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We present a method for the statistical modeling of the displacements of wrist bones during the perfor-
mance of coordinated maneuvers, such as radial-ulnar deviation (RUD). In our approach, we decompose
bone displacement via a set of basis functions, identified via principal component analysis (PCA). We uti-
lized MRI wrist scans acquired at multiple static positions for deriving these basis functions. We then uti-
lized these basis functions to compare the displacements undergone by the bones of the left versus right
wrist in the same individual, and between bones of the wrists of men and women, during the perfor-
mance of the coordinated RUD maneuver. Our results show that the complex displacements of the wrist
bones during RUD can be modeled with high reliability with just 5 basis functions, that captured over 91%
of variation across individuals. The basis functions were able to predict intermediate wrist bone poses
with an overall high accuracy (mean error of 0.26 mm). Our proposed approach found statistically signif-
icant differences between bone displacement trajectories in women versus men, however, did not find
significant differences in those of the left versus right wrist in the same individual. Our proposed method
has the potential to enable detailed analysis of wrist kinematics for each sex, and provide a robust frame-
work for characterizing the normal and pathologic displacement of the wrist bones, such as in the context
of wrist instability.
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1. Introduction as it does not account for how the displacement of a particular

bone may influence other bones. On the other hand, current stud-

Normal wrist function is facilitated by a complex interplay
between the eight carpal bones, the radius and ulna bones, and
their associated ligaments, the latter constraining bone displace-
ment during motion and providing stability. There remain gaps
in our knowledge on how the bones of the wrist move, highlighted
by the lack of a consensus on a unified theory of wrist bone dis-
placement during motion (Moojen et al., 2003; Sandow et al.,
2014). Current techniques typically assess rotational and transla-
tional measures associated with local displacement for each indi-
vidual wrist bone independently during the performance of a
specific wrist maneuver (Foumani et al., 2009; Garcia-Elias et al.,
2014; Moojen et al,, 2003; Rainbow et al., 2016; Sonenblum
et al., 2004; Waters et al., 2016). This approach may be inadequate,
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ies that represent carpal motion via “average” kinematics may not
take into consideration the variance in the displacement of individ-
ual bones during a coordinated wrist maneuver (Chen et al., 2013).

A statistical model that capitalizes on the correlative relation-
ship between wrist bone displacement could potentially improve
our understanding of wrist kinematics and have the ability to com-
pare bone motion of the entire wrist between different groups. In
particular, there are two notable comparisons the model would
enable. First, it would be helpful in understanding if and how car-
pal bone displacement is influenced by sex, as there appears to be a
lack of consensus regarding whether the carpal bone displacement
pattern is sex-dependent (such as with the row/column wrist the-
ory (Craigen and Stanley, 1995; Galley et al., 2007; Sandow et al.,
2014)) or independent (Rainbow et al., 2008). Second, it would test
if carpal bone trajectories for the left and right wrist of the same
individual differ. Knowledge of sex-based and/or wrist laterality-
based differences may allow for more personalized surgical
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reconstruction, confirm the validity of using the opposite wrist for
assessing altered kinematics whether from injury or after repair,
and may be useful for future biomechanical studies of wrist
motion.

We propose a method for creating such a model, using principal
component analysis (PCA), to describe the trajectory of the bones
of the wrist during the performance of a coordinated maneuver,
the radial-ulnar deviation (RUD). The method uses PCA to calculate
basis functions (eigenvectors), i.e. the principal directions of dis-
placement, and encodes model complexity and displacement-
based spatial correlations between the bones in terms of model
coefficients. We employed data from MRI scans of the right and left
wrists of healthy individuals to construct the basis functions. We
then demonstrate the ability of the proposed method for testing
the following hypotheses during the performance of the coordi-
nated maneuver (RUD): (1) there are no differences in the model
coefficients between wrists of men and women; and (2) there are
no differences in the model coefficients between the right and left
wrists of the same individual. Testing these hypotheses will pro-
vide useful information to understand the biomechanical behavior
of the wrist joints during the performance of coordinated maneu-
vers. Finally, we demonstrate that the method is able to create
an ‘individual model’ which can retain information associated with
each individual’s wrist bone displacement during performance of a
maneuver, while also modeling group displacement.

