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a b s t r a c t
Erythrocyte morphology is gaining importance as a powerful pathological index in identifying the severity of any
blood related disease. However, the existing technique of quantitative microscopy is highly time consuming and
prone to personalized bias. On the other hand, relatively unexplored, complementary technique based on ﬂow
cytometry has not been standardized till date, particularly due to the lack of a proper morphological scoring
scale. In this article, we have presented a new approach to formulate a non-empirical scoring scale based on
membrane roughness (Rrms) data obtained from atomic force microscopy. Subsequently, the respective morphological quantiﬁer of the whole erythrocyte population, commonly known as morphological index, was expressed
as a function of highest correlated statistical parameters of scattered signal proﬁles generated by ﬂow cytometry.
Feed forward artiﬁcial neural network model with multilayer perceptron architecture was used to develop the
intended functional form. High correlation coefﬁcient (R2 = 0.95), even for model-formulation exclusive
samples, clearly indicates the universal validity of the proposed model. Moreover, a direct pathological application of the proposed model has been illustrated in relation to patients, diagnosed to be suffering from a wide
variety of cancer.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
The inevitable, but speciﬁc morphological response of erythrocytes
to exogenous stimuli, such as physiological, pathological or experimental, renders the erythrocyte morphological studies a valuable tool for
clinicians and researchers [1,2]. Erythrocyte, which has a discoid shape
under a normal resting condition (hence the name discocyte), can
undergo two types of morphological response (i) deformation (normally
physiological and reversible) and ii) transformation (pathological or experimental and may be reversible or irreversible) [3]. The morphological
transformation, also known as poikilocytosis, primarily includes
echinocytosis, stomatocytosis and spherocytosis [4]. Each poikilocytic
category is associated with a set of speciﬁc disease(s) or pathological
state(s) or poikilocytic agent(s) or microenvironment. Morphological
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feature based scoring of members of the same genre has long been
used for their characterization and to mark the stage of development
or degradation [5]. Morphological scoring is a graded representation of
a speciﬁc phenotype, which is by nature mathematical and is often characterized by either macroscopic or microscopic observations. However,
the scope of morphological detailing of erythrocyte population is limited
due to its dependence on time and labor intensive microscopic studies
[6]. For an erythrocyte population, the average morphological state is
generally represented in terms of morphological index (MI) [7,8],
which is a number fraction (xi) weighted average of the respective
morphological score (MS) assigned to the particular phenotype. Theren

fore, MI ¼ ∑i¼1 xi MSi ; where n is the number of groups, representing
a speciﬁc shape derivative [9,10]. However, all the existing evaluation
techniques suffer from additional drawbacks other than being laborious,
which include (i) observer's personalized bias and (ii) inherent
empiricity associated with the scoring scale. These drawbacks majorly
restrict its use in clinical as well as experimental studies. In our earlier
study, we have tried to reconstitute the morphological information of
erythrocyte from light scattering proﬁle using statistical regression and
artiﬁcial neural network methods based on previously recommended
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empirical scoring protocol [11,12]. Using the light scattering data generated from ﬂow cytometry, the attempts were successful particularly in
overcoming the limitations of previous studies regarding observers'
bias and man–hour involvement.
Irrespective of rapid quantiﬁcation, it may be noted that our previous approach is also dependent on the empirical scoring protocol,
which is devoid of any scientiﬁc basis. Erythrocyte morphology is generally characterized by the distribution and interaction between lipid and
protein components of the membrane and cytoskeletal proteins, which
are in turn inﬂuenced by the cytoplasmic components and microenvironment [13,14]. These interactions determine various biophysical
characters including deformability, ﬂuidity, elasticity, and membrane
roughness [15]. The major shape derivatives of erythrocyte (discocyte,
stomatocyte, echinocyte and spherocyte) are known to have distinct
biophysical properties as determined by geometry, cytoplasmic viscosity, membrane viscoelasticity etc. Thus, they could be characterized by
one or more of these biophysical signatures [16]. Among the different
biophysical properties, membrane roughness is gaining high recognition and momentum as a pathological indicator of health and disease
[17,18]. Membrane roughness may be identiﬁed as a mechanobiological
signature of erythrocyte membrane, which is characterized by the
crenation due to extracellular domain of the integral and the peripheral
proteins over smooth lipid bilayer [19]. The two major shape responses:
echinocyte and stomatocyte, both having a common termination point
as spherocytes, are reported to be observed respectively due to inside–out and outside–in conﬁguration of band3 protein, the transmembrane anchoring protein at the tethering sites that hold the cytoskeleton
hooked with it [20]. Therefore, it is quite evident that the aforementioned shape derivatives will have distinct membrane roughness values,
with echinocyte or stomatocyte at the maximum and spherocytes at the
corresponding minimum [21]. The membrane roughness is generally
evaluated from the topographical imaging by scanning probe microscopy. Atomic force microscope (AFM) in tapping mode is widely used to
acquire high resolution topography with a nanometer scale lateral resolution and about 1 Å vertical sensitivity [22] with a minimal distortion
of the cellular structure [23]. The membrane roughness is measured
considering the deviation of two-dimensional elevation proﬁle from
the mean line proﬁle, obtained from a standard AFM set up [24]. The
most accepted deﬁnition of surface roughness is the root-mean-square
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ2
N
Zm Þ
, where
value of the elevation proﬁle, deﬁned as Rrms ¼ ∑i¼1 ðZiN1
N is the total number of data points, zi is the elevation of the ith point
and Z m is the mean elevation. Rrms is reported to be highly sensitive
even to isolated deviations [24]. However, Rrms also suffers from some
limitation because of its high variability and scale-dependency. Girasole
et al. [25] have shown that the roughness variation over a scan
area varying within 0.5–2.5 μm2 follows a monotonic increasing trend
and advocated for the roughness calculated from 1 μm2 scan area
to be used as the sole quantiﬁer to represent the morphology of a
population.
The present work has been undertaken in an attempt to primarily
develop a membrane roughness based morphological scale to substitute
the empirical one, and subsequently to formulate a “black box” model to
evaluate the morphological index of a population based on light scatter
data under both in vitro and in vivo conditions. To develop a symmetric
scale of morphological score, a series of mathematical transformation
was conducted on Rrms obtained from AFM. The transformations were
designed in order to ﬁt the scale within the marginal thresholds of +1
and −1. The rationale behind the scale normalization is simply to generate a comparative platform in relation to the widely used empirical
scale. Finally, the MI (calculated from the newly developed MS) was
expressed as a function of the highest correlated statistical moments
of the forward as well as side scattered signals obtained from the ﬂow
cytometric data. Feed forward artiﬁcial neural network (ANN) model
with multilayer perceptron (MLP) architecture was chosen to formulate
the stated functional form.

