
Research Article

ISSN: 2574 -1241              DOI: 10.26717/BJSTR.2023.51.008064

Radiotherapy Bed Model 2D Pareto- Multiobjective 
Evolutionary Optimization for Prostate Cancer 

Hyperfractionated Treatment
Francisco Casesnoves*
PhD Engineering, MSc Physics-Mathematics, Physician. Independent Research Scientist. International Association of Advanced 
Materials, Sweden. UniScience Global Scientific Member, Wyoming, USA

*Corresponding author: Francisco Casesnoves, PhD Engineering, MSc Physics-Mathematics, Physician. Independent Research 
Scientist. International Association of Advanced Materials, Sweden. UniScience Global Scientific Member, Wyoming, USA

Copyright@ : Francisco Casesnoves | Biomed J Sci & Tech Res | BJSTR. MS.ID.008064. 42430

ABSTRACT

Constrained evolutionary algorithms for BED-LQ model (Biological Effective Dose) in Prostate cancer 
Hyperfractionation radiotherapy TPO are optimized with Pareto-Multiobjective (PMO) methods. Genetic 
Algorithm (GA) software is developed based on hyperfractionation constraints with in vitro main 
parameters dataset. Programming method results take in handle subroutines functions and matrix-algebra 
method for setting constraints. Results show PMO 2D imaging charts and numerical values of PMO Prostate 
cancer hyperfractionated TPO parameters. Applications for prostate tumors radiotherapy and stereotactic 
radiosurgery treatments are briefed.
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Introduction
The objective of this contribution is apply Constrained Genet-

ic Algorithms on radiotherapy BED-LQ model for prostate tumors 
[1-24,87-94] with an hyperfractionated schedule. BED-LQ model is 
considered acceptable, [1-24,40,74-79,87-94], for low dose fractions, 
while LQL and PTL ones are more appropriate for high doses—name-
ly, hypofractionated treatment [94]. Prostate cancer has approximate-
ly a long average survival time of [15,20,90-94] years [87-94], com-
pared to the rest of tumors. One of the reasons is its higher-proper 

TPot biological parameter (radiobiological potential doubling time), 
experimentally proven. Numerically, it is about 28 days in vivo and 
[2,19] in vitro, compared, for instance, to breast and head and neck 
tumors, [8.2, 12.5] and [1.8, 5.9] respectively, [87-94]. This fact im-
plies a longer survival time with several specific caracteristics. Those 
are a number of different stages in Surgical, RT, Radiosurgical, Che-
motherapy, Inmunotherapy, Hormonal Therapy, combinations of all 
of them, and treatment time related to every stage. Medical radiation 
oncology decisions vary case by case for each patient within a general 

https://biomedres.us/
8https://dx.doi.org/10.26717/BJSTR.2023.51.008064


Copyright@ : Francisco Casesnoves | Biomed J Sci & Tech Res | BJSTR. MS.ID.008064.

Volume 51- Issue 2 DOI: 10.26717/BJSTR.2023.51.008064

42431

protocol of the cancer center or hospital radiation oncology, medical 
physics, and urology team [89]. Usually, radiotherapy protocol is ap-
plied during post-surgical treatment [89]. For surgery of brain met-
astatic nodules, it is oncohistologically proven that around the brain 
metastatic border nodules, infiltrated metastatic tumoral cells could 
be hidden to imaging-guide radiotherapy method [89]. The 3D- 4D CT 
and MRI precision to determine the exact boundaries of metastatic 
nodules and tumor constitutes a challenge for radiosurgery optimal 
treatment [19-24,75,85-94].

Nonlinear GA-PMO engineering software was improved with 
matrix algebra constraints and designed in programs/patterns for 
PMO-BED models. Thorough GA hyperfractionated radiotherapy TPO 
findings are presented both in 2D graphics and dataset. The BED 
model radiobiological parameters implemented are in vitro ones 
from [23,24,68], (Table 1). The matrix-algebra constraints and the ex-
tensive comparison among several parameters selection constitutes 
the innovation of the study. At 2D graphics, Pareto Optimal choice is 

sharply indicated. Results comprise TPO hyperfractionated RT treat-
ment planning, graphical and numerical. 2D GA charts are presented 
in multifunctional format, for 100, 150, and 250 Evolutionary Opti-
mization generations. 2D principal Pareto multiobjective graph is 
explained sharply. Numerical results present optimized dataset for 
dose fraction magnitude, number of fractions, and TDelay interval. The 
innovation of this study, based on previous evolutionary optimization 
methods for breast and head and neck tumors, is its GA algorithms 
and computational optimization for the rather complicated RT- TPO of 
prostate cancer. It is focused on hyperfractionation protocols and LG-
BED model, since high- dose models for BED hypofractionations are 
different. Original mathematical constrained algorithms and software 
engineering are developed to obtain graphical/numerical results. In 
brief, a constrained extension of previous Nonlinear Pareto-Multiob-
jective GA optimization was performed for radiotherapy BED models 
in Prostate tumors. Applications for radiotherapy hyperfractionated 
BED-TPO and future improvements in RT are explained in short.

Table 1: Software implemented dataset for GA programming with source references [38,43-45].

IN VITRO LQ PARAMETERS IMPLEMENTED [Chapman, Nahum, 2015]

Asynchronous populations of human tumor cell lines [chapman, Nahum, 2015] α[Gy-1] β[Gy-2]

TSU 0.06 0.048

PC-3 0.24 0.068

DU-145 0.31 0.048

LnCap 0.49 0.015

INTERVAL\AVERAGE FOR SOFTWARE [0.06, 0.049] 0.0421

LQ PARAMETERS IMPLEMENTED [ From author’s refs [23,24]]

BED-PARAMETERS MAGNITUDE\INTERVAL

TPOT [2.00, 19.00] (Days)

Tk 21(Days)

TTreatment [30,40] (Days)

Number of functions [37,45] (Fractions)

Pareto total prostate dose objective function [89]
Pareto 1: 70Gy

Pareto 2: 78Gy

Mathematical and Computational Methods
Following previous publications for Breast, and Head-Neck can-

cers, the Pareto-Multiobjective Optimization foundation BEDEffective 
model was set in software, [1-24,40,68,74-79,87-94]. Parameters in-
tervals are detailed in Table 1. Algorithms 1-4 set the formulas and 
constraints [85-88]. The radiobiological parameters alpha and beta 
are set as separated ones, not in quotient [alpha/beta] because of the 
programming patterns functionality. This low-dose LQ-BED model 
constitutes the fundamentals for hyperfractionated radiotherapy 
TPO, although there are variations among authors [20-25]. The gen-
eral Pareto-Multiobjective [Algorithm 1] that was set, with Chebyshev 
L1 norm, [Algorithms 2-4], reads,

 Minimize,

  1 2( ) ( ( ), ( ),.... ( )),NF X f X f X f X=
   

 Subject to,

  0, 1,..) ...(i fX o i MK r≥ =


(Algorithm 1)

where

F(x): Main function to be optimized.
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fi (x): Every function of same variables (x).

Ki (x): Constraints functions such as in general N ≠ M.

BED model has been adapted on the difficulty to obtain an stable 
and reliable TPot magnitude. PMO in Prostate, [ 24,88,89] tumors sim-
plest BED model reads,

 Chebyshev L1 Optimization, 

 for i=1,2 minimize pareto, 

 DOSE1 -BEDEffective| L1 With,

  

(2)1 ...... Treatment Delay
Effective

Potential

T Td LnBED K d
T

β
α α

− × = × + − − ×       ;

(Algorithm 2)

where,

BED: The basic algorithm for Biological Effective Dose initially de-
veloped by Fowler et Al. [22-25,89- 94].

k: Optimal Number of fractions for hyperfractionated TPO. Opti-
mization parameter [22-25,89-94]. 

d: Optimal Dose magnitude for every fraction. Optimization Pa-
rameter [ Gy] [22-25,89-94].