2. Methods
2.1. Wrist MRI protocol

Institutional review board (IRB) approval was obtained for the
study and written informed consent was obtained from all study
participants. Data were acquired on a 3.0 T system (Skyra, Siemens
Healthcare, Erlangen, Germany), using a 32-channel brain radiofre-
quency coil. The study population consisted of 9 men (age:
33.1 £ 5.8 yrs) and 9 women (age: 27.7 + 9.9 yrs), with no history
of injury, pain or pathology in either wrists. Both wrists were
imaged sequentially in three static positions, namely, (i) extreme
radial deviation (RD), (ii) neutral, and (iii) extreme ulnar deviation
(UD) positions. A subset of the volunteers (N =3 men and N=5
women, 16 wrists) had two additional positions: (iv) between RD
and neutral position, and (v) between neutral and UD position,
for validating predicted bone displacement interpolated from
modeling. The volunteers were provided specific instructions and
a demonstration of positions outside the scanner. During image
acquisition, the only constraint on the hand was a standardized flat
plastic surface underneath in order to obtain more natural wrist
positions. The MRI acquisition used a 3D T;-weighted gradient
recalled echo pulse sequence (called volumetric interpolated
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breath-hold examination with water excitation by the scanner
vendor (Foster et al., 2017)) which provided good contrast of the
bones of the wrist, see Fig. 1. The scan in the wrist’s neutral posi-
tion was acquired at a higher spatial resolution (voxel size of
0.47 x 0.47 x 0.5 mm, acquisition time ~6 min per wrist) to enable
improved bone surface segmentation (Foster et al., 2017). All the
other positions were acquired at a lower spatial resolution to
decrease the acquisition time and had a voxel size of
1.0 x 1.0 x 1.0 mm (~2 min per wrist).

Four (N =3 men and N =1 woman) participants returned for a
repeat scan at an average of one month after their first scan for
assessing scan-rescan reliability. They were provided with the
same instructions as their first scan and were scanned for three
positions of their right wrist.

2.2. Data creation for PCA-based basis function determination

In Fig. 2 we summarize the creation of training data to deter-
mine the basis functions from PCA. Specifically, we semi-
automatically segmented the 8 carpal bones, the radius, and the
ulna in each T;-weighted scan position using the WRist Image Seg-
mentation Toolkit (WRIST) (Foster et al., 2017) within 3D Slicer
which provided 30 segmented surfaces per wrist per individual
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Fig. 2. Flowchart for constructing the PCA-based basis functions and creating the
motion model.
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Fig. 1. Representative T;-weighted images of one volunteer in the various static positions. All volunteers (N = 18, 36 wrists) were imaged in the extreme RD, neutral, and
extreme UD positions while a subset (N = 8, 16 wrists) was also imaged in halfway positions, outlined in red above. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)
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(10 bones times 3 positions), see Fig. 3. Standard surface smooth-
ing was performed using morphological operators to overcome
topological inconsistencies (Chaudhari et al., 2014). For simplicity,
the left wrist segmentations were mirrored (to match the overall
orientation of the right wrist) (Schneider et al., 2015).

Next, we needed to remove the inter-subject bone shape differ-
ences from the training data since the bone shape differences
would confound the displacement vectors for training the PCA
model. In other words, all volunteers needed to have the same
bone shapes while maintaining the original bone orientation and
position. We randomly chose one participant’s bone from their
right wrist MRI to be the template bone shapes, and all the volun-
teer bones were replaced with the template bone shapes using a
rigid iterative closest point (ICP) surface registration approach.
Our assumption here was that given the non-spherical shape of
the bones, the ICP-registered template bone matched the center
of mass and the orientation of the principal axis of each person’s
bone relatively accurately. This process allowed us to remove the
inter-subject bone shape differences while accurately maintaining
the correct bone location and orientation for each position of each
individual.