2. Materials and methods
2.1. Sample preparation
Blood was collected after venipuncture from the antecubital vein of
normal adult volunteers in a heparinized vial as detailed previously
[11]. The volunteers were non-smokers and apparently healthy without
any underlying inﬂammatory or hematological disorder, as these conditions are known to induce erythrocyte morphological response [26,27].
The demographic details of the volunteers were recorded as male—9,
and female—6; age—29.7 ± 3.03 years; body weight—67.2 ± 9.36 kg;
resting heart rate—73.8 ± 5.14 beats/min; systolic pressure—122.3 ±
3.19 mm Hg and diastolic pressure—82.2 ± 3.26 mm Hg (data
represented as mean ± standard deviation). A mixed population of
poikilocytic and normal cells was generated by treating whole blood
with random doses of different known poikilocytic agents (n = 60).
Additionally, to illustrate the pathological utility of the proposed
model, a separate set of blood samples was collected from patients
(n = 25), diagnosed to be suffering from cancer (CA) over the last
one year (all non-smokers, age: 5–65 years) under treatment at the
Netaji Subhas Chandra Bose Cancer Research Institute, Kolkata. The
demographic details of the patients were as follows: male—10, and
female—15; age—34.8 ± 12.41 years; body weight—57.3 ± 6.74 kg,
resting heart rate- 78.4 ± 4.98 beats/min; systolic pressure—132.4 ±
8.11 mm Hg and diastolic pressure—86.7 ± 4.66 mm Hg. The detailed
breakup of patients, in different categories according to the type of the
disease is given in the validation section of Supplementary materials
(Part-II).
2.2. Microscopy imaging
The treated and untreated erythrocytes were seeded in a 96 well
plate after appropriate dilution in isotonic phosphate buffered saline
(10 mM, pH = 7.4) for microscopic analysis. A 3 × 3 stacked montage
photomicrograph was captured for each well by a CCD camera in transmission mode using a 60× objective of a standard confocal microscope
(BD Pathway 855). These photomicrographs were then used to estimate
the number fraction of major morphological species by manual
counting of all cells in the ﬁeld.
2.3. Sample preparation for atomic force microscopic study
For AFM analyses, samples were diluted in autologous plasma and
smear was made by manual spreading over mica sheet. AFM images
were acquired with a VEECO Multimode system having Nanoscope
IIIa controller using tapping mode in air (at room temperature, 75% humidity) with RTESP tapping mode engraved silicon probes at a resonant
frequency of 302.87 kHz. A 200 μm J scanner was used. The mica sheet
carrying the blood sample was mounted on XY stage of scanner. The
images were analyzed with Nanoscope Software (version 5.12) in
ofﬂine mode.
2.4. Calculation of RBC membrane roughness
The roughness value of an erythrocyte membrane, as obtained from
an AFM image depends on different acquisition parameters, which
primarily include (i) quality of the AFM tip or probe [28], (ii) imaging
mode [23], (iii) number of data points [29], and (iv) scan area [25].
The effect of tip shape on cellular morphology is quite evident. To
generate a high quality image, single and sharp tip with a radius of curvature less than 10 nm is recommended [30]. The well known DMASP
tip (tip height: 15–20 μm, front angle: 250 ± 20, back angle: 150 ± 20,
tip ROC b10 nm, TSB range:5–25 μm), designed for high speed imaging
and active control has been used. The tip was mounted on a phosphorous (n) doped silicon cantilever (thickness: 4 μm, length: 125 μm and
width: 55 μm) with an elastic constant value of 3 N m−1.
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Because of its negligible effects on ultrastructures, tapping mode
(TM) is generally preferred over contact mode (CM) for biological
samples. Moreover, the roughness obtained by CM is reported to be
smaller relative to TM images [31]. Accordingly, we have chosen the
tapping mode of imaging for all samples.
The number of data points may also inﬂuence the Rrms value because
of a scale dependent behavior [32]. However, beyond a certain
threshold number of sampling points (~ 10,000), roughness exhibits
insigniﬁcant variation from image to image. The reference sampling
density, as used for all the experiments of the present study was chosen
to be around 20,000 μm−2. Therefore, the Rrms values, as reported in the
present article may be conﬁrmed to be independent of sampling point
population size.
According to the present method, described so far, Rrms has been reduced to be a single variable function of scan area. Girasole et al. [25]
have reported a monotonic trend of Rrms with the scan size, over a
range of 0.5–2.5 μm. The scan size was ﬁxed at 1 μm (area: 1 × 1 μm2)
in order to generate a set of size unbiased base data for further analysis.
The basis was purely empirical and qualitative and no speciﬁc reason
behind choosing the scan size was cited. We apprehend that the probable reason for their size selection was to introduce an intermediate
scale. The scale, on one hand, is independent of the surface lattice size
of the spectrin network, and simultaneously of the length dimensions
related to geometric features of the gross cell shape (for example,
central pallor in discocyte, invagination in stomatocyte and large
spiculation in echinocyte) on the other hand. Following the same
protocol, we have also chosen the size of the scan area element to be
1 × 1 μm2 as no other protocol with rigorous physical basis is available
till date.
Regarding the spatial distribution of the sampling elements, we have
used an ordered central cluster arrangement of thirteen (n = 13) area
elements, each of size 1 × 1 μm2. Out of thirteen elements, nine were
clustered in an equispaced 3 × 3 array, whereas two each from the
rest of the four elements were placed in alignment with the two principal axes (major and minor) of the cell under test. Rrms values of each
sampling elements were obtained by processing the acquired image
with the inbuilt processing software (Nanoscope 5.12) in ofﬂine
mode. The median of the Rrms values ( Rrms , MD) was considered to be
the representative quantiﬁer of a speciﬁc cell. The entire process was
repeated for at least ten number of cells (n = 10), belonging to a particular morphological category (discocyte, echinocyte, stomatocyte and
spherocyte). Once again, the median of the Rrms , MD values (Rrms;MD )
obtained from the cell population of a speciﬁc category was adopted
as a representative mechanobiological quantiﬁer of that category.

