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both hardware and software: the design criteria for the
ideal pressure sensor system have been defined [4]. Sen-
sors have become more reliable and calibration proce-
dures have become more robust. More intuitive software
programs both increase the usability for the nonexpert
operator and allow real-time feedback on changing con-
ditions at the seating support interface. However, no sin-
gle device meets all the design criteria nor has one been
identified as the gold standard for interface pressure mea-
surement. Furthermore, techniques for the quantitative
analysis of pressure mapping data have not kept pace
with product development. Advanced analytical methods
have been reported for specific applications in research
studies. For example, Brienza et al. used a data reduction
and analysis technique based on singular value decompo-
sition (SVD) to compare interface pressure maps and
shape contour maps for seated subjects [5]. In this case,
the goal was to establish overall similarities between differ-
ent pressure measurements (via SVD). Aissaoui et al.
described a deformable active contour-segmentation
method that analyzed the pressure distribution at the
user-defined ischial region of the body-seat interface in
nondisabled subjects and subjects with paraplegia [6].
The goal of their study was to estimate the regional sur-
face and supported load of seated nondisabled individu-
als and individuals with spinal cord injury (SCI). In order
to enhance understanding of the body structural factors
that contribute to peak pressure, Hastings et al. developed
a registration technique to align X-ray computed tomog-
raphy (CT) data with pressure sensor data [7]. Our goal
was to employ an automatic approach with no observer-
selected region of interest. We further wished to conduct
clinical assessments when simultaneous differences
between seating cushions (i.e., for the entire spatial seat-
ing region) were the primary outcome of interest. This
approach is analogous to an experienced radiologist evalu-
ating a patient using multiple images simultaneously.
Thus, our approach seeks to determine the significance of
differences in all pixel locations simultaneously (i.e.,
pixel by pixel for all pixels simultaneously and subject by
subject).

Our goal cannot be achieved by only a snapshot or by
a small number of numerical values (e.g., mean and maxi-
mum). As stated in Stinson et al., “Anecdotal evidence
suggests that health care professionals tend to use the
pressure maps more than the numerical values” [8]. The
authors reported good agreement between maximum pres-
sure values and evaluations based on subjective ranking of

pressure maps from “best” to “poorest,” particularly when
the seating surfaces being compared were dissimilar, e.g.,
hard seating surface and foam/gel cushion. However,
average pressures and subjective rankings of similar seat-
ing surfaces did not show good agreement. Single-frame
pressure maps were used for comparison and evaluation,
thus no measure of change over time was considered. This
type of approach can be considered analogous to deter-
mining inner-city traffic patterns from a single 30,000 ft
aerial image; an overall impression at one moment may be
obtained but significant dynamic data are lost and no lon-
gitudinal information regarding change over time is feasi-
ble. Another example can be found in the typical pressure
maps depicted in Figure 1; comparison of the mean inter-
face pressure values would imply that Figure 1(b) is a
“better” pressure distribution because the mean pressure
is lower. Visual comparison shows clearly that Figure
1(a) is more homogeneous, i.e., regional interface pres-
sures are more evenly distributed. Including the maximum
pressure gives some further information, but even so,
regions of critically changing pressure distribution still
cannot be specified with the information from the maxi-
mum and mean values of an image alone.

A different analytical methodology for quantitative
assessment of change over time or under different condi-
tions for the full pressure map is needed for enhanced
clinical evaluation of interface pressure distribution. In
the clinical setting, the different conditions can include
repeated short-term assessments such as assessing a cli-
ent for three different seating cushions or evaluating the
same seating system in different configurations, e.g., tilt-
in-space or with footrest adjustment. Clients are also
often seen on more than one occasion over a period of
months or years, and the ability to register maps/images
to make valid comparisons between pressure maps
obtained over long intervals is important. In either situ-
ation, clinical interpretation is most efficient if pressure
maps can be analyzed in a real-time or near real-time
manner. As defined further in the “Description of LASR
Algorithm” section, p. 526, pressure mapping produces
large volume data sets. As a result, the ability to provide
real-time analysis has been limited because of the
extended processing times required.

This article presents an analytical technique, longitu-
dinal analysis and self-registration (LASR), that deter-
mines statistically valid changes between baseline and
posttreatment pressure maps obtained over both the
short- and long-term. The LASR algorithm employs data
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Figure 1.

