opposite arm consistently
increased in response to added weight. This could be attributed to differences in mass
used between the studies. Donker et al. (2002) applied a 1.8 kg bracelet, while this study
only applied a maximum of 400 g.
5.3 Implications of Results
Findings of this study indicate that accelerations are more sensitive than wrist
excursions at detecting perturbations in arm swing. A possible explanation of this
observation is that accelerations are more closely related to the forces that produce arm
swings than positions, increasing their sensitivity at detecting changes in arm swing.
Additionally, only accelerations obtained from video-based motion analysis displayed a
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relationship between the magnitude of perturbation and sensitivity of perturbation
detection (Figure 4.12). This justifies their use in future research investigating changes in
arm swing in response to either perturbation or disease.
Another interesting discovery was that women have a larger arm swing than men,
despite the fact that they were, in this study, shorter. During walking, arm swing
counteracts the angular momentum of the legs and trunk that occurs with each step. It is
possible that the larger arm swing observed in women is due to differences in both
anatomy and walking dynamics between males and females. Compared to men, women,
in general, have larger hips, and also exhibit greater hip sway when walking. The larger
arm swing of women, then, could be a response to an increased angular momentum of the
trunk due to these noted differences.
Both accelerometers and video-based motion analysis detected significant
decreases in arm swing with increased mass (Figure 4.1, Figure 4.13). As stated above,
arm swing serves to counteract the angular momentum of the legs and trunk during
walking. Angular momentum is the product of angular velocity and moment of inertia.
Adding mass to one wrist changes the moment of inertia for that arm. One explanation
for the observed decrease in arm swing with added mass could be that, by changing the
moment of inertia of one arm, that arm is able to counteract the angular momentum of the
trunk with a smaller swing. Alternatively, it is also possible that adding mass reduces
arm swing because of the increased effort required to fully swing a weighted arm.
5.4 Limitations of this Study
One of the largest limitations of the study was the length of walking data
analyzed, which was a little more than one stride. While accelerometers are able to
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record more data than this, the video-based motion analysis range has a limited area for
data collection; this is a well-known short-coming of video-based motion analysis.
Consequently, only approximately one and a half full strides were available for data
analysis from this method. To keep comparisons equal between the technologies,
accelerometer data was shortened to approximately one and a half strides as well.
Another limitation of this study relates to the amount of mass added to the wrists.
Pilot testing suggested that 400 grams was enough to perturb arm swing but these data
were collected with a lean female as the sole subject. If pilot data had been collected
using a more muscular subject, perhaps a larger male, it is possible that we would have
realized that 400 grams would not be enough mass to alter arm swing. Another option
might have been to use percent body weight of each subject to determine the amount of
weight applied; this would have normalized the perturbation for each subject.
Subjects in this study were all right-handed. While previous work has suggested
that arm swing is not affected by handedness, there is the possibility that there is a
relationship between the two (Kuhtz-Buschbeck et al., 2008). A study population
consisting of equal numbers of right- and left-handed subjects would have provided a
more universal application of results.
Walking velocity during this study was not controlled. Although subjects
received instruction regarding appropriate velocity, velocity was self-selected. It has been
documented that faster walking velocity generates a larger magnitude of arm swing
(Donker et al., 2002; Lewek et al. 2010; Roggendorf et al. 2012). It is probable,
therefore, that subjects with a faster self-selected walking speed swung their arms more.
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While this was known prior to data collection, self-selected walking speed was chosen,
rather than controlling for velocity, to try and measure arm swings as natural as possible.
5.5 Conclusions
This was the first study to compare the sensitivity of wrist excursions,
accelerations from video-based motion analysis, and accelerations from accelerometers to
changes in arm swing in response to perturbation. Results indicated that accelerations
computed from marker data were most sensitive to the effects of perturbation magnitude
on arm swing. It was also found that women had larger arm swings than men, despite the
fact that they were shorter. Future directions of research may include:


Comparison of wrist excursion, accelerations from video-based motion analysis,
and accelerations from accelerometers to detect arm swing asymmetry in subjects
with PD and controls.



Investigation of the differences in arm swing between men and women using
more subjects.



A repeat of this experiment using larger differences in mass to create more
detectable changes in arm swing.



