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Abstract: How do we quantify cellular alignment? Cellular

alignment is an important technique used to study and pro-

mote tissue regeneration in vitro and in vivo. Indeed, regen-

erative outcomes are often strongly correlated with the

efficacy of alignment, making quantitative, automated

assessment an important goal for the field of tissue engi-

neering. There currently exist various classes of algorithms,

which effectively address the problem of quantifying indi-

vidual cellular alignments using Fourier methods, kernel

methods, and elliptical approximation; however, these algo-

rithms often yield population distributions and are limited

by their inability to yield a scalar metric quantifying the effi-

cacy of alignment. The current work builds on these classes

of algorithms by adapting the signal processing methods

previously used by our group to study the alignment of

cellular processes. We use an automated, ellipse-fitting

algorithm to approximate cell body alignment with respect

to a silk biomaterial scaffold, followed by the application of

the normalized cumulative periodogram criterion to produce

a scalar value quantifying alignment. The proposed work

offers a generalized method for assessing cellular alignment

in complex, two-dimensional environments. This method

may also offer a novel alternative for assessing the

alignment of cell types with polarity, such as fibroblasts,

endothelial cells, and mesenchymal stem cells, as well as

nuclei. VC 2013 Wiley Periodicals, Inc. J Biomed Mater Res Part A:

102A: 420–428, 2014.
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INTRODUCTION

Numerous tissues have preferential, highly organized cellu-
lar alignment along two- or three-dimensional axes. This
includes the collagen lamella of the annulus fibrosus within
the vertebral column, stromal fibroblasts within the cornea,
osteocytes of lamellar bone, cardiomyocytes of cardiac tis-
sue, and neurons within the central and peripheral nervous
system, among many others. To help in the injury repair
process, tissue engineers have sought to mimic native tissue
architectures with biomaterial solutions to encourage pref-
erential cellular alignment. These techniques include chemi-
cal and electrical gradients and physical patterning.1–5

Scaffold anisotropy is a particularly popular technique in
regenerative medicine to guide cell and tissue regrowth due
to its simplicity and efficacy.

Different biomaterial processing techniques have yielded
patterning ranging from the nano- to the micrometer scale in
pattern widths. Recent research has focused principally on
developing and assessing the efficacy of cellular alignment on
these scaffolds,4,6–9 though some groups are beginning to
investigate the effects of various substrate modifications on
cell viability10 and differentiation.11 Silk is an FDA-approved
biomaterial from the Bombyx mori silkworm, which was

selected for patterning studies due to its biocompatibility,
mechanical properties, favorable cellular interactions, simple
patterning options, and the ability to be chemically modified
with adhesive peptides such as RGD (arginine–glycine–aspar-
tic acid).12–14 Additionally, silk has been proven effective in
promoting the alignment of many different cell types, such as
human corneal fibroblasts,15,16 chondrogenic-differentiated
human mesenchymal stem cells,17 and human primary fibro-
blasts and chondrocytes.18 Thus, silk films are an excellent
biomaterial platform for evaluating cellular alignment.

The quantification of cellular alignment is often per-
formed manually using microscope images. Many approaches
to quantifying cellular alignment within this realm have been
successful, and powerful statistical techniques have been
developed to analyze data generated from nerve alignment
experiments.19 However, while this image processing tech-
nique is fairly accurate, it suffers from certain limitations: the
current manual methods are susceptible to inter-operator
angle measurement variability, it is time-consuming, and the
method becomes highly inefficient when the data set ranges
from hundreds to thousands of images.8 Therefore, an auto-
mated, objective, and repeatable image processing technique
is needed to address these issues. There are many effective
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algorithms that accomplish this end, such as Fourier-based
methods, kernel methods, least-squares methods, binariza-
tion-based extraction of alignment, and elliptical approxima-
tion of cellular and subcellular structures.

The two most recent advances in automated quantifica-
tion of cellular alignment come from a binarization-based
extraction of alignment score8 and elliptical approxima-
tion.20–22 The former technique is generalizable to most cell
types and yields a cellular orientation distribution. Elliptical
approximation is a particularly promising method for ana-
lyzing nuclear orientation and cells with polarity, given their
ellipse-like structure. Previous groups have reported the
successful use of ellipse-fitting algorithms to approximate
nuclear and cellular alignment, as well as neurite out-
growth.20–22 Both of these algorithms are effective in moni-
toring cellular alignment, though the former is best suited
for dense and complex cellular shapes, while the latter is
optimized for elliptical structures.

