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Abstract 
Toxicity of the respiratory system is quite common after radiotherapy in 
thoracic tumours. The quantification of lung tissue response to irradiation 
is important in designing treatments associated with a minimum of 
complications and maximum tumor control. 
This work aims to estimate volumes V13, V20 and V30 as an index of 
radiation pneumonitis occurrence, to evaluate the predictive strength of 
the relative seriality, Lyman-Kutcher-Burman(LKB) and parallel normal 
tissue complication probability (NTCP) models regarding the incidence of 
radiation pneumonitis in a group of patients following lung cancer 
radiotherapy when lung perceived as paired and single organ respectively 
and also software development for the determination of the best 
estimates of the models’ parameters based on maximum likelihood 
method. The study was based on 46 patients and for each patient, lung 
dose-volume histograms (DVHs) and the clinical treatment outcome was 
available. From the 46 patients treated, 28 of them were scored as 
having radiation induced pneumonitis, with RTOG criteria grade ≥2. 
Firstly lungs were evaluated as a paired organ. Analyzing this material we 
failed to associate volume V13, V20 and V30 with radiation pneumonitis 
occurrence (χ2-test: probability of agreement between observed and 
predicted results using the 0.05 significance level). 
By applying ANOVA of the NTCP models examined in the overall group 
considering lungs as paired organs the LKB with Martel et al parameter 
set gave the best results, whereas when lungs perceived as individual 
organ (unhealthy lung volume-PTV) the best model was appeared to be 
LKB with Burman et al parameter set. However, in this relatively small 
group of lung cancer patients NTCP models didn’t show excessive 
correlation with the clinical outcome. Nevertheless, when total lung 
volume irradiated and total dose received were taken into account as 
factors of radiation pneumonitis prediction, correlation was almost 
duplicated for both perception of lungs. 
In order to achieve the best fitting of models to the clinical outcome for 
the specific patient group, maximum likelihood analysis was applied via 
software development using mle programming language, to find those 
parameters that maximize the likelihood function. When lungs perceived 
as single organ, the best fitting of models to the clinical outcome for 
relative seriality were D50 = 22Gy, γ= 2, s=0.031, LKB model D50 = 23Gy, 
m=0.18, n=1 and for parallel model, D50 = 20Gy, m=0.2, n=0.6. Maximum 
likelihood analysis was not applied for paired lung assumption as 
constraints did not allow us to properly fit the models. 
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1. Introduction 
 
    Since the discovery of x-rays over one hundred years ago, radiation 
has been used more and more in medicine, both to help in diagnosis (by 
taking pictures with x-rays), and as a treatment(radiotherapy). 
Radiotherapy is the use of x-rays and similar rays (such as electrons) in 
carefully measured doses to treat cancer or offer a palliative modality. 
Many people with cancer will have radiotherapy as part of their 
treatment.  
    Radiotherapy works because the high dose of radiation damages cells 
and stops them from growing and dividing by damaging their genetic 
material. So cancerous cells get damaged or destroyed and tumors get 
shrinked. Normal cells that are affected usually recover or repair 
themselves quite quickly, but cancerous cells, which are abnormal cells, do 
not recover. The purpose of radiotherapy is to destroy the cancer cells 
while causing as little damage as possible to normal cells so the patients 
do not suffer side effects that threaten their life.  
    A field that it is likely to be added and applied with acceptable 
accuracy to treatment planning to achieve an optimal therapy for each 
individual is that of TCP (Tumor Control Probability) and NTCP (Normal 
Tissue Complication Probability) modeling. By doing that, researchers 
would be able to design individualized treatments with minimized side 
effects due to radiation. 
 
 
1.1 The significance of Radiotherapy in the management of cancer 
 
    Radiotherapy is one of the two most effective treatments for cancer.  
Surgery, which of course has the longer history, is in many tumor types 
the primary form of treatment and it leads to good therapeutic results in 
a range of early non-metastatic tumors. 
    Radiotherapy has replaced surgery for the long-term control of many 
tumors of the head and neck, cervix, bladder, prostate and skin, in which 
it often achieves reasonable probability of tumor control with good 
cosmetic results. In addition to these examples of the curative role of 
radiation therapy, many patients gain valuable palliation by radiation. 
The use of the modern linear accelerator has become a very precise tool, 
capable of depositing a defined dose to a specific volume of tissue, 
rendering radiotherapy an increasingly important modality for the 
treatment of most cancers. This has been made possible by rapid 
advances in technology, including intensity modulation and image guidance 
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in real time. These developments have been particularly useful in allowing 
sparing of normal tissues lying in close proximity to tumors, such as bowel 
adjacent to cancer of the prostate. 
  Chemotherapy is the third most important treatment modality at the 
present time. Following the early use of nitrogen mustard during the 
1920s, it has emerged to the point where upwards of 30 drugs are 
available for the management of cancer, although no more than 10-15 are 
in common use. Many patients receive chemotherapy at some point in 
their management and useful symptom relief and disease arrest are often 
obtained. 
    The following is a brief outline of the role of radiotherapy in six 
disease sites: 

• Bladder: the success of surgery or radiotherapy varies widely with 
stage of the disease, both approaches give 5-year survival rates in 
excess of 50%. 

• Breast: early breast cancers, not known to have metastasized, are 
usually treated by surgery and this has a tumor control rate in 
region of 50-70%. Radiotherapy given to the chest wall and 
regional lymph nodes increases control by up to 20%. Hormonal 
therapy and chemotherapy also have significant impact on patient 
survival. In patients who have evidence of metastatic spread at the 
time of diagnosis, the outlook is poor. 

• Cervix: disease that has developed beyond the in situ stage is 
often treated by a combination of intracavitary and external-beam 
radiotherapy. The control rate varies widely with the stage of the 
disease, from around 70% in stage I to perhaps 7% in stage IV. 

• Lung: most lung tumors are inoperable and in them the 5-year 
survival rate for radiotherapy combined with chemotherapy is in 
the region of 5%. 

• Lemphoma: In Hodgkins disease, radiotherapy alone achieves a 
control rate of around 50% and when combined with chemotherapy 
this may rise to 80%. 

• Prostate: Where there is evidence of local invasion, surgery and 
radiotherapy have similar level of effectiveness, with 10-year 
control rates in the region of 50%. Chemotherapy makes a limited 
contribution to tumor control. 

 
    Very substantial numbers of patients with common cancers achieve 
long-term tumor control largely by the use of radiation therapy. Local 
treatment which includes surgery and/or radiotherapy, could be 
expected to be successful in approximately 40% of these cases, in 
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perhaps 15% of all cancers, radiotherapy would be the principal form 
of treatment. By contrast, many patients do receive chemotherapy but 
their contribution to the overall cure rate of cancer may be only 
around 2%, with some prolongation of life in perhaps another 10%. 
This is because the diseases in which chemotherapy does well are rare. 
Around seven times as many patients currently are cured by 
radiotherapy as by chemotherapy. This is not to undervalue the 
important benefits of chemotherapy in a number of chemosensitive 
diseases, but to stress the greater role of radiotherapy as a curative 
agent. 
    Considerable efforts are being devoted at the present time to the 
improvement of radiotherapy. There are three main ways in which such 
an improvement in radiotherapy might be obtained: 
 
1. By raising the standards of radiation dose prescription and delivery 

to those currently in use in the best radiotherapy centers. 
2. By improving radiation dose distribution beyond those that are 

conventionally achieved, either using techniques of conformal 
radiotherapy with photons or ultimately by the use of proton 
beams. 

3. By exploiting radiobiological initiatives. 
 
  The above developments will have an excess impact on treatment 
success in the future. [1] 
 

 
1.1.1 The role of radiation biology 
 
  Experimental and theoretical studies in radiation biology contribute to 
the development of radiotherapy at many levels. First of all, radiation 
biology offers a fundamental basis in the understanding of how 
radiotherapy works. It identifies the mechanisms and processes that 
stays the tumor and normal tissue response to irradiation and make us 
able to understand and explain the observed phenomena. Obvious 
examples of this knowledge are the understanding of hypoxia, 
reoxygenation, tumor cell repopulation or mechanisms of repair of DNA 
damage. What is more is that radiation biology had led scientists to 
differently approach radiotherapy by recommending cell sensitizers, 
high-LET radiotherapy, accelerated radiotherapy and hyperfractionation. 
According to the above, it’s clear that through this knowledge of the 
processes that conceptualize the tissue response to radiation, scientists 
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had pointed to the advice on the choice of schedules for clinical 
radiotherapy. For example, conversion formulae for changes in 
fractionation or dose rate, or advise on whether to use chemotherapy 
only or a combination of chemotherapy and radiation. Furthermore, an 
arising field of radiation biology, in which too much effort is spending to, 
is that of predicting the best treatment for individual patient 
(individualized radiotherapy). The newer conversion formulae based on 
the linear-quadratic equation seem to be very successful. Beyond this 
though, these theoretical and experimental formulae are still inadequate 
in the decision of the specific protocols that govern a clinical practice. 
    Considering all the above, there is no doubt that radiobiology has been 
very fruitful in the generation of new ideas and in the comprehension of 
potentially exploitable mechanisms. Unfortunately, through many 
different treatment strategies, very few are being demonstrated in 
clinical practice. [1] 
 
 
1.1.2 The importance of radiation biology for the future development  

of radiotherapy 
 
    Many developments in radiotherapy have resulted from new 
technologies (60Co teletherapy units and megavoltage linear accelerators)   
or have been made empirically by clinicians.  Radiobiology over the past 50 
years has allowed us to gain a good understanding of the highly complex 
biology of tumors and normal tissues to the point where we can explain 
the superiority of current treatment protocols in terms of the five Rs   
of radiobiology – repair, repopulation, redistribution, reoxygenation and 
(intrinsic) radiosensitivity. There are few examples of developments that 
have begun in the radiobiological laboratory and been carried through to 
the point where patient survival has significantly improved. The role of 
oxygen is one positive example that has led to benefits (hypoxic radio-
resistance), also the clinical gains obtained with fractionation (loss of 
effectiveness with fractionation-relative sensitivity of rapidly 
proliferating tissues to fractionated irradiation), accelerated 
fractionation and hyperfractionation, the importance of cell cycle 
parameters 
    Compared with chemotherapeutic drugs, radiation is now a well 
understood cytotoxic agent. Its access to tumor cells is just a matter of 
dosimetry, independent of the transport mechanism that largely 
determines the effectiveness of chemical agents. The sequence of 
processes are well described for radiation, some of them are equally 
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relevant to the response of tissues to cytotoxic drug treatment, and thus 
research into radiation biology has brought benefits to other areas of 
therapeutic cancer research. 
    Current researches that have shown clear clinical benefit should be 
identified from the outset: 

• Hyperthermia research on tumors and normal tissues has been 
effective when combined with radiotherapy. 

• ARCON is a treatment that combines acceleration (to combat 
tumor cell proliferation) with carbogen (to eliminate  diffusion – 
limited hypoxia) and nicotinamide (to eliminate perfusion-limited 
hypoxia); impressive improvements in survival in head and neck and 
bladder cancer have been reported, although fully randomized 
trials remain to be completed. 