α: The basic algorithm constant for Biological Effective Dose 
models. Radiobiological experimental parameter in vitro. [ Gy-1] [ 22-
25,89-94].

β: The basic algorithm constant for Biological Effective Dose mod-
els in vitro. Radiobiological experimental parameter. [ Gy-2]. It is very 
usual to set in biological models [ α / β in Gy].

TTreatment: The overall TPO time. This parameter varies according to 
authors’ and institutions/hospitals criteria [22-25,89-94].

TDelay: The overall TPO time delay for clonogens re-activation. This 
parameter varies according to authors’ experimental research.

TPotential: The potential time delay for tumor cell duplication. This 
parameter varies according to authors’ experimental-theoretical re-
search.

DOSE: The dose magnitudes for lung cancer simulation algorithm 
for Biological Effective Dose [22-25,89-94]. Software patterns were 
calculated around intervals prostate DOSE ϵ [70,78] Gy.

Equation 1 [created for software patterns, Casesnoves, 2022, 
based on BED model [Fowler mainly]. - Prostate PMO algorithm [1-
25,85-90] implemented in software. The intervals for optimization 
parameters in software are detailed. It is a constrained-subroutines 
Matlab® improvement from a series of previous research in radio-

therapy. At programming trials it was found that precision was in-
creased by using subroutines with algebraic constraints in principal 
patterns. Therefore, the constraints algebraic algorithm developed 
for Pareto- Multiobjective problem, [Algorithms-3-4, Casesnoves 
2023] reads,

 Constraints, For Pareto, Functions i=1,2, and lower- Upper limits 
of optimization parameters,

  ( )Lower i i UpperTreatment iS K d T S≤ + + ≤

(Algorithm 3)

where

SLOWER: Summatory of all lower constraints for parameters [ K, 
d, T]. 

SUPPER: Summatory of all upper constraints for parameters [ K, 
d, T]. 

Ki: Dose fraction number parameter for [ i = 1, 2].

di: Dose fraction magnitude parameter for [ i = 1, 2]. 

TTREATMENT: Treatment time magnitude parameter for [ i = 1, 2].

The subroutines programming strategy implemented reads,

 Matrix algebra subroutines For Constraints,

  

[ ]

[ ]

max

1 max

max

min

2 min

min

,
K

d

T

K

d

T

K S
A d d

T T

K S
A d d

T T

   
   × ≤   
   
   
   
   × ≥   
   
   

(Algorithm 4)

were,

SK,d,T : Upper (maximum) and Lower boundaries for parameters [ 
K, d, T ], according to Algorithms 1- 2.

A1,2: Matrices for numerical values, (Table 1). 

The programming method(s) used for this study are based on 
previous algorithms papers [1- 20,24,68,74,88,89]. For GA-PMO mod-
eling, Equation 1 and Algorithms 1-2 are implemented on 2D pro-
grams. However, Algorithm 2 was programmed with Algorithm 3 ma-
trix constraints subroutines- functions. Table 1 shows Constrained GA 
Optimization selected parameters according to Algorithms 1-4. Table 
1 presents the 2D GA-PMO simple programming method variations to 
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get accurate calculations, 2D Graphical Optimization 2D imaging-pro-
cessing charts, error determinations, and get precise approximations 
for hyperfractionated PMO-BED model.

Programming Dataset
Matlab Constrained GA optimization dataset is detailed, Table 

1. Constraints matrix algebra are implemented through [Algorithms 
3-4]. In Matlab and other similar systems, the constraints can be 
set as a matrix equation. Simulation dataset from comes from [20-
25,68,74,75,80,81,85-94]. The GA simulations were done with nu-
merical-experimental interval-data for GA implemented arrays. TPo-
tential in prostate neck cancer for in vitro experimental data is about 

[2,19] days. Table 1 shows all dataset implemented with references 
for in vitro parameters at BED-LQ model at low doses. The reason to 
use in vitro dataset in this first prostate study is that currently the in 
vivo radiobiological differences differ in the literature.

2D Optimization Results
2D GA Graphical results are shown in (Figures 1-4). The con-

strained optimization results are presented sharply in 2D multi-
functional charts. Constrained optimization with [Algorithms 1-4] 
gets better results than unconstrained one in previous publications 
[68,87,89-94]. However, differences are not very high in magnitude 
orders.

Figure 1: 100 generations constrained optimization Multifunctional GA 2D graph. The first one is the most important graph given by software 
when PMO is performed to validate the GA-optimization precision. Two optimal Pareto-value choices, inset, are marked, red and black arrows. 
The fundamentals of Nonlinear PMO calculations are usually based on 2D PMO functions charts. In this study all programmed optimizations show 
low residuals, therefore, results are acceptable.
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Figure 2: 150 generations constrained optimization Multifunctional GA 2D graph. The first one is the most important graph given by software when 
PMO is performed to validate the GA-optimization precision. Since generation number is 150, the average distance among individuals remains a 
bit unclear. Then, at Figure 4, with 250 generations, the precision jump is got sharply. The fundamentals of Nonlinear PMO calculations are usually 
based on 2D PMO functions charts. In this study all programmed optimizations show low residuals, therefore results are acceptable.

Figure 3: First 250 generations constrained optimization Multifunctional GA 2D graph. The upper image, enhanced, is the most important graph 
given by software when PMO is performed to validate the GA-optimization precision. The fundamentals of Nonlinear PMO calculations are 
usually based on 2D PMO functions charts. In this study all programmed optimizations show low residuals, therefore, results are acceptable.
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Figure 4: Second 250 generations constrained optimization Multifunctional GA 2D graph. Program and subroutines got to get precision jump 
clearly, approximately around 50th generation. The upper image, enhanced, is the most important graph given by software when PMO is performed 
to validate the GA-optimization accuracy. The fundamentals of Nonlinear PMO calculations are usually based on 2D PMO functions charts. In this 
study all programmed optimizations show low residuals, therefore, results are acceptable.

Numerical Results
Constrained PMO-GA optimization numerical data is shown in 

(Table 2). Constrained optimization show be acceptable within nu-

merical intervals [1-24,40,68,74-79,87-94]. Format presented as in 
previous publications for other types of cancer [ 85-94].

Table 2: Brief of constrained optimization Algorithms 1-4 numerical results. Pareto distance is about 10-2 magnitude order.

GENETIC ALGORITHM ARTIFICAL INTELLEGENCE OPTIMIZATION NUMERICAL RESULT FOR PROSTATE TUMORS HYPERFRAC-
TIONATED RT TREATMENT [250 GENERATIONS]

PARAMETER MANITUDE INTER-
AVAL RESULT COMMENTS

optimal dose frac-
tions number [38,44] integers According to literature standards [1-21,74-86].

optimal dose frac-
tions magnitude [1.5655, 1.6103] Gy within usual protocol in literature [1-21,74-86]. set with intervals according to different criteria

Optimal TTreat-
ment [32,34] days within usual protocol in literature [1-21,74-86]. set with intervals according to different criteria. The rt 

treatment varies according to weekends breaks, secondary effects, patient circumstance, etc.

pareto Distance [0.0177829, 0.0413472 Acceptable 10-2 magnitude order

Radiotherapy Medical Physics Applications
(Table 3) shows a resume of radiotherapy hyperfractionated 

treatment applications for prostate tumors. Medical Physics principal 
applications for radiotherapy TPO are explained briefly.
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Table 3: Some radiotherapy and radioprotection for RT head and neck cancer TPO Medical Physics study applications derived from results.