The current work uses a simple image filtering process
in tandem with an ellipse-fitting algorithm (for cellular
alignment) and a scaffold orientation scheme. We used the
differentiated PC-12 cell line as a model for a polar, pseudo-
elliptical cell type.23 We wanted to find the five parame-
ters—the centroid (x and y coordinates), major and minor
axis lengths, and major axis orientation (relative to the hori-
zon)—of the ellipse that best fits a thresholded image of the
differentiated PC-12 cells used in this study. Because this
model results in a nonlinear least-squares problem, the
Gauss–Newton algorithm was used to solve for these five
parameters. For each fitted ellipse, the deviation of the
major axis of orientation from the alignment of the pat-
terned film was determined. Then it remained to quantita-
tively assess cellular alignment. To accomplish this end, we
report the development of a scheme, which can successfully
identify and assess the efficacy of the biomaterial scaffolds
with respect to cellular orientation.

In previous work, our group has shown through the
study of neurite (cellular process) outgrowth that cellular
alignment can be quantified through studying the statisti-
cal distributions of populations of neurons.24 Thus, a goal
of this system was being able to quantify generalized
cellular alignment in terms of cell body orientation. To ac-
complish this end, we wanted to determine when a popu-
lation of cells diverges from ‘aligned’ to ‘unaligned.’ This
was determined to be the point at which population align-
ment diverged from the uniform random distribution. This
property of cellular alignment distributions then allowed
us to adapt the normalized cumulative periodogram (NCP)
criterion, which quantifies when a signal diverges from
uniformity.25 The output of this criterion is a scalar value,
which allowed us to interpolate to the angle or point at
which a population of cells can no longer be considered
‘aligned.’

METHODS

Preparation of silk fibroin solution
Using a previously established protocol, an 8% (w/v) aque-
ous silk fibroin solution was prepared from the cocoons of

the B. mori silkworm.26,27 Briefly, cocoons were boiled for
30 min before being extracted using a 0.02M Na2CO3 solu-
tion and washed in distilled water. A 9.3M LiBr solution was
then used to dissolve the silk, which was then dialyzed
against 1 L of Milli-Q water. The silk was then centrifuged
at 8700 RPM for 20 min to eliminate impurities.

Preparation of porous silk films
Flat and micropatterned porous silk fibroin films were pre-
pared according to our previously established protocol.15,27

Briefly, 1% silk solutions with 0.035% (w/w) polyethylene
oxide (PEO, MW 5 90,000; Sigma-Aldrich, St. Louis, MO)
were cast onto 25 mm square polydimethylsiloxane (PDMS)
molds obtained from flat and diffraction gratings (500 nm
depth, 300 grates/mm, 17� pitch; Edmund Optics, Barring-
ton, NJ) and allowed to dry overnight. The dried films were
then water annealed for 7 h to induce a transition from the
amorphous aqueous phase to the anti-parallel b-sheet or
crystalline structure for stability in cell culture,28 before
being placed into a water bath for 3 days to extract the
PEO. All films were then coupled with RGD following our
previously established protocol for increased cellular adhe-
sion.14 Prior to cell plating, the films were sterilized with
alternating two 30-min ethanol and phosphate-buffered
saline (PBS) washes, followed by 30 min of UV irradiation.

Cell culture
An adhesive variant of the rat pheochromocytoma PC-12
cell line was obtained (ATCC, Manassas, VA). The PC-12 cells
were cultured in F-12K medium (ATCC), supplemented with
1% penicillin–streptomycin (Invitrogen, Carlsbad, CA), 2.5%
fetal bovine serum (Invitrogen), and 15% horse serum
(Invitrogen). Cells were cultured at 37�C and 5% CO2/95%
air. Medium was replenished every 3 days, and cells were
passaged at 70–80% confluence using trypsin (0.25% with
ethylenediaminetetraacetic acid–EDTA 4Na; Invitrogen). To
achieve polarized cellular morphologies, the PC-12 cells
were differentiated in complete growth medium supple-
mented with 50 ng/mL nerve growth factor (NGF 2.5S;
Invitrogen).23

Immunohistochemistry
Fluorescence and transmission images of the PC-12 cells and
silk films, respectively, were obtained using confocal micros-
copy (DM IRE2, Leica Microsystems, Buffalo Grove, IL). Prior
to imaging, the cells were fixed for 20 min in 10% formalin,
followed by permeabilizing for 30 min at room temperature
using a 0.5% Triton X-100 solution. The cells were stained
for actin using Alexa Fluor 488 phalloidin (Invitrogen) and
counterstained for the nucleus with Hoechst 33342 (Sigma-
Aldrich), according to the manufacturers’ protocols.