• CHART (continuous, to avoid repopulation during weekend breaks; 
hyperfractionated, to exploit sparing of late-responding normal 
tissues with low doses per fraction; accelerated, to combat tumour 
cell proliferation,  radiotherapy) and similar variants have proved 
to be very successful in the treatment of cancers of the lung and 
head and neck . Indeed, CHART was superior to conventional 
fractionation combined with cisplatin-based chemotherapy. 

• Nimorazole is a nitroimidazole radiosensitiser. Although the 
development of drugs in this class was generally regarded as a 
failure in a therapeutic setting (they do have a clear role in hypoxia 
imaging), nimorazole is one agent that has consistently shown 
clinical benefit in head and neck cancer and has recently been 
shown to enhance the effectiveness of a CHART regimen . 

• Chemoradiotherapy (particularly concomitant) is another 
significant advance in the management of tumours in several sites 
that has benefited from the application of radiobiological concepts. 
The principles underlying the interaction between these two 
modalities were described by Steel , allowing realistic 
determinations of efficacy to be made and the importance of 
timing was identified in radiobiological experiments .[2]  

    The future is likely to require greater and greater dependence on basic 
science. The simple empirical things have mostly been fully exploited and 
increasing knowledge about the cellular and molecular nature of radiation 
effects will undoubtedly lead to developments for which the 
radiotherapist will require a grounding in fundamental mechanisms. [1] 
    Future aspects of molecular radiation biology may be envisioned by 
looking for unsolved problems and ways to analyse them. Taking into 
account the outcome of cellular radiation effects as cell inactivation, 
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chromosome abnormalities, mutation and transformation, the type of 
DNA damage in the irradiated cell and the mechanisms of DNA repair as 
excision repair, recombination repair and mutagenic repair are essential 
topics. At present, great efforts are made to identify, to clone and to 
sequence genes involved in the control of repair of DNA damage and to 
study their regulation. There are close relationships between DNA repair 
genes isolated from various organisms, which promises fast progress for 
the molecular analysis of repair processes in mammalian cells. More 
knowledge is necessary regarding the function of the gene products, i.e. 
enzymes and proteins involved in DNA repair. [3] 
 
 
1.2 Biological impact of radiation 
 
    The interaction of radiation with matter produces excited and ionized 
atoms and molecules as well as large numbers of secondary electrons. The 
secondary electrons produce additional ionizations and excitations until 
the energies of all electrons fall below the threshold necessary for 
further interactions. Ionizing radiation is considered to be an energetic 
toxic agent of the environment. Ionization of organic matter brings on 
alterations either permanent or transient to the atoms or molecules of 
chemical combinations.  
   Since biological systems consist largely of water, the bulk of ionizations 
produced by irradiation occur in water molecules. Negatively charged free 
electrons (e-) that are produced by ionization will rapidly become 
associated with polar water molecules, greatly reducing their mobility. 
The water molecule that has lost an electron is a highly reactive 
positively charged ion. It quickly breaks down to produce a hydrogen ion 
(H+) and an uncharged OH radical. 
 
                                             H2O  H+ + OHo 

   
The uncharged OH radical has an unpaired electron that makes it highly 
reactive. Free radicals are simply fragments of broken molecules. Around 
10-10 seconds after irradiation there be three principal radiolysis 
products of water: Ho and OHo. These highly reactive species will go on to 
take part in further reactions. An important one is: 
 
                                         OHo + OHo  H2O2 
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Free radicals are extremely unstable and drastic, that is why their range 
is few mm.  
  In biological systems, the free radicals produced in water may react 
with essential macromolecules. A vast number of reactions take place, 
most of which are unimportant for the survival and functioning of the 
cell. The most important reactions are those with DNA molecule. Damage 

to DNA from free radicals 
produced in water is called 
indirect effect of 
radiation; ionization of 
atoms that are part of the 
DNA molecule is the direct 
effect (Figure 1.1). Since 
range of free radicals is of 
few mm, there has been 
some debate as to whether 
effects in water that is 
tightly bound to DNA are 
direct or indirect. 
     

  Figure 1.1: Direct and Indirect effects of radiation                                      
    
   If the damage is not going to be repaired, the reproduction or the 
survival of the cell is suppressed and it is not unlikely to come up with a 
living but genetically modified cell. Some organs resist to great loss of 
cells, but if the number of cells to be lost is much bigger than an organ 
can handle with, then this organ suffers a malfunction. In low doses, the 
probability of a malfunction to be occurred is very low. On the other hand 
as the dose arises this probability steps up too, and in very high doses 
tends to be 100%. 
    
 
    Overall, the impact of ionizing radiation to the organic matter and the 
biologic outcome that gives rise to depends on three factors: 

• The absorbed dose: Scientists are trying to get a dose threshold, 
so dose levels under this threshold do not cause biologic reactions 
and so there is no need for radiation protection. 

• Dose Rate: When the same amount of dose is being given up in a 
very small time interval (e.g. 1 sec) then the biological reactions 
would be much more severe than those to be occurred if the time 
interval was much lengthy (e.g. 1 week) 
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• Volume of the tissue to be irradiated, the status and attribute of 
the tissue. 

     Linear Energy Transfer (L.E.T.) and Relative Biological effectiveness 
(R.B.E.) are two factors that they both offer a direct approach of the 
energy transferred per unit mass (absorbed dose). Let have a briefly 
description of these factors: 
 
Linear Energy Transfer (L.E.T.): 
    
     Linear Energy Transfer is defined as the quotient of the energy dE 
that is transfered from a charged particle (such as an electron or a 
proton) to the medium, within which this particle travels causing 
ionizations and excitations, and the unit path length dχ of the ionization 
track. L.E.T. is measured in KeV*μm-1. Linear Energy Transfer is closely 
related to the power of braking radiation, which is the loss of energy of a 
charged particle per unit path length. The L.E.T. factor represents the 
energy loss rate by collisions of the secondary electrons per unit path 
length so the energy is absorbed locally. That is it determines the ability 
of radiation to transfer its energy to matter and so to induce biological 
reactions (Table 1.1). 
In other words L.E.T. is of particular importance when the particles pass 
through living tissue as it modifies the effect of a specific dose of 
radiation. L.E.T. is proportional to the square of the charge on the 
particle and increases as the velocity of the particle decreases. 
    High value of L.E.T (in KeV/μm) indicates the presence of ionizations 
taking place in high density. So radiations with high L.E.T. value cause the 
double DNA strand to break. The breaking of the double DNA strand is 
very difficult to be repaired causing the total destruction of the cell. 
Radiations having L.E.T.<10 KeV/μm are considered as low L.E.T.s, whereas 
radiations with L.E.T.>10 KeV/μm are considered as high L.E.T.s 
     
 
 
 
 

 Type of radiation L.E.T. (KeV.μm-1) 
50 KV X 13,1 
200 KV Χ 9,4 
Co-60 γ 6,9 
2 MV Χ 6,1 
22 MV Χ 6,0 
5,3 MV α 63,0 

  
Table 1.1:Typical L.E.T. values 

 12



Relative Biologic Effectiveness (R.B.E) 
     
    Considering all the above, the effect of radiation to a living organ 
strongly depends on the L.E.T. factor but not only on it. Also upon the 
biological system. 
   Radiations of different qualities have different degrees of 
effectiveness in producing effects in biological systems. When radiation 
is absorbed in biological material, the energy is deposited along the 
tracks of charged particles in a pattern that is characteristic of the type 
of radiation involved. After exposure to x or gamma rays, the ionization 
density would be quite low. After exposure to neutrons, protons, or alpha 
particles, the ionization along the tracks would occur much more 
frequently, producing a much denser pattern of ionizations.  
 
These differences in density of ionizations are a major reason that 
neutrons, protons, and alpha particles produce more biological effects per 
unit of absorbed radiation dose than do more sparsely ionizing radiations 
such as x rays, gamma rays, or electrons. Other factors that contribute 
to these differences include the energy of radiation used, the dose 
received and the temporal pattern in which it was received, and the 
particular biological endpoint being studied. Many scientific investigations 
have been conducted to study the differing effectiveness of radiations 
under different experimental conditions.  
   Analysis of the Relative Biological Effectiveness, RBE, is a useful way to 
compare and contrast the results observed in these studies. The relative 
biological effectiveness for a given test radiation, is calculated as the 
dose of a reference radiation, usually x rays(classically 250KVp x-rays), 
required to produce the same biological effect as was seen with a test 
dose, DT, of another radiation. Thus, for the same biological endpoint,  

                                     
 
If it took 200 mGy of x rays but only 20mGy of neutrons to produce the 
same biological effect, the RBE would be 200/20 = 10 using x rays as the 
reference radiation. By normalizing the results to a single reference 
radiation, the value of the RBE provides a quantitative index of the 
effectiveness per unit of absorbed dose of any radiation. In radiobiology 
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experiments, the investigator is free to normalize the results to a 
radiation of choice, usually x or gamma radiation.  
 
 
 
Factors that influence R.B.E. 
1. Radiation Quality (L.E.T.) 
2. Radiation dose 
3. Number of dose fractions 
4. Dose Rate 
5. Biological system or end point 
6. Phase of the cell cycle (especially for x-rays present low L.E.T) 
 
    Both linear energy transfer (LET) and relative biologic effectiveness 
(RBE) in part determine the result of radiation. Recall also that the 
density of ionization also affects biologic damage.  
    Another key factor affecting radiation is time. If a dose of radiation is 
delivered over a shorter period of time, the biologic effect will be 
greater than the same dose delivered over a longer period of time, 
because with more time there is an opportunity for cellular repair and 
tissue recovery.  
 
 
R.B.E. as a function of L.E.T. 
 
    Examination of cell survival curves for different types of radiation 
shows that R.B.E., measured against an x-ray survival curve as the 
reference, is strongly influenced by the L.E.T. of the particular radiation. 
As the L.E.T. increases the slope becomes steeper and the extrapolation 
number, n, tends towards unity. Replotting such data (figure 1.2) as R.B.E. 
versus L.E.T. shows that the relationship increases slowly at first, then 
more rapidly at L.E.T. values beyond about 10keV/μm. The response 
reaches a maximum at L.E.T. values of about 200 keV/μm, and then 
decreases. The maximum values of 200 keV/μm is similar for a wide 
variety of mammalian cells and for different endpoints (mutation, cell 
killing). It is likely that this reflects the ‘target’ size and is related to 
the DNA content, which is similar for all mammalian cells. 
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                                         Figure 1.2 
    
 
 
1.2.1 Cell damage by radiation 
 
    Before analyzing cell damage by radiation let us briefly describe the 
Cell Cycle and DNA structure because are of vital importance events in 
understanding how radiation leads the cell to get damaged or even to get 
lethally destroyed: 
 
Cell Cycle: 
    The cell proliferation cycle (figure 1.3) is defined by two well-defined 
time periods: 1) mitosis M where division takes place, and 
                     2)  the period of DNA synthesis S 
The S and M portions of the cell cycle are separated by two periods 
(gaps) G1 and G2 when DNA is not yet synthesized but other metabolic 
processes take place. G1 occurs just after the cell has split. During this 
phase, the cell begins to manufacture more proteins in preparation for 
division. It also experiences other growth: metabolism increases, RNA 
synthesis is elevated and organelles duplicate. During the S phase, the 
DNA is copied, so that when the cell divides, both cells will have a copy of 
this genetic information. More precisely, at the beginning of the S phase, 
each chromosome is composed of one coiled DNA double helix molecule, 
which is called a chromatid. At the end of this phase each chromosome 
has two identical DNA double helix molecules, and therefore is composed 
of two sister chromatids. The end result is the existence of duplicated 
genetic material in the cell, which will eventually be divided into two. The 
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S phase is followed by the G2 phase. The G2 phase occurs just before 
the cell begins to divide into two cells, and is a preparation stage for its 
chromosome duplication. The cell can then enter the M phase where the 
cell division occurs and two new cells are formed. After cell division 
occurs, the cell may enter a resting phase, referred to as the G0 phase. 
Although not considered part of the cell cycle, it is important to 
recognize that there is a resting phase G0 that cells may enter. This G0 

phase is very important when modeling radiation treatment of cancer 
because the cell is less sensitive to radiation when in this phase. 
The time between successive divisions (mitoses) is called cell cycle time. 
For mammalian cells growing in culture the S phase is usually in the range 
of 6-8 hours, M less than an hour, G2 in the range of 2-4 hours, and G1 
from 1-8 hours, making the total cell cycle in the order of 10-20 hours. In 
contrast, the cell cycle for stem cells in certain tissues is up to about 10 
days. 

