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Abstract: Cellular morphology analysis has been widely used to detect abnormalities in biological processes. Clinicians have
observed that lymphocytes become highly deformable under special conditions, particularly when graft rejection occurs. The
characterisation of lymphocyte boundary deformation provides important quantitative parameters to assist clinical rejection
diagnosis. To evaluate the dynamic features of the boundaries of target lymphocyte when a graft rejection occurs, a contourlet
transform-based method is proposed to extract the characteristics of cell boundary variation. First, the lymphocyte is segmented
and tracked to obtain their edge-to-centroid distance signals. Subsequently, a contourlet transform is performed on these
signals, during which the edge-to-centroid distance signals of the lymphocyte is decomposed at multiple scales using the
Laplacian pyramid; a multi-directional decomposition is then performed using a direction filter to merge the singularities
distributed along the same direction and obtain the contourlet transform coefficients. Finally, statistical parameters of the cell
dynamic boundaries are calculated, then fed into the support vector machine for classification of the cell deformation. Our
findings demonstrate that contourlet transform has better performance in representing image features such as cell boundaries

than wavelet transform for its prosperities of multi-scale and multi-directional decomposition for cell images.

1 Introduction

The cell is the basic structural and functional unit of an organism,
change of which reflects the physiological and pathological
characteristics of the living body. Analysing the morphological
changes of a target cell in microscopic images allows one to access
the metabolic information of living organisms [1-3]. The analysis
of cell morphology has been extensively used in clinical diagnosis
and biological research, including inflammation, wound healing,
drug verification, early cancer diagnosis, tumour therapy, and
immune response [4—7].

The traditional analysis of cell morphology requires the doctor
to observe and identify the cell visually through a microscope and
provide diagnostic results by comparing the observation against a
micrograph. Consequently, diagnostic results can be subjective
depending on the level of experience of the doctor. In contrast,
feature extraction and pattern recognition have been widely used in
the field of medical image analysis to provide objective and
quantitative feature parameters for detecting cell features and to
assist with clinical diagnoses [8—10].

Many applications of cell image analysis have been developed
in previous years, including cell classification, segmentation and
tracking, and quantitative analysis of cell deformation [7, 11-13].
Chen et al. reported that analysis of cell morphology has made a
particularly significant contribution to the diagnosis of diseases,
and attracted widespread attention [14]. An ef al. conducted studies
on morphological feature extraction and pattern classification in
cell images [15]. Huang et al. compared different methods of
describing cell morphologies and conducted a quantitative analysis
of dynamic images of the cells that could be used for rapid clinical
rejection diagnosis [16].

Characterising an image edge is an important prerequisite for
cell deformation research [13]. Typical edge feature extraction
algorithms include differential edge extraction, morphological edge
extraction, edge extraction combined with image error analysis,
and wavelet transform. Among them, the wavelet transform
method can capture the singularities of a one-dimensional signal
and achieve an ‘optimal’ non-linear approximation by virtue of its
intrinsic multi-scale characteristics [17]. However, wavelet
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transform cannot provide optimal representations of the
singularities in a curve or a surface in two or more dimensions
[18]. Considering that signals with a ‘line or surface’ singularity
are very common in high-dimensional space, in reality, the desired
algorithm should be able to detect, represent, and deal with data in
high-dimensional spaces and provide an optimum representation of
high-dimensional functions containing curves or surfaces with
singularities. To this aim, Do and Vetterli proposed the contourlet
transform, also known as pyramidal directional filter bank (DFB),
which decomposes an image at any scale and in any direction [19].
This feature allows it to yield an effective representation of a
smooth contour, which is a very common feature in natural images,
as well as a sparser representation of the lines and surface in the
image.

The contourlet transform can effectively capture the intrinsic
contours and edges in natural images for its multi-scale and multi-
direction properties. It has been widely used in image denoising
[20, 21], image enhancement [22, 23], image fusion [24, 25], and
image segmentation [26, 27]. Asmare et al. reported that the
contourlet method captured the closest profile to the perfect image
[23]. Sathya et al. demonstrated that contourlet coefficients
obtained via the contourlet transform exhibited better performance
in enhancing the vessel-like segments than the wavelets with its
anisotropy and directionality characteristics [27]. This literature
dictates that contourlet transform exhibits better performance in
representing the image salient features such as edges, lines, curves,
and contours than wavelets for its anisotropy and directionality and
is therefore well suited for multi-scale edge-based image feature
extraction and pattern recognition [28].

