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Mammography is an x-ray based breast imaging process which uses radiological method
as a non-invasive way for the diagnosis of breast diseases common among woman subjects.
A breast screening operation employs mammography in the early recognition of
abnormalities in breast construction such as micro-calcifications, which could develop a
breast carcinoma. On the other hand, breast dosimetry is an indispensable issue on behalf
of patient radiation safety and evaluation of potential risks from medical radiation. In this
study, we first aimed to investigate capabilities of Monte Carlo N-Particle eXtended
(MCNPX) code for calculations of Mean Glandular Dose (MGD) in a mathematical breast
phantom during mammography screening. MGD values were investigated by using
MCNPX (version 2.4.0) Monte Carlo code. A mathematical breast phantom has been
modeled in an average shape by defining the dimensions x, y and z. The breast model has
been considered as semi-elliptical cylindrical geometry in different thicknesses as craniocaudal projection. Afterwards, x-ray spectra from W/Rh target-filter combination has been
obtained and defined as a spectrum into source definition in MCNPX input file. Following
the Monte Carlo calculations process, a linear, multiple linear regression analysis (MLRA),
and a nonlinear, artificial neural network (ANN), approach was employed in order to put
forward an alternative predictive model. Finally, the performance comparison of the
aforementioned models were expressed in terms of five accuracy indices, Mean Absolute
Error (MAE), Mean Absolute Percentage Error (MAPE), Root Mean Square Error
(RMSE), Normalized Root Mean Square Error (NRMSE) and R2 coefficient of
determination. The results underlined that both of the models perform quite satisfactorily
and MGD values are strongly correlated with three independent variables which are breast
thickness, X-ray spectra and glandular-adipose rate.
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1. Introduction

It is agreed that, the use of X-rays for medical operations is the major artificial
source for exposure of population to ionizing radiation. So far, x-rays has been used in
various medical applications to serve as a tool for diagnostic and therapeutic aims.
Mammography is an x-ray based imaging modality which uses radiological process as a
non-invasive technique for the diagnosis of breast diseases in women. Being a valuable
breast screening process, mammography highlights the early recognition of anatomic
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abnormalities observed in breast structure such as micro-calcifications that may cause
breast carcinoma. On the other hand, breast dosimetry is a significant issue on behalf of
patient radiation safety and assessment of potential risks from radiation. Proper dosimetry
of the dose magnitude absorbed by breast during the mammography examination is a topic
to be focused on and was studied for long [1-7]. The dose magnitude to the breast tissue
depends on some quantities such as target/filter spectra, breast composition, thickness and
shape of breast and energy value. The glandular tissue of breast known as a radiosensitive
organ which is primary evaluated in terms of breast dosimetry and can be adversely
affected from ionizing radiation during the mammography examinations [8]. Therefore,
calculating the mean glandular dose (MGD) in the breast tissue is the quite significant for
assessment of average dose to the breast. MGD is a magnitude that gives the average dose
absorbed in the breast. Mammography uses low-dose protocols in accordance with
ALARA (As Low As Reasonably Achievable) principle. However, it is not possible to
measure the average dose directly since it depends on the kVp, target/filter combination,
breast composition and thickness of breast parameters. So far, the magnitude of MGD of
breast have been calculated using Monte Carlo in various studies [9-11]. The MGD
dataset was gathered using MCNPX (version 2.4.0) Monte Carlo code for W/Rh anodefilter combinations that used in latest mammography devices. Firstly, X-ray spectra has
been obtained W/Rh anode-filter in the tube voltage from 26kV to 32 kV with 2 kV
spacings and obtained x-ray spectra has been defined as energy source for the MGD
calculations. The calculations have been repeated for different glandular-adipose breast
compositions (0% to 100% glandular with 10% intervals) and compressed breast
thicknesses from 2 to 12 cm with 1 cm spacing respectively. We defined different
mathematical breast phantoms for each glandular-adipose compositions and different
breast thickness by considering the compressed cranio-caudal projection. The modeled
mathematical breast phantom is depicted in figure 1.