Next, the radius bone of each set of segmented bones was
aligned with the radius bone of the template in the neutral posi-
tion, also using a rigid ICP-based approach. The affine transform
matrix generated during registration of the radius was then
applied to all the bones to bring them into the coordinate system
of the template, with the radius bone as an anchor. We chose the
radius bone as an anchor because global bone displacement during
maneuvers is commonly considered with respect to the radius
(Coburn et al., 2007; Wu et al., 2005). Alternatively, any bone of
the wrist can be chosen as an anchor in our method, as we demon-
strate in our analysis of the scaphoid and lunate displacement,
with the capitate bone as an anchor (see supplementary materials).
Lastly, the radial-to-ulnar deviation angle was calculated for nor-
malizing variations in positioning, see supplementary materials
for details of this measurement.

2.3. Derivation of PCA-based basis functions (eigenfunctions)

Shapes consisting of n points in k dimensions were concate-
nated into a kn-vector (Stegmann and Gomez, 2002). Specifically
for our bone surfaces, k = 3, then

x:[xhn' >yn7zla"~azn]T' (1)
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Similarly, multiple bone shapes were concatenated within this vec-
tor to have a single vector x which represents the 3D position of the
ten bones of the wrist, i.e. N positions of the wrist bones were rep-
resented by x;X;,...,&y. In this study, N was three positions per
volunteer, but additional positions could be easily incorporated into
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Fig. 3. Representative surfaces of the wrist bones used for creating the statistical model in the (A) UD, (B) neutral, and (C) RD positions for a study participant. PCA was
employed to construct basis functions based on bone displacement between the positions.

the model. For our analysis, the bone shapes which comprise this
concatenated x¥ remained the same between all time points (i.e.
wrist positions) while the translation and rotation of the bones var-
ied, see Fig. 3.

The mean position of the surface vertices (all wrist bones) was
computed by a simple averaging over the N positions, i.e.,

5
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where X is the mean position of the bone surfaces, similar to finding
the mean shape in statistical shape analysis (Heimann and Meinzer,
2009).

The covariance matrix based on the N positions is then given by

1 & _ 7
=N _7 i i—X), 3
Nfl,; (X — %) (X — X) 3)

where (x; — X) represents the points of the wrist bones at position i
minus the corresponding points on the mean wrist position. The
covariance matrix represents displacement vectors from the mean
wrist position (X) to each surface point at the position i. Note that
due to concatenation, the covariance matrix also encodes covari-
ance between the X, y, and z coordinates of the points.

The PCA algorithm (Wold et al., 1987) was then applied to pro-
duce an eigen-decomposition on C to find the modes of variation
(i.e. basis functions or eigenvectors ¢;) and their respective vari-
ances (i.e. eigenvalues 4;) (Xia et al., 2013). There are two likely
benefits of this approach; first, there will be the opportunity for
dimensionality reduction (given that bone displacement is
expected to be relatively smooth (Stegmann and Gomez, 2002;
Xia et al.,, 2013)); and second, an approximate new valid bone posi-
tions x, not in the data set within the kinematic constraints of the
training dataset and model (Xia et al., 2013), can be constructed via
a linear combination of the basis functions, i.e.

N-1
x=x+>_ u/lig, (4)
i=1

where o; is the scaling (or weighing) term for the corresponding
eigenvector. The o terms will be referred to as the model coeffi-
cients throughout this paper. The reliability for PCA-based basis
functions derivation with varying number of scans was estimated
via rigorous bootstrap analysis (Fisher et al., 2016) (please see the
supplementary materials).

2.4. Modeling wrist bone displacement at positions not in the training
data

In the N = 8 volunteers (16 wrists) scanned at two intermediate
positions (between the RU and neutral, and UD and neutral), we
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assessed the capability of our basis functions to estimate these
intermediate positions not part of basis function determination,
utilizing Eq. (4). After model fitting, we quantified the accuracy
by calculating the mean and maximum Euclidean distance
between the corresponding points of the estimated model and
those derived directly from the intermediate position being tested.

Further, for each eigenvector, a second-order polynomial model
was fitted to each set of the model coefficients to enable them to
estimate a trajectory of bone displacement through eigenspace.
Renderings were then used to visually verify that realistic motion
could be modeled by interpolating through the model coefficients
in eigenspace.

2.5. Method implementation

We implemented the proposed method as an extension (appli-
cation) in the open-source NIH-supported 3D Slicer tool that will
be available on Github at https://github.com/AJChaudhari/PCA-
Kinematics upon acceptance of this manuscript (more information
in supplementary materials).