In this study, first, the contourlet transform and wavelet
transform are both performed on the two-dimensional plane curves
of the edge-to-centroid distance signals from cell boundaries.
Second, quantitative statistical parameters are calculated
effectively from the sub-band coefficients in the transformation
domain, and the rank-sum test is performed to find the feature
vector, which can best characterise cell deformation. Lastly, the
feature vector is fed into the neural network for the classification of
the two kinds of cell deformation.
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The remaining paper is organised as follows. Materials and
methods are introduced in Section 2, followed by results in Section
3. Finally, discussions and conclusions are provided in Section 4.

2 Materials and methods
2.1 Materials

The cell image sequences were acquired by an optical phase
contrast microscope at a magnification of 16,000x from the
peripheral blood samples of clean healthy mice 7 days after the
skin transplantation. The mice in our experiments are 6—8 weeks
and 20-22 g. Experiments ensure that there is only one object-
lymphocyte in each frame image. That is to say, we only observe
one lymphocyte in each frame of the image. The animal
experiments were conducted by the trained staff in Beijing You'an
Hospital, which is affiliated to the Capital Medical University.
Also, the hospital is a Grade-III Class-A hospital of the Ministry of
Health in China. All the disposals are in accordance with the
guideline of animal ethics. Two kinds of experiments were
conducted. The first experiment was implemented through
autologous transplantation. Healthy Balb/C male mice were used as
both hosts and donors; this was the self-skin transplantation (SST)
group. The second experiment was implemented through allogenic
transplantation, in which healthy Balb/C male mice were used as
hosts while healthy C57BL/6 male mice were used as donors; this
was the allogenic skin transplantation (AST) group.

The shape of the lymphocyte is stable, and the deformation is
slight in the SST group. There is no acute rejection in this case,
which is a normal group. The lymphocytes are more active, and the
deformation is intense in the AST group. There is acute rejection in
this case, which is recalled in an abnormal group.

40 videos (each ~20-30s in duration) of peripheral immune
blood cells of mice were chosen for the study. Half of the videos
were taken from the SST group, and the other half were taken from
the AST group. It should be noted that cell boundaries were
segmented and tracked using our previous method prior to the
quantitative analysis of cell boundary changes [29].

2.2 Wavelet transform

The wavelet transform exhibits a flexible ‘time-frequency’ window
and is, therefore, an ideal tool for performing time-frequency
localisation analysis. In other words, when the window area (size)
is given, its shape changes with varying levels of the localised
frequency in signal [17]. When analysing the high-frequency
component of the signal, the time window is automatically
narrowed, and the frequency window is automatically widened; in
contrast, when analysing the low-frequency component of the
signal, the time window is automatically widened, and the
frequency window is automatically narrowed. The expression of
the wavelet transform is given by

WT,(a,b) = % f x(t)go*(%) dr (1)

where x(7) is the original input signal to be transformed; ¢(¢) is the
basis function (mother wavelet) of wavelet transform; “*’
represents the conjugation of the functions; a represents the time
axis scaling parameter and b is the time-lapse parameter. The
coefficient 1/yJa is a scale normalisation factor that ensures
wavelets of different scales possess the same amount of energy.
Stretching and translating the mother wavelet yields a family of
basic function: ¢, ,(f) = (1/\/5)(/)(0 — b)/a). When a increases, the
corresponding wavelet function ¢, ,(f) widens along the time axis
and vice versa. Fig. 1 shows the schematic of the change in the
time-frequency window of the wavelet transform. The green
rectangle represents the time-frequency window of the mother
wavelet. The red rectangle indicates the condition when a
decreases and the time-frequency window becomes narrower. In
this case, the centre frequency is automatically adjusted to the
higher part of the frequency axis, similar to high-frequency
analysis of signals using the narrow window. The blue rectangle
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Fig. 1 Schematic of change in time-frequency window of the wavelet
transform

indicates the condition when «a increases and the time-frequency
window widens, in which the centre frequency is automatically
adjusted to the lower part of the frequency axis, similar to low-
frequency analysis of signals using the wide window.