Fig. 1. The schematic representation of modeled breast phantom

Following the first step, we calculated MGD (mGy) values according to simulation
geometry that is given in figure 2. As it can be seen in Fig. 2, accelerated electron beam
interact with W anode material and x-ray beam has been produced.
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Fig. 2. Total simulation geometry

Lately, computer-based methods such as artificial neural networks (ANNs) and
multiple linear regression analysis (MLRA) have attracted some attentions to be replaced
with high-cost experimental studies. In recent studies, surrogate methods are being widely
used to substitute for numerical models or experiments including the multiple linear
regressions [12, 13], the artificial neural networks [14-16] to estimate the MGD. These
surrogate methods can construct the relationship between the input variables and the
output values while decreasing the computational time. Because of the lack of the studies
investigating the applicability of those methods to estimate the MGD value, our study
focused on predicting MGD values addressing MLRA and ANN approaches. Apart from
former studies, MCNPX simulations on mean glandular dose investigates extensive breast
thickness ranging from 2cm to 12cm. Besides, comparing a nonlinear and a linear
approach is a promising field of study with its highly valuable contribution to predictive
approaches. Therefore, the application of MLRA and ANN methods studied in our
research is a valuable perspective to be considered for similar predictive studies.
2. Material and Methods

In this research, assessment of MLRA and ANN on MGD estimation in
mammography examination has been studied. For this aim, Monte Carlo simulation of
MGD dose calculations for different mathematical breast phantoms have been studied first.
In order to predict the MC dose calculations a linear, MLRA, and a nonlinear approach,
ANN, have been applied respectively.
2.1. Monte Carlo Simulation and Breast Phantom

MCNPX (version 2.4.0) Monte Carlo code has been used for investigations on
MGD calculations. MCNPX is a radiation transport code for modeling the interaction of
radiation with materials and also tracks all particles at wide range energies. MCNPX is
fully three-dimensional and it utilizes extended nuclear cross section libraries and uses
physics models for particle types. [17]. Various simulation studies on medical applications
and for other aims by using MCNPX Monte Carlo code are found in literature [18-22].
Apart from the general approaches to medical applications, MCNPX is also
significantly useful and effective tool for mammography studies [23]. As a first step of
simulation geometry, MCNPX simulation parameters such as cell definitions, surface
definitions, material definition and position of each tool, definitions and features of
sources have been defined in input file according to their properties. The geometrical
forms and physical parameters of mammography device have been defined. The schematic
view of total simulation setup shown in figure 2. As it can be clearly seen in figure, an xray source (W target / 26-32 kV) positioned at up of the filtering materials with the focal
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spot of 0.3 mm. Afterwards, x-ray spectra from W/Rh target-filter combination has been
obtained and defined as a spectrum into energy source definition in MCNPX input file.
To acquire energy deposition in a specific volume, F6 tally mesh has been used to obtain
the absorbed energy amount in breast tissue.
In this research, the spectra of W-Rh target-filter combination were generated at tube
voltages of 26 kV, 28 kV, 30 kV and 32 kV, respectively. The simulation results were completed

by using Intel® Core ™ i7 CPU 2.80 GHz computer. In MCNPX simulation, 106 particles
have been traced. During the simulation study, the error rate has been observed less
than %1 in output file. The obtained x-ray spectra was defined as energy source for the
next step of simulation. The mathematical breast phantom with 8 cm radius in craniocaudal projection has been located in below of x-ray beam. As it can be seen in figure 1,
glandular tissue of mathematical breast phantom has been surrounded with 0.5 cm adipose
tissue. The elemental mass fractions and densities of different glandular-adipose rate
mathematical breast samples [24] have been defined. Eventually, Mean Glandular Dose
values have been calculated by using the portion of the absorbed energy value in the
glandular tissue of the mathematical breast phantom G(E) and absorbed dose distribution
D(E) as the output of F6 tally in breast tissue [25].
2.2. Multiple Linear Regression Analysis
Given the dependent variable Y and the set of p predictor variables X1…Xp, the multiple
linear regression model assumes that the mean of Y determines the values of the predictor
variables in a linear combination as given in equation 1.
𝑌 = 𝛽0 + 𝛽1 𝑋1 + ⋯ 𝛽𝑝 𝑋𝑝 + 𝑒