 

                     
                                            
                                           Figure 1.3: Cell cycle 
    
 
The radiosensitivity of cells varies considerably as they pass through the 
cell cycle. It seems to be a general tendency for cells in the S phase to 
be the most resistant and for cells in G2 and mitosis (M) to be the most 
sensitive. The reason for the resistance in S phase is though to be due to 
homologous recombination, increased as a result of the greater 
availability of undamaged sister template the S phase, so a sister 
chromatid is being used as a template to faithfully recreate the damaged 
section and join the ends together properly. Sensitivity in G2 probably 
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results from the fact that those cells have little time to repair radiation 
damage before the cell is called upon to divide. 

• In general, cells are most radiosensitive in the M and G2 phases, 
and most resistant in the late S phase. 

• The cell cycle time of malignant cells is shorter than that of some 
normal tissue cells, but during regeneration after injury normal 
cells can proliferate faster. 

• Cell death for non-proliferating (static) cells is defined as the loss 
of a specific function, while for stem cells it is defined as the loss 
of reproductive integrity (reproductive death), A surviving cell 
that maintains its reproductive integrity and proliferates 
indefinitely is said to be clonogenic.[4]  

 
DNA structure  
     
    The double strand of the DNA (deoxyribonucleic acid) molecule 
(figure 1.4) consists of two separated chains which are constituted of 
nucleotides. Nucleotides are the main structural parts of DNA chains. A 
nucleotide is a subunit in which a ‘base’ is linked through a sugar group to 
a phosphate group. The sugar is deoxyribose, which has a five-atom ring: 
four carbons and one oxygen. The backbone of the molecule consists of 
alternating sugar-phosphate groups. There are four types of bases: 
thymine (T), cytosine (C), adenine (A) and guanine (G) (purines). 
 

                             
 
                             Figure 1.4: The DNA double strand 
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   The sequence of these bases determines the genetic code. The two 
chains of the double DNA strand are held together by hydrogen bonds 
that grow up between the above nitrogenous bases. Thymine is always 
connected with adenine (T-A) and cytosine is always connected with 
guanine (C-G).  During the S phase, DNA synthesis occurs and the cell 
doubles its genetic material.  
   Cell functions are achieved by proteins that are composed by the cell 
based upon the genetic code. The overall process includes the 
transcription of DNA into RNA. RNA molecule has a similar structure 
with DNA molecule; the only difference is that the RNA molecule has 
ribose rather than deoxyribose and uracil (U) instead of thymine (T). The 
decryption of DNA is based upon the correspondence of A-U and C-G. 
This form of RNA that copies and transfers the genetic code is called 
messenger-RNA (mRNA). 
    Protein synthesis takes place at the ribosomes where another molecule 
of RNA, called transfer-RNA, carries the amino acid (structural unit of 
proteins) that corresponds to a specific base sequence that t-RNA 
recognizes at the m-RNA. Those amino acids that are transfered by this 
way are finally held together and constitute a protein. 
    In the cell nucleus, DNA is being connected with special nucleic 
proteins; it is extremely compacted in helical shape and forms the 
chromosomes. 
 
DNA damage 
  
  The number of ionizations produced at therapeutic dose levels is very 
high – approximately 105 ionizations per cell per Gy – but the vast 
majority of these, produce no cytotoxic damage. The biological effect of 
ionizations is influenced by three main factors: free-radical processes, 
the number of ionizations that are close enough to DNA to damage it, and 
cellular repair processes. 
    DNA is the most important cellular component that can be stricken 
from radiation because it carries the genetic code. The most sensitive 
part of the DNA molecule is considered to be the pyrimidine bases (T, C). 
Other important molecules that can be damaged from radiation are the 
enzymes and the proteins of the cellular membranes. What is sensitive in 
proteins is the peptide bond. 
    Radiation induces many kinds of lesions to the DNA molecule a lot of 
which the cell succeeds to repair; some others are transmitted to 
posterities and a small portion of these lesions lead to cell death. The 
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most common damages of the DNA molecule are presented to the table 
below: 
 

 

Type of damage Number per Gy 
Double strand brake (DSB) 50 
Single strand brake(SSB) 100-500 

Base decay 1000-2000 
Sugar decay 800-1600 

Cross-conjunction DNA-DNA 30 
Cross-conjunction DNA-proteins 150 

 
                       Table 1.2: Number and Type of DNA radiation damages 
 
   
   The DNA double strand brake (DSB) is therefore though to be the 
most important type of cellular damage. Just one residual DSB may be 
sufficient to produce a significant chromosome aberration and thus to 
sterilize the cell. However, since cells have the ability to repair some of 
those damages, not all the DSB give rise to cell death.  According to 
Ward, DSB damage is lethal when they exist together with other DSB 
damages, but with SSB damages too. [5] 
   All kinds of mammalian cells apart from lymph cells, progamets and 
serous cells that after irradiation are destroyed during the S phase, 
undergo the so called “mitotic death”. During “mitotic death” cells don’t 
dye immediately, but when they attempt the next or some following 
mitosis. Even though RNA synthesis is being affected by radiation, 
however there is still some amount of RNA which can compose normal 
protein and so the cell function can be kept on for a while. 
 
    
Chromosomal damage 
 
   Ionizing radiation can cause alterations in chromosomes by several 
modes listed below: 
 

• Genetic mutations. These are alterations in the genetic code that 
can cause either cell death or the altered genetic code can be 
transmitted to the posterities. 

 
• Quantitative alterations of the cellular DNA and creation of 

multipeptide gigantic cells. 
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• Morphological chromosomal alterations (figure 5). This 
morphological weathering is visible during cell mitosis. Chromosome 
aberrations occur when a cell is irradiated in the early stages of 
interphase. Interphase, is the time when the cell is growing and 
copying its chromosomes in preparation for cell division. G1 and G2 
are stages of the interphase. Radiation cause several segments of 
the chromosomes to brake. These segments tend to adhere to 
other parts of the defective chromosomes, not to unimpaired ones 
resulting in chromosomes with uncommon morphology. Sometimes, 
these segments reunify to the correct vacancies of the stricken 
chromosomes, causing the damage to be repaired. It is also possible 
to have no segment to chromosomes reunion at all and so a 
chromosome with an eliminating part to occur. Figure 5 illustrates 
the different morphological aberrations the chromosome might 
suffer due to irradiation. 

 
   The above impairments usually induce cell death during the next or the 
few following mitosis and they are called “unstable” lesions. However, 
other chromosomal impairments which concern the minority, they are 
called “stable” lesions. “Stable” lesions are more hazardous due to the 
fact that they can be transferred to posterity. 
   If a cell is going to be irradiated early in the cell cycle, before DNA 
synthesis phase occur, the damage is concerned with the whole 
chromosomes, since chromosomes haven’t started to redouble yet, causing 
the radiation to be more effective. However, if the cell is going to be 
irradiated later on the cell cycle, each chromosome has already started 
to divide into two chromatides, so the resulting damage is concerned with 
the one out of two chromatides for each chromosome. 
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       Figure 1.5: Different morphological alterations of chromosomes due to irradiation 
 
  
 
1.2.2 Course of irradiated cells 
 
   In a culture that had been irradiated, there are cells that hadn’t 
suffered any radiation effect at all and no damage emerged. However, 
there are cells that had suffered radiation effects and lesions that are 
listed to table 2.  

 
                     
                 Table 1.3: Classification of radiation effects in cells                    
 
 
 

 21



Lethal damage
   In radiobiological bibliography, cell survival after irradiation is closely 
related to the conservation of its reproductive ability. With dose of 
several hundreds Grays, lethal damage occurs before mitosis, during 
interphase (interphase death). At doses used clinically, the most common 
is mitotic death. The mean dose required for the loss of mammalian cell’s 
reproductive ability, is 150 cGy. When a cell dyes, the first thing 
observed is chromatin condensing, nucleus perceived as having no nucleus. 
Before cytolysis, gigantic cells often occur provided mitotic procedure 
has been inhibited the rest of cell’s functions keep on and so the size of 
the cell grows bigger. 
 
Sub-lethal damage 
   Is related to cells that preserve their reproductive ability but they 
suffer genetic lesions that they pass to posterity. Damage like this can 
cause deceleration of cells proliferation rate as to make them more 
radiosensitive in next radiation exposure. 
 
Mitosis delay 
   Regardless of cell experiencing a lethal damage or not, a delay in cell 
cycle progress is observed. The duration of the cell cycle is a function of 
dose, dose rate, cell type and the phase of the cell cycle during 
irradiation. The delay is observed mainly in G2 and at the beginning of S 
phase. 
   Mitosis delay is a result of the inhibition of protein synthesis which are 
crucial for mitotic phase. These proteins are synthesized, at the end of 
G2 phase and after the completion of the synthesis the cell enters 
mitotic phase. Mitosis delay doesn’t seem to affect the clinical result in 
dose range used in radiotherapy. 
 
Potentially lethal damage 
   It is observed that cell survival is appeared to be higher when 
irradiated cells are in condition of hypoxia, nutrient deprivation, in high 
density cultures or the protein synthesis had been inhibited. Survival 
increment is due to repair of the damage which is called potentially lethal 
damage. This kind of damage is lethal only if there is not enough time for 
the cell to repair the lesion. 
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No lethal damage 
   As we have seen previously, radiation causes damage at the molecular 
structure of DNA double strand. The damages are concerned with 
alteration in bases, single or double strand brake of DNA strands and 
peculiar cross-conjunction between DNA and proteins. The most crucial 
damage is DSB (double strand brake) and is lethal if it is not repaired. No 
lethal damage accumulates in cell and becomes lethal. 
 