Repeating this experiment with equal numbers of right- and left-handed subjects
to explore the effect of limb dominance on adaptation to weight.
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ORP OFFICE USE ONLY

Informed Consent Form for Biomedical Research
The Pennsylvania State University

DO NOT REMOVE OR MODIFY
IRB# 36656 Doc. #1001
The Pennsylvania State University

Title of Project:

Measurement of Arm Swing Using Video
Based Motion Analysis and Accelerometry

Principal Investigator:

Stephen J. Piazza, PhD
Biomechanics Laboratory
29 Recreation Building, University Park, PA 16802
814-865-3413; piazza@psu.edu

Other Investigator(s):

Nancy Campbell, The Pennsylvania State University
Xuemei Huang, MD, PhD, The Pennsylvania State University
Joseph P. Cusumano, PhD, The Pennsylvania State University

This is to certify that you, ______________________________, have been given the
following information with respect to your participation as a volunteer in a program of
investigation under the supervision of Dr. Stephen Piazza.
1. Purpose of the study: You are being asked to participate in a study being conducted in
the Penn State Biomechanics Laboratory, which is a laboratory specializing in studies of
human movement. The purpose of this study is to determine which of two methods of
measurement, video based motion analysis or accelerometers, is able to most accurately
measure arm swing while walking. Because the results of the study could be affected if
the full purpose is known prior to your participation, the purpose of the study cannot be
explained to you at this time. You will have an opportunity to receive a complete
explanation purpose following completion of the study.
2. Procedures to be followed: Healthy participants between the ages of 18-40 years of age
will participate in this study. You and the other volunteers will have measurements of
both your height and weight taken. Wrist weights will be attached to each wrist. Several
round markers about the size of a marble attached to hard plastic shells will be applied
with adhesive tape to the skin at various locations on both of your arms as well as both
hips. Accelerometers will be attached to each of your forearms with double-sided tape
and elastic wrap. Accelerometers are electromechanical devices that measure dynamic
accelerations.
You will be asked to stand still for a few seconds while the cameras record the locations
of the single markers near your joints.
You will then be asked to walk approximately thirty feet at a comfortable pace while
wearing wrist weights on each wrist. You will repeat this five times with each of ten
different weight combinations while cameras record the locations of the markers on your
arms and the accelerometers measure the dynamic accelerations of your armswing.
3. Discomforts and risks: There are only minimal risks associated with this study. There
are no known risks associated with the wearing of markers on the skin or with recording
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of your movements using the cameras. If you should experience any discomfort during
these trials, please inform the researcher and you will be given an opportunity to rest or
discontinue the experiment. If you feel that you cannot or should not perform any of
these tasks, you should not participate in this study.
4. Benefits: There is no direct benefit to you for participating in this research. There is an
indirect benefit of contributing to the development of a new method of measurement of
arm swing in Parkinson’s patients.
5. Duration/time of the procedures and study: Your visit to the Biomechanics Laboratory
will last approximately 1 hour.
6. Statement of confidentiality: Any data collected in this experiment will remain
confidential. The data will be located within a file cabinet in a part of The Biomechanics
Lab that has limited access and will remain under the supervision of Dr. Stephen Piazza.
Any identifiers, such as your name or personal information, will be kept separate from
the actual data.
All records associated with your participation in the study will be subject to the usual
confidentiality standards applicable to medical records (e.g., such as records maintained
by physicians, hospitals, etc.). In the event of any publication resulting from the research,
no personally identifiable information will be disclosed.
The Office of Human Research Protections in the U.S. Department of Health and Human
Services, the U.S. Food and Drug Administration (FDA), the Office for Research
Protections at Penn State and the Biomedical Institutional Review Board may review
records related to this project.
7. Right to ask questions: You can ask questions about this research. Please contact Dr.
Stephen Piazza at (814) 865-3413 with questions. You can also call this number if you
have complaints or concerns about the research. If you have questions about your rights
as a research participant, or you have concerns or general questions about the research,
contact The Pennsylvania State University’s Office for Research Protections at (814)
865-1775. The ORP cannot answer questions about research procedures. Questions about
research procedures can be answered by the research team.
8. Payment for participation: You will not receive payment for participation in this study.
9. Voluntary participation: Your decision to be in this research is voluntary. You can stop
at any time. You do not have to answer any questions you do not want to answer. Refusal
to take part in or withdrawing from this study will involve no penalty or loss of benefits
you would receive otherwise.
10. Injury Clause: In the unlikely event you become injured as a result of your participation
in this study, medical care is available. It is the policy of this institution to provide neither
financial compensation nor free medical treatment for research-related injury. By signing
this document, you are not waiving any rights that you have against The Pennsylvania
State University for injury resulting from negligence of the University or its investigators.
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11. Abnormal Test Results: In the event that abnormal test results are obtained, you will be
made aware of the results in 3 days and recommended to contact your private medical
provider for follow-up.
You must be 18 years of age or older to take part in this research study. If you agree to take
part in this research study and the information outlined above, please sign your name and
indicate the date below.
You will be given a copy of this signed and dated consent for your records.
______________________________________
Participant Signature

_____________________
Date

______________________________________
Person Obtaining Consent

_____________________
Date
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Condition
1
2
3
4
5
6
7
8
9
10

Mass Left (g)
0
400
350
300
250
200
150
100
50
0

Mass Right (g)
0
0
50
100
150
200
250
300
350
400
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