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stract 

 alterations of red blood cells (RBCs) membrane in many hematological diseases prevent blood

mplish its functions, but how these alterations occur is not completely understood. Hence, 

elopment of a simple and accurate methodology for the characterization of different populations

s is necessary for hematology and clinical diagnosis. In this work, we focus on differ

ologies that affect the hemorheological properties of human beings blood. The results w

ined by studying healthy individuals, anemia and leukemia patient samples. Data analysis involv

use of non-linear methods, based on two different analytical strategies. On one hand, we u

linear mathematical quantifiers (False Nearest Neighbors, Embedding Dimension, May-Sugih

relation, and Hurst Exponent) on ektacytometrically recorded time series measuring the elongat

e-suspended RBCs subjected to well-defined shear stress. On the other hand, we developed

ytical methodology to aid in the diagnosis of those pathologies, based on the box-count

ension from digital images of cells suspensions that were denoised standardly by application

elet Transform. The results allowed preliminary discrimination of different populations stud

 a correlation with its membrane damage.   

words: Hurst Exponent, May and Sugihara, Box-counting dimension, anemia, leukemia, 

d cells. 
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INTRODUCTION 

lood is a type of connective tissue with several biological functions, most of them carried out

blood cells. White blood cells, or leucocytes, are related to functions of the immune system, wh

blood cells (RBCs), or erythrocytes, have as their primary function the transport of oxygen a

on dioxide. For this, RBCs have to travel through capillaries of diameters smaller than themselv

ch leads to a noticeable change in their structure. Consequently, RBCs have unique mechani

erties, which assign them a primary role in determining the rheological behavior of blood [1].

t has been reported that several diseases alter the rheological properties of erythrocy

arently, those changes are responsible for other related pathologies [2,3]. The present rep

ses on the effects that leukemia and anemia produce on RBCs membranes. Our resea

othesis holds that while anemia causes biochemical changes that lead directly to a distortion of 

brane of RBCs, leukemia has a different mechanism of action, which triggers distinct biologi

esses that also lead to alterations of the erythrocyte membranes. 

Leukemia is a cancer of the bone marrow and blood, which is classified into four main types: ac

loid leukemia, chronic myeloid leukemia, acute lymphocytic leukemia (ALL), and chro

phocytic leukemia (CLL). Unlike acute leukemia, that evolves quickly and affects cells that h

fully developed, chronic leukemia tends to progress more slowly, inducing an excessive product

elatively mature white blood cells. In general, these more mature cells can perform some of th

al functions, but they can induce symptoms several months after the early stages of the disea

acute myeloid leukemia, the cancerous alteration begins in a cell in the bone marrow that norma

s RBCs, some types of white blood cells and platelets. Miller and co-workers have reported t

 type of leukemia can arise from degenerated RBCs, which also may manifest morphologi

rations [4]. In the case of CLL or ALL, a direct correlation between this disease and 

phological alteration of RBCs is not found. Nonetheless, several chronic diseases can injury 

brane of RBCs by hyperthermia or when passing through injured tissues, as already shown 

Jo
ur

na
l P

re
-p

ro
of



The th 

rate ons 

of R

A rly, 

iron  of 

hem ath 

or p  or 

feel ing 

anem eir 

defo ed 

[6].

A s is 

used irst 

app est 

Nei nd 

Sug 1], 

and ges 

of R ing 

to th

O . In 

fact yte 

agg ells 

und use 

frac 6]. 

Journal Pre-proof
n, it could be expected a difference between lymphocytic leukemias according to the cell grow

: for CLL, it should be noted a positive correlation among the disease and viscoelastic alterati

BC, while for ALL that correlation should be insignificant. 

nemia is a disease promoted by a decrease in the amount of hemoglobin in the blood. Particula

-deficiency anemia (IDA) is a type caused by lack of iron, an indispensable cofactor

oglobin. Symptoms are often dubious at early stages of the disease, and include shortness of bre

oor ability to exercise. As anemia evolves, most notorious symptoms appear, such as confusion

ing like one is going to pass out. In the last decade, a study shows that the decrease of RBCs dur

ia can be attributed to an increase in membrane stiffness [6]. This would decrease th

rmability, and reduces the ability of the RBCs to pass through the spleen without being remov

