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ABSTRACT

Knowledge of the optical properties of blood plays important role in medical diagnostics and
therapeutic applications in laser medicine. In this paper, we present a very rapid and accurate
artificial intelligent approach using Dragonfly Algorithm/Support Vector Machine models to esti-
mate the optical properties of blood, specifically the absorption coefficient, and the scattering
coefficient using key parameters such as wavelength (nm), hematocrit percentage (%), and sat-
uration of oxygen (%), in building very highly accurate Dragonfly Algorithm-Support Vector
Regression models (DA-SVR). 1000 training and testing sets were selected in the wavelength
range of 250-1200 nm and the hematocrit of 0-100%. The performance of the proposed method
is characterized by high accuracy indicated in the correlation coefficients (R) of 0.9994 and
0.9957 for absorption and scattering coefficients, respectively. In addition, the root mean
squared error values (RMSE) of 0.972 and 2.9193, as well as low mean absolute error values
(MAE) of 0.2173 and 0.2423, this result showed a strong match with the experimental data. The
models can be used to accurately predict the absorption and scattering coefficients of blood,
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and provide a reliable reference for future studies on the optical properties of human blood.

1. Introduction

The optical properties of blood, are important param-
eters in biomedical optics, and have been extensively
studied in the literature. Hemoglobin (HB), the main
component of blood, allows the transport of oxygen
from the lungs to the human tissues and plays a cru-
cial role in the optical properties of blood. The
absorption and scattering properties of hemoglobin
depend on numerous physiological and biochemical
parameters, including its concentration, hematocrit
HCT (the volume fraction of red blood cells in
blood), oxygen saturation (the percentage of hemoglo-
bin that is bound to oxygen), and other parameters.
(Faber et al. 2004; Friebel and Meinke 2005; Friebel
et al. 2009).

Various experimental techniques have been used to
measure the optical properties of blood, such as spectro-
photometry, spectroradiometry, and reflectance/trans-
These typically

involve measuring the intensity of light before and after

mission measurements. techniques

passing through or interacting with blood, and then

using mathematical models to extract the absorption
and scattering properties of blood.

Friebel and Meinke (2005) determined the absorp-
tion coefficient of blood by transmittance measure-
ments that have given by Beer-Lambert’s law:
T = exp(—p,d) where d is the thickness of the sam-
ple. The integrating sphere measurements and inverse
Monte Carlo simulations have been made by Friebel
et al. (2006) for highly diluted blood. Roggan et al.
(1999) and Yaroslavsky et al. (1996) measured p, and
ls of human blood, their results showing that blood
absorption followed the absorption behavior of Hb
and water. Some studies performed the scattering and
absorption cross sections using Mie theory, and
Rayleigh-Gans approximation (Hammer et al. 1998).

The effect of optical properties of platelets and
plasma on the optical behavior of whole blood was
investigated by Meinke et al. (2007a, b), their results
showed that the optical properties of red blood cells
(RBCs) are greater compared to the other blood com-
ponents; it is important to take this into account
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when making statements concerning the optical
parameters of whole blood.

Until the present, it is regrettable that only a few
theoretical and experimental studies on the optical
properties of blood have reliable results as evidenced
by the discrepancies in the findings reported in the
literature, these might be caused by the various
experimental techniques and measurement devices
used in these works. (Zhernovaya et al. 2011; Yahya
and Saghir 2016). In addition, there are several limita-
tions and challenges in measuring the optical proper-
ties of blood. One major challenge is the potential
issues related to aggregation of red blood cells at high
concentrations, which can alter the scattering proper-
ties of blood and affect the accuracy of measurement
results. Another challenge is the absorption of light
by other chromophores in blood, such as water, lip-
ids, and other proteins, which can interfere with
measurement of optical properties of blood is also
affected by the wavelength range of interest. As well,
physiological and biochemical factors, such as pH,
temperature that can cause changes in optical behav-
ior of blood, (as higher temperature leads to damage
to the shape of the red blood cells RBCs from disc-
shaped to spherical, denaturation, and aggregation of
blood), and the presence of other chemicals, can also
affect the optical properties of blood and introduce
variability in the measurement results. (Nilsson et al.
1997; Mordon et al. 2005; Steinke and Shepherd
1992). Higher hemoglobin concentration, hematocrit,
and oxygen saturation generally result in higher
absorption of light by blood, particularly in the visible
range. In the near infrared range, the absorption is
lower, but scattering is still significant, which can also
impact the accuracy of measurement results (Nilsson
et al. 1997; Mordon et al. 2005; Fu et al. 2011).