When analysing two-dimensional or higher-dimensional
signals, the wavelet transform cannot utilise the unique geometric
properties of the data effectively [19]. Consequently, it fails to
represent the signal with the optimal or most sparse function.

2.3 Contourlet transform

To detect and represent data in high-dimensional space, the
contourlet transform, known as multi-scale geometric analysis, was
proposed to provide optimal representations of high-dimensional
functions independently in different disciplines [19, 30, 31]. Such a
transformation can represent two-dimensional images with multi-
resolution analysis, local positioning, and multi-directionality.

In the contourlet transform, a basic structure similar to that of
the contour segment is used to approximate the image. This basic
structure is a strip structure with an aspect ratio that varies with the
scale. This approach can realise the decomposition of the image at
any scale and in any direction, as opposed to the wavelet transform,
which can only perform decomposition in three directions
(horizontal, vertical, and diagonal). Additionally, the contourlet
transform can provide a sparser representation of the lines and
surfaces in the image while better delineating contours and
directional textures.

The contourlet transform is performed in two steps. First, the
Laplacian pyramid (LP) transformation is applied to decompose
the input image into high-frequency and low-frequency sub-bands
to ‘capture’ the singularities. Second, a DFB is used to further
decompose the high-frequency and low-frequency sub-bands into
multi-directional sub-bands and merge the singularities distributed
along the same direction into a single coefficient, which is defined
as the contourlet transform coefficient.

Let F be a bounded linear functional on the Hilbert space H
[32]. According to the Riesz representation theorem, a unique
Xo € H exists such that for any x € H, and we have F(x) = (x, x).
F(x) represents different transforms when different basic functions
X, are used. If x, represents the basic function system R™ in the LP
filter coefficients space, denoting the function as {d)j}y’:}‘ and the

input signal as x, then the LP decomposition can be expressed as
an inner product form as follows [19]:

sj=(x.¢)) 2

Similarly, the operation of the DFB on the sub-band image can be
expressed as follows:

e = (X, @) (3)
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where {q)k}kN:_O' is the basic function system RV(N =0,..., 2 — 1)
in the DFB space. In other words, there are 2! sub-bands after
multi-directional decomposition.

According to (2) and (3), the inner product expression of the
contourlet transform is given as follows:

cik =X, d)), i) = (x, (P}, o)) = (x, Bjx) “

where f;; is the basis of the transformation space, RM*N and Cik
are the coefficients after the contourlet transform [19].

2.4 Comparison of the contourlet transform with the wavelet
transform

To compare the effectiveness of the contourlet and wavelet
transform, two-step contourlet and wavelet transforms are
performed on the Facetscol image. The results from the
transformations are shown in Figs. 2a and b. During the contourlet
transform, the original image is decomposed into sub-bands in four
directions in the first step and eight directions in the second step.
The coefficients of each sub-band represent features of the signal
along with different directions, with the larger and smaller
coefficients corresponding to the brighter and darker locations,
respectively.

It can be seen that the wavelet transform can only perform
decomposition in three directions (horizontal, vertical, and
diagonal) at each scale. While the contourlet transform can capture
edge features in more directions. The approximation of the singular
line in the image using the wavelet transform is accomplished by
the supportive section with square shapes. In other words, the ‘line’
is approximated by the ‘point.” Therefore, when decomposing the
image with a multi-level scale, many non-trivial coefficients
appear, ultimately leading to poor representation of the original
function. While the contourlet transform provides a sparse
representation for two-dimensional piecewise smooth signals
resembling images, which is realised by supportive sections with
rectangular shapes. As a rectangular supportive section represents
the directional dependence—an anisotropic feature—it is more
advantageous for expressing small directional contours and line
segments in the image.

Furthermore, the contourlet transform is reversible because both
LP decomposition and DFBs exhibit refactoring properties.
Therefore the contourlet transform coefficients can be used to
reconstruct the original image completely. Figs. 3a and b show the
original Facetscol image and the image reconstructed from the
inverse of the contourlet transform, respectively.

2.5 Proposed method

In this study, the boundary of the target cell in the microscopic
video is a closed and smooth contour curve in two-dimensional
space. We first segmented and tracked the boundaries of the target
cell, then calculated the corresponding edge-to-centroid distance
signals.