  

ccording to both the experimental data and the approach to use, a range of innovative concept

 to describe the manifestation of the complex behavior related to RBCs membranes. For a f

roach, we applied techniques of Time Delay Coordinates suggested by Takens [7], False Near

ghbors proposed by Abarbanel and co-workers [8], correlation coefficient proposed by May a

ihara [9], and Hurst Exponent [10]. While the second approach is based on fractal geometry [1

 wavelet transform [12] to analyze fractal patterns measured at different portions of digital ima

BCs. As discussed below, these techniques enable the discrimination of different groups accord

eir nature. 

ur working group has some experience in the use of the nonlinear quantifiers mentioned so far

, we demonstrated how larval parasites interact with RBCs to generate an altered erythroc

regation through fractal geometry measures or analyzing the Brownian motion from these c

er shear stress in a steady state [13,14]. Indeed, these developments are in line with others that 

tal geometry to make a quantitative description of the erythrocyte aggregation phenomena [15,1
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oncerning the first approach, that for simplicity we will call MSH, it requires obtaining a ti

es that account for the alteration of the erythrocyte membranes. The assumption is that, based

 information, is possible to make inferences about the dynamical nature of the system under stu

se inferences can be made through calculation of the May-Sugihara Correlation Coefficient amo

icted and observed time series through different prediction intervals, at an embedding dimens

re the photometric time series is revealed as chaotic [8]. Finally, the Hurst exponent would all

classification of the recorded dynamic systems according to their Brownian motion (i.e., ordin

ractional Brownian motion) [10]. To evaluate the biological system with all the above quantifie

tometrical time series of cells are recorded under shear stress in a steady state from RBCs samp

atients with CLL, ALL and IDA. The time series were obtained by Ektacytometry techniques us

vice developed and patented by the Group of Applied Optics at Biology from IFIR (CONICE

R) [17,18]. For comparative purposes, the same procedure was carried out for healthy patients.

he second approach is based on the use of fractal dimension to digital analysis of images of RB

r noise reduction with wavelet transform (WT). For simplicity, it will be referred to as WT/BC

hod. In broad terms, a fractal could be defined as a geometric figure which exhibits similar patte

ifferent scales, i.e., a self-similar pattern. Frequently, the parameter used to measure the degree

-similarity is the Fractal Dimension. Beyond the fact that several definitions of fractal dimens

ist [19], there is consensus that box counting procedure is an effective strategy to estimate it [2

 technique can be applied to any data (i.e., points, curves, surfaces, etc.) to obtain the B

nting Dimension (BCD). Indeed, we have already applied this technique to distinguish differ

ps of RBCs according to their nature, discriminating healthy from ill RBCs incubated with Asca

bricoides and Trichinella spiralis extracts [14]. WT is a time-frequency transform that decompo

-dimensional signal into a representation that shows signal details and trends as a function of ti

. It is a unique tool for the treatment of problems related to real physical situations in whic

al contains discontinuities or sharp spikes [12,22,23]. In the present work, WT is employed for 
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essing of images from RBCs in order to reduce noise prior to applying the box-counting meth

 expected that an appropriate wavelet transformation of the images would provide more relia

 values. 

oth methodologies presented in this work allow us to elucidate the effects caused by IDA, C

 ALL over the aggregation of RBCs. In addition, both approaches enable the differentiat

een healthy and ill RBCs by using simple and non-invasive instruments. 

MATERIALS AND METHODS 

Red blood cells and digital image analysis 

very person involved in this work signed a medical informed consent form before participati

 ethics committee of the Universidad Nacional de Rosario has approved this project [24]. 

he samples of human venous blood of red blood cells of Group 0 were obtained from heal

ors, or with any of the pathologies studied (leukemia or anemia). A total of 40 samples w

essed, 10 from healthy individuals, 10 from anemia patients, and 20 from leukemia patients 

CLL and 10 for ALL). They were preserved at 4ºC in a container with Na2EDTA as anticoagul

l they were processed within 24 hours. Whole blood was centrifuged at 800 g during 10 minu

n, plasma and buffer coat were removed. The remaining RBCs were washed three times w

sphate buffer saline (PBS, pH 7.4, 295 ± 8 mOsmol / kg) at 25 ºC. Erythrocyte suspensions w

ined according to the protocols of the International Committee for Standardization on Hematolo

BCs were suspended in 0.13% autologous plasma and maintained at rest for 5 minutes to all

regation. RBCs samples were examined in a concave optical inverted microscope slide (Un

ical, Japan). The photos for each of the samples (40 images in total) were obtained by duplic

 a digital camera (Canon Powershot A640, objective: 40X). The size of the images was 1280×9
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ls. 