2.5. Development of the new morphology scale
In our previous work [11], we have chosen the morphological scoring
scale to be in the range of [−1, +1], in accordance with the most used
empirical scale proposed by Bessis [7]. Discocyte, being the representative of normal morphology, was assigned with MS = 0 along with
MS = + 1 and − 1 for spherocyte via echinocytic and stomatocytic
pathways respectively. The intermediate derivatives in both pathways
were assigned with MS=0.5 (echinocyte) and MS= -0.5 (stomatocyte).
In the present work, the thresholds and the central point were chosen
to be same as previous because, through roughness analysis only,
the two spherocytic populations (spherocyte via echinocytic and
stomatocytic pathways) cannot be differentiated. Accordingly, the
linear transformation, deﬁned as XðiÞ ¼ Rrms;MD ðiÞ  Rrms;MD ðDÞ was
operated on the Rrms; MD scale, resulting X(D) = 0 with X(E) N 0 and
X(St) ,X(Sp)b 0. Subsequently, to split the spherocyte category into two
threshold derivatives (SpE and SpSt), another linear transformation
was performed, which may be represented as Y(SpE) = X(SpE) +
| X(SpSt) - X(St)|, whereas Y(i) = X(i) for the rest. This is based on
the assumption of scalar symmetry in reference to discocyte's position
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in the proposed scale. Finally, the Y values were normalized with
respect to the threshold values of both pathways, which leads to the
ﬁnal scoring scale as MS(D)= 0, MS(SpE) = 1, MS(SpSt)= - 1, MSðStÞ ¼
YðStÞ
jYðSpStÞj and MSðEÞ

YðEÞ
¼ jYðSpEÞj
. The detailed transformation technique, along

with the respective changes in actual values is described later.
2.6. Flow cytometry
The ﬂow cytometry analysis of control and treated samples were
carried out as previously mentioned [11]. In short, the forward scatter
(FSC) and side scatter (SSC) data were recorded for 30,000 events of
each sample using a 488 nm blue laser. The experiments were carried
out using a 70 μm nozzle and custom sheath pressure of 15 psi with a
minimum sample ﬂow rate of 1. The scatter proﬁles were then analyzed
with FACS Diva 6.1.3 in ofﬂine mode. The distribution proﬁle of height,
width and area parameters was evaluated in terms of central tendency
(mean and median) and dispersion statistics (standard deviation, rCV,
etc).
2.7. Statistical analysis
Distribution of central tendency and dispersion statistics for each
group of sample were analyzed for area, height and width data of both
FSC and SSC. Linear and nonlinear correlations between the statistics
and MI (based on new morphological scale) were evaluated to get
best predictors at a univariate level. Best-correlated pair of statistics of
both FSC and SSC (assuming a normal distribution) was then selected
for formulation of multivariate regression model. The best model selection criteria being F value, p value and adjusted R2 value. The developed
model was then validated with a separate, model exclusive set of sample data distributed over the entire range of MI.
2.8. Artiﬁcial neural network (ANN)
ANN may be regarded as an alternative to the standard physical
models, particularly in cases where the underlying physics of the system
is too complex to analyze [33]. In essence, it is a “black box” model,
which mimics the information processing functions of the human
neural system. ANN accepts any standard input vector and produces
the desired output by processing the input through a series–parallel
combination of functional elements, commonly referred as “neurons”
or “nodes” [34]. Since the multilayer perceptron (MLP) neural network
is the most widely used ANN architecture [35], MLP-ANN with feed
forward structure has been chosen for the present study. In a standard
feed forward MLP ANN network, nodes are clustered into input, hidden
and output layers without any lateral or feedback connections [36]. The
universal MLP network with one hidden layer is capable to simulate any
^, regarded as the ‘output’ of the network [37].
ﬁnite nonlinear function, y
As the nodes in each layer are connected through weighted acyclic
paths, the accepted functional form of the output in terms of the input
vector, X =[x1, x2, ……, xn]T becomes
h