The edge-to-centroid distance signals of the target cell in the
video are obtained from cell boundaries as shown in Fig. 4. First,
256 frames are obtained from 512 consecutive frames in the video
by sampling at the interval of 2, as shown in Fig. 4a. The target cell
is then tracked and segmented to obtain their boundaries based on
our previous approach [29], as shown in Fig. 4b. Second, the pixels
are interpolated on the boundary, making sure that there are 256
sampling points on the boundary of each target cell. That is to say,
each video includes 256 frames after sampling, and the cell
boundary in each frame contains 256 sampling points. After that,
the edge-to-centroid distance signals are obtained by calculating
the distance from each sampling point on the cell boundary to the
centroid of the cell.

The edge-to-centroid distance signals are denoted as r(p,1),
where p =1,2,3, .. .,256 represents the sampling points on the
boundary and = 1,2,3, ...,256 represents the temporal points
over time, then the value of r(p,t) represents the edge-to-centroid
distance from the sampling point p on the boundary at time ¢ to the
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Fig. 2 Coefficient map of Facetscol image after transformation
(a) Sub-band coefficient map obtained using contourlet transform, (b) Sub-band

coefficient map obtained using wavelet transform

Fig. 3 Original Facetscol image and reconstructed image from contourlet
transform coefficient
(a) Original image, (b) Reconstructed image

Fig. 4 Process for extracting the edge-to-centroid distance signals from
cell boundaries in microscopic video

(a) Tracking and segmentation of target cell, () Cell boundaries, (¢) The edge-to-
centroid distance signals

cell centroid. If we place the signal r(p,?) in a three-dimensional
space and link p, t,r to x,y, z axes, respectively, then the change of
r along the x-axis represents the spatial change of the cell
boundary; whereas the change of » along the y-axis represents the
temporal change of the cell boundary. Spreading out all the edge-
to-centroid distance signals in three-dimensional space yields a
surface signal, as shown in Fig. 4c.

After that, the wavelet and contourlet transforms were
performed on the above edge-to-centroid distance signals. To
quantitatively analyse boundary variation of target cell from the
two groups of videos, four statistical parameters were calculated
from each of the transformed sub-band coefficients: mean (M),
variance (V), skewness (S), and kurtosis (K). The skewness is the
third-order central moment of the data distribution, which measures
whether the distribution of the data is symmetric. This value is zero
if the coefficients follow a normal distribution. A large positive or
negative skewness value indicates that the coefficient distribution
has a relatively long tail on the right or left side, respectively. The
kurtosis is a statistic associated with the fourth-order centre
moment of the data, and it measures the extent to which the data is
concentrated at the centre.
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Fig. 5 Visualisation for edge-to-centre distance signals of cell boundaries
in microscopic video
(a) SST, (b) AST

Finally, the feature vector was composed of the statistical
parameters, representing cell deformation, which was used as the
input of neural network for classification of the two kinds of
videos.

3 Results
3.1 Visualisation of the edge-to-centroid distance signals

The edge-to-centroid distance signals from the SST group and AST
group are shown in Figs. 5a and b, respectively. It can be seen that
the boundary of the target cell changes smoothly in the SST group
(similar to a calm sea surface), whereas the boundary of the target
cell changes drastically in the AST group (similar to a turbulent sea
surface).

3.2 Wavelet and contourlet transform of the edge-to-centroid
distance signals

To obtain the boundary variation features of the target cell, further
analysis is performed on the edge-to-centroid distance signals.
Specifically, the wavelet and contourlet transformation was
performed on the edge-to-centroid distance signals r(p, t).

The coefficients map of the wavelet transform performed on the
edge-to-centroid distance signals is shown in Fig. 6. These
coefficients in the horizontal and vertical represent the variation of
r(p,t) along the time and spatial axes, respectively. The variation
along the time axis indicates the change of a certain point on the
cell boundary over time, whereas the spatial axis reflects the
change of the cell boundary in a single frame. The transformation
domain coefficients associated with the lighter regions in the image
indicate a relatively dramatic variation of cell boundary and vice
versa.

The coefficients map of the contourlet transform performed on
the edge-to-centroid distance signals is shown in Fig. 7. It can be
seen that the signals r(p, ) are decomposed at two different scales.
At the coarser scale, the signals are decomposed into sub-bands in
four directions. At the finer scale, the signals are further
decomposed into sub-bands in eight directions. The characteristics
of the target cell boundary variation in different directions at
different scales are reflected by the coefficients of each sub-band
pointing to distinctive directions.