Time series 

ime series were acquired with the Erythrocyte Rheometer (ER), an instrument based on 

cytometry methodology. By means of the ER, quantitative information is obtained from diffract

icles, such as suspended RBCs, when subjected to light diffraction under Fraunhofer the

ditions [25].  

he ER has two plane disks, both of them made by flint glass, superposed, coaxials, parallels, a

zontals. Suspensions of RBCs are placed between those disks. The driving motor is coupled to 

er disk by two helicoidally gears, allowing the rotational disk to start or stop rotation shortly

te suspension of cells under shear stress takes a three-axial ellipsoidal shape, with the major a

he same direction towards the shear field direction. Therefore, if a laser beam is pas

endicularly through a thin layer of cells suspension, a Fraunhofer diffraction pattern is produc

 diffraction pattern is circular when the cells are at rest, and elliptical when they deformed b

r stress field. The diffraction pattern is detected on a ground glass screen. A 5 mW HeNe lase

t source is used to perform this task. Diffracted intensity from long and short axes of the ellipti

raction pattern falls inside a masked photomultiplier tube (PMT), after passing through a t

ight slot in the mask placed exactly on the corresponding axis of the elliptical pattern. The PM

al output can be transmitted to a microammeter, where two values of electrical current can

sured. Finally, the data is stored for their processing in time series with 5461 points. 

he time series can be divided into two portions, which relates to the moment when erythrocy

subjected to shear stress [26-28]. For numerical methods, only the second part (3500 points) 

 used. 

igure 1 shows a partial flowchart of the ER used to generate a typical time series for the cr

ess from healthy control samples obtained with the ER, as well as the Fraunhofer diffract
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erns for rest condition and under shear stress. For further details, see the reference [17]. 

 

re 1. Partial flowchart of Erythrocyte Rheometer and a typical time series from the creep process of erythrocytes un
r stress and Fraunhofer diffraction patterns under shear stress. In the plot is shown the portion of the time series 
500 points) that are used in our method (highlighted in black line).  

 Software 

he algorithms for estimate the quantifiers were developed in two different programm

uages, R [29] and MATLAB [30]; and are at disposal if required. 

mages were processed with the software Fractalyse [31], in order to calculate the Frac

ension (BCD), according to an iterative principle based on the Box-Counting method. Bef

essing, the images were filtered using a Wavelet Toolbox [32] from MATLAB.  

DATA ANALYSIS  

MSH METHOD 

he MSH method involves performing the following steps: (1) determining the embedd

ension (E) of the underlying attractor in the data series through the percentage of False Near

ghbors technique, (2) estimate the May-Sugihara coefficient from the E value, and (3) to use t
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ficient to calculate the Hurst exponent from each sample. The techniques used for the differ

s of the method are well documented [7-9,33], therefore they are not discussed in detail he

etheless, a detailed description of each technique is given in Supplementary Material section. H

nly presented a detailed description of the relation between the Hurst exponent and the M

ihara coefficient since this link is less explored. 

rownian motion is the random movement of the particles after colliding with the molecules i

 medium. Ordinary Brownian motion is among the most common stochastic processes and

ely related to the normal distribution. Its central feature is that the past increments in the parti

lacements are uncorrelated with future increments. To describe this behavior is said that the syst

no memory. On the other hand, in a correlated random walk (fractional Brownian motion), p

lacements are correlated with future ones, at least for the first steps of the process. In some of th

s, there is a tendency to return to the place of origin hence the displacements become m

cate, leading to auto-intersections. Consequently, these systems have memory.  

urst Exponent is a measure, which allows differentiating between time series from a rand

ess and from one that has underlying tendencies, i.e., if time series portrays an ordinary

tional Brownian motion [34]. This exponent is related to time-dependent functions Y(t) accord

𝒀ሺ𝒕ሻ ൌ 𝝀ି𝑯𝒙ሺ𝝀𝒕ሻ                                                        

re is a positive number and H is the Hurst exponent, which measures the type of correlat

itive or negative) when the increments are Y(ti)=x(ti+1)–x(ti), whit x as the observed magnitu