i
n
^ ¼ f 0 ∑m
y
j¼1 wjo f h ∑i¼ j wij xi

ð1Þ

where fh and f0are scalar-to-scalar functions known as activation/
threshold/transfer functions associated with the neurons of output
and hidden layers respectively. On the other hand, {wij} and {wjo} are
the respective weight factors associated with hidden and output layer
neurons. The nature of mapping between the input and the output is
actually determined by these weight factors. However, the most important element of choice in a neural network is the characteristic transfer
function associated with each node. Most commonly used transfer function includes linear, sigmoid, conic section, and radial bases. Generally,
x
x
the models using a tan-sigmoid function, deﬁned as: fðxÞ ¼ eex e
þex ,
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often display enhanced learning characteristics and are more accurate.
Therefore, the tan-sigmoid function was selected to be the only transfer
function in the present network.
The primary objectives of network training are: (i) determining the
number of neurons in the hidden layer and (ii) ﬁxing the optimum
values of the weight matrix W = {wij}. Generally, the mean square
error (MSE) is chosen to be the objective function for the abovementioned purpose. MSE is expressed as [36]
MSE ¼

1 n
∑ ðO  Pi Þ2
n i¼1 i

ð2Þ

where n is the number of sample data set used for training, Oi and Pi are
actual and predicted values of output from the ith element respectively.
There are several techniques of optimization to improve the performance of network training. For the present network training, the well
known back propagation algorithm (BP) was used. There are several
algorithms available to implement BP [38]. Because of conjugate qualities
of Newton's algorithm (speed) and the steepest descent method (stability), the well-known Levenberg–Marquart algorithm (LMA) [39] was chosen. The primary drawback of LMA is its high memory requirement,
speciﬁcally to calculate the associated Jacobian matrix. Additionally, the
algorithm does not guarantee the global optima. Irrespective of its drawbacks, LMA works extremely well in different practical problems of science and engineering.
Based on the scoring system developed and customized for the
present study, the highest correlated statistical parameters obtained
from ﬂow cytometry (distribution of heights, width and area of forward
and side scatter signals) were used to express MI as an output according
to the structure of the feed forward MLP-ANN. However, in order to
restrict the complexity of the network within acceptable limit, only
non-redundant parameters were selected. The experimental data set
was generated from ﬁfty samples (n = 50), each with a unique MI
value. The whole data set was subdivided into three categories for
training(nt = 30), validation (nv = 10) and testing (nte = 10) of the network. Moreover, a model exclusive data set, comprising of ten (m= 10)
samples was used to check the universal validity of the proposed
network in predicting MI of a blood sample. The entire computational
task was performed in MATLAB platform. The detailed stepwise instructions, in the form of user's manual, are given in the Supplementary
material (Part-I).
3. Result
3.1. Erythrocyte topographical character—atomic force
microscopy approach
Topological analysis of normal and morphologically altered
erythrocyte, as shown in Fig. 1 (a), yields a marked variation in membrane characteristics. The central pallor of discocytes, identiﬁed by
a trough surrounded by an elevated rim, gets deformed both in
stomatocyte (St) as well as in echinocyte (E). However, the peripheral
region of St was comparatively unaltered relative to E. Similar observations were also recorded in the top view and elevation proﬁle [Fig. 1 (b)]
over the entire cross section. The central pallor was totally lost in
spherocyte leading to a ﬂat plateau like uniform elevation proﬁle.
Membrane roughness was individually evaluated over thirteen
(n = 13)identical boxes, each of size 1 × 1 μm2, primarily aligned with
the major and minor axes of the representative two dimensional images
as shown in Fig. 1 (d). The distributions of the rms roughness (Rrms) are
depicted as histograms [Fig. 1 (d)]. Moreover, to represent the central
tendency and the dispersion statistics of the three distribution, median
(Rrms,MD), standard deviation (SD) and skewness values are also speciﬁed. The sequence of Rrms,MD was found to be EN D N St N Sp.The relative
positions E and Sp are quite evident. Rrms(D) was observed to be higher
than Rrms(St), which apparently contradicts the basic understanding of