(1)

MLRA is a statistical approach that is used to determine a relationship between a
dependent variable and a number of independent variables. In fact, the dependent variable is a
linear function of more than one independent variable. Linear regressions are mostly fitted using
least squares approach. MLR model is a classic technique providing several advantages: simplicity,
interpretability, possibility of being adjusted over the transformations of the variables, and the
performing of reasoning, supposing the hypothesis of normality, homoscedasticity and correlation
between the error ε and the predictor parameters. In this study, IBM SPSS Statistics Version 24
was used to generate the MLR model. MLR models do not require any additional configuration for
the parameters by means of validation process, thus they were adjusted on the basis of the
conjunction of both validation and training sets, being later applied to the test dataset [26].
Basically, the linear regression is divided into two categorizations of simple and Multiple Linear
Regression. If the aim is to estimate the linear correlation between one dependent and one
independent variable, the model is assumed as the simple linear regression (SLR). On the other
hand, if the aim is to predict the linear correlation between two or more independent variables and
still one dependent variable, the model is called as MLR. It is worth mentioning that the MLR is
the most common form of linear regression analysis and every value of the independent variable is
associated with a value of dependent variable. Normally, MLR models estimate the level of
correlation between one response variable (dependent variable) from two or more predictors
(Independent variable). In this analysis, the correlation coefficient, R2, describes the proportion or
percentage of variance in the dependent variable explained by the variance in the independent
variables together which sometimes called the predictor variables. An R2 of “1.00” indicates that
100% of the variation in the dependent variable is explained by the independent variables.
Conversely, an R2 of “0.0” indicates the absence of variation in the dependent variable due to the
independent variables. It should be emphasized that the MLR explores a correlation in terms of a
straight line that best predicts all the individual data points containing both target and output
variables [27]. MLR is developed based on two assumptions: (i) the explanatory variables must be
independent, and (ii) the dependent variable must be normally distributed with zero mean and
constant variance. In regression equations the collinearity between the explanatory variables can
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lead to some drawbacks due to the fact that high correlations between predictor variables could
cause some difficulty for a correct analysis [28]. Some methods such as enter, stepwise, backward
elimination and forward methods can be applied to valid regression coefficients. In this study,
stepwise method was applied to determine the significant regression coefficients. The application
of these methods leads to the exclusion of explanatory independent variables which have less
correlation with the output variable [29].
2.3. Artificial Neural Network

Artificial neural network is a data processing system inspired by the form of
human brain. ANN is basically made of artificial neurons which are described as highly
interconnected processing cells to solve a specific modelling problem. ANN is a powerful
modeling tool compared to the statistical or numerical methods [30], and i widely used for many
engineering applications such as prediction, optimization, classification and pattern recognition
[31] processes. Artificial neurons in the ANN are arranged in different layers of the network and
each layer is connected following a junction point called activation function. Each network
comprises an input layer, an output layer and one or more hidden layers [32]. The neurons in the
networks are interconnected using weight factors (wij). A neuron (j) in a given layer receives
information (xi) from the inputs all the neurons in the preceding layer as given in figure 3. It sums
up information (netj) weighted by factors and the bias of the layer (θj) Later it transmits output
values (yj) applying an activation function f() to netj, to all neurons of the next layer [33].