Typical interface pressure maps: (a) homogenous pressure distribution, mean overall pressure 39 mmHg, and (b) heterogeneous pressure
distribution concentrated in ischial region, mean overall pressure 31 mmHg. Colorbar indicates calibrated pressure in mmHg. Images oriented

with back of seating surface to right (Y) and left thigh to base (X).

mining techniques to allow rapid maximum information
recovery from the large volume of data obtained for each
subject assessed. The analysis of the pressure mapping
data shows that NMES is effective in changing seating
interface pressures in a manner that may indicate
improved tissue health. This finding has motivated our
future design of an improved clinical protocol for collecting
image data and developing an optimal patient-oriented
NMES treatment plan. The LASR tool is available from
our Web site <http://stat.case.edu/lasr/>. Further statisti-
cal justification and proofs are available in Wang et al.
[9]. The current article uses terminology that is suitable
for the clinical and biomedical communities. The clinical
application and three-dimensional (3-D) processing of
images are emphasized. The robustness of our segmenta-
tion method against misspecification of the signal distri-
bution is justified here for the first time.

A major issue in both research and clinical applica-
tions of interface pressure measurement is that not only
has no gold standard sensor system been identified but
also no gold standard methodological approach to ana-
lyzing this type of data currently exists [10]. We hope

that our approach changes this situation somewhat and
sets a benchmark for future comparisons.

METHODS

Clinical Problem

The pressure mapping data we used to develop the
statistical algorithm were obtained from assessment of
individuals with SCI who were enrolled in a study to
determine the effects of NMES on tissue health. Several
variables, including interface pressure measurements,
were monitored to determine both long- and short-term
effects of using gluteal NMES [11-12]. Since our goal
here was to present a new approach to pressure mapping,
other outcomes measures were outside the focus of this
article. The long-term effects of chronic use of gluteal
NMES were determined by assessments of static seating
pressure distribution, repeated at intervals of several
months. Over this time frame, hypertrophic muscle
changes produced by gluteal NMES ideally lead to
reduced pressure in the ischial region, producing a
smoother pressure contour if a section is taken across the
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region. Short-term changes also occurred in response to
alternating left (L)/right (R) stimulation that produced
weight-shifting from L to R while subjects were seated in
the wheelchair. These effects were determined with real-
time assessment of dynamically changing pressure distri-
butions. In this case, increased strength of muscle con-
tractions due to long-term use of NMES ideally leads to
increased amplitude of cyclical pressure variations.

Repeated assessments were obtained for 10 individu-
als with SCI; 2 subjects served as controls and received
no NMES between assessments. One of the two control
subjects subsequently received a stimulation system that
provided regular NMES of the paralyzed gluteal muscles
for improvement of tissue health [3]. The nine test sub-
jects received stimulation systems that provided regular
NMES of the paralyzed gluteal muscles either for exer-
cise or standing. Thus we had a total of 11 cases to con-
sider for analysis: 2 control cases and 9 treatment cases
from 10 subjects.

Interface pressure distribution was recorded with a
40 x 38 cell sensor mat (Advanced Clinical Seating Sys-
tem, Tekscan, Inc; Boston, Massachusetts). Each cell in
the sensor mat represents an individual pressure mea-
surement. We collected the data by scanning the subject/
support interface at 2 frames/s for a 200 s period while
the subject sat quietly to give a 400-frame data set (called
a static data movie).

We then assessed the effects of NMES by applying
dynamic weight shifting stimulation to the L and R glu-
teal muscles; more specifically stimulation was applied
in an alternating pattern to each muscle, with one muscle
(L) being stimulated for 15 s while the other (R) was off
stimulation for the same 15 s. The stimulation activity
was then reversed (L off/R on), leading to a 50 percent
active duty cycle for each muscle, with the L/R muscle
contractions out of phase. Interface pressures were evalu-
ated concurrently at the same scan rate (called a dynamic
data movie). NMES was then discontinued and a final
static data movie was obtained while the subject sat qui-
etly in the wheelchair. This protocol was carried out at
baseline and repeated at all follow-up assessments.