2.6. Experiments

2.6.1. Comparison of the model coefficients for the right and left wrists

Using only the MRI scans of the right wrists in their 3 positions,
we determined the basis functions based on PCA. Once the basis
functions were chosen, bones of both right and left wrist in the dif-
ferent orientations were projected onto the basis functions to
obtain the corresponding model coefficients as well as the RUD
angle of each position. We then computed the Pearson correlation
coefficient between the model coefficients of the right versus left
wrist. Lastly, a one-sample Hotelling’s t-square test with pairing
was used to compare the first five model coefficients of the right
versus left wrist of the same individual.

2.6.2. Scan - rescan reliability

From the repeat scans of the N =4 participants, bone surfaces
were extracted. The basis functions computed above and model
coefficients for the first and second scans were compared. This pro-
cedure allowed us to determine the robustness of the method to
changes in the overall volunteer position and to other changes such
as volunteer experience in the scanner.

2.6.3. Comparison of model coefficients between men versus women

The model coefficients were calculated separately for men and
women (N = 9 of each sex), again using the basis functions derived
earlier. Since the radial and ulnar deviation angles varied between
volunteers during data acquisition, the model coefficients for each
volunteer along with the measured angle of RUD were used to fit a
second-order quadratic model between the positions using Eq. (4).
Then, at eight RUD angles (50°, 60°, 70°, 80°, 90°, 100°, 110°, and
120° with respect to the line intersecting the radial styloid process
and the distal radius sigmoid notch) across the range of motion, the
model coefficients for each volunteer were computed. Our ratio-
nale, verified from studies in Section 2.4, was that an accurate esti-
mation of the motion can be determined using the model
coefficients derived from a predictable path through basis function
space, found by interpolating between the model coefficients from
the available positions. This procedure allowed for a comparable
RUD angle between the volunteers, and a more meaningful com-
parison. The median model coefficient for each wrist angle was
used for creating a visualization of the wrist positions for men
and women. Lastly, a MANOVA was used to compare model coeffi-
cients between men and women.

3. Results
3.1. PCA-based basis function determination

Fig. 4 shows a rendering of the first and second principal direc-
tions derived from our data. Please see supplementary Movie 1 for
an animation of the motion estimated via interpolation in eigen-
space. All other model coefficients were set to zero except for the
one indicated. This figure demonstrates that the first basis function
indicated the RUD direction, as expected. The second basis function
appeared to be a combination of wrist scaling, where a smaller
coefficient represented a larger wrist (with larger spacing between
the bones) and vice versa, and of flexion-extension, where a more
positive scaling factor referred to extension while a more negative
coefficient referred to flexion. The third basis function presented
movement in the dorsal-radial to volar-ulnar direction, with mild
RUD, and the fourth basis function had minimal residual motion
in oblique RUD direction. Lastly, the fifth basis function showed
an increased distal radial-ulnar joint distance with a notable
increase in the ulnar rotation and translation about the radius
bone.

3.2. Variance explained by basis functions

The variance explained for each eigenvector was quantified and
plotted in Fig. 5. Overall, we found that the first five eigenvectors
accounted for 93% of the variation with continued decreasing con-
tributions past the first five, when using the N = 18 right wrists.
Bootstrapping analysis (supplementary materials) with as low as
5 right wrist scans showed that five eigenvectors still captured
variation in the range from 91.1% to 94.7%. In the scan-rescan set-
ting, we found an excellent agreement between the model coeffi-
cients with a correlation coefficient of 0.92 & 0.07 for the first
five model coefficients (please see supplementary materials).

3.3. Model coefficients and pose estimation

In Fig. 6, the unique trajectory of the bones of a participant’s
wrist is shown (based on Eq. (4)), sampled at five RUD angles.
Subtle flexion-extension was visualized for some, but not all, par-
ticipants, highlighting the benefits of our approach.

15t Principal
Component

2"d Principal
Component

Fig. 4. Rendering of the first two principal components for the RUD motion. The o
term refers to the model coefficient, and the first and second principal components
were varied separately, i.e. all other model coefficients were set to zero. The first
component was in the expected RUD direction while the second component was a
combination of flexion-extension and bone spacing scaling. The dotted lines are
intended to aid in visually comparing the bone positions between each row.
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Fig. 5. Percent variance explained by each eigenvector (N =18 right wrists). The
total number of eigenvectors was the number of right wrist positions minus 1, i.e.,
(18 x3)—1.