Fig. 3 Artificial neuron structure

ANN has been inspired by biological neural networks; it consists of simple
neurons and connections that process information in order to find a relationship between
inputs and outputs. The most common ANN architecture used by hydrologist is the
Multilayer Perceptrons (MLP) which is a feedforward network that consists of three layers
of neurons, the input layer, the hidden layers and the output layer. The number of input
and output neurons is based on the number of input and output data; The input layer only
serves as receiving the input data for further processing in the network. The hidden layers
are a very important part in an MLP since they provide the nonlinearity between the input
and output sets. More complex problems can be solved by increasing the number of
hidden layers or the hidden neurons in the hidden layers. The output neuron is the desired
output of the model. The process of developing an ANN model is to find (a) suitable input
dataset, (b) determine the number of hidden layers and neurons, and (c) training,
validating and testing the network. The network could be expressed as given in equation 2.
𝑌𝑡 = 𝑓2 [∑𝐽𝑗=1 𝑊𝑗 𝑓1 (∑𝐼𝑖=1 𝑊𝑖 𝑋𝑖 )]

(2)

where Yt is the output, xi is the input vector, wi and wj are the weights between neurons of
the input and hidden layer and between hidden layer and output while f1 and f2 are the
activation functions for the hidden layer and output layer respectively. According to a
recent study, sigmoidal-type transfer functions are recommended for the hidden and linear

168

transfer functions are proposed for output layers. In this study f1 is considered hyperbolic
tangent sigmoid function which is a nonlinear function and f2 is considered the linear
purelin function defined as given in equation 3 and 4 respectively [34].
𝑓1 (𝑥) =

1
(1+exp(−2𝑥))

𝑓2 (𝑥) = 𝑥

−1

(3)
(4)

The ANN models were trained based on Levenberg–Marquardt algorithm; number
of hidden neurons was chosen based on trial and error process. In ANN modelling there is
always the probability of generating an over-fitted model. In order to avoid this problem
early stopping technique is applied in this study while training and validating the models.
Through this approach, the network stops the training when the error over the validation
dataset starts to increase while the error over training dataset is still decreasing. The
network avoids overfitting in this way [35]. Here, the activation function demonstrates the
relationship between the inputs and outputs of a node and a network. Literaly, it indicates
a degree of nonlinearity that is applicable for the most ANN modeling approaches. In our
study, sigmoid function is used for the first layer and purelin function for the output layer.
2.3.1 Neural Network Training

The neural network training is an unconstrained nonlinear minimization problem
in which weights of a model are iteratively updated to minimize error between the target
and the model output considering the input patterns. Various training methods exist to
generate an optimal ANN model. But, there is still no training algorithm ensuring the
global optimal solution for a general nonlinear optimization problem in a reasonable
amount of time [36, 37]. Recent studies highlight the performance of back-propagation
(BP) training algorithm methods used for multi-layered feed-forward networks that is
essentially a gradient steepest descent method. For the gradient descent algorithm, a step
size, which is called the learning rate in ANN structure, must be defined. The learning rate
is another parameter for back-propagation learning algorithm since it determines the
magnitude of weight changes for each epoch. As to the number of hidden layers and the
number of neurons used in the layers, there is no general rule to determine the numbers. It
is also a trial and error process to identify the optimal and general network. The number of
neurons is to be decided properly to predict the desired parameters correctly. Most
researchers have conducted many studies to determine the appropriate number of neurons,
and have presented different approaches. The general idea underlines that the upper bound
for the number of neurons in the hidden layer is to be limited to twice the number of
inputs plus one [38]. In this study, the ANN toolbox in MATLAB is used to compute the
predicted outputs. In this regard, a 3-layered feed-forward network trained by the various
training functions and is employed. LMBP is assumed as the fastest back-propagation
algorithm and highly recommended while it requires more memory than other algorithms
[39]. The gradient descent with a momentum backpropagation algorithm (learngdm) was
used as the adaption learning function. A nonlinear hyperbolic tangent sigmoid and logsigmoid functions for the hidden layer and a linear activation functions are used for the
output layer. General structure of the generated model is given in figure 4 [40].
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Fig. 4 Neural Network architecture of the designed model