BED-LQ RADIO THERAPY OPTIMIZATION APPLICTIONS FOR HYPERFRACTIONATED RT PROTOCOL

APPLICATION MEDICAL PHYSICS AND RADIATION 
ONCOLOGY FILED ADDITIONAL

Optimal number of fractions RT schedule Avoid side effects

Biological Models TCP TCCP Improvements Patient Treatment Precision Radio protection impartments, more Quality Life 
and OARs Radioprotection

Post-RT treatment survival time Decrease of TCP, and TCCP Increase of Survival Time

Biological Models Research improvements improvements LINAC software, Cyberknife®, 
Gammaknife® and imaging guided TR Treatment

NTCP models Possible applications also Decrease of Side-Effects at OARs

Discussion and Conclusion
The objective of the study was to apply constrained GA Optimiza-

tion for prostate cancer hyperfractionated RT treatment with BED-LQ 
model. For low doses, LQ model is suitable in RT treatment planning. 
A constrained PMO-Multiobjective method was programmed with 
subroutines. Mathematical Algorithms 1-4 for the objective are pre-
sented/explained. Results comprise a series of 2D GA graphical series 
and numerical dataset, Tables 1 & 2. Constrained Optimization with 
Algorithms 1-4 got to get a Pareto Distance of about 10-2 magnitude 
order with 250 generations. When number of generations increas-
es from 100, the running time of the constrained programs rises to 
approximately 2-3 minutes. Grosso modo, a constrained RT-BED hy-
perfractionation model with GA was performed with Pareto- Optimi-
zation in one of the highest incidence/prevalence prostate tumors. 
sApplications for optimal RT planning come forward from results.

References
1. Casesnoves F (2022) Radiotherapy Wedge Filter AAA Model 18 Mev- Dose 

Delivery 3D Simulations with Several Software Systems for Medical Phys-
ics Applications. Applications Biomed J Sci & Tech Res 40(5).

2. Casesnoves F (2016) Mathematical Exact 3D Integral Equation Determi-
nation for Radiotherapy Wedge Filter Convolution Factor with Algorithms 
and Numerical Simulations. Journal of Numerical Analysis and Applied 
Mathematics 1(2): 39-59.

3. Casesnoves F (2015) Radiotherapy Conformal Wedge Computational 
Simulations,Optimization Algorithms, and Exact Limit Angle Approach. 
International Journal of Scientific Research in Science Engineering and 
Technology (IJSRSET) 1(2): 353-362.

4. Casesnoves F (2019) Improvements in Simulations for Radiotherapy 
Wedge Filter dose and AAA-Convolution Factor Algorithms. Internation-
al Journal of Scientific Research in Science Engineering and Technology 
(IJSRSET) 6(4): 194-219.

5. Casesnoves F (2011) Exact/Approximated Geometrical Determinations of 
IMRT Photon Pencil-Beam Path Through Alloy Static Wedges in Radiother-
apy Using Anisothropic Analytic Algorithm (AAA). Peer-reviewed ASME 
Conference Paper. ASME 2011 International Mechanical Eng Congress. 
Denver USA IMECE2011-65435, pp. 851-862.

6. Casesnoves F (2012) Geometrical Determinations of Limit angle (LA) re-
lated to maximum Pencil-Beam Divergence Angle in Radiotherapy Wedg-
es. Peer-reviewed ASME Conference Paper. ASME 2012 International Me-
chanical Eng Congress. Houston. USA. IMECE2012- 86638.

7. Casesnoves F (2013) A Conformal Radiotherapy Wedge Filter Design. 
Computational and Mathematical Model/Simulation’. Peer-Reviewed 
Poster IEEE (Institute for Electrical and Electronics Engineers), North-
east Bioengineering Conference. Syracuse New York, USA. April 6th, 2013. 
Peer-Reviewed Poster Session on 6th April 2013. Sessions 1 and 3 with 
Poster Number 35. Page 15 of Conference Booklet Printed.

8. Casesnoves F (2014) Mathematical and Geometrical Formulation/Analy-
sis for Beam Limit Divergence Angle in Radiotherapy Wedges. Peer-Re-
viewed International Engineering Article. International Journal of Engi-
neering and Innovative Technology (IJEIT) 3(7). 

9. Casesnoves F (2014) Geometrical determinations of IMRT photon pen-
cil-beam path in radiotherapy wedges and limit divergence angle with the 
Anisotropic Analytic Algorithm (AAA). Casesnoves F Peer- Reviewed sci-
entific paper, both Print and online. International Journal of Cancer Ther-
apy and Oncology 2(3): 02031.

10. Casesnoves F (2014) Radiotherapy Conformal Wedge Computational Sim-
ulations and Nonlinear Optimization Algorithms. Peer-reviewed Article, 
Special Double-Blind Peer- reviewed paper by International Scientif-
ic Board with contributed talk. Official Proceedings of Bio- and Medical 
Informatics and Cybernetics: BMIC 2014 in the context of the 18th Multi- 
conference on Systemics, Cybernetics and Informatics: WMSCI 2014 July 
15 - 18, 2014, Orlando, Florida, USA.

11. Casesnoves F (2007) Large-Scale Matlab Optimization Toolbox (MOT) 
Computing Methods in Radiotherapy Inverse Treatment Planning’. High 
Performance Computing Meeting. Nottingham University. Conference 
Poster.

12. Casesnoves F (2008) A Computational Radiotherapy Optimization Meth-
od for Inverse Planning with Static Wedges. High Performance Computing 
Conference. Nottingham University. Conference Poster.

13. Casesnoves F (2015) Radiotherapy Conformal Wedge Computational 
Simulations, Optimization Algorithms, and Exact Limit Angle Approach. 
International Journal of Scientific Research in Science Engineering and 
Technology 1(2).

14. Casesnoves F (2015) Radiotherapy Standard/Conformal Wedge IM-
RT-Beamlet Divergence Angle Limit Exact Method, Mathematical For-
mulation, and Bioengineering Applications. International Article-Poster. 
Published in Proceedings of Conference. 41st Annual Northeast Bioengi-
neering Conference. Rensselaer Polytechnic Institute. Troy, New York USA, 
p. 17-19. 

15. Casesnoves F (2015) Radiotherapy Standard/Conformal Wedge IM-
RT-Beamlet Divergence Angle Limit Exact Method, Mathematical Formu-
lation, and Bioengineering Applications. IEEE (Institute for Electrical and 
Electronics Engineers), International Article-Poster.