 
 
1.3 Radiation response of normal tissues 
 
   Whenever radiation therapy is given with curative intent there is a risk 
of serious damage to normal tissues. The risk increases with radiation 
dose, as does the probability of tumor control. The achievable tumor 
control rate depends on the radiation tolerance of the unavoidably 
irradiated normal tissues. 
   The biological impact of radiation on tissues depends on tissue’s cells 
death, which are responsible for tissue’s rejuvenation. Radiosensitivity of 
target cells and their response to alterations in radiation parameters, 
determines in a great manner the response of the corresponding tissue. 
 
 
1.3.1 Structural organization and radiation tolerance of tissues 
 
   Tolerance is a complex concept. In experimental studies in the clinic or 
on laboratory animals, it can be defined in relation to a particular end-
point such as 50% moist desquamation of skin, 5% pneumonitis in lung or 
1% paralysis following spinal cord irradiation.  
   Radiation effects on normal tissues can be broadly divided into two 
categories: early and late effects. The affected early responding tissues 
are rapidly renewing tissues such as skin, gastrointestinal tract and the 
haemopoietic system. Typical examples of early reactions include 
radiation-induced mucositis, dermatitis and bone marrow depletion. These 
reactions occur during or after radiotherapy in rapidly proliferating 
tissues. They usually increase in severity during fractionated 
radiotherapy but start to dissolve some days or weeks after the end of 
treatment.  The biological mechanism for this healing of early reactions is 
that stem cells which survive radiotherapy or which immigrate from 
outside the radiation field proliferate and restore the tissue. Examples 
for late radiation, induced reactions include fibrosis, necrosis and 
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alteration of vessels. Typically the affected tissues proliferate slowly. 
Late reactions occur months or years, sometimes decades after end of 
radiotherapy. They do not disappear but often progress chronically. The 
mechanisms for development of late normal tissue reactions are 
extremely complex. According to Michael Bauman-Cordula Petersen, many 
radiobiologists currently investigate the molecular and cell biological 
pathogenesis of radiation late effects. There is substantiated 
expectation that this research will eventually lead to specific 
interventions which can decrease the risk of normal tissue damage after 
radiotherapy. [6]  
Thus, substantial criterion of radiotherapy success is the avoidance of 
late effects since they are non-reversing effects and can set patient’s 
life in jeopardy. 
   The degree of organization of cells within proliferative and functional 
compartments has important consequences for the response of tissues to 
radiation. Tissues can be divided into two main categories (figure 1.6). 
First there are tissues with a clearly recognizable separation between 

the proliferative compartment, 
comprising stem cell population 
(capable of unlimited cell 
renewal), the amplification 
population (proliferating rapidly, 
but for a limited number of 
divisions) and the post-mitotic 
compartment of mature 
functional cells (figure 1.6A). 
Tissues that their renewal and 
function is performed by 
different cellular population are    

 tissues of Hierarchical 
organization. Tissues with rapid cell turnover, such as epidermis, oral and 
intestinal epithelia and the haemopoietic system, are examples of 
‘hierarchical’ organization, with separated proliferative and functional cell 
compartments.  
Second, tissues without a recognizable separation between these 
compartments, in which at least some of the functional cells also have the 
capacity for self renewal, are of Flexible organization (figure 1.6B). 
Tissues like these of a slow turnover, such as liver, kidney, lung and cells 
of the Central Nervous System are examples of ‘flexible organization’. 
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   Distinction between Hierarchical and Flexible organization of tissues is 
closely related with the time between irradiation and the manifestation 
of tissue damage. To be more specific, radiation in hierarchical 
organization tissues, damages cellular populations with the highest mitotic 
activity that is Precursors (figure 1.6A). This means that mature cells, 
which normally are destroyed by a tissue-depended rate, don’t restore 
thoroughly. Since lifespan of such tissues is on the order of few days or 
few weeks, their response to radiation is obvious during radiotherapy 
course. That is why hierarchical organization tissues are called early 
responded tissues. 
In flexible organization tissues, cell renewal rate is very slow, that is why 
damage caused by radiation manifests in a very long period of time on the 
order of years after irradiation. Thus, flexible tissues are also called late 
responded tissues. Conventionally, late responses are those which occur 
three (3) or six (6) months after the end of radiotherapy treatment. 
 
 
 
1.3.2 Several other factors affecting tissue response to radiation 
 
   The biological factors that influence the response of normal and 
neoplastic tissues to fractionated radiotherapy are the ‘5 Rs of 
radiotherapy’: 
1) Repair: Cells that suffer no lethal damage can repair the damage 
through enzymatic processes if cell don’t reradiated for the next few 
hours. 
That is why in cell survival curve, a ‘shoulder’ region occurs in low doses as 
such the reoccurrence of it during fractionation.  
2) Redistribution: As mentioned in 1.2.1 section, radiosensitivity varies as 
cells pass through the cell cycle. Radiosensitivity in cells is greater during 
the M phase and relatively low during the S phase. It is observed that 
irradiated cells accumulate in pre mitotic phase G2. As a result of this 
event there is a relative synchronization of the remainder cells. 
Therefore, if next irradiation occurs as all cells pass through 
radiosensitive phase, then the maximal blow can be achieved. 
However, determination of the appropriate time for an irradiation to 
occur is a very difficult process, so redistribution process is of doubtful 
importance. 
3) Repopulation: Irradiated normal cells, recover through homeostatic 
processes. This is achieved by 3 modes: 
a) Cell cycle time reduction 
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b) Growth fraction increment 
c) Cell loss reduction 
4) Reoxygenation: Fractionated radiotherapy, allows better tumor cell’s 
oxygenation. Reoxygenation increases tumor cell’s radiosensitivity, at the 
same time though reproductive and restoration capacity of tumors is 
increased too. Great efforts have been spent for tumors oxygenation 
with several ways, but none had attributed significant clinical benefits. 
5) Radiosensitivity (intrinsic): The 3 major reasons of cell’s and tissue’s 
increased radio resistance are: 
a) Low intrinsic radiosensitivity; 
b) Hypoxia; and 
c) High repopulation rate;  
 
Note that two of these processes, repair and repopulation, will tend to 
make the tissue more resistant to a second dose of radiation; however, 
redistribution and reoxygenation tend to make it more sensitive.  
These four factors modify the response of a tissue to repeated doses of 
radiation and are responsible for the slope of an isoeffect curve. The 
fifth factor (intrinsic radiosensitivity) affects the height of the 
isoeffect curve. 
 
In order to exploit the above factors during radiotherapy, thus having 
the desired success during treatment it is crucial to modify adequately 
several other treatment parameters such as the above ones: 
 
Total Dose: With increasing radiation dose, radiation effect increases in 
severity. However, not only incidence and severity of normal tissue 
damage rates as increasing total dose but also tumor control increases. 
Depending in tumor histology, tumor size and localization in conventional 
fractionation, total doses range from 40-70Gy for macroscopic disease 
and lower doses for microscopic disease. Hyperfractionation is usually 
applied to escalate the total dose compared with conventional 
fractionation, thereby aiming to improve tumor control without increasing 
the risk of late complications. 
Dose per fraction: Conventional fractionation applies daily doses of 1.8-
2Gy and 5 fractions per week. Hyperfractionation is the use of doses per 
fraction less than the 1.8-2Gy given in conventional fractionation. Usually 
two fractions are administered per day. Hypofractionation is the use of 
doses per fraction higher than 2Gy and total number of fractions is 
reduced. 
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Dose Rate: Reduction in 
radiation damage as dose 
rate is reduced to around 
1Gy/h is primarily due to 
cellular recovery, 
radiosensitivity of cells 
decreases and the 
shouldered cell survival 
curves observed at high 
dose rate gradually 
becomes straighter 
(figure 1.7). Exposure 
times for a dose of, say, 
2Gy are therefore no 
more than a couple of  

        Figure 1.7: Cell survival curves 
 
minutes. Within this time, chemical processes (free radicals) that are 
generated by radiation can take place but such times are not long enough 
for the repair of DNA damage or any other biological process to occur. 
As dose rate is lowered, the time taken to deliver a particular radiation 
dose increases; it then becomes possible for an number of biological 
processes to take place during irradiation and to modify the observed 
radiation response.    
Overall treatment time: Early normal tissue reactions increase when the 
overall treatment time is shortened and are less severe when overall 
treatment times are prolonged. This is caused by repopulation of stem 
cells during treatment and by other complex changes in the proliferative 
structure of tissue. Repopulation of clonogenic cells during treatment is 
also a characteristic of man tumors. Therefore long overall treatment 
times lead to a reduced chance to destroy the tumor. Short (accelerated) 
schedules have shown for some tumors to improve outcome. A key 
question is whether late normal tissue damage depends on overall 
treatment time. Until very recently the answer in radiobiological 
textbooks was “no”, and this still should be today’s rule of thumb for 
clinical routine when classical late normal tissue damage is considered. 
However, some of the clinical trials on accelerated radiotherapy have 
unexpectedly shown high incidences of late normal tissue damage. One of 
the possibilities to explain this finding is that these reactions are 
consequential late effects. These reactions appear after severe early 
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normal tissue damage which is more often observed in accelerated 
fractionation schedules than during conventional fractionation. [6] 
Dose-Volume parameters: Tolerance of normal-tissue in radiation 
depends strongly on the volume irradiated. Both kidney and lungs for 
example, are very sensitive to irradiation of their entire volume but small 
volumes can be treated to much higher doses. This is because there is 
considerable functional reserve capacity and only about 30% of the organ 
is required to maintain adequate function under normal physiological 
conditions. The large reserve capacity and increased tolerance to partial-
volume irradiation are due to parallel organization of functional subunits 
(FSU) of these organs. Inactivation of a small number of FSU does not 
lead to loss of organ function. Functional damage will not occur until a 
critical number of FSU are inactivated by irradiation. This implies that 
there should also be a threshold volume of irradiation below which no 
functional damage will develop, even after high dose irradiation. The 
magnitude of the response depends on the number of FSU that are 
destroyed by irradiation. The risk of developing a complication depends 
on the dose distribution to the whole organ, rather than on the presence 
of small ‘hot spots’. 
In structures of serial organization such as intestine or spinal cord, the 
inactivation of one subunit may cause loss of function in the whole organ. 
There should not be a threshold volume for the development of the end-
point and the risk of complication is strongly influenced even by small hot 
spots of dose inhomogeneity. In this case the probability of inactivation 
of any particular subunit, by a given radiation dose, will increase with 
increasing length of tissue irradiated. 
   Besides treatment related factors also patient related- factors may 
influence the risk of normal tissue damage after radiotherapy. According 
to an interesting research of Michael Bauman et al , it has been estimated 
that for a specific fractionation schedule and treatment volume, patient 
related factors explain 81-90% of the heterogeneity in patients´ late 
responses and the remaining proportion are determined by stochastic 
effects. Individual genetic differences are known to modulate cellular 
radiosensitivity. Connective tissue diseases have recently been shown in a 
meta-analysis to be associated with an increased risk of late radiation 
induced normal tissue reactions [HölscherT, Bentzen SM, Baumann M, 
unpublished data]. Unfortunately most studies on the influence of 
patient-related- factors on late normal tissue reactions are retrospective 
and plagued by a variety of methodological problems. Therefore careful 
prospective studies that systematically document such co-factors are 
urgently needed. Such studies need to include large number of patients, 
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for whom the treatment-related factors are well documented and a 
standardized follow-up is performed according to accepted scoring 
systems of radiation morbidity.  
 