3.4. Model fit to the wrist positions not in the data used to derive the
basis functions

The model was used to predict the 16 intermediate wrist posi-
tions, and the mean Euclidean distance between corresponding
surface points was found to be 0.26 4+ 0.09 mm, while the maxi-
mum distance between the corresponding landmarks was found
to be 1.01 + 0.34 mm. A representative example is visualized in
Fig. 7. This high prediction accuracy suggests that the intermediate
positions of the wrist bones can be estimated reliably by our pro-
posed model.

3.5. Comparison of model coefficients for the right and left wrist

Fig. 8 show a plot of the first model coefficient for the right ver-
sus left wrists for 4 representative study participants. We found
that this model coefficient had a linear relationship with the RUD
angle, as expected. For the first 5 model coefficients, we found a
Pearson correlation coefficient of 0.97 +0.03 between the
trajectories of the right and left wrist bones, after adjusting for
RUD angle, indicating a high level of similarity. The one-sample

L T

Hotelling’s t-square test showed no statistically significant differ-
ence for the right versus left wrist model coefficients (p = 0.15).

3.6. Comparison of model coefficients between men and women

Eq. (4) and the model coefficients for the known wrist positions
were used to generate wrist bone orientations at 8 RUD angles.
Fig. 9 shows box plots for the first five model coefficients in men
versus women. The first model coefficient had a linear relationship
with RUD angle for both men and women, as also demonstrated
earlier in Fig. 8. The second model coefficients had a quadratic rela-
tionship with RUD angle, and appeared to explain a subtle flexion-
extension of the wrist during the RUD maneuver. The higher values
for women for the second model coefficient are likely due to their
smaller wrist sizes compared with men, and their larger range of
flexion-extension. The third, fourth and fifth model coefficients
appear to be mainly fitting a particular wrist and are fairly constant
throughout the positions. The median value for each angle is ren-
dered in 3D in Fig. 10 to visualize sex-specific differences.

When comparing the first 5 model coefficients individually, we
applied corrections to the p-values to control for false discovery
rate with multiple comparisons using the Benjamini and Hochberg
procedure (Benjamini and Hochberg, 1995), which gave a corrected
critical p-value of 0.02. The second, fourth, and fifth model coeffi-
cients had a p-value < 0.02, while the first and third did not. The
first model coefficient, which was sensitive to displacement in
the RUD direction, was not statistically different based on sex.
The second principal direction was sensitive to both overall wrist
bone size and displacement in the flexion-extension direction,
and showed a difference by sex.

4. Discussion

We propose a method employing PCA to derive the basis func-
tions of wrist bone displacement, which may help simplify kine-
matic analysis. In particular, the method is able to statistically
compare the bone displacements of the entire joint between differ-
ent groups of wrists, a large advantage over current methods which
typically compare a single bone at a time. In comparison to existing
methods, the proposed approach is data-driven without prior
assumptions of the bone displacements (Wolfe et al., 2000), takes
advantage of correlations in the bone displacements (Kawanishi
et al., 2017; Rainbow et al., 2013), uses a small number of coeffi-
cients for simplified comparison and description (Foumani et al.,
2009), describes the displacement of the entire wrist (Garcia-Elias

Mg by sy sy A

Fig. 6. Rendering of the individual kinematic model of one of the volunteers. Subtle flexion-extension was observed during the RUD maneuver in some volunteers, such as the
one shown above. The positions rendered are (A) extreme RD, (B) halfway between extreme RD and neutral, (C) neutral, (D) halfway between neutral and extreme UD, and (E)
extreme UD. Top row is a volar view of the wrist, while the bottom row is a top down view. The arrows indicate subtle flexion-extension.
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Original