roughness. However, it may be noted that the size of the central pallor
in discocyte and large invaginations in stomatocytes are comparable
to each other, though the latter may be regarded as a morphologically
deformed version of the former. Therefore, Rrms(D) may be larger
than Rrms(St) based on 1 × 1 μm2 scan area, which is about ﬁve to
seven times smaller than the respective length dimensions of the central pallor or invagination. Regarding SD, the sequence was observed
to be SD(St) N SD(D) N SD(E) N SD(Sp). No speciﬁc inference can be
drawn from this ﬁnding as it is primarily dependent on the box
numbering protocol followed in the present study.
Variation of Rrms , MD over a sample size of ten cells (n = 10) that
belong to a speciﬁc morphological group is shown in Fig. 1 (e). Median
values of these distributions ðRrms;MD Þ were chosen to be the sole
quantiﬁers of roughness and hence morphology. The order of Rrms;MD
was found to be E N D N St N Sp. Low values of SD (b2.5) clearly indicate
characteristically different Rrms;MD values of primary morphological
groups. Therefore, these values of commonly occurring shape derivatives may be regarded as the base data for a new morphological scale.
3.2. The new morphological scale
The Rrms;MD values, regarded as an alternative morphological quantiﬁer of a speciﬁc shape derivative were found to be 1.12, 9.66, 11.45 and
17.25 for spherocyte (Sp), stomatocyte (St), discocyte (D) and
echinocyte (E) respectively. In our previous study [11], as mentioned
earlier, we had chosen equidistant positions of St and E (MS = 0.5
and − 0.5 respectively) with respect to normal discocyte (MS = 0) in
the respective MS scale. However, the previous scoring scale was purely
empirical. Roughness based physical analysis contradicts the empirical
hypothesis of equidistant positioning of intermediate shape derivatives.
According to the present analysis, if fRrms;MD g is regarded as a base
data set for the physical MS scale to be developed then jRrms;MD ðEÞ 
Rrms;MD ðDÞj≠jRrms;MD ðStÞ  Rrms;MD ðDÞj, which marks a severe violation
of equidistant positioning. Physically, the results may be interpreted as
a difference of relative morphological pattern of Sp and E with respect
to D based on 1 × 1 μm2 scanning area. This is primarily attributed to
the difference in order of magnitude [=O(L)] of the respective shape
alteration elements (protruded spikules in E and invaginations in St).
Generally, O(Lspikules) b O(Linvaginations), hence not only the absolute
Rrms;MD values, but also the relative values with respect to Rrms;MD ðDÞ
are bound to be different.
It is to be noted that the present MS scale is only different from
the empirical scale in relation to the intermediate shape derivatives.
Morphological scores of the marginal shape derivatives were kept
unaltered i.e. MS(SpE) = 1 and MS(SpSt) = - 1 as SpE and SpSt cannot
be differentiated by roughness analysis. This was conﬁrmed by a low
standard deviation (SD = 1.389) of Rrms,MD distribution for the overall
spherocyte group instead of equiproportionate samples of both pathways.
Following the transformation and normalization sequence, as
described in the Section 2.5, the newly assigned scores of different
morphological derivatives were found to be MS(D) = 0 , MS(E) =
0.4 , MS (St) = - 0.17 , MS(SpE) = 1 and MS(SpSt) = - 1. The stepwise
procedure is illustrated in Fig. 2 (a). A comparative diagram
representing the shift of the new MS scale with respect to the empirical
scale of Bessis is also included in the same ﬁgure [Fig. 2 (b)]. The ﬁnal %
shift of Sp (= 60%) was observed to be three times higher than the
corresponding shift of E (=20%).
3.3. Morphological transformation and ﬂow cytometric analysis
The in vitro treated erythrocyte from same donor shows mutually
exclusive echinocytic or stomatocytic responses depending upon
the poikilocytogenic agent used, as shown in Fig. 3 (a). Microscopic
examination reveals that high ionic concentration produces echinocyte
as major population whereas triton X-100 produces stomatocyte as a

S. Ghosh et al. / Biochimica et Biophysica Acta 1858 (2016) 671–681

675

Fig. 1. Topography and roughness analysis of normal and morphologically altered erythrocytes: (a) AFM images in tapping mode, showing the topological features of the major shape
derivatives. (b) Elevation proﬁles across a cut section (insert showing the sectional line). (c) Arrangement of the scan area elements (shape: square, size 1 × 1 μm2, number of box:
13). (d) Rrms proﬁles with respect to the scan element number (i=1,2,….13) as shown in (c) and (e) distributions of Rrms,MD (median) for a population of 10 cells that belong to a
speciﬁc subgroup. Index (i)–(iv) for all (a) to (e) represents the corresponding ﬁgures for discocyte, stomatocyte, echinocyte and spherocyte.

major population. Both of treatments have exhibited a dose dependent
pattern. The number of discocyte, echinocyte, stomatocyte and
spherocyte was counted for each sample from 3 × 3 montage photomicrograph. However, Fig. 3 (a) represents a single element of the
respective montage. The respective number fraction was estimated
for MI calculation. The average number fractions of each primary
morphotypes for each group viz. control, echinocytic and stomatocytic
were evaluated. Corresponding histograms are shown in Fig. 3 (b). In
order to avoid personalized bias as well as sample size dependent
counting error, manual counting was performed repeatedly and at
least 500 erythrocytes were counted for the estimation of morphotype
fraction.
Regarding the ﬂow cytometric data, appreciable variations were
recorded for discocytic, echinocytic and stomatocytic samples in terms
of area, height and width parameters of both FSC and SSC. Fig. 3.

(c) represents the raw scatter plots of three different samples and
their respective gating domains used in the present study. The dispersion tendency of the scatter proﬁles was observed to decrease with increasing spherocyte count, indicating geometric homogeneity of the
sample. A ‘sculptured woodpecker’ like pattern was also noticed with
increasing poikilocytosis in the respective contour plots (not shown).
Consequently, the histograms of area, height and width histograms of
area, height and width parameters were more tapered with increasing
poikilocytosis. Both in FSC and SSC, a unimodal distribution without
any shouldering was observed in the case of width parameter [Fig. 3
(d) and (e)], as reported in our previous article [11].
Parameters were more tapered with increasing poikilocytosis. Both in
FSC and SSC, a unimodal distribution without any shouldering was
observed in the case of width parameter [Fig. 3 (d) and (e)], as reported
in our previous article [11]. On the other hand, the distributions of area

676

S. Ghosh et al. / Biochimica et Biophysica Acta 1858 (2016) 671–681

Fig. 2. Development of the new morphological scoring scale: (a) necessary mathematical transformation to convert the Rrms;MD values into the respective morphological score. (b) Parity
diagram of the new MS scale with respect to the conventional empirical MS scale.