2.4. Performance Evaluation for MLRA and ANN Models

Based on training data, prediction accuracy which is the most important measure
of performance can be estimated [41]. The difference between the actual (target) and the
predicted value is its forecasting error which represents the accuracy measure. In order to
evaluate the performance of the applied models in this study, five accuracy measures have
been calculated. To assess the validity of the prediction models, mean absolute error
(MAE), the mean absolute percentage error(MAPE), the root mean square error (RMSE),
Normalized Root Mean Square Error (NRMSE) and coefficients of determination (R2)
were used. The MAE, MAPE, RMSE, NRMSE and R2 values were calculated using
equations 5-9, respectively. The models providing the best prediction values were chosen
as the prediction models. The MAE value was computed using equation 5.
1

𝑀𝐴𝐸 = ∑𝑁
𝑖=1(|𝑡𝑖 − 𝑡𝑑𝑖 |)
𝑁

(5)

where ti is the measured value of the experimental samples, tdi is the predicted value, and
N is the total number of samples. if MAE approaches “0”, it is an indication of the
model’s high accuracy.
1

𝑡𝑖 −𝑡𝑑𝑖

𝑁

𝑡𝑖

𝑀𝐴𝑃𝐸 = (∑𝑁
𝑖=1 ⟦

⟧) ∗ 100

(6)

The closer MAPE value is to “0”, the better the performance of the model is.
1

2
𝑅𝑀𝑆𝐸 = √ ∑𝑁
𝑖=1(𝑡𝑖 − 𝑡𝑑𝑖 )
𝑁

(7)

RMSE values close to ”0” also denote good performance on the part of the model.
2

𝑅𝑀𝑆𝐸 = √

𝑖
𝑖
∑𝑛
𝑖=1(𝑃𝑠𝑖𝑚 −𝑃𝑜𝑏𝑠 )
𝑖
2
∑𝑛
𝑖=1(𝑃𝑜𝑏𝑠 )

(8)

where Psim is the simulated dose value and Pobs is the actual dose value of the mean.
NRMSE value close to one indicates a poor model performance, whereas value close to “0”
shows a good model performance.
𝑅2 = 1 −

2
∑𝑁
𝑖=1(𝑡𝑖 −𝑡𝑑𝑖 )
𝑁
2
̅
∑𝑖=1(𝑡𝑖 −𝑡 )

(9)
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where, 𝑡̅ is the average of predicted values. Coefficients of “1” or almost “1” indicate that
the model can yield reliable results [42].
3. Model Assessment
3.1. Verifying the performance of ANN in predicting the mean glandular dose

In order to reveal the performance of ANN models and MLRA model, five
aforementioned accuracy indices were considered. First, prior to the ANN model
determinig process, tansig, logsig activation functions for hidden layer, LevenbergMarquardt (trainlm), bayesian regularization (trainbr), gradient descent with adaptive
learning rate backpropagation (traingda) training functions and three network structures
with various number of neurons for input, hidden and output layers were created. The
number of neurons for each layer is assigned as 3-10-1, 3-15-1, 3-20-1 respectively. In
order to overcome the overfitting problem, early stopping method was used to in all of the
designed networks. With this approach, the available data were divided into three subsets,
training, validation and test set. Training set was used for updating the network weights
and biases throughout the modelling process while the second subset, validation set is
used to monitor the training process for specifying the process stopping point. It was
decided that training will automatically stop when generalization stops improving, as
indicated by an increase in the mean square error (MSE) of the validation samples.
Afterward, when the network begins to over-fit the data, the error in the validation set
begins to rise, while the error in training set is still decreasing. As given in figure 5, when
the validation error increases for 6 epochs following the 28th epoch where the best
validation performance is obtained, the training process is stopped and the weight, bias
values at the minimum of the validation error are returned and reported [42].