The detailed understanding of the interaction
between light and blood is pivotal in various medical
applications, including routine medical diagnostics,
hematology, cardiac surgery, and therapeutic applica-
tions in laser medicine (Sardar and Levy 1998; Sardar
et al. 2007; Jacques 2013). Additionally, optical techni-
ques such as optical tomography, optical biopsy,
diaphanoscopic, laser-induced thermotherapy, and
others, heavily rely on the optical properties of blood
to assess light distribution in blood-perfused tissues
(Roggan et al. 1999; Jin et al. 2006). The absorption
(Ma) and scattering (us) properties of hemoglobin are
particularly valuable in these techniques as they pro-
vide insights into biophysical cell parameters and
shed light on blood cell diseases, including cancer
(Prince and Malarvizhi 2010). However, despite their

significance, there is limited scientific research avail-
able in the literature on the absorption and scattering
properties of blood, in contrast to the widely studied
and estimated the refractive index using various
machine learning approaches. (Yahya and Saghir
2016; Oyehan et al. 2018; Alade et al. 2018;
Oduncuoglu 2021; Rakhshani and Mansouri-Birjandi
2017; Alizamir et al. 2022).

Additionally, some of these techniques do not con-
sider the most important factors that influence the
optical properties, key examples include the oxygen
saturation (SO2), and hematocrit (HCT). To fill this
gap, it is necessary to develop new and accurately
strategy that can be reliably used to estimate the
optical properties of blood.

According to what addressed before, machine
learning (ML) approaches have demonstrated their
predictive power in solving challenging issues in
diverse fields including chemical and biomedical
engineering, petroleum industry, water purification,
and environment protection (Al-Jamimi et al.2019;
Alade et al.2019; Wang et al. 2012; Al-Jamimi et al.
2018; Saleh 2021).

The aim of this work is to develop Dragonfly
Algorithm/Support Vector Regression (DA-SVR)
models to predict the optical properties of human
blood, specifically, the absorption coefficient (p,) and
the scattering coefficient (1), using the previous
physiological and biochemical parameters for the first
time, which makes the models can be easily used in
the full range of wavelengths with flexibility, and have
the potential to be used for the real world applica-
tions in various fields, ranging from non-invasive
blood monitoring, medical diagnostics (anemia, dia-
betes, and cancer) (Zhernovaya et al.2007; Prince and
Malarvizhi 2010) which are associated with changes
in blood optical properties, drug development, bio-
medical research, to clinical decision support, and can
contribute to advancements in healthcare and medical
technologies.

2. Materials and methods

2.1. Description of the support Vector machine
regression

The SVM is one of the powerful machine learning
techniques, based on statistical learning theory (SLT)
which is proposed by Vapnik and Corte (Vladimir
Vapnik 1995; Boser et al. 1992) it is a reliable algo-
rithm for the classification and regression of linear
and non-linear problems (Drucker et al. 1997) in the
principle of structural risk minimization (SRM)
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instead of empirical risk minimization based Neural
networks (Byvatov et al. 2003), this improves the abil-
ity of SVR in prediction even when the dataset and
their descriptors are few (Benimam et al. 2020; Ibrir
et al. 2021; Hariharan et al. 2018; Hung and Chiu
2017).

Given a training dataset (x;, y;) with i=1,2...n, %,
and y represent the model inputs and output, and n
is the number of data points.