Image thresholding
A typical, maturing (plated for �8 days) differentiated PC-
12 cell body resembles that of a narrow ellipse. Examples of
typical cells on micropatterned silk films are shown in Fig-
ure 1(a). The images are close to being piecewise continu-
ous: the pixel values inside the cells are close to a single

ORIGINAL ARTICLE

JOURNAL OF BIOMEDICAL MATERIALS RESEARCH A | FEB 2014 VOL 102A, ISSUE 2 421



constant value, while pixel values outside of the cells belong
to the silk biomaterial scaffold, with a well-defined gap
between the two average values. In order to find a best-fit
ellipse to the cell body, each cell image was first converted
into a piecewise constant image. A value of 1 was assigned
to points estimated by the thresholding to be inside the cell,
and a value of 0 was assigned to points outside of the cell
[Fig. 1(b), left panels].

Quantification of cellular alignment
Cellular orientation relative to the horizon was measured
using the following algorithm: the n 3 n pixel space was
mapped to [0,1] 3 [0,1] with spacing 1/(n 2 1). The opti-
mization problem to be solved is minpjjh(p) 2 djj, where p
5 [r1; r2; xc; yc; u], with r1 being the length of major axis,
r2 the length of minor axis, xc the x-coordinate of the cent-
roid, yc the y-coordinate of the centroid, and u being the
counterclockwise angle of the major axis relative to the x-
axis. The vector d is the vector form of the piecewise con-
stant image described above. Since the image is n 3 n, d is
length n2. The functional notation h(p) is used to represent
a piecewise constant output image of an ellipse that results

from the parameter values given in p. The notation jjvjj
means the Euclidean norm (length) of a vector v.

Since this is a nonlinear least-squares problem, we used
the Gauss–Newton method to compute the solution to this
optimization problem, which has been described in detail
elsewhere.29 Briefly, let pk denote the value of the parame-
ters at iteration k, and let rk 5 h(pk) 2 d. Then, iterate
through the following steps:

1. Compute h(pk), rk, and Jk (the Jacobian at iteration k).
2. Solve (Jk

TJk)sk 5 2Jk
Trk for sk.

3. Set pk11 5 pk 1 sk, then
4. Stop if jjpk11 2 pkjj/jjpkjj < tol1, or jjh(pk11) 2 djj <

tol2.

The Jacobian Jk is an n2 3 5 matrix of partial derivative
estimates computed using first-order finite differences. Spe-
cifically, the (i,j)th entry of Jk is computed as (h(pk) 2 h(pk
1 ej))/(2 * dj), where dj is the spacing for the jth parameter,
and ej is a vector of length 5 with all zeros except a dj in
the jth position. Spacing parameters were chosen as dj, j 5

1,. . ., 4 5 0.0001 and d5 5 p/16. The initial parameter vec-
tor was p0 5 [0.5; 0.4; 0.5; 0.5; 0].

FIGURE 1. Imaging of PC-12 cells on silk films. Fluorescent micrographs of representative PC-12 cells (a) on micropatterned silk films (a, inset)

used for cellular orientation analysis. Thresholded and discretized images (b, left panels), and the ellipse-fitting result after application of the

Gauss–Newton algorithm (b, right panels). Cells stained for nucleus (blue) and actin (green). Scale bar, 50 lm. [Color figure can be viewed in

the online issue, which is available at wileyonlinelibrary.com.]
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Quantification of scaffold alignment
Transmission images for each cell were used to determine
the angle of the scaffold relative to the x-axis. Images were
first passed through a six-class k-means algorithm.30 The
pixels in the valleys were assigned to the class with the low-
est pixel value. This class was then used to obtain a binary
image revealing only the micropattern valleys (postclassifi-
cation), which are a series of parallel lines (Fig. 2, step 1).