16. Casesnoves F (2015) Abstract-Journal. ‘Radiotherapy Standard/ Confor-

8https://dx.doi.org/10.26717/BJSTR.2023.51.008064
https://biomedres.us/pdfs/BJSTR.MS.ID.006527.pdf
https://biomedres.us/pdfs/BJSTR.MS.ID.006527.pdf
https://biomedres.us/pdfs/BJSTR.MS.ID.006527.pdf
https://www.semanticscholar.org/paper/Mathematical-Exact-3-D-Integral-Equation-for-Wedge-Casesnoves/23aaf319be677dd847b3d5d11e624b2b5ce8247a
https://www.semanticscholar.org/paper/Mathematical-Exact-3-D-Integral-Equation-for-Wedge-Casesnoves/23aaf319be677dd847b3d5d11e624b2b5ce8247a
https://www.semanticscholar.org/paper/Mathematical-Exact-3-D-Integral-Equation-for-Wedge-Casesnoves/23aaf319be677dd847b3d5d11e624b2b5ce8247a
https://www.semanticscholar.org/paper/Mathematical-Exact-3-D-Integral-Equation-for-Wedge-Casesnoves/23aaf319be677dd847b3d5d11e624b2b5ce8247a
https://www.semanticscholar.org/paper/Radiotherapy-Standard-Conformal-wedge-IMRT-beamlet-Casesnoves/567b308e19a3d97979f5c1799ee36d58ad71e67e
https://www.semanticscholar.org/paper/Radiotherapy-Standard-Conformal-wedge-IMRT-beamlet-Casesnoves/567b308e19a3d97979f5c1799ee36d58ad71e67e
https://www.semanticscholar.org/paper/Radiotherapy-Standard-Conformal-wedge-IMRT-beamlet-Casesnoves/567b308e19a3d97979f5c1799ee36d58ad71e67e
https://www.semanticscholar.org/paper/Radiotherapy-Standard-Conformal-wedge-IMRT-beamlet-Casesnoves/567b308e19a3d97979f5c1799ee36d58ad71e67e
https://www.semanticscholar.org/paper/Improvements-in-Simulations-for-Radiotherapy-Wedge-Casesnoves/599ac52bf5a2ab2e4b166f57673f74449e59b398
https://www.semanticscholar.org/paper/Improvements-in-Simulations-for-Radiotherapy-Wedge-Casesnoves/599ac52bf5a2ab2e4b166f57673f74449e59b398
https://www.semanticscholar.org/paper/Improvements-in-Simulations-for-Radiotherapy-Wedge-Casesnoves/599ac52bf5a2ab2e4b166f57673f74449e59b398
https://www.semanticscholar.org/paper/Improvements-in-Simulations-for-Radiotherapy-Wedge-Casesnoves/599ac52bf5a2ab2e4b166f57673f74449e59b398
https://asmedigitalcollection.asme.org/IMECE/proceedings-abstract/IMECE2011/54877/851/354043
https://asmedigitalcollection.asme.org/IMECE/proceedings-abstract/IMECE2011/54877/851/354043
https://asmedigitalcollection.asme.org/IMECE/proceedings-abstract/IMECE2011/54877/851/354043
https://asmedigitalcollection.asme.org/IMECE/proceedings-abstract/IMECE2011/54877/851/354043
https://asmedigitalcollection.asme.org/IMECE/proceedings-abstract/IMECE2011/54877/851/354043
https://www.semanticscholar.org/paper/Mathematical-and-Geometrical-Formulation-Analysis-Casesnoves/e3b9b072e238485ce75c90e223c7fc7b903eb938
https://www.semanticscholar.org/paper/Mathematical-and-Geometrical-Formulation-Analysis-Casesnoves/e3b9b072e238485ce75c90e223c7fc7b903eb938
https://www.semanticscholar.org/paper/Mathematical-and-Geometrical-Formulation-Analysis-Casesnoves/e3b9b072e238485ce75c90e223c7fc7b903eb938
https://www.semanticscholar.org/paper/Mathematical-and-Geometrical-Formulation-Analysis-Casesnoves/e3b9b072e238485ce75c90e223c7fc7b903eb938
https://www.researchgate.net/publication/274243219_Geometrical_determinations_of_IMRT_photon_pencil-beam_path_in_radiotherapy_wedges_and_limit_divergence_angle_with_the_Anisotropic_Analytic_Algorithm_AAA
https://www.researchgate.net/publication/274243219_Geometrical_determinations_of_IMRT_photon_pencil-beam_path_in_radiotherapy_wedges_and_limit_divergence_angle_with_the_Anisotropic_Analytic_Algorithm_AAA
https://www.researchgate.net/publication/274243219_Geometrical_determinations_of_IMRT_photon_pencil-beam_path_in_radiotherapy_wedges_and_limit_divergence_angle_with_the_Anisotropic_Analytic_Algorithm_AAA
https://www.researchgate.net/publication/274243219_Geometrical_determinations_of_IMRT_photon_pencil-beam_path_in_radiotherapy_wedges_and_limit_divergence_angle_with_the_Anisotropic_Analytic_Algorithm_AAA
https://www.researchgate.net/publication/274243219_Geometrical_determinations_of_IMRT_photon_pencil-beam_path_in_radiotherapy_wedges_and_limit_divergence_angle_with_the_Anisotropic_Analytic_Algorithm_AAA
https://ijsrset.com/paper/188.pdf
https://ijsrset.com/paper/188.pdf
https://ijsrset.com/paper/188.pdf
https://ijsrset.com/paper/188.pdf
https://ieeexplore.ieee.org/document/7117152
https://ieeexplore.ieee.org/document/7117152
https://ieeexplore.ieee.org/document/7117152
https://ieeexplore.ieee.org/document/7117152
https://ieeexplore.ieee.org/document/7117152
https://ieeexplore.ieee.org/document/7117152
https://www.researchgate.net/publication/308846682_Radiotherapy_StandardConformal_wedge_IMRT-beamlet_divergence_angle_limit_exact_method_mathematical_formulation_and_bioengineering_applications
https://www.researchgate.net/publication/308846682_Radiotherapy_StandardConformal_wedge_IMRT-beamlet_divergence_angle_limit_exact_method_mathematical_formulation_and_bioengineering_applications
https://www.researchgate.net/publication/308846682_Radiotherapy_StandardConformal_wedge_IMRT-beamlet_divergence_angle_limit_exact_method_mathematical_formulation_and_bioengineering_applications
https://www.researchgate.net/publication/308846682_Radiotherapy_StandardConformal_wedge_IMRT-beamlet_divergence_angle_limit_exact_method_mathematical_formulation_and_bioengineering_applications


Copyright@ : Francisco Casesnoves | Biomed J Sci & Tech Res | BJSTR. MS.ID.008064.

Volume 51- Issue 2 DOI: 10.26717/BJSTR.2023.51.008064

42437

mal Wedge IMRT- Beamlet Divergence Angle Limit Exact Method, Math-
ematical Formulation. International Conference on Significant Advances 
in Biomedical Engineering. 252nd OMICS International Conference 5(1). 
Francisco Casesnoves, J Bioengineer & Biomedical Sci 5: 1.

17. Casesnoves, F (2001) Determination of absorbed doses in common radio 
diagnostic explorations. 5th National Meeting of Medical Physics. Madrid, 
Spain. September 1985. treatment Planning’.

18. Casesnoves, F (2001) Master Thesis in Medical Physics. Eastern Finland 
University. Radiotherapy Department of Kuopio University Hospital and 
Radiotherapy Physics Grouversity-Kuopio. Defense approved in 2001. Li-
brary of Eastern finland University. Finland.

19. Casesnoves F (2013) A Conformal Radiotherapy Wedge Filter Design. 
Computational and Mathematical Model/Simulation’. Peer-Reviewed 
Poster IEEE (Institute for Electrical and Electronics Engineers), Northeast 
Bioengineering Conference. Syracuse New York, USA. Presented in the 
Peer-Reviewed Poster Session on 6th April 2013. Sessions 1 and 3 with 
Poster Number 35. Page 15 of Conference Booklet. April 6th, 2013.

20. Casesnoves F (2022) Radiotherapy Biological Tumor Control Probability 
Integral Equation Model with Analytic Determination. International Jour-
nal of Mathematics and Computer Research 10(8): 2840-2846.