Model Fit

Overlap

Fig. 7. Example prediction of the bone displacement model to the intermediate positions from one volunteer mid-way between neutral and UD (top row) and mid-way
between neutral and RD (bottom row) positions. “Original” (far left column) refers to surfaces of the intermediate positions, after bone atlas alignment. “Model Prediction”
(middle column) are the bone positions predicted by the model. “Overlap” (right column) refers to the overlay of the “Original” and “Model Prediction” bone surfaces. The

mean Euclidean distance in this case was 0.24 + 0.20 mm.
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Fig. 8. The model coefficients between the right wrist (plotted in red) and the left wrist (plotted in blue) versus the RUD angle for 4 representative volunteers. Lower RUD
angles refer to more radial deviation while higher RUD angles refer to more ulnar deviation. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)

et al., 2014; Neu et al.,, 2001; Werner et al., 2011), and has an
extendable framework (Moojen et al., 2003).

The data-driven approach led to a robust model without the
need to specify any prior information on the basis functions, and
we demonstrated that complex bone displacement during wrist
RUD can be comprehensively summarized, capturing over 91%

variation, using only 5 basis functions/coefficients. These basis
functions provide information on correlated adjacent bone motion
in order of relative importance and may lead to insights for creat-
ing new unified theories of wrist motion. The basis functions will
likely also be useful in classifying wrist phenotypes by analyzing
which basis functions have larger weighing factors, i.e. the PCA
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Fig. 10. The fitted models for men and women were sampled at five RUD angles and rendered above. The angles chosen were approximately the same as the five static
positions a subset of the volunteers did during scanning. The main difference appears to be overall wrist scaling with men having larger wrists then women.

model coefficients, for each individual wrist. The ability of the basis
functions to summarize wrist displacement comprehensively will
help improve our understanding of the physiologically normal dis-
placement of wrist tissues and for defining basis functions specifi-
cally for diagnosing, staging, quantifying, and longitudinally track
wrist motion dysfunction. Several prospective applications of such
knowledge could be considered, such as characterizing dynamic

wrist instability (wrist bone malalignment during motion)
(Garcia-Elias et al., 2014; Kuo and Wolfe, 2008; Lee et al., 2011),
differences in symptomatic and asymptomatic participants with
anatomical differences or variations, such as hyperlaxity or type
2 lunates (Abe et al., 2017; Borgese et al., 2017), and the outcomes
of orthopaedic fusion, repair or reconstructive procedures (Walsh
et al., 2002).
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We demonstrated the utility of the approach for statistical com-
parison based on laterality (left versus right) and sex. We reject our
first hypothesis that the model coefficients do not differ between
the wrists of men and women, and we were able to identify both
bone location-based and scaling differences via the proposed
scheme. While previous studies have found overall scaling differ-
ences between bones of men and women (Chaudhari et al., 2014;
Joshi et al., 2016; Neu et al., 2001; Schneider et al., 2015), after sep-
arating the groups, we found a descriptor sensitive to flexion-
extension. This could be a by-product of the higher laxity pre-
sented by women compared to men (Garcia-Elias et al., 1995).
Additionally, we confirmed our second hypothesis that the model
coefficients did not differ for the right and left wrists of the same
individual. Although we employed PCA-based eigen decomposition
for extracting basis functions, it would also be possible in our
framework to specify a different set of basis functions to study
maneuvers. Our technique therefore could be easily extended to
studies of other wrist maneuvers, a different subset of wrist bones,
and to model bone displacement for other joints. Additionally, one
of the basis functions could be specified to represent wrist scaling
to reduce or remove any scaling component from the other basis
functions.

The inter- and intra-subject variability in bone displacement
makes creating robust models a difficult task. The proposed
method is able to incorporate anatomical differences into the
model by finding the most descriptive basis functions in a data-
driven approach. The method was able to incorporate variations
in overall wrist size (in the second basis function) and variations
in bone displacement between the volunteers. There remains no
consensus regarding normal carpal bone displacement during
motion, and several theories have been proposed, such as the col-
umn (Taleisnik, 1976), row (Von Bonin, 1929), intercalated seg-
ment (Weber, 1984), and oval ring (Lichtman et al., 1981)
concepts. Considering the complex and differential out-of-plane
motions of the carpal bones, simplified models for wrist bone
motion have been inaccurate (Crisco et al., 1999; Moojen et al.,
2003; Werner et al., 1997; Wolfe et al., 2000). Cadaver studies have
been conducted, however, only limited knowledge regarding wrist
kinematics has be gleaned, as larger out-of-plane motions are
found to occur in vivo than in vitro (Moojen et al., 2003). The statis-
tical approach proposed has the benefit of being driven by data col-
lected from the assessed cohort, and would enhance our
understanding of bone displacement patterns on an ensemble
level.