Description of LASR Algorithm

Our study included a large amount of image data for
relatively few subjects. More specifically, 10 subjects
were seen for 3 to 6 assessments each, and 1 subject had
only two assessments. At each assessment, typically
three movies (N,, = 3 data sets) were obtained. Each

movie contained a sequence of 400 frames (Ns = 400
images), and each frame contained an array of 40 x 38
pixels (N, = 40 x 38 data points). Therefore, each subject
had (3 ~ 6) x Ny, x N¢ x N, = 4,320,000 ~ 8,640,000
measurements, which is a huge number compared with
the small number of subjects (n = 10 or 11). This type of
“large-p-small-n” data also occurs frequently in other
clinical research studies, such as functional magnetic reso-
nance imaging (fMRI) studies and microarray data analy-
ses. Although reporting results of a single or only a few
subjects is not uncommon in biomedical engineering
literature [13-14], such data pose a challenge to proper
statistical analysis. The multiple comparison nature of
many pixels is addressed by our LASR algorithm.

Further complexity was added to the analytical proc-
ess because even though the subjects were seated care-
fully at each assessment, ensuring a true reproduction of
a previous seating posture on each visit is often not feasi-
ble in a clinical setting. Thus, performing an adequate
spatial registration is often necessary to align pressure
maps obtained at different times. In assessing the effects
of dynamic stimulation over time, we must also ensure
that comparison is made between pressure maps obtained
at the same phase of stimulation, e.g., when L gluteal
NMES is on. Hence, a temporal registration is also
needed to ensure two dynamic pressure movies are syn-
chronous in their comparisons. The LASR algorithm uses
a multistage procedure to sequentially address the numer-
ous challenges from the registration to multiple compari-
sons, “large-p-small-n” data, and other data analysis
issues (Figure 2).

Most existing registration schemes were developed
for applications to radiological images, such as CT, mag-
netic resonance imaging, and nuclear medicine images
[15-17]. Normally, a registration procedure involves two
images; one is used as the reference and the other is the
floating image. Typically, either a similarity measure,
such as correlation coefficient or mutual information
between the reference and floating images, is used for the
registration process or landmarks are identified to aid in
the alignment of two images [15-19]. In our study, using
either correlation or mutual information to spatially align
images was not appropriate because what we need to
detect are the differences at the same locations (although
the correlation measure can be modified for temporal
alignment as shown here). Also, our images represent
pressure rather than anatomical structures as seen in
radiological images, and hence the landmarks will have
to be different from those for anatomical images. Indeed,
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Figure 2.
Longitudinal analysis and self-registration (LASR) algorithm procedural
flow chart.

the suitable landmarks for symmetrical objects such as
ours are a midline (Figure 3) and an endpoint, estimated
with a program based on a statistical regression analysis.

Using landmarks and registering movies frame by
frame (or image by image) with a “reference” image can
be done in principle but would be a daunting and highly
time-consuming task in practice, thus automatic methods
are important. LASR is a “self-registration” algorithm in
which each image is automatically centered using its own
landmarks, i.e., no reference image is needed. This self-
registration is in the same spirit as data normalization in
A statistics. To the best of our knowledge, no report
exists on a self-registration algorithm like ours for image
registration.

In order to identify regions with significant baseline/
posttreatment differences in the NMES data, we per-
formed pixel-by-pixel “t-type” tests (which are different
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Figure 3.

Effects of segmentation on boundary properties: (a) before and (b) after
segmentation. Image (b) shows location of midline, defined as midline
between legs, and endpoint, defined as intersection of midline and
posterior margin of region of interest. Images are oriented with back
of seating surface to base and left thigh to left.

from the standard t-test that is based on the average of an
independently and identically distributed [i.i.d.] sample)
after performing bivariate local smoothing over the data.
Bivariate smoothing is necessary because no replicate or
i.i.d. samples are present at each pixel. This type of tech-
nique is standard in statistics and allows us to “borrow”
the information from the neighborhood to mimic an i.i.d.
sample. Now, the resulting t-type statistics at nearby pix-
els can be correlated. At each pixel (or data point), the
null hypothesis is that no pressure difference is present
between baseline and treatment. The pixels for which the
test statistics exceed some threshold are classified as
active or significant.

Our LASR algorithm is depicted in Figure 2 and
described in detail in the Appendix (available online
only at http://www.rehab.research.va.gov/), in which the
robustness of the expectation maximization segmentation
method is presented for the first time.

LASR Summary

The LASR output map gives a graphical representation
of significant p-values and hence statistically significant
pressure changes across the entire mapped region. The map
helps us decide if gluteal NMES is effective by simulta-
neously comparing differences at many locations, with
each pixel displaying an analogy of the simple p-value
corrected for a false-discovery rate (FDR) threshold of no
more than 0.05. The algorithm is applied frame-by-frame




