21. Casesnoves F (2022) Radiotherapy Wedge Filter AAA Model 3D Simula-
tions For 18 Mev 5 cm-Depth Dose with Medical Physics Applications. In-
ternational Journal of Scientific Research in Computer Science, Engineer-
ing and Information Technology (IJSRCSEIT) 8(1): 261-274.

22. Walsh S (2011) Radiobiological modelling in Radiation Oncology. PhD 
Thesis. School of Physics. National University of Galway. 

23. Chapman D, Nahum A (2015) Radiotherapy Treatment Planning. Linear- 
Quadratic Radiobiology. CRC Press, pp. 190.

24. (2015) In: Mayles W, Nahum A, Rosenwald J (Eds.)., Handbook of Radio-
therapy Physics (2nd Edn.)., CRC Press.

25. Nahum A, Webb S (1993) A model for calculating tumour control probabil-
ity in radiotherapy including the effects of inhomogeneous distributions 
of dose and clonogenic cell density. Physics in Medicine and Biology 38(6): 
653-666. 

26. Haydaroglu A, Ozyigit G (2013) Principles and Practice of Modern Radio-
therapy Techniques in Breast Cancer. Springer. 

27. Casesnoves F (2019-20) Die numerische Reuleaux-Methode Rechnerische 
und dynamische Grundlagen mit Anwendungen (Erster Teil). Publishing 
House: Sciencia Scripts.

28. Ulmer W, Harder D (1997) Corrected Tables of the Area Integral I(z) for 
the Triple Gaussian Pencil Beam Model. Z Med Phys 7(3): 192-193. 

29. Ulmer W, Harder D (1995) A triple Gaussian pencil beam model for photon 
beam treatment planning. Med Phys 5(1): 25-30. 

30. Ulmer W, Harder D (1996) Applications of a triple Gaussian pencil beam 
model for photon beam treatment planning. Med Phys 6(2): 68-74. 

31. Ma C, Lomax T (2013) Proton and Carbon Ion Therapy. CRC Press. 

32. Censor Y, Zenios S (1997) Parallel Optimization: Theory, Algorithms and 
Applications. UOP. 

33. Ulmer W, Pyyry J, Kaissl W (2005) A 3D photon superposition/ convolu-
tion algorithm and its foundation on results of Monte Carlo calculations. 
Phys Med Biol 50(8): 1767-1790.

34. Ulmer W, Harder D (1997) Applications of the triple Gaussian Photon 
Pencil Beam Model to irregular Fields, dynamical Collimators and circular 
Fields. Phys Med Biol, pp. 169-176. 

35. Haddad K, Anjak O, Yousef B (2019) Neutron and high energy photon flu-
ence estimation in CLINAC using gold activation foils. Reports of practical 
oncology and radiotherapy 24: 41-46. 

36. Sievinen J, Waldemar U, Kaissl W. AAA Photon Dose Calculation Model in 
Eclipse™. Varian Medical Systems Report. Rad #7170A.

37. Vagena E, Stoulos S, Manolopoulou M (2016) GEANT4 Simulations on 
Medical LINAC operation at 18MV: experimental validation based on acti-
vation foils. Radiation Physics and Chemistry 120: 89-97. 

38. (2013) Ethics for Researchers EU Commission. Directorate-General for 
Research and Innovation. Science in society/Capacities FP7. 

39. Casesnoves F (1981) Surgical Pathology I course class notes and clinical 
practice of Surgical Pathology Madrid Clinical Hospital [Professor Surgeon 
Dr Santiago Tamames Escobar] 4th academic year course for graduation in 
Medicine and Surgery. Lessons and practice Breast Cancer Surgical and 
Medical Treatment. 1980-1981. Madrid Complutense University.

40. Tamames Escobar S (2000) Cirugia/ Surgery: Aparato Digestivo. Aparato 
Circulatorio. Aparato Respiratorio/ Digestive System. Circulatory System. 
Respiratory System (Spanish Edition).

41. Formenti S, Sandra Demaria S (2013) Combining Radiotherapy and Can-
cer Immunotherapy: A Paradigm Shift. J Natl Cancer Inst 105: 256-265. 

42. Numrich R (2010) The computational energy spectrum of a program as it 
executes. Journal of Supercomputing 52: 119-134.

43. (2021) European Commission, Directorate-General for Research. Unit L3. 
Governance and Ethics. European Research Area. Science and Society.

44. ALLEA (2017) The European Code of Conduct for Research Integrity. Re-
vised Edn.; ALLEA: Berlin Barndenburg Academy of Sciences.

45. (2017) Good Research Practice. Swedish Research Council. 

46. Ulmer W, Schaffner B (2011) Foundation of an analytical proton beamlet 
model for inclusion in a general proton dose calculation system. Radiation 
Physics and Chemistry 80: 378-389.

47. Sharma S (2008) Beam Modification Devices in Radiotherapy. Lecture at 
Radiotherapy Department, PGIMER. India.

48. Barrett A, Colls (2009) Practical Radiotherapy Planning (4th Edn.)., Hodder 
Arnold.

49. Ahnesjö A, Saxner M, A Trepp (1992) A pencil beam model for photon 
dose calculations. Med Phys 19(12): 263-273. 

50. Brahime A (2000) Development of Radiation Therapy Optimization. Acta 
Oncologica 39(5): 579-595.

51. Bortfeld T, Hong T, Craft D, Carlsson F (2008) Multicriteria Optimization in 
Intensity- Modulated Radiation Therapy Treatment Planning for Locally 
Advanced Cancer of the Pancreatic Head. International Journal of Radia-
tion Oncology and Biology Physics 72(4): 1208-1214.

52. Brown B, cols (2014) Clinician-led improvement in cancer care (CLICC) - 
testing a multifaceted implementation strategy to increase evidence-based 
prostate cancer care: phased randomised controlled trial - study protocol. 
Implementation Science 9: 64. 

53. Bortifield T (2006) IMRT: a review and preview. Phys Med Biol 51(13): 
R363–R379. 

54. Censor Y (1996) Mathematical Optimization for the Inverse problem of 
Intensity-Modulated Radiation Therapy. Laboratory Report, Department 
of Mathematics, University of Haifa, Israel.

55. Capizzello A, Tsekeris PG, Pakos EE, Papathanasopoulou V, Pitouli EJ 
(2006) Adjuvant Chemo-Radiotherapy in Patients with Gastric Cancer. In-
dian Journal of Cancer 43(4): 174-179.