 Eq. (1) indicates that the time series is self-affine since the fluctuations in different scales can

aled in order to obtain the original signal [35]. 

ens Feder proposed a relation between the correlation coefficient of May and Sugih

s(Y,Y*)>)  and the Hurst exponent to processes that satisfy the self-affinity property [10],  
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൏ 𝐂𝒔ሺ𝐘,𝐘∗ሻ ൐ൌ ழ∆𝒀ሺ𝒕ሻ∆𝒀∗ሺ𝒕ሻவ

ழ|∆𝒀ሺ𝒕ሻ|𝟐வ
ൌ 𝟐𝟐𝑯ି𝟏 െ 𝟏                           

q. (2), <Cs(Y,Y*)> is the correlation function between Y(t) of the real series and Y*(t) for 

icted one, which is estimated as discussed in Supplementary Material section. As demonstrated

delbrot [19] and as follows from Eq. (2), the value of the Hurst exponent is bounded betwee

 1. In particular, if <Cs(Y,Y*)> is equal to 0, then H = 0.5. This result indicates that the increme

isplacement are statistically independent, what is expected for ordinary Brownian moti

erwise, if <Cs(Y,Y*)>0 indicates that one of the following situations may be occurring. On 

 hand, past and future increments can be positively correlated. This behavior is described

istent fractional Brownian motion. In that case, H> 0.5. On the contrary, if H< 0.5, past and fut

ements are negatively correlated. This behavior is known as anti-persistent fractional Brown

ion.  

further details on the techniques used to develop the MSH method, see Supplementary Mate

ion. The algorithm for the estimation of the May-Sugihara coefficient (and R pseudo-code scr

so described in detail there. 

 WT/BCD METHOD 

1 Box-Counting Dimension 

f the analyzed images enclose a fractal pattern, i.e., basic fragmented or apparently irregu

metric structures are repeated at any scale. Then, it is possible to use that information to class

samples. The fractal pattern can be measured through the Fractal dimension of the image. Althou

 cannot be exactly measured, several ways of doing so have been proposed [19,20,36,37]. In t

k, fractal dimension is estimated through box-counting technique. For its implementation, 

wing generalization of the Euclidean dimension calculation is proposed: 

N(L) LD =1D = log (N(L))/log(1/L)                           
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re N(L) represents the number of boxes of side L required to cover the object. For a geome

ct of dimension 2, for example, a square, the equation is valid for D = 2 for any pair of L and N(

the contrary, a fractal object does not satisfy the equation for an integer value of D. However, 

-counting dimension (BCD) can glimpse when the portions of the geometric shapes 

mmodated and distributed in an image [36]. The potential fractal must be placed on a uniform

ed grid, with cells of size L2, and then it is counted how many boxes are required to cover 

ct. The BCD is obtained by refining the grid, according to Eq. (4):  

         D ൌ lim
୐→଴

୪୭୥୒ሺ୐ሻ

୪୭୥ ሺభ
ై
ሻ

                                                             

igure 2 illustrates the box-counting algorithm procedure. For their description are contras

ges from two samples of different nature: a healthy patient, and an IDA patient. Before processi

images are binarized in black and white as required by the Fractalize software. The boxes requi

over the object are indicated as full boxes, while an empty box indicates that there is no informat

ut the fractal object on it. The output is a plot where abscissas represent the values of the logarith

eciprocal L, and ordinates correspond to the logarithm of N. Therefore, the slope of this log-

 is the estimation of BCD. 

igure 2. Schematic representation of the Box-Counting method applied to typical samples from healthy and IDA
ients. For the binarized RBCs original images, Fractalize first modifies their contrast. Then, the method implemen
veral guide-grid at different L levels in powers of 2 (from 2 to 1024) to build the corresponding Box-Counting plo

The highest value of L is bounded by the size of the processed image (1280×960 pixels). 
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2 Wavelet Transform 

avelet transform is already a mature technique and is well documented [12], and therefore i

described herein with much detail. It was chosen because in a preliminary analysis it was observ

 certain artifacts or noise of the image could cause an error in the estimation of the BCD. T

ess to remove noise (“denoising”) from an image is based on the decomposition of the data i

of wavelets and then in the selection of a threshold value in order to select the appropri

ficients to reconstruct the signal. Since wavelets find features in the data at different scales, i

ible to preserve important image details while removing noise. The central idea behind wave

oising –or wavelet thresholding– is that the wavelet transform leads to sparse representation 

ral real images, concentrating key image features in a few large magnitude wavelet coefficien

ll wavelet coefficients are noisy and are possible to remove without distorting the image. The d

constructed using the inverse wavelet transform after applying a suitable threshold to wave

ficients. 