 
1.3.3 Response of malignant tissues to radiation 
 
   The level of success of radiotherapy for cancers varies considerably 
from one disease and tumor stage to another. Some tumors are curable 
with high probability; in other tumor types it is only a proportion of 
patients who achieve long-term survival; and there are yet others in which 
local control by radiotherapy is seldom achieved. 
The overall volume response of a tumor to treatment is illustrated in 
figure 1.8. There are two components of response, regression and 
regrowth and the shape of the regrowth curve is a matter of 
considerable current debate. The response of a tumor is seen by 
regression, often followed by regrowth (or recurrence), but perhaps with 
failure to regrow during the normal lifespan of patient (cure or local 
control). Accelerated regrowth of tumors after irradiation is of great 
importance in radiotherapy. This event is crucial causal factor for tumor 
reversion or even no-response of tumor in radiotherapy. Researches claim 
that accelerated radiotherapy occurs due to ‘homeostatic’ response of 
tumors, similar to normal tissues that they come from. Accelerated 
radiotherapy aims at the compensation of tumor repopulation.  
For judging the effectiveness of tumor treatment it is wise to choose a 
measure that reflects the regrowth component. The preferred parameter 
is the tumor growth delay: this indicates the difference between the 
times at which treated or untreated tumors reach a fixed multiple of the 
treatment tumor size. 
Large tumors are more difficult to cure than small tumors but this is 
mainly due to the number of clonogenic cells that have to be killed. 
According to trials clonogenic cells that survive radiation treatment may 
quickly repopulate the tumor. Tumor volume can show slightly regression, 
followed by regrowth. Speed of repopulation is greater in larger doses. 
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      Figure 1.8: The volume response of an uncontrolled tumor is the resultant of two 
                              processes: regression and regrowth.                                                                                   
 
   An important attribute of the survival curves of tumors is the 
presence of a ‘resistant’ portion of the curve. This portion indicates the 
heterogeneity in radiosensitivity of tumor cellular population that is the 
presence of a cell inter-population that is more radio resistant. Sensitive 
cells doom at low doses, whereas less sensitive cells dye in higher doses. 
Radio resistance is attributed to hypoxia. 
   During fractionated radiotherapy, what is observed is the occurrence 
of tumor reoxygenation. Oxygenated cells dye selectively, releasing the 
oxygen for the hypoxic cells that had survived. The exact course of 
irradiated tumors is not well known that is why qualitative curves are 
constructed in order to show the alteration in tumor population. In figure 
1.9, 8 phases are illustrated. (a) Small tumor consists of only oxygenated 
cells. Hypoxic cell’s percentage increases as tumor size increases too (b) 
until stabilization (c). If in this part tumor is to irradiated, hypoxic cell’s 
percentage increases tremendously because of oxygenated cell’s death 
(d) and remains that high until the generation of new cells from the 
division of the already existed ones (e). The hypoxic cell’s decreases 
because the oxygen is now available for the rest cells (f). Cellular 
population is restored (g). (h) is the most suitable time for the next 
irradiation. 
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        Figure 1.9: alteration of the percentage of hypoxic cells during irradiation. 
 
 
 
1.3.4 Radiation effects in lung 
 
   Lung cancer is the most common type of malignancy for human since it 
constitutes the dominant cause of death among other malignancies. 
Radiotherapy is the most effective treatment in lung cancer if surgery is 
impermissible and as it is a vital organ there is great need to avoid 
healthy lung tissue damage. 
The lung is an intermediate-to-late responding tissue, in which at least 
two separate radiation-induced syndromes are recognized: acute 
pneumonitis at 2-6 months after treatment and fibrosis, which develops 
slowly over a period of several months to years. The lung is among the 
most sensitive  of late-responding organs, but because of the parallel 
structural organization of the functional units, as discussed above, it 
becomes dose-limiting only when large volumes of lung are irradiated, and 
when the remaining lung is not capable of providing a minimal supportive 
function. Thus lung tolerance is usually dose-limiting only when both lungs 
are irradiated.  
Specifically in case of lung, the first response observed in healthy lung 
parenchyma after irradiation is the secretion of protein fluid inside the 
pulmonary vesicles. The most radiosensitive cellular populations of lung 
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are a) vesicular cells of type II and b) endothelial cells. Damage to those 
cells leads to vesicular walls to coincide and the excretion of proteins 
among tissue. 
Clinical symptoms of acute radiation pneumonitis are a reduced pulmonary 
compliance, progressive dyspnoea, decrease gas exchange and dry cough. 
When there is insufficient functional reserve, cardiorespiratory failure 
may occur within a short time-span. Though patients with acute 
pneumonitis can recover, most of them progressively develop pneumonic 
fibrosis.  
Fibrosis is more crucial disease than radiation pneumonitis, and it is 
accompanied by dyspnoea. In late cases fibrosis results in serious 
hypoxemia and cyanosis whereas can cause death in cases of extensive 
damage. 
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2 Dose-Response curves 
 
   Radiotherapy intention is to allow such radiation dose in order to 
eliminate tumor with minimized radiation effects in adjacent normal 
tissues. Therefore, estimation of radiotherapy treatment result includes 
two parameters: Tumor response and normal tissue response in radiation. 
Quantification of biological effects due to radiation exposure, possess 
significant view in modern radiotherapy. In radiotherapy, 2 parameters 
(biological results) of great importance are: disease local control and 
post-irradiation response of normal tissue. Disease local control is 
quantitatively referred as Tumor Control Probability (TCP) and response 
of normal tissue is quantitatively referred as Normal Tissue Complication 
Probability (NTCP). When TCP and NTCP are depicted graphically as a 
function of dose, sigmoid curves are approximately arise (dose-response 
curves, figure 2.1). 
 
 
 
2.1 Shape and position of the Dose-Response curve 
 
 
 As mentioned before radiation dose-response curves have a sigmoid (i.e. 

S) shape (figure 2.1), with 
the incidence of radiation 
effects tending to 100% at 
very large doses and at 0% 
when dose tends to 0. Many 
mathematical functions could 
be devised with these 
properties, but three 
standard formulations are 
used:  
 
 
 

Figure 2.1: TCP-NTCP relationship in clinical radiotherapy 
 
the Poisson, the logistic and the probit dose-response models. The first 
two are the most frequently used. In principle, it is an empirical problem 
to decide whether one model fits observed data better than another. In 
reality, both clinical and experimental dose-response data are too noisy to 
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allow statistical discrimination between these models, and in most cases 
they will give very similar fits to a data set. 
 
The Poisson dose-response model: 
   Poisson distribution gives the probability of an event to occur specific 
number of times when the number of tests is high and the probability for 
the event to occur is very low. In order for the Poisson distribution to be 
implemented, event occurrences should be random and independent inter 
se.  
   Poisson distribution is defined by a single variable, which is the mean 
number λ(x) of the event observations for the same time.  
 
                                             P(x) = e-λ · λχ /χ! 
 
Where P(x) is the probability for x observations and e is the napierian 
number (e=2.7). By definition 0! =0 and λ0=1. So the probability of 0 
observations is P(0) = e-λ. 
   In the case of solid tumors irradiation, since damage of one cell by 
irradiation is random and independent from the damage of the rest cells, 
Poisson distribution is applied. The event studied in this case is cell 
survival and number of observations is represented by the variable x. 
If mean cell number that survive after irradiation of identical tumors is 
N cells per volume, then probability of tumor control is: P(x) = e-N · Nχ /χ!. 
For 50% cure probability, that is x=0 and P(0)=0.5 we get:  
0.5= e-N  ln(0.5)= -N  N= 0,693 
This means that since 50% of the identical tumors consist of 0 clonogenic 
cells (cure), the rest 50% consists of 1, 2, 3… cells and these tumor 
cannot be locally controlled. 
Tumor numbers that contain survived clonogenic cells are distributed 
according to Poisson distribution. Percentages of tumors that contain 
1,2,3… survived clonogenic cells, arise by placing x= 1,2,3… in turn. So for 
N= 0,693 we get P(1) = e-0.693·0.6931/1! = 34.7%  
Similarly P(2)=12%, P(3)= 2.8% etc. 
So if 100 tumors are irradiated with such dose that 50 of them can be 
controlled, simultaneously 35 of them will contain 1 clonogenic cell, 12 
tumors will contain 2 clonogenic cells etc. 
If it is assumed that N= N0· e-kD (dose-survival relation) then TCP=exp(-
N0· e-kD N0), where N0 is the initial number of tumor clonogenic cells. 
According to this relationship, the characteristic sigmoid dose-response 
curve arises that it is concerned with local tumor control after irradiation 
and complications emergence in normal tissues. 
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If dose-response relationship N= N0· e-kD is been replaced by the Linear-
Quadratic model (section 2.3) we come up with the equation that is most 
commonly used in clinical radiobiology and gives the probability of tumor 
control after fractionated radiotherapy of n fractions.  
 
                               TCP = exp[-N0· exp(-αD-βdD+γΤ)] 
 
Where d is the dose per fraction and D=nd is the total dose. 
 
The logistic model is often introduced. This model has no simple 
mechanistic background and consequently the estimated parameters have 
no simple biological interpretation. Yet it is convenient and flexible tool 
for estimating response probabilities after various exposures and is 
widely used in areas biology other than radiobiology. The idea of the 
model is to write the probability of an event as: 
           
                                              P (u) = eu/1+ eu

 
Where when analyzing data from fractionated radiotherapy, u has the 
form of u=α0+α1·D+α2·D·d+…, here D is the total dose and d is the dose per 
fraction. The coefficients α0, α1, α2,… are estimated by logistic 
regression, a method that is available in many standard statistical  
software packages (SPSS etc). The parameters α1, α2 play a role similar to 
the coefficients α and β of the lineal-quadratic model (section 2.3). But α1 

is not an estimate of α and α2 is not an estimate of β. However α1/ α2 is an 
estimate of α/β. 
   Several descriptors are used for the position of the dose-response 
curve on the radiation dose scale. They all have the unit of dose (Gy) and 
they specify the dose required for a given level of tumor control or 
normal-tissue complications. According to G. Gordon Steel, for tumors, 
the most frequently used position parameter is the TCD50 i.e. the 
radiation dose for 50% tumor control. For normal-tissue reactions, the 
analogous parameter is the radiation dose for 50% response (RD50). 
 
 
 
2.2 The therapeutic index 
 
   When the outcome of radiotherapeutic treatment is estimated 
clinicians are concerned for both tumor control probability (TCP) and 
normal tissue complication probability (NTCP). 
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   That is why the relative position of the two curves should be estimated. 
For the treatment to be beneficial, tumor control curve should be placed 
from the left side of normal tissues complicated curve and the in between 
distance to be as much as greater (figure 2.2). This distance is reflected 
by the therapeutic index (figure 2.1). 
   When the effectiveness of two treatments A and B is been compared, 
therapeutic index is defined as:  
 
           

           
     
       
 
Improvement of the therapeutic index is attained by:  
 

a) Improvement of target localization 
b) Dose distribution improvement. This is achieved by 3-D treatment 

planning, alternative use of proton beams, neutrons etc. 
c) Reliability in radiotherapy application mode. This means proper 

patient positioning and immobilization. Also daily accurate 
treatment condition iterations, during fractionated radiotherapy. 

d) Exploitation of radiobiological differences between normal and 
malignant tissues. 