8https://dx.doi.org/10.26717/BJSTR.2023.51.008064
https://www.academia.edu/73604496/Radiotherapy_Wedge_Filter_AAA_Model_3d_Simulations_For_18_MEV_5cm_Depth_Dose_with_Medical_Physics_Applications
https://www.academia.edu/73604496/Radiotherapy_Wedge_Filter_AAA_Model_3d_Simulations_For_18_MEV_5cm_Depth_Dose_with_Medical_Physics_Applications
https://www.academia.edu/73604496/Radiotherapy_Wedge_Filter_AAA_Model_3d_Simulations_For_18_MEV_5cm_Depth_Dose_with_Medical_Physics_Applications
https://www.academia.edu/73604496/Radiotherapy_Wedge_Filter_AAA_Model_3d_Simulations_For_18_MEV_5cm_Depth_Dose_with_Medical_Physics_Applications
https://www.taylorfrancis.com/books/mono/10.1201/b18349/radiotherapy-treatment-planning-donald-chapman-alan-nahum
https://www.taylorfrancis.com/books/mono/10.1201/b18349/radiotherapy-treatment-planning-donald-chapman-alan-nahum
https://pubmed.ncbi.nlm.nih.gov/8346278/
https://pubmed.ncbi.nlm.nih.gov/8346278/
https://pubmed.ncbi.nlm.nih.gov/8346278/
https://pubmed.ncbi.nlm.nih.gov/8346278/
https://link.springer.com/book/10.1007/978-1-4614-5116-7
https://link.springer.com/book/10.1007/978-1-4614-5116-7
https://www.amazon.it/Die-numerische-Reuleaux-Methode-Rechnerische-Anwendungen/dp/6200895600
https://www.amazon.it/Die-numerische-Reuleaux-Methode-Rechnerische-Anwendungen/dp/6200895600
https://www.amazon.it/Die-numerische-Reuleaux-Methode-Rechnerische-Anwendungen/dp/6200895600
https://www.sciencedirect.com/science/article/abs/pii/S0939388915702552
https://www.sciencedirect.com/science/article/abs/pii/S0939388915702552
https://www.sciencedirect.com/science/article/abs/pii/S0939388915707580
https://www.sciencedirect.com/science/article/abs/pii/S0939388915707580
https://www.sciencedirect.com/science/article/abs/pii/S0939388915707841
https://www.sciencedirect.com/science/article/abs/pii/S0939388915707841
https://www.routledge.com/Proton-and-Carbon-Ion-Therapy/Ma-Lomax/p/book/9780367576660
https://www.researchgate.net/publication/230662019_Parallel_optimization_Theory_algorithms_and_applications
https://www.researchgate.net/publication/230662019_Parallel_optimization_Theory_algorithms_and_applications
https://pubmed.ncbi.nlm.nih.gov/15815095/
https://pubmed.ncbi.nlm.nih.gov/15815095/
https://pubmed.ncbi.nlm.nih.gov/15815095/
https://link.springer.com/article/10.1023/B:JORA.0000015192.56164.a5
https://link.springer.com/article/10.1023/B:JORA.0000015192.56164.a5
https://link.springer.com/article/10.1023/B:JORA.0000015192.56164.a5
https://www.sciencedirect.com/science/article/pii/S1507136718301196
https://www.sciencedirect.com/science/article/pii/S1507136718301196
https://www.sciencedirect.com/science/article/pii/S1507136718301196
https://www.yumpu.com/en/document/view/20358138/aaa-photon-dose-calculation-model-in-eclipsetm
https://www.yumpu.com/en/document/view/20358138/aaa-photon-dose-calculation-model-in-eclipsetm
https://www.sciencedirect.com/science/article/abs/pii/S0969806X15301225
https://www.sciencedirect.com/science/article/abs/pii/S0969806X15301225
https://www.sciencedirect.com/science/article/abs/pii/S0969806X15301225
https://ec.europa.eu/research/participants/data/ref/fp7/89888/ethics-for-researchers_en.pdf
https://ec.europa.eu/research/participants/data/ref/fp7/89888/ethics-for-researchers_en.pdf
https://www.abebooks.co.uk/9788479034955/Cirug%C3%ADa-Aparato-digestivo-circulatorio-respiratorio-8479034955/plp
https://www.abebooks.co.uk/9788479034955/Cirug%C3%ADa-Aparato-digestivo-circulatorio-respiratorio-8479034955/plp
https://www.abebooks.co.uk/9788479034955/Cirug%C3%ADa-Aparato-digestivo-circulatorio-respiratorio-8479034955/plp
https://pubmed.ncbi.nlm.nih.gov/23291374/
https://pubmed.ncbi.nlm.nih.gov/23291374/
https://link.springer.com/article/10.1007/s11227-009-0273-x
https://link.springer.com/article/10.1007/s11227-009-0273-x
https://ec.europa.eu/research/participants/data/ref/fp7/89878/ethics-concepts_en.pdf
https://ec.europa.eu/research/participants/data/ref/fp7/89878/ethics-concepts_en.pdf
https://www.allea.org/wp-content/uploads/2017/05/ALLEA-European-Code-of-Conduct-for-Research-Integrity-2017.pdf
https://www.allea.org/wp-content/uploads/2017/05/ALLEA-European-Code-of-Conduct-for-Research-Integrity-2017.pdf
https://www.sciencedirect.com/science/article/abs/pii/S0969806X1000410X
https://www.sciencedirect.com/science/article/abs/pii/S0969806X1000410X
https://www.sciencedirect.com/science/article/abs/pii/S0969806X1000410X
https://www.slideshare.net/santam/beam-modification-in-radiotherapy-147021
https://www.slideshare.net/santam/beam-modification-in-radiotherapy-147021
https://www.routledge.com/Practical-Radiotherapy-Planning/Barrett-Morris-Dobbs-Roques/p/book/9780340927731
https://www.routledge.com/Practical-Radiotherapy-Planning/Barrett-Morris-Dobbs-Roques/p/book/9780340927731
https://pubmed.ncbi.nlm.nih.gov/1584117/
https://pubmed.ncbi.nlm.nih.gov/1584117/
https://pubmed.ncbi.nlm.nih.gov/11093366/
https://pubmed.ncbi.nlm.nih.gov/11093366/
https://pubmed.ncbi.nlm.nih.gov/18954714/
https://pubmed.ncbi.nlm.nih.gov/18954714/
https://pubmed.ncbi.nlm.nih.gov/18954714/
https://pubmed.ncbi.nlm.nih.gov/18954714/
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-9-64
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-9-64
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-9-64
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-9-64
https://pubmed.ncbi.nlm.nih.gov/16790913/
https://pubmed.ncbi.nlm.nih.gov/16790913/
https://www.aapm.org/meetings/03SS/Presentations/Censor.pdf
https://www.aapm.org/meetings/03SS/Presentations/Censor.pdf
https://www.aapm.org/meetings/03SS/Presentations/Censor.pdf
https://www.researchgate.net/publication/6607342_Adjuvant_chemo-radiotherapy_in_patients_with_gastric_cancer
https://www.researchgate.net/publication/6607342_Adjuvant_chemo-radiotherapy_in_patients_with_gastric_cancer
https://www.researchgate.net/publication/6607342_Adjuvant_chemo-radiotherapy_in_patients_with_gastric_cancer


Copyright@ : Francisco Casesnoves | Biomed J Sci & Tech Res | BJSTR. MS.ID.008064. 42438

Volume 51- Issue 2 DOI: 10.26717/BJSTR.2023.51.008064

56. Tamer Dawod, EM Abdelrazek, Mostafa Elnaggar, Rehab Omar (2014) 
Dose Validation of Physical Wedged symmetric Fields in Artiste Linear 
Accelerator. International Journal of Medical Physics, Clinical Engineering 
and Radiation Oncology 3: 201-209. 

57. Do SY, David A, Bush Jerry D Slater (2010) Comorbidity-Adjusted Survival 
in Early-Stage Lung Cancer Patients Treated with Hypofractioned Proton 
Therapy. Journal of Oncology. 

58. Ehrgott M, Burjony M (1999) Radiation Therapy Planning by Multicriteria 
Optimization. Department of Engineering Science. University of Auckland. 
New Zealand. Conference Paper.

59. Ezzel G (1996) Genetic and geometric optimization of three-dimensional 
radiation therapy treatment planning. Med Phys 23: 293- 305. 

60. (2008) Effective Health Care Number 13. Comparative Effectiveness 
of Therapies for Clinically Localized Prostate cancer. Bookshelf ID: 
NBK554842.

61. Hansen P (1998) Rank-deficient and discrete ill-posed problems: numer-
ical aspects of linear inversion. SIAM monographs on mathematical mod-
elling and computation.