and height parameter showed moderate shouldering and multimodality
in the case of control, which was reduced in echinocytic population and
ﬁnally transformed into a unimodal one for stomatocytic population.
As the primary objective of the present study was to express MI as a
function of the aforementioned distribution parameters, naturally the
width distributions (both FSC and SSC) were selected to reduce the
dimensionality of the functional relation. Moreover, through univariate
level analysis, the statistics of width parameter were found to be better
correlated to MI than that of area or height parameters. Therefore, MI
was chosen to be a function of four width parameters, equally distributed
between FSC and SSC. In order to ascertain equal weight age to the central tendency and dispersion statistics, the best-correlated parameters,
one from each group, both for FSC and SSC were chosen as a pertinent
independent variable. Accordingly, MI was functionally expressed as
MI = f(X), where X = [X1, X2, X3,X3]T. Based on univariate level correlation analysis, the selected parameters for ANN model were (i) median
of FSC width (X1), (ii) median of SSC width (X2), (iii) robust coefﬁcient
of variance (rCV) of FSC (X3) and (iv) robust coefﬁcient of variance
(rCV) of SSC (X4).
3.4. The ANN model
The feed forward MLP-ANN architecture, used in the present study,
is schematically represented in Fig. 4 (a). The input layer consists of
four neurons, dedicated to receive the input data {Xi}i= 1,4. Since there
is only one target output, the morphological index (MI), the output
layer comprises a single neuron. It may be noted that the transfer function in all the neurons was chosen to be of tan-sigmoid type. The typical
tan-sigmoid transfer function, a = f(n) is shown in Fig. 4 (b). The
optimum number of neurons in the hidden layer was determined by
minimizing the MSE over the complete training data set (nt = 30).
Back propagation (BP) algorithm was implemented through the
Levenberg–Marquart method varying the number of hidden layer

neurons from 1 to 20. Each conﬁguration was trained 50 times with
different initialization and the optimum network was sorted out. The
variation of MSE with the number of hidden layer neurons is shown in
Fig. 4 (c). The MSE value was observed to progressively decrease from
0.08 (for a single neuron) to 0.02 (for 10 neurons) and does not change
signiﬁcantly thereafter. Thus, the hidden layer with 10 neurons was
selected to be the optimum network conﬁguration. Consequently, the
structure of the present network becomes 4–10–1.
The parity diagrams for training, test, validation and all-data set are
shown in Fig. 4. (d-i), (d-ii), (d-iii) and (d-iv) respectively. Corresponding correlation coefﬁcients (R2) were found to be 0.98, 0.95, 0.84 and
0.95 respectively. High correlation coefﬁcient values indicate the gross
validity of the proposed network model in predicting MI from light
scattering data according to the present scoring scale. This may be
further conﬁrmed in terms of the best ﬁt line equation for all-data plot
[Fig. 4 (d-iv)]. The equation was found to be y = 0.961x - 0.0039 and
clearly reveals close proximity with 45° line.
In addition to the input data, the ﬁnal network model was further
tested and validated using a formulation exclusive data set comprising
of ten (n = 10) samples. The respective parity diagram is shown
in Fig. 4 (e). Once again, the high correlation coefﬁcient (R2 = 0.95)
establishes the signiﬁcance of the present model.
Table 1 represents the weight values associated to every path between a pair of neurons. The table clearly indicates that the pathways
from the input layer neurons to the ﬁfth neuron in the hidden layer
are associated with maximum weight factors. On the other hand,
regarding the connection between hidden and output layers, the
outward path from the fourth neuron is having maximum weight
value. Although it is impossible to interpret the physical signiﬁcance
of present weight factor distributions, it suggests a relative importance
of a network segment over the rest. On the other hand, the relative importance (Ij) of any input variables (Xj) can be quantiﬁed considering
the connection weights associated to the pathways between the input
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Fig. 3. Confocal microscopy and ﬂow cytometric analysis of different erythrocyte population: (i) discocytic (ii) stomatocytic and (iii) echinocytic. (a) Single segment of a 3 × 3 montage
confocal images (total no. of cells: 500–700). (b) Bar diagram representing the % count of major morphotypes. (c) Gated regions of scatter plot (FSC-H vs. FSC-A) obtained from ﬂow
cytometry. (d) Width distribution proﬁles of FSC signal and (e) width distribution proﬁles of SSC signal.
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The parameters nh and n are the number of hidden and input layer
neurons. The superscripts i , h and o refer to input, hidden and output
layers respectively, whereas the subscripts k , m and n indicate input,
hidden and output neurons, respectively. For the input data, {Xi}i = 1 , 4,
the variation of % relative importance is illustrated in Fig. 4 (f). The bar
chart clearly indicates close importance of all input variable in the
range of 20.7 to 28.0. However, FSC parameters (X1and X3) are observed
to be relatively more important than SSC parameters.
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Fig. 4. ANN model and the simulation results: (a) the feed forward MLP-ANN architecture with 4 input layer neurons and 10 hidden layer neurons. (b) The tan-sigmoid transfer function.
(c) Variation of MSE with the number of hidden layer neurons. (d) Comparison of the measured and predicted MI values in (i) training, (ii) validation, (iii) test and (iv) for all data points.
(e) Validation of the proposed ANN model with model exclusive data set and (f) bar diagram showing the relative importance of the input variables.