Fig. 5. The output of MSE variation throughout the ANN model generating process

Considering the various network structures and evaluation methods, 6 feedforward backpropagation network models were created. The performance of each model is
given in table 1. In order to introduce the best ANN structure to predict the mean dose,
various structures of ANN with three layers (input, hidden and output layer) are designed
and assessed based on five accuracy indices. According to table 1, the optimal network has
TrainBR training algorithm and Logsig transfer function with 15 neurons in hidden layer
(3–15–1). On the other hand, the performance of the first model using TrainLM is quite
satisfactory compared to the fifth model. But, since the number of iterations therefore the
time spent to generate the model is quite different for each, the number of iterations is
considered as the discriminative feature to select the outperforming model. Recent studies
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underlined that TrainLM is the fastest back-propagation algorithm and is highly
recommended despite the fact that it requires more memory than other algorithms [39].
Therefore, the first model using TrainLM with 10 neurons in the hidden layer is selected
as the optimal dose predicting model.
Table 1. The specifications and performance measures of six different ANN structure
Activation
Function

Model Training
Function
ID

Network Number of
Structure iterations

R

Training Set
MAPE
MAE
RMSE
(%)

NRMSE

R

MAE

Test Set
MAPE
RMSE
(%)

NRMSE

1

TrainLM

3-10-1

38

0,999 0,00001 0,0046 0,00006 0,00349 0.999 0,00003 0,0057 0,00098 0,05371

2

TrainBR

3-15-1

893

0,999 0,00002 0,0051 0,00000 0,00013 0.999 0,00031 0,0067 0,00001 0,00076

3

TrainGDA

3-20-1

288

0,962 0,00089 0,0896 0,00202 0,11079

4

TrainLM

3-10-1

54

0,999 0,00007 0,0057 0,00010 0,00532 0.999 0,00010 0,0064 0,00011 0,00611

5

TrainBR

3-15-1

937

6

TrainGDA

3-20-1

427

1

0,00001 0,0035 0,00001 0,00082

0,967 0,00118 0,0875 0,00121 0,06628

0,96

0,00107 0,0967 0,00953 0,52380

1

0,00001 0,0046 0,00015 0,00827

0,95

0,00318 0,1007 0,01206 0,66283

Considering the results given above, regression curve for training, validation and
test dataset is plotted for the first model with id 1, as given in Fig. 6. The test results
underline that pearson correlation coefficient is 0.999 and the output function for the test
dataset is expressed as 0,93*target+0.0091 that represents a high correlation between the
target value and model output.

Fig. 6 The output of MSE variation throughout the ANN model generating process
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3.2 Verifying the performance of MLRA in predicting the Mean Glandular Dose

For a better selection of the independent variable set it is crucial to select the
optimal regression model. To achieve this, a stepwise regression, basically a semiautomated tool of building a regression model by successively including or excluding the
independent variables based solely on the t-statistics of their estimated coefficients has
been applied by means of the forward selection, was implemented in IBM SPSS Statistics
Version 24. In order to validate the model, the validation process that involves an initial
stepwise regression on the full dataset and a second stepwise regression on a random
sample of 75% of the cases were performed. The resulting equations of the full training
and partial training models were compared in terms of the independent variables included
in the models.
Table 2. Stepwise Regression Results of Predictors
R
Training Set
Model
(whole
dataset)

R

R-square
Std. Error of
the Estimate
Validation
Training
Validation
Training Set
(75% of
Set
Set
Set
(75% of
dataset)
(25% of
(75% of
(25% of
dataset)
dataset)
dataset)
dataset)
1
0,865a
0,851a
0,724
0,00250
2
0,954b
0,951b
0,904
0,00150
3
0,988c
0,987c
0,989
0,00078
0,974
0,978
a. Predictors: (Constant), breast thickness (cm)
b. Predictors: (Constant), breast thickness (cm), X-ray spectra (kV)
c. Predictors: (Constant), breast thickness (cm), X-ray spectra (kV), Glandular Adipose