The next goal was to then isolate one of these lines, so
that its angle (with respect to the x-axis) could be com-
puted. To accomplish this aim, the binary line image was
overlaid onto the image form of the identity matrix—a sin-
gle line running from the upper left to lower right corner of
the image, and the pixel intersection between these two
images was found (Fig. 2, step 2). The image of the pixel
intersection(s) should consist of a roughly periodic, binary

FIGURE 2. Automated scaffold image processing scheme. The original transmission image (top left) is converted into a binary, sorted image (1),

analyzed for groove spacing (2), translated into a �1 pixel-wide line (3), and fit with a linear least-squares regression to yield an angle output rel-

ative to the x-axis (4). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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sequence running from the upper left to lower right of the
image, as the binary line image approximates a series of
parallel lines. The difference between the neighboring pixels
on this line was computed, and a search was performed for
the first pixel with sufficient spacing between itself and its
next neighbors to yield a linear pixel set. This yielded a sub-
image in which a single line could be isolated. This single
line was then subjected to a least-squares best fit, yielding
an angle between the best-fit line and the x-axis. This pro-
cess was performed on a series of lines and averaged to
increase algorithm robustness. To obtain cellular alignment,
the difference between the angle obtained for cell body
alignment and scaffold alignment was computed.

Heuristic alignment criterion
As previously described,24 the mean–median divergence
allows for the heuristic identification of the ‘angle of align-
ment.’ Briefly, under the uniform distribution, the mean (m)
and median (med) are equivalent (on the interval [a,b], m 5

med 5 (a 1 b)/2). Thus, when the mean and median are no
longer equivalent, the distribution is no longer uniform. The
mean is more sensitive to outliers; so once these outliers are
introduced into the data set, the mean abruptly diverges
from the median data set [Fig. 4(a)]. This divergence point is
indicative of the angle beyond which the cells can no longer
be considered uniform, and thus they are ‘unaligned.’

NCP criterion
The development of the NCP criterion25 and its application to
cellular alignment distributions24 has been discussed in detail
elsewhere. Briefly, cellular alignment data were obtained using
the algorithm described in ‘Quantification of cellular align-
ment’ and ‘Quantification of scaffold alignment’ sections. This
yielded an n-length vector containing the angles of cellular
alignment [see Fig. 3(a,b), left panels for histograms], which
were then sorted in increasing order [Fig. 3(a,b), right panels].
This new vector was then transformed into a local difference
measure vector, referred to as Diff (short for difference).

FIGURE 3. PC-12 cells align on micropatterned silk films. Cellular alignment results for micropatterned films (a) and control (b). Data are organ-

ized into seven-bin histograms (left panels) and sorted alignment indices (right panels). [Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]
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Diff(k) is the difference between the (k 1 1)st angle and the
kth angle in the angle vector. Thus, Diff is a vector of length n
2 1. The NCP criterion was then applied to Diff every five
cells, the output of which is a series of Boolean values, which
determine when Diff strays from the uniform random
distribution. This produced the cell index beyond which the
population could no longer be considered aligned. This cell
index was then interpolated to its angle of alignment, and that
was considered to be the population’s ‘angle of alignment.’

Statistics and data analysis
Data are represented as mean 6 standard deviation. The
Kolmogorov–Smirnov test is used for the NCP criterion
(p 5 0.05) to determine the boundaries of divergence from
the uniform random distribution. All computational and
algorithm work was performed in MATLAB (Mathworks).

RESULTS

Control studies with test data set
A test set of ellipses of various shapes and angle orienta-
tions were generated using a simple, randomizing algorithm

to test the convergence properties of the Gauss–Newton
algorithm. To assess the alignment algorithm accuracy, a
string of 100 images was run through the scheme, and the
resultant ellipse orientation data were compared to the
actual image input. In this case, vmeasured is the vector of
angle outputs from the algorithm, and vactual is the vector of
angle inputs from the ellipse-generating algorithm. The algo-
rithm error (jvmeasured 2 vactualj/n) was found to be 0.8973;
thus, the algorithm is accurate to approximately 61� for the
test data set.

Algorithm accuracy and robustness
To assess the accuracy of the algorithm, a randomly selected
subset of the original data set (n 5 15 cells) was reassessed
for alignment with a user-specific ellipse and compared to
the original data. The individual alignments were compiled
as vectors, vold and vnew. Variation in degree output was
determined using the same measure as in the previous sec-
tion but substituting vmeasured and vactual for vold and vnew,
respectively. The algorithm, here, was found to be accurate
within 63.5�.

To assess algorithm robustness, a post hoc analysis was
conducted on the experimental data set. Of the images
obtained, 42% needed to be further processed to reduce the
extracellular noise. A user-specific ellipse was defined by
clicking on three coordinates to define an ellipse, and this
ellipse was used to mask the noisy binary image; the algo-
rithm was then applied to this masked image. Only 14% of
images lacking noise benefited significantly from the selec-
tion of a user-specific ellipse.