The objective of support vector regression is to
find a regression function to produce the target ¥ it
can be estimated by

¥ =o0".0x) +b (1)

where @ represents the nonlinear function, w is a
weight vector that can be adjusted, and b is the bias
which is the scaler. To find the minimum error or
deviation ¢, the smallest weight vector must be found
by minimizing the ||o||* and measuring the same per-
missible deviation on non-negative slack variable €
and &* representing upper and lower learning errors,
this leads to the following expression:

S N
M1n1m1se:§ |w|]* 4+ C Zi:1(8i+ ) (2)

. {yi—}”/i:yi—(wT.Q(x)+b)§8+£i

subject to < 7. r
y—yi=(0".0(x)+b)—yi<e+eg
The constant C > 0 is called penalty parameter

or regularized parameter that measures the trade-off
between the complexity of the model and empirical
error (He et al. 2014), according to the method of
Lagrange multiples, (L) the above optimization prob-
lem in Equation (2) can be solved to transform it into
dual variables (w; C; &; £¥):

Min

Yy (o) > (o)

S ) (54 o o) @)

Subject to > (2~o/) =0 (i=1,2...N)
0<(m—a') <C

where o and o are Lagrange multipliers. Which are
solved by a standard quadratic programming algo-
rithm, then the regression function becomes

F =" (o~ ok (xnx) +b (4)

where (o; - o) # 0, o; and o’ are support vectors, N
is the number of support vectors, b is the bias, and
the kernel function k, which facilitates solving non-

linear problems linearly, it is a measure of similarities
between input vectors in feature space (Smola et al.
1998)

k (Xi,Xj) =0 (Xi)T® (XJ> (5)

There are three different kernel functions that have a
significant effect on the SVM’s effectiveness (Amari
and Wu 1999) which are;

e Linear, k (x;, x)) = (x;, x)) (6)
e Polynomial, k (x; x)) = [y (x;, ;) +1]*y>0 (7)
e Gaussian or radial basis function (RBF)

x> x1[°) (8)

k (Xi> %) = exp(—y.

where d, is the degree of the polynomial, and y is the
kernel parameter

2.2. Dragonfly algorithm

Recently, Meta-heuristic algorithms have been used to
optimize the SVM’s parameters, such as genetic algo-
rithm (GA) (Xie et al. 2019), particle swarm optimization
(PSO) (Li et al. 2020), and the dragonfly algorithm (DA)
(Moussa et al. 2022), which is proposed by Mirjalili
(2016) based on the natural swarming behaviors of drag-
onflies, both static and dynamic (Chatterjee et al. 2022).

The Dragonfly Algorithm is based on the collective
behavior and movement patterns of dragonflies,
which exhibit both exploration and exploitation
behaviors. The algorithm begins with an initial popu-
lation of dragonflies, each representing a potential
solution to the optimization problem. These dragon-
flies move in the search space, exploring different sol-
utions and exploiting promising areas to find the
optimal solution. The population of dragonfly demon-
strates five behaviors: separation, alignment, cohesion,
foraging and evading enemies or predators, the fol-
lowing mathematical models with Eqs (9) -(13)
describe these behaviors.

e The separation (S), is to avoid collision in the
neighborhood:

N .
&:—E;ﬂX—& 9)

where X represents the position of the current
individual, Xj is the position in the neighborhood
individual j, and N is the total number of close
individuals.

e Alignment principal (A), represents the identical
speed of the members existing in the same group,
and it is expressed as follows:
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A= <ZjN:1 Vj/N) (10)

Where Vj is the velocity of the j™ neighboring
individual.

e The cohesion (C): is relied on the Attraction of
individuals towards the center of the mass of the
neighborhood, and it is described as follows:

C= <271Xj/N) ' (11)

o The foraging behavior (F), the following equation
determines the attraction to a food source, with
X" representing the location of the food.

Fi = Xt—X (12)

e The behavior of eluding enemies (E) is described
as follows:

Ei = X+X (13)

X" Represents the position of the enemy.

The localization of an artificial dragonfly is the sum
of its positions X and it step AX, expressed as:

Xep1 = Xi + AXi (14)
and it is shown in the following equation:
AXi 1 = sSi+ adAi+ cC —|—fFi + eE; + wAX; (15)

Where s is the separation weight and S; is the separ-
ation for X; noting a is the alignment weight, A; is the
alignment of i™ individual, ¢ indicates the cohesion
weight, C; is the cohesion of the i™ individual, F; is the
food attraction of i™ individual and f is the food par-
ameter, e is the enemy factor and F; is the enemy’s loca-
tion of individual dragonfly, w is the inertia weight, and
t is the iteration counter (Mirjalili 2016).