62. Hashemiparast S, Fallahgoul H (2011) Modified Gauss quadrature for ill-
posed integral transform. International Journal of Mathematics and Com-
putation 13(11). 

63. Isa N (2014) Evidence based radiation oncology with existing technology. 
Reports of practical oncology and radiotherapy 19: 259-266. 

64. Johansson KA, Mattsson S, Brahme A, Turesson I (2003) Radiation Thera-
py Dose Delivery. Acta Oncologica 42(2): 85-91. 

65. Khanna P, Blais N, Gaudreau PO, Corrales Rodriguez L (2016) Immuno-
therapy Comes of Age in Lung Cancer. Clinical Lung Cancer 18(1): 13-22.

66. Kufer KH, Hamacher HW, Bortfeld T (2000) A multicriteria optimisation 
approach for inverse radiotherapy planning. University of Kaiserslautern, 
Germany, pp. 26-28.

67. Kirsch A (1996) An introduction to the Mathematical Theory of Inverse 
Problems. Springer Applied Mathematical Sciences.

68. Luenberger D (1989) Linear and Nonlinear Programming (2nd Edn.)., Ad-
dison-Wesley.

69. Moczko J, Roszak A (2006) Application of Mathematical Modeling in Sur-
vival Time Prediction for Females with Advanced Cervical cancer treated 
Radio-chemotherapy. Computational Methods in science and Technology 
12(2): 143-147.

70. Ragaz J, Ivo A Olivotto, John J Spinelli, Norman Phillips, Stewart M Jackson, 
et al. (2005) Locoregional Radiation Therapy in Patients with High-risk 
Breast Cancer Receiving Adjuvant Chemotherapy: 20-Year Results of the 
Columbia Randomized Trial’. Journal of National Cancer Institute 97(2): 
116-126.

71. Steuer R (1986) Multiple Criteria Optimization: Theory, Computation and 
Application. Wiley, pp. 546.

72. Spirou SV, Chui CS (1998) A gradient inverse planning algorithm with 
dose-volume constraints. Med Phys 25: 321-323. 

73. Das I, colls (1997) Patterns of dose variability in radiation prescription of 
breast cancer. Radiotherapy and Oncology 44: 83-89. 

74. Casesnoves F (2018) Practical Radiotherapy TPO course and practice with 
Cyberknife. Robotic simulations for breathing movements during radio-
therapy treatment. Sigulda Radiotherapy Cyberknife Center. Latvia. Riga 
National Health Oncology Hospital Varian LINACs TPO practice/lessons 
several Varian LINACs. Riga Technical University Bioengineering Train-
ing-Course Nonlinear Life.

75. Casesnoves F (2022) Radiotherapy Linear Quadratic Bio Model 3D Wedge 
Filter Dose Simulations for AAA Photon-Model [18 Mev, Z= 5,15 cm] with 
Mathematical Method System. Biomed J Sci & Tech Res 46(2).

76. Casesnoves F (1985) Protection of the Patient in Routinary Radiological 
Explorations. Experimental Low Energies RX Dosimetry. Masters in phi-
losophy Thesis at Medical Physics Department. Medicine Faculty. Madrid 
Complutense University 1984-1985.

77. Casesnoves F (1983-5) Ionization Chamber Low Energies Experimental 
Measurements for M-640 General Electric RX Tube with Radcheck ion-
ization camera, Radcheck Beam Kilovoltimeter and TLD dosimeters. Ra-
diology Department practice and measurements. Madrid Central Defense 
Hospital. Medical Physics Department. Masters in philosophy Thesis. 
Medicine Faculty. Complutense University. Madrid.

78. Casesnoves F (1985) Determination of Absorbed Doses in Routinary Ra-
diological Explorations. Medical Physics Conference organized by Medical 
Physics Society Proceedings Printed. San Lorenzo del Escorial. Madrid.

79. Greening J (1985) Fundamentals of Radiation Dosimetry. Taylor and Fran-
cis (2nd Edn.).,.

80. (1977) International Commission of Radiation Protection. Bulletin 26th. 
The International Commission on Radiological Protection. Recommenda-
tions of the International Commission on Radiological Protection. Perga-
mon Press. Copyright © 1977 The International Commission on Radiolog-
ical Protection.

81. Stanton P, Colls (1996) Cell kinetics in vivo of human breast cancer. British 
Journal of Surgery 83(1): 98-102. 

82. Hedman M, Bjork Eriksson T, Brodin O, Toma Dasu I (2013) Predictive val-
ue of modelled tumour control probability based on individual measure-
ments of in vitro radiosensitivity and potential doubling time. Br J Radiol 
86(1025): 20130015.

83. Fowler J (2010) 21 years of Biologically Effective Dose. The British Journal 
of Radiology 83 (991): 554-568.

84. Loredana G Marcu, Iuliana Toma Dasu, Alexandru Dasu, Claes Mercke 
(2018) Radiotherapy and Clinical Radiobiology of Head and Neck Cancer. 
Series in Medical Physics and Biomedical Engineering. CRC Press.

85. Casesnoves F (2022) Radiotherapy 3D Isodose Simulations for Wedge Fil-
ter 18 Mev-Dose [ z = 5,15 cm] with AAA Model with Breast Cancer Appli-
cations. International Journal on Research Methodologies in Physics and 
Chemistry (IJRPC) 9(2).

86. Garden A, Beadle B, Gunn G (2018) Radiotherapy for Head and Neck Can-
cers (5th Edn.)., Wolters Kluwer.

87. Casesnoves F (2023) Radiotherapy Genetic Algorithm Pareto-Multiob-
jective Optimization of Biological Efective Dose and Clonogens Models 
for Head and Neck Tumor Advanced Treatment. International Journal of 
Mathematics and Computer Research 11(1): 3156-3177.

88. Casesnoves F (2023) Radiotherapy effective clonogens model graphical 
optimization approaching linear quadratic method for head and neck tu-
mors. International Journal of Molecular Biology and Biochemistry 5(1): 
33-40.

89. Casesnoves F (2023) Training course Stereotactic Radiotherapy and Ra-
diosurgery in Management of Metastatic Brain Tumors. Sigulda Stereotac-
tic, Radiosurgery and Cyberknife Hospital. International Society of Radio-
surgey. Sigulda, Latvia.