Validation
Check

0,071

The results given in table 2 underlines the fact that the third MLR model which
adds all independent variables, breast thickness, X-ray spectra and glandular adipose, into
the models outperforms compared to two former models considering both the standard
error of the estimate and R-square value. It was also checked whether or not there is a
significant decrease in the R-squares between the training group (75% of the cases) and
the validation group (25% of the cases). Since the R-square value of the validation group
is less than 2% compared to the R-square value of training group, the model is validated.
Following the stepwise regression, the standardized, unstandardized coefficients and the
significance parameters are calculated for each model as given in table 3 in order to focus
on the “statistically significance” scale, that represents the contribution to the model
prediction performance.
Table 3. Stepwise Models and Model Coefficients

Model
1
2

3

(Constant)
Breast Thickness(cm)
(Constant)
Breast Thickness(cm)
X-ray spectra (kV)
(Constant)
Breast Thickness(cm)
X-ray spectra (kV)
Glandular_Adipose

Unstandardized
Coefficients
Beta
Std. Error
0,024
0,000
-0,001
0,000
-0,002
0,001
-0,001
0,000
0,001
0,000
0,001
-0,003
0,000
-0,001
0,000
0,001
0,000
4,1E-5

Standardized
Coefficients
Beta
-0,851
-0,860
0,424
-0,873
0,411
0,266

t

Significance

75,294
-31,090
-2,043
-53,185
26,218
-6,044
49,194
104,578
31,848

0,000
0,000
0,042
0,000
0,000
0,000
0,000
0,000
0,000
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Here, the standardized or beta coefficient is the estimate generated from
a regression analysis that have been standardized so that the variances of independent and
dependent variables are 1 [43]. Therefore, standardized coefficients implies, how many
standard deviations a dependent variable will change for any standard deviation change of
the predictor variable. Standardization process of the independent variable is the step
followed to satisfy the question of which of the independent variables have a greater effect
on the dependent variable in a multiple regression analysis, when the variables are
measured in different units of measurement as in our study. As to the un-standard
regression beta coefficient, it indicates the average change in the dependent variable
associated with a 1 unit change in the dependent variable, statistically controlling for the
other independent variables. Besides, since the significance value of each independent
variable is less than 0,05, (p <<0,05), three of the parameters are included in the model
prediction equation. Finally, considering un-standard beta coefficients and significance
value, the equation expressing the relation between three aforementioned independent
variables and the dependent variable (dose) is stated as given in equation 1. In order to
address the relative importance of each independent variable, the normalized values of the
variables are calculated and standardized coefficients are determined accordingly. The
table indicates that the relative significance of independent variables are glandular adipose,
x-ray spectra and breast thickness respectively.
dose = (0,00004) ∗ GlandularAdipose + (0,001 ∗ XraySpectra) − (0,001 ∗ BreastThickness)
− 0,003

Eq. 1.

Using the equation above, the predicted dose calculations and real system response dose
values are compared. The scatterplot of measured and predicted dose is given in figure 7.