 

 
Figure 2.2: Dose that induces high probability of tumour control (red curve) (A) with 
low complication probability for normal tissue (green curve). However, dose that 
eliminates tumour comprises high probability of normal tissue complication. 
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2.3 Models of radiation cell killing 
 
 
   Models are a necessary part of radiobiological research. This section 
describes the relationship between cell survival and radiation dose. 
   The ability of different radiobiological models to predict a clinical 
outcome depends not only to their ability to adequately describe 
biological processes but to the accurate determination of the parameters 
entering a model. For the assessment of these parameters clinical data is 
used which is concerned with a broad record of the treatment and the 
clinical outcome. This of course is a very complicated procedure since it 
depends in many factors. So radiobiological modelling is a very 
complicated process even if the available clinical data is reliable. 
According to the above, knowledge of cell survival is essential. 
Fundamental attribute of cell survival models as shown in section 2.1 is 
that clonogenic cell death is an exponential process which means that 
number of cells that dye is proportional to dose and to the initial number 
of clonogenic cells before irradiation.  
   Several models have been proposed in order to explain cell killing by 
radiation and cell survival curves. Some of them are going to be discussed 
below mentioning their abilities and inabilities to deal with the problem. 
 
Target theory: A simple way of picturing how radiation might kill cells is 
the idea that there may be specific regions of the DNA that are 
important to maintain the reproductive ability of cells. These sensitive 
regions could be thought of as specific targets for radiation damage so 
that the survival of a cell after radiation exposure would be related to 
the number of targets inactivated. 
The first version of the theory proposed that just one hit by radiation on 
a single sensitive target would lead to death of the cell. This is called the 
single-target single-hit inactivation and it leads to the form of survival 
curve shown in figure 2.3A. The survival curve is exponential (i.e. a 
straight line in a semi-logarithmic plot of survival against dose). To derive 
an equation for this survival curve, Poisson statistics can be applied. So 
for each cell: 
                             P(survival) = P(0 hits) = exp(-D/D0) 
 
Where D0 is the dose that gives an average of one hit per target and 
D/D0 is the average number of hits per target. This type of ‘single target 
single-hit’ describes the simple situation where if an individual cell 
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receives an amount of radiation greater than D0 then it will die, otherwise 
it will survive. 
However, for mammalian cells in general, their response is usually 
described by ‘shouldered’ survival curves (figure 2.3B). In an attempt to 
model this type of response, a more general version of target theory was 
proposed called multi-target single-hit inactivation. Just one hit by 
radiation on each of n sensitive targets in the cell is required for death 
of the cell. The shape of the survival curve is shown in figure 2.3B. Again 
Poisson statistics can be applied in order to derive an equation: 
 
             P(0 hits on a specific target) = exp(-D/D0) 
Thus,  
             P(specific target inactivated) = 1- exp(-D/D0) 
 
As there are n targets in the cell, 
           P(all n targets inactivated) = [1- exp(-D/D0)]n

 
Thus, 
          P(not all targets inactivated) = 1-[1- exp(-D/D0)] 

Such multi target survival curves have proved useful for describing the 
radiation response of mammalian cells at high doses ‘off the shoulder’. 
They do not describe the survival response well at lower more clinically 
relevant doses. 
To sum up, target theory is an intellectually attractive idea in 
radiobiological thinking. However, many difficulties emerged. In single-
target single-hit part of the theory the specific radiation targets have 
not been identified for mammalian cells, despite considerable effort to 
search for them. In multi-target single-hit part the response that is 
predicted is flat for very low radiation doses, whereas this is not 
supported by experimental data. 
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Figure 2.3: The two most common types of target theory. (A) Single-target inactivation 
(B) multiple-target inactivation 
 
 
Linear-Quadratic Model (LQ) was proposed at sixties. The LQ model has 
gained wide acceptance in the radiation oncology community. It is being 
used for the design of almost all new fractionation and dose rate 
regimens such as hyperfractionation, accelerated fractionation, 
Hypofractionation, high dose rate and pulsed brachytherapy, as well as 
combined external beam and brachytherapy.  
The formula for cell survival is: 
          
                              P(survival) = exp(-aD-βD2) 
 
Where α, β constants that are characteristic for each kind of tissue. As 
it is obvious LQ model comprises a linear, e-aD, component and a curved 
component e–βD2 that separately outline the two different parts (linear-
curved) of a cell survival curve. 
As I have mentioned in chapter 1, cell comprises a sensitive target that is 
vulnerable to radiation. This target is the DNA double strand. Generally, 
two kinds of damages are discerned: 

a) Damage of type α caused by single hit during which two sensitive 
targets are destroyed (figure 2.4A). This kind of damage is 
proportional to the e-aD component of the LQ model and  

b)  Damage of type β occurs by distinct hits of two different 
sensitive parts (figure 2.4B).  In order for a lethal damage to occur 
these to parts must interact, otherwise the cell suffers a non-
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lethal damage that can restore. This kind of damage is proportional 
to e–βD2. 

 
 

                               
 
 Figure 2.4: Two types of radiation damage. Damage of type a(A), damage of type β(B) 
 
 
Consequently in low doses or low dose rates damage of type α is more 
likely to occur as LET is higher, cell survival curves become straight and 
tend to extrapolate the initial slope of the high dose-rate curve, whereas 
as dose or dose rate increases damage of type β dominates (figure 2.5). 
LQ formula gives a better description in the low dose range (1-3Gy): LQ 
survival curves are continuously bending with no straight portion either at 
low or high radiation doses. The shape of the curve is determined by the 
ratio α/β. It has few parameters rendering it practical. It has well 
documented predictive properties in clinical doses and there is no major 
evidence of problems when LQ has been applied in the clinic. [15]  
The model has been extended to include time effect and the influence of 
the five Rs described in 1.3.2 section. 
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Figure 2.5: curved part of the total cell survival curve is due to damage accumulation 
and the linear part depicts damage due to single hit. 
 
 
On the other hand LQ model has few drawbacks in very low and very high 
doses. It adequately describe cellular response to radiation above about  
1 Gy but fails in lower doses. In very high doses, slope of the survival 
curve declines continuously. To overcome this problem several other 
models proposed as RMR(Repair Mis-Repair) and LPL(Lethal-Potentially 
Lethal). 
 
Biologic significance of the parameters α and β 
Models that depict cell killing (or survival) after irradiation are comprised 
by two components of cellular damage: a component which is linearly 
proportional to dose and a curved component which is proportional of D2. 
The linear portion of the LQ model is depicted by the coefficient α. 
Damage of type a (single hit) dominated at very low doses and low dose 
rates. That is why survival curves are linear in dose rate of 1-2Gy/hour. 
With this very low dose rate damage of type β is neglected. 
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Linear component is not only the most significant damage in clinical doses 
but also it determines cell’s radiosensitivity. That is why a coefficient is a 
measure of intrinsic radiosensitivity. 
By noticing figure 2.5 it is obvious that the slope of the cell survival curve 
is mainly affected by β(curved) component when a component is low(low 
slope). When slope of the linear (a) component is high then the entrance 
of β component does not significantly affect cell survival curve. The 
difference in slopes is defined as Surviving Fraction and is calculated by 
the formula SF= exp(2βd2). SF increases as dose increases thus damage 
of type β is less difficult to be repaired.  
The difference between the total and a curve in figure 2.5 occurs due to 
β component. Contribution of β component decreases as dose rate 
decreases too. Therefore β component is a measure of cell recovery. 
 
Biologic significance of the a/β ratio 
During Biological Effective Uniform dose calculation, the ratio a/β is used 
and its value is characteristic for every kind of tissue. The α/β ratio is 
measured in Gy and corresponds to the dose where damage of type α is 
quantitatively equal to damage of type β. The mathematical expression of 
the above sentence is shown below: 
 
                              e(-αd) = e(-βd2)  αd = βd2  d = α/β 
 
α and β values are calculated by the method of maximum likelihood 
analysis and the calculated ones are those that fit better to the 
observed clinical data. 
In biological term, α/β ratio is used to quantify the fractionation 
sensitivity of tissues. When the value of α/β ratio is low, the survival 
curve is more convex as it presented in figure 2.6. 
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Figure 2.6: Surviving Fraction as a function of dose and dependence by the type of 
damage  
 
 
Looking at figure 2.7, is clearly illustrated the difference in response 
between late and early responding tissues. As dose increases damage in 
late responding tissues increases too. 
Late responding tissues are more sensitive in dose fractionation than 
tumors and early responding tissues. Two are the major reasons of this 
event: 

a) In late responding tissues mitosis number is very low, that is why in 
very low doses the corresponding survival curve is more 
‘shouldered’ than this for the early responding tissues. Cells that 
suffer mitotic death receiving very low doses are able to complete 
much more mitosis processes than cells that undergo the same 
damage in higher doses. 

b) Because of the low proliferation rate, late responding tissues have 
more time to repair a potentially lethal damage. This explains the 
‘shoulder’ occurrence in the late responding survival curve. 

Thus early responding tissues have a higher value in α/β than late 
responding tissues so the survival curve is more curved for early 
responding tissues. 
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 Figure 2.7: Comparison of survival curves between early and late responding tissues 
;h 
 
 
 
2.4 Why so important in radiotherapy? 
 
   The clinical outcome of a radiotherapeutic technique with respect to 
tumour control probability (TCP) and normal tissues complication 
probability (NTCP) is almost always uncertain. 
This happens due to the fact that 2 consecutive sessions of the same 
radiotherapeutic course can significantly differ as biologic effect of 
radiation is a matter of speculation in microscopic point of view. What is 
more is that the cellular differences among patients are unknown. That is 
why the clinical outcome of a radiotherapy treatment is represented as a 
probability of response to the total effect of radiation. 
   According to the above radiotherapy optimization is strongly dependent 
by the use of individualized data for every patient separately. Thus the 
introduction of radiobiological parameters that encompass the 
dependency of the volume irradiated and the normal tissue response to 
radiation, dose fractionation and dose-time relation is of great 
importance.  
   Progress of technology in diagnostic field (CT, SPECT) as its 
implementation to radiotherapy (IMRT, Tomotherapy) has lead to the 
acquisition of more accurate and reliable data related with the position 
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and the distribution of the sensitive functional subunits of the organs 
with regard to radiation and more reliable data for dose tolerance in 
respect with the volume irradiated as well. Also, 3-D dose calculations 
implemented to the patient, allow a more accurate judging of 
radiotherapy effectiveness. Rather than to accomplish a close 
relationship between treatment planning and clinical outcome it is 
necessary to utilize all these elaborated data, using mathematical models 
in order to verify the outcome. 
   Consequently main intention is to achieve radiobiological models 
introduction to treatment planning evaluation and biological parameters 
calculation based on clinical trials, rather than to forecast post irradiated 
effects and optimization of the initial treatment planning. 
 