The advantages of using the Dragonfly Algorithm
include:

o Efficiency: The Dragonfly Algorithm efficiently
explores the search space and converges towards
optimal solutions by leveraging the collective
behavior and movement patterns of dragonflies.

o Flexibility: The algorithm can be easily adapted
and applied to various optimization problems due
to its adaptive behavior and ability to search in the
full range of wavelengths.

e Robustness: The Dragonfly Algorithm is less
likely to get trapped in local optima due to its
combination of random search and directed

flight strategies, making it a robust optimization

technique.

e Scalability: The algorithm can handle large-scale
optimization problems with a large number of var-
iables and constraints, making it suitable for com-
plex biomedical engineering applications (Mirjalili
2016).

The comparison of DA-SVM performance with
existing approaches such as PSO-SVM GA-SVM algo-
rithms, the results revealed that the DA-SVM
achieved competitive results of searching the optimal
SVM parameters to improve the classification accur-
acy (Tharwat et al. 2017).

2.3. Description of the datasets collection and
computational methodology

In this work, experimental data of the absorption and
scattering coefficients of human blood were compiled
averages from literature, in case tabulated data, and
using the Get Data Graph Digitizer program
(Bosschaart et al. 2014; Roggan et al. 1999) to build
the models. These data were considered sufficient in
building a reliable model because of repeatability of
the results. Their blood samples were obtained from
adults and healthy donors, fresh erythrocytes were
centrifugated three times and washed in phosphate
buffer solution (300mosmol/L, pH7.4). The hemato-
crit, which serves as an essential marker for the con-
centration of red blood cells, was precisely measured
by employing dilution techniques with phosphate buf-
fer to yield a diverse range of values up to 70%. They
used Light microscopy to make sure that the samples
were not hemolyzed or deformed, and the blood was
mixed gently with a laminar flow, and the oxygen sat-
uration was controlled by a blood oximeter and var-
ied by a continuous flow of a mixture of O,, N,, and
CO, through a modified membrane oxygenator, it is
noteworthy that the experimental set up was carried
out at constant temperature 20 C°. It is known that
the optical properties of scattering and absorption
media cannot be measured directly, they were
determined by a double integrating sphere technique,
evaluating the diffuse backscattering Ry, the total
transmission T.

It should be mentioned that all computations for
this paper were done on MATLAB 2019b, each of the
two datasets was split into two parts; 80% of the ran-
domly chosen data points were used to train the DA-
SVR model, while the remaining 20% were used to
validate the performance of the models developed.
800 out of the 1000 data points were used to train the
machine and the remaining 200 data points were
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used to test the performance of the models. We used
the radial basis function (RBF), particularly the
Gaussian kernel type, renowned for its higher per-
formance (Wang et al. 2003). The procedures fol-
lowed by the proposed DA-SVM are presented in
Figure 1. Before starting iterations, initialization DA
parameters, the position vector and step vector is
required, and setting the maximum number of iter-
ation (100 iterations), population size (30), upper and
lower boundaries of particles (500 and 300, respect-
f— min

max— min’
where f is the original value, min and max are the
lower and upper bounds of the feature value, respect-
ively, and f is the scaled value. The DA is determined
when the maximum number of iterations are attained.
this unique optimization strategy was able to effect-
ively optimize the parameters of our model and
achieve superior performance compared to other

Start with
ample data

| Normalization of data ‘

ively). The data normalized as follows, f =

Initialize DA
parameters (c, [ Training data ] [Testing data ]
g, and g)
Training SVM
Training SVM
Change
population
Evaluate the fitness
function RMSE
No i
satls_fy s Save the best
stopping SUM

iterion2

Figure 1. Flowchart of the DA-SVM process.

Table 1. Optimal DA-SVM parameters obtained.

Optimized SVR Absorption Scattering
parameters coefficient coefficient
C 435 435
Kernel parameter 0.1 0.1046
Epsilon 0.6 0.6
Kernel function Gaussian Gaussian

traditional optimization techniques. After the full
search, the optimal parameters of DA-SVM models
are shown in Table 1.