In Fig. 7, the darker colour in the image corresponds to smaller
transformed domain coefficients, whereas the lighter colour
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Fig. 6 Wavelet transform coefficient of edge-to-centroid distance signal
for cell in video
(a) SST group, (b) AST group

Contourlet coefficients SST Contourlet coefficients AST
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Fig. 7 Contourlet transform coefficient map of edge-to-centroid distance
signals of the target cell
(a) SST group, (b) AST group

corresponds to larger transformed domain coefficients. In the
decomposed sub-band, the smaller transform coefficients represent
the smooth regions of the image, whereas the larger transform
coefficients represent local singular features (dramatic
deformation) in specific directions and at specific spatial locations
such as edges and contours.

Comparing these coefficients with the results of the wavelet
transforms, it can be established that the contourlet transform
provides transformed coefficients in a greater number of sub-band
directions, reflecting cell boundary variation in more directions in
addition to the three basic directions.

3.3 Statistical analysis of the transformed coefficients

To quantitatively analyse the transformed coefficients of the
wavelets and contourlets, statistical parameters including M, V, S,
and K were calculated, which are shown in a box diagram in
Figs. 8-11. Since there is no significant difference in M and S, only
the box diagrams of J and K are given here. The horizontal axis
indicates whether the data are associated with the SST or AST
group. The vertical axis represents statistical parameters. For
example, V,, represents the variance of the nth sub-band
coefficients obtained by decomposition at the mth scale. The red
horizontal line shown in the box diagram represents the median
line. The lower and upper sides of the box represent the values
associated with 25 and 75% of the samples, respectively. The red
cross shown in the top region of the box represents the
singularities.

The box diagram provides a direct visualisation of the validity
of the statistical parameters calculated for the directional
coefficients in each sub-band in the transformation domain. It can
be seen from Figs. 8 and 9 that V,,, Vi, V,,, and V,, of wavelet
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Fig. 8 Box diagram showing variance of coefficients obtained by wavelet
transform
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Fig. 9 Box diagram showing kurtosis of coefficients obtained by wavelet
transform

transform obtained from the SST group are smaller than those of
the AST group, which is consistent with the observation that the
lymphocyte shape is stable in the SST group, and the deformation
is slight. K;, and K, from the SST group are also smaller than
those from the AST group, which indicates that the distribution of
the edge-to-centroid distance signals of the SST group is more
concentrated than that of the AST group.

For contourlet transform, as shown in Figs. 10 and 11, V" and K
obtained from the two groups have the same trend with those of
wavelet transform: both 7 and K in the SST are smaller than those
in the AST group. These findings agree with the clinical
observations that the shape of the lymphocytes is stable and the
deformation is slight in the SST group. Meanwhile, the
lymphocytes are more active, and the deformation is intense in the
AST group.

To further extract effective quantitative statistical parameters
from the coefficients in each sub-band in the transformation
domain, statistical analysis was performed on the coefficients in
each sub-band. Since the coefficients do not conform to the normal
distribution, rank-sum tests were conducted on different samples in
different groups. The significance level was set to 0.01. The rank-
sum test results are shown in Tables 1 and 2.

It can be seen that V,,, Vi, Va, Vay, Kj», and K, from wavelet
transform, and V,,, Vi,, Vi3, Vai, Vi, Vas, Vig, Ki1, Kiay Koo,y Ky, and
Ky from the contourlet transform exhibit significant differences
between the two groups. The rank-sum test on the statistical
parameters from the contourlet transform yielded a relatively
smaller and more stable p-value. In contrast, for the coefficients
obtained by the wavelet transform, the rank-sum test yielded a
relatively larger p-value.