 
 
2.5 Advantages, disadvantages and clinical acceptance of radiobiological     
models 
 
   Presently, the evaluation of a treatment plan is based on the volumetric 
distribution of the absorbed dose within the patient. However, it is 
seldom possible to measure dose distribution directly in patients treated 
with radiation. Data on dose distributions are almost entirely derived 
from measurements in water phantoms (which are tissue and muscle 
equivalent) usually large enough in volume to provide full scatter 
conditions for a given beam. These basic data are used in a dose 
calculation system devised to predict dose distribution in an actual 
patient. So, during the treatment planning process the patient is 
simulated by a 3-D representation. The dose distribution within the 
patient is calculated using the electron density distribution provided by 
the CT slices (Housfield Numbers) and correcting for inhomogeneities 
existing within the patient such as bones and air cavities. 
   In the so called ‘forward optimization’ (trial and error) approach, which 
is mostly used nowadays, the planner changes the configuration of the 
beams and consequently the dose distribution within the patient trying to 
satisfy some predetermined criteria (usually tolerance doses for normal 
tissue and prescribed doses for targets). This is a trial and error process 
and depends very much of the clinical experience of the planner. Now, 
that the speed of the computers has increased dramatically many 
treatment planning systems have implemented the ‘inverse planning’ 
approach which uses these predetermined criteria as an input and finds 
the beam configuration that satisfy them most. 
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However, to simulate the patient by a tissue equivalent computer 
representation is not clinically very accurate since the response of the 
various organs to radiation depends on many other factors that are 
currently not taken into account during the treatment planning process. 
Such factors are the volume dependence of the organs to radiation, the 
internal structural organization of the functional subunits for the normal 
tissues or the density of the clonogenic cells for the targets, the hypoxic 
cell fraction within the tumor and the fractionation regime, which affects 
as described in section 1.3.2 a) repair of sublethal damage; b) 
redistribution of cells within cell cycle; c) repopulation and d) 
reoxygenation of the cells. 
In order to take this information into account in the planning of the 
treatment one needs to use radiobiological models, which describe the 
response of the tumours and normal tissues to radiation according to 
their radiobiological characteristics. [21]  
This would lead to a major advantage using radiobiological models during 
treatment planning process and that is the optimized planning of the 
radiotherapy treatment which would lead to maximal efficiency in tumor 
control, keeping complications in normal tissue as low as possible. 
   However the question of “how reliable will treatment plan-specific 
endpoint models be?” is seldom addressed. Niemierko has briefly 
discussed the factors that contribute to uncertainty in such model-based 
outcome prediction in the context of the quantitative reliability of 
pulmonary outcome predictions. 
A brief division of outcome-model predictions in 4 categories is listed 
below according to Joseph O. Deasy et al: 
 
1. Model errors are defined as those errors which arise from an inability 
of the model equations to describe the data available over the applicable 
range. Model errors are detected primarily by examining residuals 
between data and model fits and looking for non random patterns. 
However, due to the non linear and multidimensional nature of the models, 
it is not always clear which data subsets should be examined to ensure 
that the model really describes the data. Unfortunately, even if a model 
fits the available data, it might be applied in a situation unlike that for 
which data were collected and therefore may fail. There is obviously 
some amount of model error involved in using empirical models, but it may 
be negligible compared to the following sources. 
 
2. Parameter uncertainties as defined as uncertainties in the estimated 
model parameters due to the fact that the amount of patient data is 

 46



finite. In the hypothetical limit of an infinite amount of non redundant 
patient data, and assuming that the models have only a single 
computational best-fit (i.e., only the local minimum or maximum), model 
parameters are determined with perfect precision. Of course, there are 
typically not enough data to determine the model parameters to an 
accuracy that reduces parameter uncertainties to negligible levels. 
 
3. Biological noise refers to the fact that all of the models are 
simplifications of highly complex, biologic, dynamic phenomena, in unique 
individuals. Much of the underlying phenomena appear as random “noise”. 
It is quite possible that, however, that some component of what appears 
in one model to be random biological noise may become better understood 
(predictable), either because more data become available or the data is 
analyzed in a new way. This recognition may lead to reduction in biological 
noise through an improved model. 
 
4. Measurement error, for continuous variables, is the difference 
between the quantifies endpoint and the actual value. This source of 
error can always be a target of improved methodology. 
Disagreements between model predictions and measurements are due to a 
mix of model errors, parameter uncertainties, biological noise and 
measurements errors. According to Joseph et al the incorporation of 
reliability/uncertainty analysis into software implementation of dose-
volume based outcome models is possible and make the use of treatment 
planning outcome models more justifiable corresponding less misuse.[16] 
It is clear from the literature that radiobiological modeling plays little or 
no part in considering the various treatment options in clinical trials. In 
order to use modeling as a precursor to clinical trials there is a need for 
greater research into the assessment of biopredictive assays which may 
in future be represented by the genetic characterization of tumor cells, 
rather than use of classical clonogenic and direct cell kinetic assays 
respectively, extending models simulating complex biological processes as 
good as possible. Thus at least, radiobiological models should be used only 
in research assays and not in clinical practice (not outside a research 
setting). But the future is likely to induce great development in 
radiobiological modeling make clinicians able to individualize and choose 
among the best recommended (by the models) treatments.  
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2.6 Main radiobiological models (TCP-NTCP) 
 
The aim of external beam radiation treatment is to maximize tumour 
control while avoiding complications. Tumour doses are constrained, since 
irradiation of critical normal organs is usually unavoidable. Great efforts 
are spent to make it possible to choose the best treatment plan from 
those that are under consideration, knowing their probable clinical 
outcome, namely the tumor control probability (TCP) and normal tissue 
complication probability (NTCP). Thus mathematical models are used that 
are based upon Poisson distribution (section 2.1) and the Linear Quadratic 
model (section 2.3) of cell killing, in order to quantify radiobiological 
response of normal tissue and tumour in radiation. Radiobiological 
parameters that enter these models (e.g. α, β, γ, s) must be separately 
calculated for normal and malignant tissues respectively. Exportation of 
dose-response relationships is dependent upon clinical data (treatment 
planning data and post-irradiation response assortment results) that are 
available for each patient.  
Generally speaking, these models predict a decrescent probability of 
tumor control as normal tissue complications decrease too.  
Some common attributes of these models that have developed until now in 
order to represent response of different normal tissues and tumours to 
radiation are presented below: 

• Cell survival after irradiation is binomial and obeys to binomial or 
Poisson statistics. 

• The response of the entire organ depends on the death or survival 
of its cell-targets (functional subunits for normal tissues and 
clonogenic cells for tumours). 

• All the target cells respond similarly to radiation. 
If the intermediated time is enough, effects that obtained by similar 
dose distributions are considered to be the same too. 
   The radiobiological models that are used more often for the present 
for the description of the dose-response distribution is the LQ Poisson 
model which takes into account dose fractionation of the treatment 
applied. Mathematically is defined as: 
               
                    P(D)=exp[-N0e-(D/D50)·(eγ-lnln2)] = exp[-eeγ-and-βnd^2]    (i) 
 
Where P(D) is the probability of tumour control or probability of normal 
tissue complication of an organ that is irradiated uniformly with a dose D, 
d is the dose per fraction and n is the number of fractions.  
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D50 is the dose that corresponds to 50% response and γ is the maximum 
normalized value of the slope of the dose-response curve. α and β are the 
parameters of the model that explain early and late effects on tissues as 
described in section 2.3. D50 and γ are both depend on the number of 
clonogenic cells for tumours and on the initial number of functional 
subunits for normal tissues. Parameters D50 and γ (or α and β) receive 
specific values for each organ and for each endpoint and they can only be 
extracted by clinical data.  
A very important factor in radiobiological approach of a radiotherapy 
treatment is the way by which post-irradiated complications of normal 
tissues are described by the models. This description is based upon 
functional subunits (FSU) inactivation. According to this theory, every 
organ consists of an aggregation of FSUs which perform the function of 
the organ and have a specific structural organization. Structural 
organization of FSUs can be assorted in the following order: 

1. Critical element 
2. Integral response 
3. Graded response 

Specifically, critical element represents tissues of ‘serial’ FSU structure. 
This means that complication is emerged when at least one FSU is 
inactivated (tissues with serial structural organization are marrow and 
nerves). 
Integral and graded response, are referred to ‘parallel’ FSU structure. In 
this case complication is emerged when a sufficient number of FSUs are 
inactivated. 
Also another FSU structure had been proposed which is a combination of 
‘serial’ and ‘parallel’ structure. 
To sum up, is already confirmed that structural organization of a tissue’s 
FSUs is of major importance in tissue response to radiation considering 
the dependence of that response by the volume irradiated. 
   As the volume irradiated decreases then tolerance dose of that volume 
increases (for non linear structure of the FSUs). Normal tissue 
complication probability calculation is far more different than for tumour 
control probability calculation. Calculation of normal tissue complication 
probability is strongly dependent by the accurate determination of their 
internal structural organization, however the structural organization of 
FSUs in tumours is considered to be absolutely parallel. Every single FSU 
in tumors must be destroyed. 
Mathematical quantification of radiotherapy endpoint in the nature of 
radiobiological models which evaluate the probability of endpoint 
occurrence, are sectioned in two categories: 
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1. The first category comprises models that are referred to normal 
tissues having as subject of research the complication probability 
estimation (NTCP models) 
2.  The second category comprises models that refer to tumours; 
therefore the subject of research is the estimation of tumour control 
probability (TCP). 
 
 
NTCP models 
NTCP radiobiology models are sectioned in 2 main categories: 
(i) Models that are based on microscopic response, and that is survival 
cell functioning: 
     (a) Relative Seriality Model 
     (b) Critical Element Model 
     (c)  Critical Volume Model 
(ii) Models that are based on macroscopic response of the organs: 
    (d) LKB Model (Lyman, Kutcher and Burman Model) 
    (e)  Parallel Model 
 
Only the NTCP models that have been used in this work are presented 
and discussed thoroughly below: 
 
(a) Relative Seriality Model 
This model comprises a parameter (seriality, s) that describes functional 
behavior of a tissue. Thus response of an irradiated volume is dependent 
upon the combination of the parallel and serial structure of FSUs. Parallel 
and serial structure of FSUs was clearly expounded in section 2.6. 
Organs that consist of FSUs that are of serial organization have a low 
dependence by the volume irradiated, considering that every functional 
subunit is of vital importance for organ’s function. 
Organs that consist of FSUs that are of parallel organization have a high 
dependence by the volume irradiated, considering than a parallel organ 
can maintain its function even if a high portion of its FSUs have been 
destroyed. 
When parameter s (s for seriality) receives values that are very close to 
0 (s≈0) then this corresponds to a parallel organ such as lung or liver. 
However when parameter s receives values that are close to 1 (s≈1) then 
the organ is considered to be serial with a very dependence on the volume 
irradiated. Parallel organs are bone marrow and esophagus. 
Thus normal tissue complication probability, P(D,V), for a uniform dose 
distribution is mathematically expressed as: 
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                                P(D,V) = [1-(1-P(D,Vref)s)V/Vref]1/s            (ii) 
 
Whereas for a non-uniform dose distribution normal tissue complication 
probability is expressed as: 
 
                           P(D,V) = [1-Π(1- P(Di,Vref)s)∆vi]1/s                  (iii) 
 
Where ∆vi (= ∆Vi/Vref) is a fraction of the differential irradiated volume 
(∆Vi) of an organ divided by a reference volume Vref for which the 
parameters D50 and γ have been calculated.  
P(Di,Vref) is the probability of response that an organ of volume Vref 
develops when irradiated by a dose Di and is calculated by equation (i) . 
The product Π parses from i=1 to M, where M is the number of the 
volume elements (voxels) that an organ has been theoretically splitted up. 
Usually the whole volume of the organ is considered as Vref since the 
organ as an aggregation is associated with body functional needs. 
Every organ inside the body is divided in volume elements (voxel), each of 
which has a definite volume of ∆vi. During treatment planning process, 
every voxel yields a dose of Di and the probability of response for every 
single voxel is calculated by equation (i). Then a value of the parameter s 
is determined according to the clinical outcome (e.g. radiation 
pneumonitis) after irradiation and response of the whole organ is 
calculated by equation (ii) or (iii) where all voxels are taken into account. 
 