Moreover, to illustrate the pathological signiﬁcance of the proposed
model, we have tested the correlations of conventional diagnostic
markers to the morphological parameter of MI. The results may pave
the way to the quantitative hematological mapping of any disease that
is qualitatively known to alter the erythrocyte morphology. Accordingly, four different hematological parameters of conventional use, namely
(i) white blood cell count (WBC, normal range: 4500–10,000 nos. μl−1),
(ii) Hematocrit (HCT, normal range: 40–50% for male and 35–45% for
female), (iii) mean corpuscular volume (MCV, normal range: 80–90 ﬂ
per RBC) and (iv) platelet count (PLT, normal range 150,000–
450,000 nos. μl−1) were selected in order to examine their correlations
with MI. Additionally, intra-group correlation coefﬁcients were also
evaluated to compare the same with that of MI. The comparative

The model obtained from the in vitro data was again revalidated
with the blood samples collected from the cancer patients. Corresponding erythrocyte populations were observed microscopically to have
predominance of echinocytes [Fig. 5 (a)]. Manually calculated MI values,
as recorded from the respective photomicrograph, were found to be in
the range of 0.38–0.40. The scattered signal proﬁles have exhibited
slight variations in the width distribution proﬁles of both the FSC and
SSC [Fig. 5 (b)] compared to the healthy control. However, the proﬁles
were found to be more or less similar to that of echinocytic population
obtained from in vitro treatment. Close agreement between the model
was predicted (Range 0.38–0.40; Mean: 0.3926 ± 0.001) and the experimental MI values (R2 = 0.90) [Fig. 5 (c)] unambiguously indicates the
universal validity of the present model.

Table 1
Connection weights between different neurons of input, hidden and output layers of the optimum network.
Input(Xi)i = 1,4

X1
X2
X3
X4
Output (MI)

Hidden neurons (j = 1,10)
1

2

3

4

5

6

7

8

9

10

1.860
0.002
3.254
2.017
0.29

2.832
2.492
−0.976
0.311
0.39

−5.365
−4.745
−1.322
−3.400
0.33

0.026
0.934
−2.205
−0.825
0.46

−8.620
−12.854
−9.023
0.256
0.24

−2.817
−2.853
−2.33
−0.778
0.22

1.466
4.906
−1.252
2.507
0.39

−1.113
−3.858
2.799
−1.169
−0.04

1.459
−0.099
1.311
2.297
−0.115

4.425
1.467
−0.587
2.359
−0.033
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Fig. 5. In vivo validation of the proposed model. (a) Confocal microscopy and (b) ﬂow cytometric analysis of erythrocyte population of cancer patients. (c) Parity diagram of calculated and
model predicted MI of cancer patients.

analysis is essential to investigate the efﬁcacy of MI as a new diagnostic
marker for the disease under study. It is to be noted that even for the
best-correlated intra-group parameters (found to be MCV and HCT),
the R2 value was found to be as low as 0.19 [Fig. 6 (a)]. On the other
hand, the correlation analysis between MI and the four diagnostic
parameters has revealed the parameter of HCT to be highly correlated
to MI (R2 = 0.8) [Fig. 6 (b)]. Therefore, MI may be recognized as an
alternative diagnostic marker for a broad group of cancer patients. For
details, please refer to the Fig. S18 and 19 of the supplementary
material.
4. Discussion
The morphological analyses are one of the major tools for the phenotypic characterization, which are directly related to the state of health
and disease and are favored for being relatively inexpensive compare
to other methods [13,40,41] Erythrocyte is an obvious choice because
it has only a cell membrane as a deﬁned cellular structure. Its physiological purpose, i.e. gaseous exchange in the peripheral organ, requires its
passage through the microvasculature, which is facilitated by its ability
to swiftly deform under shear stress. The deformation of erythrocyte is
deﬁned by its apt mechanical properties that are regulated by membrane–cytoskeletal interactions. A defect in such interaction is due to
weakening or unwinding of anastomosis, both at protein and lipid
levels, resulting either in crenation or in invagination of the cell membrane at one or more locations. The phenomenon, ultimately leads to
the loss of membrane components and shedding of some parts of the
membrane, resulting either in microcytosis or in spherocytosis. The
importance of erythrocyte morphological characterization and quantiﬁcation has been argued to be an important tool in predictive and
diagnostic analysis because of its precise nature vis-à-vis health status

as well as disease state and its progression in parallel with the traditional biomarkers [41,2].
There are various studies about in vivo and in vitro erythrocyte
morphological characterization [1–3,26,27]. Nevertheless, majority of
them bypasses the MI calculation, probably due to the lack of reasonably
accurate, fast and easy methods, relative to the conventional time
and labor-intensive microscopic procedure. Additionally, all microscopic studies are subjected to the personal bias that results in erroneous interpretation of microscopic data. The introductions of sophisticated
instruments and automated techniques have resulted in the rapid
advancement of morphological and biophysical characterization of
erythrocytes in clinics and experimental setups. The cell morphology
(in terms of size and shape) and other associated membrane characters
like integrity, elasticity, and roughness of erythrocyte are easy to track,
and thus could serve the purpose of being an indicator of both the
overall well-being and of the progression/recovery under varied pathological conditions. Among the various nanoscale features of the cell,
membrane roughness is highly affected by membrane–cytoskeleton
interaction and is accepted as a signature of a speciﬁc erythrocyte
morphotype. Recent reports vouch for its importance in the study of
structural integrity, aging, etc. [17,21,25] as it follows a speciﬁc pattern
in its course of progression toward spherocytosis, the ultimate and
irreversible morphological response preceding hemolysis.
Quantifying the mean shape of a cell population is really a challenging task till date. To quantify a population, quantiﬁcation at a category
level is fundamentally essential. The major shape derivatives of erythrocyte, were rated with different scoring scales introduced over decades.
Fuji and Tamura [42] had introduced a scoring scale in the range of
[− 4, + 4] with extremes representing spherocytes via stomatocytic
and echinocytic pathways respectively. Discocyte was assigned with
MS =0. Considering four intermediate stages for each pathway, integer

Fig. 6. Correlation plots for (a) highest correlated intra-group parameters (MCV vs. HCT) and (b) the highest correlated parameter with MI.