90. Joiner M Kogel A (2019) Basic Clinical Radiobiology. CRC Press.

91. Cher M, Raz A (2002) Prostate Cancer: New Horizons in Research and 
Treatment. Kluwer Academic Publishers.

8https://dx.doi.org/10.26717/BJSTR.2023.51.008064
https://www.scirp.org/pdf/ijmpcero_2014101615145745.pdf
https://www.scirp.org/pdf/ijmpcero_2014101615145745.pdf
https://www.scirp.org/pdf/ijmpcero_2014101615145745.pdf
https://www.scirp.org/pdf/ijmpcero_2014101615145745.pdf
https://pubmed.ncbi.nlm.nih.gov/21151644/
https://pubmed.ncbi.nlm.nih.gov/21151644/
https://pubmed.ncbi.nlm.nih.gov/21151644/
https://orsnz.org.nz/conf36/papers/Ehrgott.pdf
https://orsnz.org.nz/conf36/papers/Ehrgott.pdf
https://orsnz.org.nz/conf36/papers/Ehrgott.pdf
https://pubmed.ncbi.nlm.nih.gov/8815371/
https://pubmed.ncbi.nlm.nih.gov/8815371/
https://www.ncbi.nlm.nih.gov/books/NBK43147/
https://www.ncbi.nlm.nih.gov/books/NBK43147/
https://www.ncbi.nlm.nih.gov/books/NBK43147/
https://epubs.siam.org/doi/book/10.1137/1.9780898719697
https://epubs.siam.org/doi/book/10.1137/1.9780898719697
https://epubs.siam.org/doi/book/10.1137/1.9780898719697
http://www.ceser.in/ceserp/index.php/ijmc/article/view/2520
http://www.ceser.in/ceserp/index.php/ijmc/article/view/2520
http://www.ceser.in/ceserp/index.php/ijmc/article/view/2520
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4104019/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4104019/
https://pubmed.ncbi.nlm.nih.gov/12801127/
https://pubmed.ncbi.nlm.nih.gov/12801127/
https://pubmed.ncbi.nlm.nih.gov/27461776/
https://pubmed.ncbi.nlm.nih.gov/27461776/
https://link.springer.com/chapter/10.1007/978-3-642-59758-9_10
https://link.springer.com/chapter/10.1007/978-3-642-59758-9_10
https://link.springer.com/chapter/10.1007/978-3-642-59758-9_10
https://link.springer.com/book/9781461253396
https://link.springer.com/book/9781461253396
https://link.springer.com/book/9781402075933
https://link.springer.com/book/9781402075933
https://cmst.eu/articles/application-of-mathematical-modeling-in-survival-time-prediction-for-females-with-advanced-cervical-cancer-treated-radio-chemotherapy/
https://cmst.eu/articles/application-of-mathematical-modeling-in-survival-time-prediction-for-females-with-advanced-cervical-cancer-treated-radio-chemotherapy/
https://cmst.eu/articles/application-of-mathematical-modeling-in-survival-time-prediction-for-females-with-advanced-cervical-cancer-treated-radio-chemotherapy/
https://cmst.eu/articles/application-of-mathematical-modeling-in-survival-time-prediction-for-females-with-advanced-cervical-cancer-treated-radio-chemotherapy/
https://pubmed.ncbi.nlm.nih.gov/15657341/
https://pubmed.ncbi.nlm.nih.gov/15657341/
https://pubmed.ncbi.nlm.nih.gov/15657341/
https://pubmed.ncbi.nlm.nih.gov/15657341/
https://pubmed.ncbi.nlm.nih.gov/15657341/
https://onlinelibrary.wiley.com/doi/10.1002/oca.4660100109
https://onlinelibrary.wiley.com/doi/10.1002/oca.4660100109
https://pubmed.ncbi.nlm.nih.gov/9288862/
https://pubmed.ncbi.nlm.nih.gov/9288862/
https://www.routledge.com/Fundamentals-of-Radiation-Dosimetry/Greening/p/book/9780367451738
https://www.routledge.com/Fundamentals-of-Radiation-Dosimetry/Greening/p/book/9780367451738
https://www.icrp.org/publication.asp?id=icrp%20publication%2026
https://www.icrp.org/publication.asp?id=icrp%20publication%2026
https://www.icrp.org/publication.asp?id=icrp%20publication%2026
https://www.icrp.org/publication.asp?id=icrp%20publication%2026
https://www.icrp.org/publication.asp?id=icrp%20publication%2026
https://pubmed.ncbi.nlm.nih.gov/8653378/
https://pubmed.ncbi.nlm.nih.gov/8653378/
https://pubmed.ncbi.nlm.nih.gov/23479396/
https://pubmed.ncbi.nlm.nih.gov/23479396/
https://pubmed.ncbi.nlm.nih.gov/23479396/
https://pubmed.ncbi.nlm.nih.gov/23479396/
https://pubmed.ncbi.nlm.nih.gov/20603408/
https://pubmed.ncbi.nlm.nih.gov/20603408/
https://www.routledge.com/Radiotherapy-and-Clinical-Radiobiology-of-Head-and-Neck-Cancer/Marcu-Toma-Dasu-Dasu-Mercke/p/book/9780367571610
https://www.routledge.com/Radiotherapy-and-Clinical-Radiobiology-of-Head-and-Neck-Cancer/Marcu-Toma-Dasu-Dasu-Mercke/p/book/9780367571610
https://www.routledge.com/Radiotherapy-and-Clinical-Radiobiology-of-Head-and-Neck-Cancer/Marcu-Toma-Dasu-Dasu-Mercke/p/book/9780367571610
https://ijrpc.org/index.php/ijrpc/article/view/33
https://ijrpc.org/index.php/ijrpc/article/view/33
https://ijrpc.org/index.php/ijrpc/article/view/33
https://ijrpc.org/index.php/ijrpc/article/view/33
https://www.biologyjournals.net/archives/2023.v5.i1.A.37/radiotherapy-effective-clonogens-model-graphical-optimization-approaching-linear-quadratic-method-for-head-and-neck-tumors
https://www.biologyjournals.net/archives/2023.v5.i1.A.37/radiotherapy-effective-clonogens-model-graphical-optimization-approaching-linear-quadratic-method-for-head-and-neck-tumors
https://www.biologyjournals.net/archives/2023.v5.i1.A.37/radiotherapy-effective-clonogens-model-graphical-optimization-approaching-linear-quadratic-method-for-head-and-neck-tumors
https://www.biologyjournals.net/archives/2023.v5.i1.A.37/radiotherapy-effective-clonogens-model-graphical-optimization-approaching-linear-quadratic-method-for-head-and-neck-tumors
https://www.routledge.com/Basic-Clinical-Radiobiology/Joiner-Kogel/p/book/9781444179637
https://link.springer.com/book/10.1007/b101860
https://link.springer.com/book/10.1007/b101860


Copyright@ : Francisco Casesnoves | Biomed J Sci & Tech Res | BJSTR. MS.ID.008064.

Volume 51- Issue 2 DOI: 10.26717/BJSTR.2023.51.008064

42439

92. Sureka C Armpilia C (2017) Radiation Biology for Medical Physicists. 
(Hardback) CRC Press.

93. Ramon J, Denis L (2007) Prostate Cancer. ISBN 978-3-540-408970. Sprin-
ger-Verlag Berlin Heidelberg.

94. B Andisheh, M Edgren, Dž Belkić, P Mavroidis, A Brahme, et al. (2013). A 
Comparative Analysis of Radiobiological Models for Cell Surviving Frac-
tions at High Doses. Technology in Cancer Research and Treatment 12(2): 
183-192.

Submission Link: https://biomedres.us/submit-manuscript.php

Assets of Publishing with us

• Global archiving of articles

• Immediate, unrestricted online access

• Rigorous Peer Review Process

• Authors Retain Copyrights

• Unique DOI for all articles

https://biomedres.us/

This work is licensed under Creative
Commons Attribution 4.0 License

ISSN: 2574-1241
DOI: 10.26717/BJSTR.2023.51.008064

Francisco Casesnoves. Biomed J Sci & Tech Res 

8https://dx.doi.org/10.26717/BJSTR.2023.51.008064
https://www.routledge.com/Radiation-Biology-for-Medical-Physicists/Sureka-Armpilia/p/book/9781498765893
https://www.routledge.com/Radiation-Biology-for-Medical-Physicists/Sureka-Armpilia/p/book/9781498765893
https://link.springer.com/book/10.1007/978-3-540-40901-4
https://link.springer.com/book/10.1007/978-3-540-40901-4
https://pubmed.ncbi.nlm.nih.gov/23098282/
https://pubmed.ncbi.nlm.nih.gov/23098282/
https://pubmed.ncbi.nlm.nih.gov/23098282/
https://pubmed.ncbi.nlm.nih.gov/23098282/
8https://dx.doi.org/10.26717/BJSTR.2023.51.008064