hile there is no method to choose the wavelet that best fits each signal, the selection of the pro

elet is an important factor to consider. In this work, bi-orthogonal wavelets (order 3, level 6

e used since they presented better results in the reconstruction of the images from their inve

elet transform without modifying the main features of the processed images. 

RESULTS AND DISCUSSION 

MSH method 

 use of photometric series for the analysis of the deformability of RBCs is carried out by apply

linear quantifiers. They can determine if randomness is inherent to system dynamics or

surement process, unraveling the noise from the relevant information and providing furt

ghts into the underlying RBCs deformation mechanisms [13]. 
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y the very beginning, the first differences (xt+1– xt) were applied to clean the series in order

ce the autocorrelation. Then, both the technique of time-delay coordinates proposed by Tak

 the Abarbanel method of false nearest neighbors were applied to portrait the process dynamics

proper phase space in the appropriate embedding dimension, as explained in Section 3 a

plementary Material section. Figure 3 shows the %FNN of eight embedding dimensi

secutively increased for every sample. In all cases, when plotting the dynamics in a phase space

6, the %FNN is below 1%. Therefore, the system attractor is completely unfolded for an embedd

ension of 6. From this value (E = 6), the May-Sugihara coefficient can be calculated. For furt

ils about the link between the embedding dimension and the May-Sugihara coefficient, 

plementary Material section. 

 

Figure 3.  Embedding dimension E vs. %FNN. Inset: %FNN for E = 5, 6 and 7. 

 

igure 4 shows the May and Sugihara coefficients computed for the different samples at seve

elation steps. It can be observed differences between RBCs samples from CLL when compared

, ALL or healthy patients. When analyzing the second and third step, IDA and ALL samp

ided lower correlation coefficients than CLL, showing a similar behavior to healthy samples (F

). By increasing the number of steps, that correlation can be distorted since the series could be d
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 uncorrelated additive noise. 

 

re 4. A) Correlation coefficient versus steps (s) for RBC from CLL (blue triangles), ALL (pink diamonds), IDA (g
es), and healthy patients (red squares). Blue solid line, dash-dotted line, black dashed line, and red dotted line indi
verage values of CLL, ALL, IDA and healthy patients, respectively. B) The same figure, highlighting the step two
. The embedding dimension used in each case was E = 6. 

s a first interpretation, the fluctuations for the erythrocyte membranes subjected to a mechani

r stress seem to have different behavior for the analyzed diseases. In fact, the prediction for ID
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LL samples, as measured by <Cs(Y,Y*)>, indicates that there is no systematic depende

een experimental and expected values as s increases. By comparing this outcome with 

avior of healthy patients (Fig. 4, red squares, red dotted line), it is observed that the erythroc

branes affected by IDA or ALL have a very similar behavior to RBC membranes without injur

the other hand, for the CLL samples, the <Cs(Y,Y*)> does not decrease with increasing s. As s

ve, this behavior is typical of a chaotic dynamic. 

Table 1: Mean Hurst Exponent for all the RBC samples 

Samples a 
Hurst b 

(s=2) 

Hurst b 

(s=3) 

Hurst b 

(s=4) 

Hurst b 

(s=5) 

Hurst b 

(s=6) 

Hurst b 

(s=7) 

Hurst b 

(s=8) 

Hurst b 

(s=9) 

Healthy 

 

t c  

 

0.49 

(0.02) 

0.58 

0.54 

(0.01) 

0.47 

(0.03) 

0.46 

(0.06) 

0.53 

(0.02) 

0.67 

(0.05) 

0.56 

(0.06) 

0.77 

(0.03) 

 

Leukemia         

(CLL) 

 

t c 

0.60 

(0.04) 

6.68 

0.63 

(0.07) 

0.53 

(0.06) 

0.58 

(0.05) 

0.55 

(0.08) 

0.39 

(0.12) 

0.77 

(0.08) 

0.67 

(0.09) 

 

(ALL) 

 

t c 

 