680

S. Ghosh et al. / Biochimica et Biophysica Acta 1858 (2016) 671–681

values were assigned to represent the intermediate shape responses.
Bessis [7] ﬁrst introduced the original concept of morphological score.
However, the scale was asymmetric with respect to discocyte's position
(MS = 0) within the range of [−1, +5]. Invaginated stomatocytes were
assigned with MS = -1, same as that of the present study. The range of
echinocytic pathway was stretched from 0 to +5 in order to accommodate the four different experimentally observed derivatives. On the
other hand, only the stage-I stomatocyte was included by Bessis in
formulating the scale between discocyte and spherocyte through the
stomatocytic pathway [43]. Therefore, the scale became asymmetric.
In our previous study [11], we have reported a normalized scale in the
range of [− 1, + 1], lumping all the intermediate derivatives either
into echinocyte or into stomatocyte group. In the present nonempirical scale, derived from fRrms;MD g data, the same threshold values
of + 1 and − 1 were retained through the designed transformation
technique for the sake of comparison. Relative to the empirical score, a
deviation of stomatocyte was observed to be at maximum, where
MS(E) was close to its previous score. The observation clearly signiﬁes
that the stomatocyte morphology is close to that of normal discocyte
because large invagination in stomatocytes and central indentation in
discocytes are both concave and geometrically similar. In echinocyte,
the convex spicules are in shape mismatch with both the concave
central invagination and peripheral rim structure of the discocyte.
Therefore, the deviation of MS(E) from MS(D) was found to be much
higher than the respective difference of morphological score between
stomatocyte and discocyte.
Light scattering experiments are being used to assess the size
and surface granularity of particles for more than ﬁfty years. Hoffman
[44] ﬁrst introduced the use of light scattering proﬁles, to generate morphological information of erythrocyte, formally. It was pointed out that
the FSC signal directly corresponds to the cellular volume and from a
multimodal distribution, the FSC signal was observed to approach
unimodality during the well-known process of spherocytosis. Exploring
the transition of bimodal to unimodal distribution in the case of
speciﬁed pathological/experimental condition, Piagnerelli et al. [45]
had introduced a parameter, known as “spherical index” to quantify
the distance between two peaks. Recently, Ahlgrim et al. [46] have
vouched for the application of kurtosis calculated from FSC histogram
as a quantiﬁer of erythrocyte sphericity. However, as also reported in
our previous article, none of the distributions shows distinct bimodality
on BD FACSAria-III platform as reported by others. At the same time, our
primary objective for the present study was not to directly use the statistical parameters of ﬂow cytometry as a sole quantiﬁer of erythrocyte
morphology. Accordingly, we have chosen the best-correlated parameters of any distribution out of height, width and area as independent
variables to express MI through the proposed network model. It is
well known that only two parameters are required to construct any
unimodal proﬁle, whereas bimodality can be functionally expressed
with at least three variables. Therefore, in order to restrict the number
of independent input variables to the network model, the unimodal
distributions of FSC and SSC were prioritized. Same as our previous
analysis, we have found width distributions to be unimodal and hence
have chosen altogether four parameters of the same, two each from
FSC and SSC, as the input variables to the network.
The optimum structure of the network, as applicable for the present
analysis was found to be 4–10–1, with tan-sigmoid transfer function in
all the hidden neurons. Regarding the relative importance of four input
variables, it was found that FSC width parameters are slightly more important relative to that of SSC, though difference was well within 7%. In
general, for any standard cytometric analysis, SSC signals represent the
surface granularity and morphological complexity of a cell, whereas FSC
data is fundamentally related to size. Therefore, it may be inferred that
both size and surface granularity collectively determine the scattered
signal proﬁle. Moreover, the width of a signal in ﬂow cytometry is
monotonic with the time of ﬂight over the laser spot. Accordingly, we
may apprehend the rheological behavior of erythrocyte to be strongly

dependent on the respective morphology, at least for a 70 μm diameter
(nozzle size in a ﬂow cytometer) open jet. It would be interesting to explore the behavior of different morphological derivatives of erythrocyte
in micro capillaries.
The present neural network was found to predict the MI with
reasonably high accuracy even in in vitro studies. Moreover, in the
case of a broad group of cancer patients (Fig. 5c), with varied diversities
in type as well as in stage, the model-predicted MI values were found to
be not only in good agreement with that of experimentally calculated
values, but also have surpassed other hematological parameters of
conventional pathology, in term of its association with the severity
state of the respective disease (supplementary material, part-II). The
proposed technique holds high potential in the diagnosis of diseases,
known to alter the erythrocyte morphology. The analysis may provide
the background to develop the so-called hemato–morphological map
of a disease, which may be highly helpful in clinical investigations.
5. Conclusion
Membrane roughness, an ultrastructural parameter related to cell
morphology, over a sampling area of 1 × 1 μm2, has been used in the
present study to provide a basis in formulating a new, non-empirical
scoring scale representing the major morphotypes of human erythrocytes. For the entire population, the well-known morphological index
(MI), modiﬁed with respect to the new scale deﬁnition, was used to
quantify the average shape information of the same. To avoid the
mainstream microscopic analysis, which is laborious and subjected to
personalized bias, rapidly generable ﬂow cytometric data was conjugated
with MI through an optimized neural network model. The proposed ANN
model was found to simulate the sample MI value with high accuracy.
Moreover, in the cases of cancer patients, highly correlated MI values,
as obtained from the network model, to the severity state of the respective disease clearly demonstrate the novelty of the present method.
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