Scaffold orientation scheme
The scaffold orientation algorithm was developed to recog-
nize periodic patterns in the silk micropatterns. In 16% of
scaffold images, noise from the pores in the silk scaffold
made it not possible to run an accurate scheme. Thus, the
code was run on 84% of the film images, of which 56% of
measurements fell within 10� and 42% fell within 5� of the
‘true,’ user-defined axis. Measurements that fell within 5�

were used for overall PC-12 alignment analysis. The incor-
porated algorithm measurements used were accurate to
1.70 6 1.44�. The remaining scaffold images were analyzed
in a semi-automated fashion, using a looped point-and-click
method.

Quantification of PC-12 angle distribution on silk films
The PC-12 cells were analyzed for alignment after 7 days of
growth on the films, using the algorithm described earlier. A
seven-bin histogram displaying the absolute orientation of
the PC-12 cells was created (n 5 107 cells), with a binning
width of �11.7� per bin [Fig. 3(a), left panel]. Bin width
was justified based on the fact that the Gauss–Newton algo-
rithm is accurate to 63.5� and the scaffold orientation
scheme is accurate to 61.7�. Thus, this requires a bin width
in the neighborhood of 10.4�. The center of the first bin
was 5.88�, with 73 cells (�68%) falling within this domain.
The control data set histogram is displayed in Figure 3(b)
(left panel).

FIGURE 4. Aligned cells have a mean–median divergence. Mean–

median divergence for micropatterned films (a) and control (b). Mean

(solid blue line) and median (dashed black line) are calculated as a

function of increasing index. [Color figure can be viewed in the online

issue, which is available at wileyonlinelibrary.com.]
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Determination of cellular alignment threshold
From Figure 3 (right panels), it is clear that the micropat-
terned film is uniformly distributed up to a certain point
[Fig. 3(a), right], whereas the control set is uniform
throughout [there is no mean–median divergence, Fig. 3(b),
right], as represented by a linear curve. These qualitative
features become more apparent when we display the mean–
median divergence for the micropatterned films [Fig. 4(a)]
and the control set [Fig. 4(b)]. It is possible, at this point, to
approximate the divergence from the uniform distribution
in the micropatterned set (at approximately index 70); how-
ever, a quantitative measure is required to confirm this
observation.

Transformation of the micropatterned and control data
sets to the respective local difference measures, Diffmicro

[Fig. 5(a)] and Diffcontrol [Fig. 5(b)], is more revealing. Signal
instabilities around indices 65–80 in Diffmicro are more
apparent, while Diffcontrol shows white noise throughout.
When these measures were processed using the NCP crite-
rion, the index of alignment for the micropatterned films

[Fig. 6(a)] was found to be at index 70, while the control
set [Fig. 6(b)] is uniform throughout (thus, no alignment
was observed).

For the micropatterned film data set, angles are uni-
formly distributed (and therefore, aligned) up to a certain
point, followed by a divergence pattern between the mean
and the median, indicating that there is no longer uniform-
ity. Interpolating from this divergence point to the y-axis
(cell angle) in Figure 3(a) (right panel), it was possible to
compute the cell at which the distribution diverged from
uniformity. This corresponded to cell index 70, which has
an angle of 10.8�. Thus, the angle of alignment is 10.8�. This
means that all cells within 10.8� (70) are to be considered
aligned, which corresponds to a population alignment of
65.4%.

DISCUSSION

Optimizing cellular alignment remains an important goal in
tissue engineering, as tissue form is intrinsically linked to
its function. Native cellular alignment confers many benefits
unto myriad tissues: for neurons it guarantees proper target
innervation, for the cornea, transparency, and for lamellar
bone, mechanical strength. Thus, cellular alignment contrib-
utes in essential ways to numerous tissues, with respect to
their development, function, and regeneration. Recent
advances in the field of regenerative medicine have allowed
for the efficient alignment of various cell types. Our group
has focused on development of silk biomaterials, which
have been used by our group to achieve enhanced align-
ment cells from various tissues, such as neurons,24 corneal
fibroblasts,31 and bone,32 among others. Work from many
different tissue engineering groups has also allowed for pre-
clinical and clinical advances in enhancing tissue regenera-
tion. However, cellular alignment, with alignment
requirements that vary by tissue, has not yet been com-
pletely optimized, and we are continuing to learn how dif-
ferent biomaterial platforms interact with cells to affect
their function.10,11,33,34