Considerable progress has been made in the acquisition of
in vivo images during wrist motion. Published methods have used
2D static radiographs (Craigen and Stanley, 1995; Ferris et al.,
2000), 3D static computed tomography (CT) (Crisco et al., 1999;
Halilaj et al., 2014; Wolfe et al., 2000), and 3D static MRI (Fischer
et al., 2011; Goto et al., 2005; Pillai et al., 2007). However, more
recently, 4D (3D + time) imaging has become available via dynamic
CT (Foumani et al., 2009; Garcia-Elias et al., 2014; Jais and Tay,
2017) and dynamic MRI (Boutin et al., 2013; Shaw et al., 2017).
Our proposed method can employ these novel scanning
approaches, to further refine the basis functions and to add to
our current knowledge of wrist kinematics. A second-order polyno-
mial model was chosen in order to allow for non-linear bone dis-
placement interpolation for this initial bone trajectory
estimation. It may become possible in the future to use such
dynamic wrist imaging (such as CT or MRI) to further explore
and refine this choice.

Our proposed technique may have potential applications in
orthopaedic treatment selection and planning. Patients with
pathological conditions such as carpal instabilities (i.e. scapholu-
nate, lunotriquetral, and midcarpal instabilities) can be studied
to see how their carpus kinematics differ from healthy normal

bone trajectories before and after a reconstructive procedure
(Shores et al., 2013). Lastly, the ability of this technique to focus
on a specific subset of bones as a group (please see supplementary
materials), or the displacement of a specific bone with respect to
another bone, is a potentially important advantage as this may
allow for tailoring reconstructive procedures. The modeling of a
subset of bones could be interesting in assessing surgical proce-
dures, such as fusion (Wolfe et al., 2000).

In our data-driven approach, while model coefficients (e.g., the
2nd) appeared to capture overall wrist scaling, we did not explic-
itly separate contributions of scaling of bone size versus bone dis-
placement. In future work, we plan to compute independent
models for each sex and further understand the contributions of
bone scaling and displacement. To facilitate this, one of the basis
functions could be specified to represent wrist scaling alone and
potentially reduce scaling contributions from other basis functions.
Although our focus in this study was to identify basis functions of
the wrist to represent unassisted RUD maneuver, the method can
be expanded to analyze the wrist under stress and during different
maneuvers (e.g. RUD, flexion-extension, dart thrower, circumduc-
tion, etc.) using a similar methodology. These analyses would lead
to a more comprehensive description of any wrist maneuver and
abnormality.

The volunteers in our study were instructed to move their
wrists to the neutral position and extreme positions in an unas-
sisted manner. The wrist was unconstrained, except for the flat
surface underneath it, with the aim of having more natural wrist
positions. As a result, a variety of natural wrist angles for the static
positions were obtained. We normalized for this by measuring the
RUD angle of the wrist, and only after that, a clear and predictable
path through eigenspace was more apparent. Another limitation
was that we employed wrist segmentations from a single partici-
pant as a template, but utilizing probabilistic templates in future
work may increase modeling accuracy.

5. Conclusions

We demonstrated the effectiveness of a PCA-based modeling
scheme for statistical assessment of the trajectories of the bones
of the wrist during the performance of a common wrist maneuver
in each sex. We determined basis functions using bones displace-
ment, showed their utility in comparing the right and left wrist
bone displacement during maneuvers, presented application of
modeling to an individual’s wrist, and created a model of a subset
of the wrist bones. Using our approach, the many degrees of free-
dom from the displacement of the ten bones of the wrist can be
represented by just 5 basis functions that explain over 91% of vari-
ation across individuals. Additionally, these basis functions were
able to predict intermediate bone position with high accuracy.
Our proposed approach may aid in unifying theories of wrist kine-
matics and identify abnormal wrist pathologies with a higher
sensitivity.
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