In this study, a support vector machine (SVM) is used to
classify cell morphology in the microscopic video. According to
the result of Wilcoxon rank sum tests, the statistical parameters
which possess the smaller p-values between the two test groups
were combined as a feature vector representing the changes of cell
deformation and then fed into the SVM. For each trial, we
randomly choose 30 (15 from SST and 15 from AST) as train set
and another 10 (5 from SST and 5 from AST) for the test set. We
repeated the above procedure 1000 times, the averaged class
recognition rate reaches 96.67% for the contourlet transform. In
contrast, the averaged recognition rate is 69.67% for the wavelet
transform.
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Fig. 10 Box diagram showing variance of coefficients obtained by
contourlet transform
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Fig. 11 Box diagram showing kurtosis of coefficients obtained by
contourlet transform

4 Discussions and conclusions

To characterise the boundary changes of the target cell in a
microscopic video, a multi-scale geometric analysis scheme based
on the contourlet transform was proposed in this study. First, the
edge-to-centroid distance signals of the target cell were calculated
from cell boundaries. Second, the contourlet transform was
performed on the edge-to-centroid distance signals to obtain the
transformed coefficients that represent the singular features in the
original surface signal. The larger coefficients in the transformation
domain represent the local dramatic change of cell boundary and
vice versa. Third, we calculated statistical parameters (including M,
V, S, and K) from the transformed coefficients in each sub-band,
which represented the boundary change features of the target cell.
Finally, the statistical parameters which possess the smaller p-
values between the two test groups (evaluated using the rank-sum
test) were combined to form the feature vector; then the feature
vector was fed to SVM for classification of the two kinds of group
data. Meanwhile, for comparison, the above experiment process
was repeated using the wavelet transform.

The results of the rank-sum test imply that relatively smaller
and more stable p-values were obtained based on the contourlet
transform than those with the wavelet transform, which indicates
that the contourlet transform captures the characteristic parameters
of the target cell boundaries more effectively, owing to its multi-
scale and multi-directional decomposition for images with a small
redundancy factor.

The results of SVM demonstrate that when using the feature
vector from the contourlet transform coefficients, the averaged
class recognition rate is higher than that of the feature vector from
the wavelet transform coefficients. Our finding is consistent with
previous reports that contourlet transform has better performance
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Table 1 Wilcoxon rank-sum test results of characteristic parameters associated with sub-band coefficients calculated by

wavelet transform from the two types of data

P H P H
vi1 0.0023 1 k11 0.3793 0
v12 9.1266 x 10707 1 k12 0.0001 1
v13 0.1806 0 k13 0.9031 0
v21 0.0066 1 k21 0.6949 0
v22 7.5774 x 10706 1 k22 0.0001 1
v23 0.3104 0 k23 0.1136 0
Note: H=1 indicates that there is a significant difference between the two types of data when the significance level is 0.01.
Table 2 Wilcoxon rank-sum test results of characteristic parameters associated with sub-band coefficients calculated by
contourlet transform from the two types of data

P H P H
vi1 1.5757 x 10706 1 k11 0.0001 1
v12 9.1266 x 10707 1 k12 0.0016 1
v13 0.0001 1 k13 0.2184 0
v14 0.0385 0 k14 0.7557 0
v21 4.1658 x 10705 1 k21 0.0114 0
v22 3.9874 x 10706 1 k22 0.0001 1
v23 2.0407 x 10705 1 k23 0.0016 1
v24 0.0133 0 k24 0.9461 0
v25 0.9676 0 k25 0.9676 0
v26 0.0411 0 k26 0.0010 1
v27 0.0810 0 k27 0.0114 0
v28 0.0006 1 k28 0.0337 0

Note: H=1 indicates that there is a significant difference between the two types of data when the significance level is 0.01.

in representing the image salient features such as edges, lines,
curves, and contours than wavelets for its anisotropy and
directionality, therefore well suited for analysing contour change
features of the cell boundary.

Finally, this study also has certain limitations. Our effort was
motivated by clinicians’ observations that lymphocytes in the
human peripheral blood exhibit more morphological changes
during graft rejection in patients with liver transplants than those of
the healthy. Since it was unsafe to conduct experiments on patients
with graft rejection, our experiment used mice and considered skin
transplants rather than liver transplants. In the future, we will
consider expanding the size of the experimental sample to verify
the reliability of the algorithm, and further applying the proposed
method to cell morphology analysis of patients.

In summary, we have proposed a novel scheme for quantitative
analysis of cell morphology-based on contourlet transform in the
microscopic video. The experimental results show that the
proposed method is superior to that of the wavelet transform in
terms of delineating cell boundary variation. Our findings
demonstrate that the contourlet transform is effective to display a
smooth contour, in addition to lines and surfaces in an image. The
effectiveness of the contourlet transform in contributing to an
accurate quantitative analysis of cell boundary changes may open a
new avenue for cellular morphology analysis in clinical trial
research.
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