0.50 

(0.04) 

0.28 

0.55 

(0.01) 

0.52 

(0.06) 

0.57 

(0.13) 

0.59 

(0.05) 

0.61 

(0.13) 

0.52 

(0.01) 

0.78 

(0.07) 

 

Anemia 

(IDA) 

 

t c 

 

0.49 

(0.02) 

1.22 

 

0.54 

(0.02) 

 

 

0.49 

(0.07) 

 

 

0.49 

(0.11) 

 

 

0.54 

(0.05) 

 

 

0.63 

(0.14) 

 

 

0.53 

(0.10) 

 

 

0.76 

(0.05) 

 
a The number of samples for each group is n = 10. 
b Mean of Hurst exponents H. In parentheses, the standard deviation. 
c Student’s t to define if the average value of H for each sample group is significantly different of 0.5 
for s=2. Critical t-value for n–1 degrees of freedom at a 95% significance level is tcrit(0.05,9) = 2.26. 

able 1 shows the mean Hurst exponents for all the RBCs samples from s = 2 to s = 9. Values o

tep 2 is highlighted. To corroborate whether the fluctuation dynamics of the RBC membranes h

erent Brownian behavior for each group of samples according to the H value for s=2, a Studen
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was used. The null hypothesis corresponds to an ordinary Brownian motion (i.e., H ca. 0.5) wh

alternative hypothesis corresponds to H ≠ 0.5. The t values obtained for n-1 degree of freed

ere n is the number of evaluated levels) at 95% of significance for healthy, ALL, and IDA patien

es with the corresponding tabulated value (tcrit(0.05,9) =2.26), that is, they are all less than this val

 means that for healthy, ALL and IDA patients the dynamics for the membrane fluctuations sho

lassified as an ordinary Brownian motion, where statistical properties such as invariance or ran

not related at all. This result suggests that the injuries in the erythrocyte membranes produced

IDA disease do not have a direct effect on the rheological properties of the blood, as shown

ious sections. On the contrary, for RBCs samples from CLL patients the observed t-value (6.6

cates that the dynamic of the process could be described as a fractional Brownian motion (H≠0

lso, a t-test was performed to determine the type of fractional Brownian motion corresponding

LCC samples. In this case, the alternative hypothesis is H > 0.5 (i.e., fractional Brownian mot

 persistent nature). The statistical test result (p < 0.01) indicates that the LCC samples hav

istent fractional Brownian motion. The effect of this behavior causing a less dense diffusion th

rdinary Brownian counterpart. This result could indicate that the dynamics of the stress proc

ides useful information about how the evaluated disease can produce an alteration on 

oelastic properties of the blood in a short time. In addition, a clear difference can be drawn

ents with leukocytic leukemia of different cell growth rates. Thus, it would appear that the injur

not correlated with an alteration in the viscoelastic properties of the blood for patients with AL

 result is in line with the previously discussed, i.e., the quick progress of the disease could prev

processes that lead to morphological changes in the RBCs in those pathologies.  

inally, for values of s greater than or equal to 3, the relation between the dynamics of the proc

 the Hurst Exponent becomes less clear, as well as the coefficient of May and Sugihara. In all 

ied samples, the erratic behavior of Hurst exponent for higher May and Sugihara Correlat

es can be explained by the fact that the estimation of this one tends to lose correlation. 
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WT/BCD 

n Fig. 5 are shown several images obtained from RBCs suspensions corresponding to blo

ples from healthy patients, IDA and leukocytic leukemia patients. The first column presents r

ures; the second column, the black and white transformed pictures, whereas the third column sho

pictures after applying a wavelet filter. 

 

gure 5. Images of several RBC samples, corresponding to a healthy patient, an ALL patient, a CLL patient, and a
 patient at 40×magnification. The first column shows the original pictures, the second column shows the black a

ite processed images, as they are used in the box-counting algorithm, and the third column presents the same imag
filtered with the wavelet transform. 

lack and white pictures do not show observable changes among the images corresponding to e

p. However, as discussed below, the wavelet transform decreases the dispersion of estimated B

Jo
ur

na
l P

re
-p

ro
of



valu gh 

this ate 

clas the 

rheo

F thy 

and

F  
dise xes 

c  

I rm 

is an the 

BCD ent 

grou eir 

inte

A the 

Journal Pre-proof
es since the noise reduction promote a decrease in the error of Box-Counting method, even thou

 result does not arise from the general image analysis. This outcome could allow a more appropri

sification of the samples according to the alteration caused by the studied diseases on 

logical properties of blood. 