3. Results

Proper use and interpretation of statistical parameters
are crucial in research as they provide quantitative
evidence to support research findings, facilitate com-
parisons, and help draw valid conclusions. The correl-
ation coefficients (r) of the relationship between the
features (independent variables) and the outputs
(dependent variable) is an important statistical meas-
ure that can aid in feature selection, model perform-
ance assessment, and feature engineering, ultimately
leading to better model interpretability, stability, and
predictive accuracy (Table 2). As indicated, there is a
negative relationship between the wavelength and the
targets ([, and ), and an extremely positive correl-
ation coefficient (r) between the hematocrit and the
target in both cases (}, and p;). The (r) values prove
that there is a significant linear relationship between
the input features variables and the targets (p, and
ls) as long as pvalue are less than 0.05 and 0.01
which is a measure of the strength of evidence against
the null hypothesis in a statistical hypothesis test.
This indicates that these data could be used to build a
reliable model for estimating the absorption and scat-
tering coefficients of human blood. The mean or
average, it is statistical parameter that provides a
measure of central tendency, indicating the typical
value in a dataset, is calculated by adding up all the
values in a dataset and dividing by the number of val-
ues. The means and medians values of wavelength
and hematocrit are very close (for both, absorption
and scattering behaviors), it is an indication that the
data are approximately symmetrically distributed, and
the median value of absorption coefficient is closer to
the lower quartile (1.16 mm ™), it suggested that the
data may be skewed towards lower values, while the
oxygen saturation value is closer to the upper quartile
(89.62%), therefore, it may be skewed towards higher
values.

The standard deviation measures the amount of
variation in a dataset, there is larger standard

Table 2. Correlation coefficients and the respective pvalue of the relationship between the outputs and their descriptors.

Absorption coefficient (i)

Scattering coefficient (1)

Saturation of

Saturation of

Features Wavelength vs i, Hematocrit vs 1, oxygen vs |1, Wavelength vs Hematocrit vs i oxygen Vs i

Correlation —0.4959 0.1872 0.0972 —0.7303 0.3623 0.26005
coefficient(r)

p-value 327 x 10 244 x 10 0.002 2.09 x 107% 2.15 x 1032 6.40 x 1077
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Table 3. Statistical description of the absorption data adjusted in this work.

Variable Unit No of Data Mean Median Minimum Maximum Standard deviation
Wavelength nm 1000 999.030617 907.5 251 2220.8 524.300445
Hematocrit % 1000 38.2888103 45 0.41352 56.7984 14.8005159
Oxygen saturation % 1000 50.3865959 89.62765 0 100 49.318753
Absorption coefficient mm’”’ 1000 12.6135352 1.16 0.0105712 159.31 24.5790358
Table 4. Statistical description of the scattering data used in building the model.
Variable Unit No of Data Mean Median Minimum Maximum Standard deviation
Wavelength nm 1000 951.61995 792.5 272 1999.54 511.802475
Hematocrit % 1000 38.7213047 45 0 69.7943 14.6956736
Oxygen saturation % 1000 46.629 0 0 929 49.4413977
Scattering coefficient mm’™’ 1000 55.0827478 45.9794 0 128.16 30.2707498
120 : - 120 - -
O  Data points Q O Data points
Best Linear Fit Best Linear Fit
Absorption i le;m= ! sl R=0.9993 4 Absorption coefﬁclentﬁz's\= Absorption coefficientf<r, R=0.9994
100 - - 1
o ©
£ =
[ [
8 sl 6 | 3 ]
§ s
' g
° o
2 3 ]
© 60 o 1 K
‘s o
0
® o [
> 4
1 13
‘5 (o) o
o o o
20 1 1
. | ‘ | | | & : . : . .
S 2 0 s - g 120 0 20 40 60 80 100 120

Experimental values of absorption coefficient

Figure 2. Scatter plots between experimental and DA-SVM
predicted values for the training phase.

deviation in the wavelength and hematocrit values,
that showed greater variability in the data, while the
oxygen saturation has a small standard deviation.

The descriptive statistics of these features are
shown in Tables 3 and 4.