One hurdle in optimizing cellular alignment is a lack of
automated algorithms that can quantify and compare the ef-
ficacy of various biomaterial platforms simultaneously.
Recent work on this subject has led to numerous advances
in cellular identification, size, and orientation. Image proc-
essing techniques developed have included use of the fast
Fourier transform,35 gradient methods,9 direct least-squares
methods,21 and other signal processing methods.8 Thus, the
application of scientific computing to the field tissue engi-
neering has been very effective, leading to more accurate
and efficient identification of cellular orientation and popu-
lation distributions. These methods, however, are not with-
out limitations. While such techniques are effective in
generating population distributions to describe general cel-
lular alignment, they are limited by their inability to clearly
characterize and compare cellular alignment on various bio-
material platforms, relative to one another. Powerful statisti-
cal methods have been explored to combat this problem,19

though the lack of a quantitative, scalar metric to address
the question of relative scaffold efficacy remains an issue.

FIGURE 5. Local angle difference signal. Local angle differences con-

verted from sorted alignment indices for micropatterned films (a) and

control (b). [Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]
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In the current work, we studied interactions of differen-
tiated PC-12 cells with silk biomaterials to further under-
stand the cell body alignment of polarized, pseudo-elliptical
cell types on anisotropic biomaterials. To characterize cellu-
lar and scaffold orientation relative to one another, we
developed an ellipse-fitting algorithm and a scaffold pattern
recognition algorithm and further adapted a previously
established signal processing technique,24,25 the NCP crite-
rion, which now enables us to apply a quantitative, scalar
metric to compare various cell body alignments. The latter
development arose from the initial empirical observation
that, when plated on various anisotropic biomaterials, polar-
ized cells and their processes tend to ‘align’ with the scaf-
fold in a uniform distribution up to a certain point, beyond
which the cells distribute themselves non-uniformly. This
allowed for the adaptation of the NCP criterion, which was
originally developed for identifying white noise in a signal,
to the study of cellular alignment. Its scalar output now
serves as the criterion we use to identify an ‘angle of align-
ment,’ and this can be confirmed heuristically by observing
the sorted alignment indices, as well as the mean–median
divergence of alignment distributions.

Our study demonstrates that it is now possible to quanti-
tatively describe cell body alignment using a simple scalar
metric, implicitly defined by the cell populations being
studied. The current work offers a new dimension for the
analysis of cellular alignment and is indeed generalizable: the
NCP criterion could be used in tandem with other ellipse-
fitting algorithm or any alignment distribution-generating
algorithm. While this work presents a novel technique for
evaluating cellular alignment in vitro, a more powerful imple-
mentation of this algorithm would be for the prediction of in
vivo success of anisotropic biomaterials. Indeed, cellular align-
ment has been proven to be particularly effective in promoting
tissue regeneration for peripheral nerve,36,37 cartilage,38 and
cornea,31,39 among many others. Thus, if the degree of in vitro
cellular alignment could be correlated with in vivo regenera-
tion using the statistical tests currently applied, a model could
be developed yielding predictions of regenerative success
prior to biomaterial scaffold implantation. Additionally,
because alignment of many cell types is intrinsically linked to
their native tissue function, this class of methods may also be
of help in characterizing developmental processes in tissues
as diverse as nerve, bone, cornea, and cardiac muscle.

FIGURE 6. Alignment yields a divergence from the uniform random distribution. NCPs for micropatterned films (a) and control (b). Micropat-

terned film alignment diverges at NCP(75) (a, right panel); control (b) is uniformly distributed throughout. [Color figure can be viewed in the

online issue, which is available at wileyonlinelibrary.com.]
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When preferentially aligned tissues are injured, regener-
ative outcomes are usually optimal when the tissue engi-
neering solution can recapitulate native tissue architecture.
Quantifying the alignment response of cells to various bio-
materials, however, is not easy to accomplish. Understand-
ing scaffold alignment efficacy will hopefully lead to
optimized regenerative outcomes. The current work is im-
portant because it demonstrates the capability of a signal
processing algorithm to quantify cellular alignment using a
novel scalar metric to comparatively evaluate biomaterials.
It is also of note that the NCP criterion is compatible with
previously developed algorithms that sought to quantita-
tively assess cellular orientation and would hopefully serve
as another layer upon which biomaterials are evaluated.
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