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SUMMARY 

Wrist joint motion is necessary to complete functional 

activities of daily living, thus it is imperative we understand 

how the wrist moves in healthy and pathological populations 

in order to make the best clinical decisions regarding 

treatment.  Dynamic wrist kinematics can be characterized 

with a single “coupling” value that describes the modeled 

linear motion path as an angle in Cartesian space.  Simple 

linear regression(SLR) has been the traditional method of 

choice to analyze coupling data however this methodology has 

issues with certain configurations of data. 

To overcome issues found with SLR that arise with slopes 

approaching a vertical configuration, a less traditional fitting 

technique called principal component analysis(PC) was 

employed. This proceeding will seek to show the simplicity 

and robust nature of this technique when compared with SLR 

in specific biomechanical analyses. 

INTRODUCTION 

During dynamic tasks the wrist moves in both basic planes of 

motion (flexion-extension and radial-ulnar deviation). 

Coupling of movements between these two planes can be 

characterized by a slope value that represents the direction and 

amount of motion in one plane relative to the other.  In 

scientific analyses slopes are commonly estimated by SLR, 

however, they are inherently biased as they assume 

dependency of a chosen variable.  This requirement can cause 

misrepresentation of slope values in certain data sets and is 

one reason why PC's are a useful alternative. 

PC techniques, also known as the Karhunen–Loève transform, 

are well-known mathematical tools used in signal processing. 

These techniques are primarily utilized for dimensionality 

reduction through linear transformation to optimize the 

variance of the physical data [1].  The formulation does not 

assume any independent-dependent relationship among 

variables which not only removes this bias, but also allows the 

technique to function in finding coupling slopes even when 

singularity may be an issue [2]. 

The purposes of this proceeding are to compare coupling 

estimates calculated with SLR and PC techniques in a data set 

across functional tasks and show the sensitivity of each 

solution on a testing data set in a systematic way. 

What is PCA? 

PC analysis is a mathematical way of describing a set of data 

on the basis of variation within the data.  The first PC can be 

thought of as the direction of an axis with highest variance 

along it, with subsequent PC's being a series of orthogonal 

axis of   decreasing variability.  It is a way of reorienting the 

coordinate system axes to allow for the most amount of data to 

be accounted for while reducing the complexity of the data set 

being viewed.   If you take for example a die (figure 1a), 

viewing it directly from any face one would only be able to 

tell a single number (figure 1b), and the longest length 

viewable in both principal directions would not be along the 

axis with the highest variance.  If you rotate the view (figure 

1c) you are able to see 3 numbers on the die and the principal 

direction is longer but still not at a maximum.  By reorienting 

our perspective about the die to align with the principal 

direction we are able to maximize the information seen in a 

simple view without changing the relative distribution of 

points(figure 1d).  This is analogous to projecting the data 

onto a 2D space based on the first two principal components, 

which is the exact method that Pearson discovered more than 

100 years ago [3]. 

 

 
 

Figure 1 a-d)  Die example of PCA demonstrating the 

effects of rotational transformation on the amount of 

information that may be obtained in one view where (b) 

shows the minimal information and (d) shows the dice 

viewed along the major principal axis. 

 

METHODS 

The functional data presented is a sample taken from a 

functional trial data set of a health normal adult.  Tasks 

represented included dart, baseball and football throwing, 

basketball shooting, hammering nails, and clubbing.  Motion 

data was collected at 200Hz with a 3D motion analysis 

system. Wrist joint coordinate system implementation and 

kinematic solution was calculated using custom code written 

in Visual3D.  SLR and PC slope estimation code was written 

in MATLAB. 

The basis for the computation of axis is outlined as follows. 

For a functional data set with N frames, let A be an N×2 

column matrix of time-ordered FE/RUD coordinate pairs in a 

2D Cartesian plane with FE as the y-axis and RUD as the x-

axis.  From the model y = β0 + β1x1 + ε, the linear predictor β1 

is the SLR estimation of the data set slope.  The PC estimation 

of the slope was taken as the slope of the major principal axis. 

This value was calculated using the first column of the 

eigenvector matrix UJA of A’s moment tensor matrix (also 

(a) (b) (c) 
(d) 



equivalent to the covariance matrix), JA. 

 
Equation 1) Moment tensor matrix calculation 

The orientation of the major principal axis is extracted from 

the elements in the first column of UJA, [UJA11, UJA21].  The 

ratio UA11:UA21 is the slope (∆y:∆x) of this axis.  Each slope 

value is transformed into an angular value (±180°) using the 

atan2(y,x) function.  Unit scalar coefficients a and b (+/-1) 

were also input into the arctangent2 arguments to correctly 

identify the angular orientation of the motion path with respect 

to the x-axis. 

 

     
 

CouplingPC = atan2(b*UA11, a*UA21) 

CouplingSLR = atan2(b*β1,a) 

Equation 2) Sign coefficients and coupling calculations 

The SLR and PC coupling values were calculated for the same 

data set that of six functional tasks from a  healthy subject.  

Additionally, a single testing data set was chosen to show 

demonstrate sensitivity of each technique. This data set was 

incrementally rotated one degree with orthogonal rotational 

transformations.  This was done 22 times in a clockwise 

direction.  At each increment SLR and PC coupling values 

were calculated for comparison. 

 

RESULTS AND DISCUSSION 

Figure 1 is a plot of the coupled motion paths from all 62 trials 

collected on a single individual.  This figure clearly shows that 

SLR and PC values are very similar in most until the coupling 

approaches 90 degrees and SLR becomes inconsistent 

compared to PC.  The break down in SLR is in part due to a 

dependency bias which would suggest that each point on the X 

axis should have a unique dependent variable on the Y axis.  

Figure 2 helps to elaborate the issue with SLR in a single trial 

by demonstrating the slope differences where a single data set 

was rotated incrementally and then processed for coupling.  

While the PC curves remain consistent, SLR shows a distinct 

departure for the expected values between 80 and 100 degrees. 
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Figure 2. PC(red) and SLR(blue) analyses on motion data 

rotated through a vertical slope. 

 

CONCLUSIONS 

A robust method to characterize functional coupling is of 

particular importance to biomechanists as there is often a need 

to analyze large amounts of data over a variety of conditions.  

PC regression allows estimation of slopes that have large 

values with accuracy that does not break down at vertical 

orientations.  This is not to say SLR cannot model large slopes 

- SLR can, in fact – but the points must be highly linear (i.e. 

have a high regression coefficient) otherwise the calculated 

slope may be unstable and misrepresented.  Functional data is 

rarely, if ever, perfectly linear and naturally has curvilinear 

characteristics.  Some joints like the wrist have isolated 

motion resulting in vertically and/or horizontally oriented 

point distributions where SLR application is not suitable.  

PCR is not sensitive to data with near-infinite slope and is 

robust over any orientation; it can be applied safely to data 

sets without worry of artifact or misrepresentation due to the 

aforementioned assumed dependencies. 
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