4, Discussion

To provide a comprehensive evaluation of the opti-
mized DA-SVM models, we utilized the MATLAB
function ‘postreg’ to plot the correlation between
experimental and predicted values of absorption coef-
ficient for both training and testing datasets. The
resulting correlation coefficients were 0.9993 and
0.9994, respectively, as shown in Figures 2 and 3. These
plots demonstrate the excellent performance of the
models during both the training and testing phases.
While the cross plots of measured and predicted values

Experimental values of absorption coefficient

Figure 3. Scatter plots between experimental and DA-SVM
predicted values for the testing phase.

of scattering coefficient for the training and testing
phases are shown in Figures 4 and 5. The plots showed
correlation coefficients (R) of 0.9996 and 0.9957 for the
training and testing datasets, respectively. Notably, the
models displayed comparable prediction performance
for the training phase, with correlation coefficients (R)
values of 0.9993 and 0.9996. The correlation coefficients
being close to unity indicate a strong agreement
between the predicted and experimental results. This is
further demonstrated by the good alignment of the pre-
dicted data set with all the experimental data on the
first bisector regression, confirming the high level of
accuracy achieved by the models.

The applicability domain (AD) of a prediction is
also an important step in proving the reliability of the
model, therefore the applicability domain is inter-
preted using William’s plot (Figures 6 and 7). It is
obvious that most samples in the dataset are within
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Figure 4. Correlation plot between the experimental and DA-
SVM predicted values of training dataset.
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Figure 5. Correlation plot between the experimental and DA-
SVM predicted values of testing dataset.

the applicability domain of the model with warning
leverage limit is almost 0.013, and no more than 36
data points are outliers out of the 1000 overall experi-
mental data for both of i, and .

In addition, assessing the model’s predictive accur-
acy using statistical parameters such as the correlation
coefficient (R), the root mean squared error (RMSE),
and the mean absolute error (MAE). The mathemat-
ical formulas for these parameters are given below;

William plot - train samples in black, test samples in red

15
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10 - .
P
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5 |
©
Z
®
©
] 4
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E °
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2
S b o
n S P
8
=]
L
10 - J
L ]
0 0002 0004 0006 0008 001 0012

Leverage

Figure 6. William’s diagram for detection outliers for DA-SVM
model (for ).

William plot - train samples in black, test samples in red
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Figure 7. Williams plots to evaluate the applicability domain
of the DA-SVM model (for ).

. > [(yf"" -y (yf“’ - V“’ﬂ
N \/Zil(yfxp _ j,exp)z\/zliil(ylgal _ j,ml)z

(16)

ratse = 370, 5 N a7

N CX] ca €X
MAE = (100/N) * Y <‘ ((yi T Z) /i P) D
(18)
Where N is the number of the dataset, y*%, ycal are

the experimental and predicted values, respectively,
and P is the mean of the experimental values, with
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Table 5. Statistical results for the absorption and scattering
coefficients of blood.

Absorption coefficient Scattering coefficient

Statistics Training Testing Training Testing
Correlation 0.9993 0.9994 0.9996 0.9956
Coefficient (R)

RMSE 0.8678 0.9792 0.8484 29193
MAE 0.2173 0.3509 0.2423 0.9692

§2P = SN y*P/N, the statistical results of the
training and testing phases obtained during the develop-
ment of the models (Table 5) revealed high correlation
coefficients (close to 1). Additionally, the models dem-
onstrated low root mean square error (RMSE) values of
0.8678 and 0.8484, as well as low mean absolute error
(MAE) values of 0.2173 and 0.2423, for the training
phases, respectively. These results showcase the robust-
ness of the computational models and confirm the val-
idity of the optimized DA-SVM models.

5. Conclusion

In this paper, we have successfully developed a new
strategy to estimate the absorption (p,) and scattering
properties of blood () using computational intelli-
gence. The proposed DA-SVR models used both
physiological and biochemical factors such as the wave-
length, the hematocrit percentage, and the oxygen satur-
ation as descriptors in building the models The results
of the Dragonfly Algorithm/Support Vector Regression
models showed good correlative (R) with an accuracy of
0.9994 and 0.9956 for p, and p, respectively, and low
RMSE values were achieved. This study is pioneering
the use of artificial intelligence to estimate the absorp-
tion and scattering properties of human blood, because
of the excellent performance and high accuracy, we
expect that this work will be helpful and opens up the
horizons to the researchers to use computational intelli-
gence approach to other optical properties of blood and
even other human tissues.
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