igure 6 shows the box and whisker plots for BCD values obtained for RBC images from heal

 disease patients, processed with wavelet transform and without pre-processing step. 

 
igure 6. Box and whisker plots for Box-Counting Dimensions (BCD) obtained for RBC images from healthy and

ase patients. Gray boxes correspond to the images processed with wavelet transform (WT/BCD), and the white bo
orrespond to the same images without wavelet transform. For each case, the boxes are bounded by 25% and 75%

quartiles with the median inside, whereas the extreme levels correspond to 5% and 95% quartiles. 

 

n the first place, the results indicate that the processing of the images with the wavelet transfo

 adequate option to differentiate the samples since the box and whisker plots corresponding to 

 values of the transformed images indicate clear differences according to the examined pati

p (gray boxes, Fig. 6).  In contrast, the median BCD values of the untransformed images and th

rquartile ranges are approximately the same for all sample groups (white boxes, Fig. 6). 

ccording to the results of the WT/BCD method, there is an appreciable difference between 
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ians BCD values of the healthy patients (1.42) and the disease patients (1.63 for IDA, 1.62 

, and 1.57 for ALL). On the other hand, the interquartile ranges corresponding to the IDA, LC

 ALL samples (0.10, 0.05, and 0.02, respectively) are lower than the samples of healthy patie

8). Besides, the first quartiles of these groups (1.58, 1.59, and 1.57, respectively) are higher th

third quartile of the healthy patients (1.56), which indicates that the WT/BCD method co

riminate the samples according to their nature or, at least, separate healthy patients from dise

s. At all events, it is verified that the wavelet transform can adequately fix artifacts in images t

lead to erroneous BCD measurements, as proposed above. 

rom these observations, three groups could be proposed: healthy RBC samples, ALL samples, a

-CLL samples. Statistical non-parametric tests were performed to test this hypothesis. Leven

showed that the variances corresponding to IDA-CLL were statistically different (p < 0.01) fr

ones obtained for the other samples, confirming our hypothesis. Dunn’s test, however, allowed

lassify the samples in only two groups according to their BCD mean values (p < 0.01): IDA, C

ples are grouped together and is proved that statistically differences appeared for healthy, and A

ples. 

n summary, the methodology described could be used to distinguish among different blo

ases that affect RBC through image analysis, even when these did not show noticeable vis

ges. Interestingly, the Dunn’s test suggests that the mechanical injuries that produce the chro

ases on the RBCs are not observed in real diseases, as discussed in the introduction. The meth

ented in this study suggest that acute leukemia does not produce significant changes in the behav

e RBCs concerning the healthy patients used as control. 

CONCLUSIONS 

wo simple methods based on nonlinear analysis have been developed to explain the behavior o

plex biological system. Both proved to be helpful in the understanding of how several patholog
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ct the RBCs. Furthermore, their instrumental simplicity converts them into promising diagno

rnatives.  

oth methods complement each other to provide answers to the aims of the work. On one hand

 possible to discriminate the type of blood disorder with a quantifier that measures the syst

ree of complexity by analyzing photometrical recorded series from erythrocytes subjected to sh

ss. On the other hand, it was possible to discriminate samples according to their pathologies throu

ysis of fractal images. 

pecifically, the MSH method links a dynamical process that describes the RBC membr

tuations, portrayed by a photometrical recorded time series, with an embedding dimension E

elation coefficient of May and Sugihara, and a Hurst Exponent. While all series have the sa

edding dimension (E = 6), the other quantifiers yield promising results: the patients with CLL 

iscriminated from healthy donors and patients with ALL and IDA. These results were obtain

 the different patterns observed: chaotic behavior in CLL patients, in contrast to random dynam

IDA, ALL and healthy control samples. 

inally, the WT/BCD method allowed us to statistically differentiate the IDA – CLL samples fr

thy donors and ALL ones depending on their fractal aggregation patterns. Although it could

ssary to analyze more data to obtain reliable diagnostic information, this can be easily achiev

e this method requires simple equipment (a non-professional camera), resulting in a via

rnative tool for screening and diagnosis in low-resources laboratories. 
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