Fig. 7. Scattered measured and predicted dose value plot

4. Results and discussion

Monte Carlo techniques were used to calculate mean glandular dose values. Obtained
mean glandular dose amounts reported for breast thicknesses from 2 to 12 cm by 1 cm
increments. Our MLRA and ANN results underlined that, glandular adipose, breast
thickness and X-ray Spectra are significant parameters affecting the absorbed dose amount
in breast tissue. In this research, an experimental study employing a linear and nonlinear
approach, multiple linear regression analysis and artificial neural network, is studied in
order to predict the mean glandular dose in the breast tissue. The performance of both
approach addresses the dose prediction problem with a quite satisfactory modeling
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performance. The performance of each method is presented considering various evaluation
parameters. For the artificial intelligence method, the model using TrainLM with 10
neurons in the hidden layer outperformed compared to the other models. As to the linear
approach, the equation calculated as, 𝑑𝑜𝑠𝑒 = (0,00004) ∗ 𝐺𝑙𝑎𝑛𝑑𝑢𝑙𝑎𝑟𝐴𝑑𝑖𝑝𝑜𝑠𝑒 +
(0,001 ∗ 𝑋𝑟𝑎𝑦𝑆𝑝𝑒𝑐𝑡𝑟𝑎) − (0,001 ∗ 𝐵𝑟𝑒𝑎𝑠𝑡𝑇ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠) − 0,003
satisfies the highest R2 coefficient of determination value. The neural network generated
reasonable predictions of the maintenance dose (r2 = 0.999). The results of the multiple
linear regression model were similar (r2 = 0.978).
Former literature studies also underlined the performance of both approach while
predicting the glandular dose. In a study, with 63 subjects, the best results were achieved
with ANN approach where correlation factor between neural network outputs and targets
was r=0,845 [14]. In another study, MLRA showed that many of the instrument
parameters like breast compression thickness, radiological thickness, radiation dose,
compression force for acquiring the screening mammograms and image pixel intensity
statistics of the imaged breasts were strong predictors of the observed threshold values
(model R2=0.93) and %density (R2=0.84) [13]. In a recent study, neural network (r=0,823)
and linear regression models (r=0,8) were used to compare the performance of each
approach. The results were also quite similar considering the r values [44]. Various
investigations have verified that prediction methods such as ANN have a significant
potential to successfully assistance not only in estimation of mean glandular dose but also
interpretation and diagnostic decisions in mammography examinations [45-47]. In this
study, MCNPX Monte Carlo code techniques were used to calculate the mean glandular
dose values. Validation of Monte Carlo results were compared with the results of previous
investigations in literature. The calculated mean glandular dose amounts also match with
previous similar results [48-50]. Application of a linear, MLRA, and a nonlinear, ANN,
approach to predict the MCNPX results is promising with its remarkable results.
Small calcifications and occurrences has certainly importance and risk factor in
breast tissue. Since, it is almost unfeasible to detect the exact dose amount by using
detectors even in micro points of breast tissue, predictive model approaches are therefore
valuable studies used to detect the absorbed dose. Thus, our research could be handled as a
tool to be used to simulate radiological experiments, applications in medical physics and
radiation physics research fields.
5. Conclusions

Mammography being an x-ray based breast imaging process uses radiological
method as a non-invasive way for the diagnosis of breast diseases common among woman
subjects. Since early diagnose of the abnormalities, mammography imaging is a valuable
process in the early recognition of abnormalities in breast construction. Besides, breast
dosimetry is another parameter in terms of subject radiation safety and evaluation of
potential risks from medical radiation. In this research, we first aimed to put forward a
mathematical model benefitting from the capabilities of MCNPX code for calculations of
MGD in a mathematical breast phantom during mammography screening. MGD values
were investigated by using MCNPX (version 2.4.0) Monte Carlo code.
A mathematical breast phantom has been modeled in an average shape by defining
the dimensions x, y and z directions. Following Monte Carlo calculations process, multiple
linear regression analysis and artificial neural network approaches were employed in order
to compare their performances in terms of the absorbed dose in tissue prediction abilities.
The overall performance of each method was compared considering Mean Absolute Error,
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Mean Absolute Percentage Error, Root Mean Square Error, Normalized Root Mean Square
Error and R-square coefficient of determination indices. The results highlighted
outstanding performance of each method. In addition, promising performance of each
method pointed out that MGD values are strongly correlated with three independent
variables, breast thickness, X-ray spectra and glandular-adipose rate. It can be concluded
that, present investigation would be very useful for similar future investigations and for
scientific community.
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