(d) LKB Model 
LKB model is widely used in calculation of normal tissue complication 
probability and was firstly proposed by Lyman in 1985. This model is 
based upon the assumption that the tolerance of a tissue while receiving 
homogenous radiation dose can be expressed by an exponential relation in 
which a parameter (volumetric exponent) n exists. Parameter n describes 
the dependency of the outcome by the irradiated volume. When n 1 then 
this dependency is high (lung), whereas when n 0 the dependency of the 
outcome by the irradiated volume is low (bone marrow). 
Thus LKB model has 4 parameters that have to be calculated: Vref, D50, m 
and n and is based upon ERF function (error function). Mathematically 
complication probability is described by the above equation [17] :  
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Where,  u(D,V) = [D – D50(V/Vref)]/mD50(V/Vref) and  
D50(V/Vref) = D50(1)(V/Vref)-n

 
Vref is the reference volume for dose D50, whereas V/Vref is the portion of 
the organ relative to Vref that is irradiated. 
D50(1) is the tolerance dose for 50% complication for a uniform 
irradiation of the whole organ and D50(V/Vref) is the tolerance dose for 
50% complication of a portion of the organ of volume V/Vref that is 
irradiated uniformly. 
The dependence of the probability of normal tissue complication by the 
irradiated volume is determined by the parameter n. 
Slope of the dose-response curve using the LKB model is determined by 
the parameter m, which is conversely proportional with the parameter γ 
via the relationship: γ = π/8m. 
A serious constraint that must be taken into account by virtue of the 
presupposition that the dose is uniformly distributed is that in order for 
the LKB model to be used in clinical data, the non-uniform dose 
distribution has to be replaced by the corresponding equivalent uniform 
dose.  
 
(e) Parallel Model 
In parallel model the probability of normal tissue complication is a 
function of the ongoing number of FSUs that inactivated by radiation. 
Mathematically this is expressed by the following equation: 
 
                                       P(D) = 1/[1+(D50/D)k] 
 
The above equation is a sigmoid dose-response function that describes 
the probability of damage of an FSU, again supposed a biologic equivalent 
uniform dose as discussed in LKB model. In this case the biologic 
equivalent uniform dose can be calculated using Linear-Quadratic (L-Q) 
formula. The parameters that enter the formula of the parallel model are 
D50 which is the dose that causes 50% of the FSUs to get damaged and k 
which is the slope of the dose-response curve and determines the 
percentage by which the probability of a FSU damage increases with dose 
(k = 4γ). 
For a given dose-volume histogram (DVH) the fraction of the inactivated 
FSUs is calculated by: 
                                                 f= ∑vi p(Di)  
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Where vi and Di are the mean values of volume and dose obtained by the 
dose-volume histogram and f is the so called fractionated damage. 
 
 
TCP models 
In contrary to normal tissues, a malignant tissue is supposed to be a 
purely parallel structure considering that the total destruction of 
cancerous cells is required. Consequently, tumor control probability can be 
described by the equation iv: 
   
                                     P(D,V) = ∏P(Di)∆νi                (iv) 
 
Product Π parses from i=1 to M, where M is the total number of tumor 
FSUs. 
Most tumors dispose a great number of viable hypoxic cells, which are 
more radioresistant compared to well-oxygenated cells. Big conciseness 
of tumors in hypoxic cells can lead to a heterogeneous radiosensitivity (or 
radioresistance) distribution in molecular level, and thus heterogeneous 
response in radiotherapy treatment. In order for dose spatial 
heterogeneity, density heterogeneity and radiosensitivity variations to be 
taken into account, Poisson approximation for tumor control can be 
generalized. For a uniform dose Di in the ith voxel tumor control 
probability in a heterogeneous tumor with K voxels can be approximated 
by the equation below: 
 
                                 P=e-N=exp[-ΣN0,eff,ie-Di/D0,eff,i]             (v) 
 
Summation Σ parse from i=1 to K. The concept of reference volume Vreff 
is treated differently for normal tissues and tumors. Usually, the whole 
volume of the healthy organ is considered as reference volume and that is 
because the volume of an organ is related to the functional needs of the 
individual human being. In the case of tumors, reference volume is related 
to the characteristics of the clinical material for which the parameters 
D50 and γ were calculated. 
Repopulation of clonogenic cells is taken into account in L-Q model, which 
includes repopulation time. So the equation of tumor control probability 
can be modified as shown below: 
 
                               P= exp[-eeγ-αnd-βnd^2+ln2(t-Tk)/Tpot]            (vi) 
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Where Tpot is the potential duplication time for clonogenic cells and Tk is 
time delay before a significant repopulation tracing. TCP model vi, loses 
of reliability due to the fact that declines from Poisson distribution. 
Dose-response curves that are calculated by vi equation, represent 
response single tumors, having sharp slopes. Dose-response curves for an 
aggregation of tumors are less steep, maybe due to parameter 
heterogeneity among tumors that determine the course of treatment. 
 
 
 
2.7 Biological significance of the radiobiological parameters enter the 
mathematical models used 
 
   Linear-Quadratic model dispose parameters such as α and β which their 
biological significance had been thoroughly discussed in section 2.3 just 
as the biological significance of the α/β ratio. 
   Steepness of the dose-response curve is another parameter that joins 
radiobiological models. Steepness is represented by the parameter γ in 
relative seriality model, by m in LKB model and by k in parallel model. A 
widely used method to quantify the steepness of the dose-response curve 
is the normalized dose response gradient, or g value. This value defines 
the percent increase in response for a 1% increase in dose at a specified 
response level, usually 37% (g 37) or 50% (g 50) which are both in the 
steep part of the dose-response curve. Clinical dose response curves for 
TCP and NTCP are usually less steep than those calculated above for 
model situations. This is caused by heterogeneity, e.g. in tumour size, 
radiosensitivity of the tumour cells, repopulation during treatment, 
hypoxia or, for normal tissues, genetically determined radiosensitivity, 
co-existing disease of the irradiated tissues, pharmaceutical drugs (e.g. 
chemotherapy), or life-style habits such as smoking which may affect the 
radiation response. Even if we very carefully stratify patients for a 
clinical study into dose effect relationships, we will always have some 
(undetermined) heterogeneity in these and other factors. We therefore 
observe in clinical practice a composite dose-response curve of several 
underlying “true” dose-response curves. The more heterogeneous the 
observed population is, the less steep are the dose-response curves. 
Usually dose response curves for normal tissue reactions, particularly late 
normal tissue reactions, are steeper than the dose-response curves of 
tumours. This is easy to understand because important biological 
parameters in tumours are very heterogeneous, whereas normal tissues 
are expected to be much more similar between patients. [6] 
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   D50 which enters LKB and parallel model, is always referred to the 
entire organ (or some reference volume) and like k, m or γ is a constant 
parameter that is characteristic of a given organ or tissue and a given 
endpoint. It is the dose which, if delivered uniformly to the entire organ, 
would result in a 50% probability of complication.  
   Parameter n is a volume exponent, which depends on the organ and the 
end-point. According to Laura A. Dawson et al, n represents the volume 
effect, which relates the tolerance doses of uniform whole organ 
irradiation to uniform partial organ irradiation. In other words, 
parameter n shows the sensitivity of the normal tissue complication 
probability (NTCP) to the irradiated volume. When n is near to 1, the 
volume effect is large and when it is near 0, the volume effect is small. 
[20] 
 Thus higher values of n correspond to more resistant organs or parallel 
architecture (liver, lung) and low values of n correspond to more 
radiosensitive organ or serial architecture (bone marrow). 
   s is the relative seriality parameter that characterizes the internal 
organization of the organ. A relative seriality close to zero (s ≈ 0) 
corresponds to a completely parallel structure, which becomes non-
functional when all its functional subunits are damaged, whereas s ≈ 1 
corresponds to a completely serial structure which becomes non-
functional when at least one functional subunit is damaged. 
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3. Methods and material 
 
   Clinical application of different radiobiological models is provenly 
constraint not only due to difficulty in reliably describe complex 
radiobiological mechanism, but also due to lack of accurate knowledge of 
radiobiological parameters entering a model. A proper way of determining 
such parameters is by the use of clinical information as following up and 
record course of radiation therapy. Of course, this is an intent that is 
extremely demanding since it depends on many not well-understanding 
factors that are altered among different radiotherapeutic centers. 
   Development of such models is based upon clinical information that is 
extracted by treatment planning. Such clinical data is a Dose-Volume 
Histogram (DVH) and clinical outcome of radiotherapy for each patient 
concerned. However, dose distribution by the form of a DVH in the region 
of interest, does not constitute the only crucial factor that describe 
biological effects caused by radiation. Also, a radiobiological model should 
comprise fractionation schedule of radiotherapy and the type of tissue 
response (early or late response).  
Information that concerns a DVH can be taken into account by the 
application of a Biological Equivalent Uniform Dose (BEUD). Notion of 
BEUD is going to be elaborately explained in later section. 
In the literature, dose-response relations and tolerance doses have been 
determined for different tissues and different clinical outcomes. 
However, many of these researches had based upon 2-D treatment 
planning and approximated determination of the clinical outcome in each 
time. So, accurate extraction of dose-response relations by available 
clinical data leans on the accuracy of the derived clinical information. But, 
even when the accuracy of the available clinical data is of satisfactory 
level, radiobiological approach still remains a matter of challenge. This 
stands for the fact that available clinical data usually covers only a 
limited portion of dose-response curve (therapeutic range), so the portion 
of the curve that is out of the clinical dose range  is based upon the form 
of the mathematical model used which confirmation is not possible at this 
range. The above limitation should be taken into account when data are to 
be used in other forms of radiotherapy either classic or conformal (e.g. 
Intensity Modulated Radiation Therapy, which can cover a dose range 
similar to the range that is covered by the clinical data). 
The final issue of a radiobiological model is the determination of several 
parameters (e.g. D50, γ and s for the relative seriality model) that join the 
models and are concerned with a specific tissue and a prescribed clinical 
outcome. These parameters determine the shape of the corresponding 
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dose-response curves allowing the association of a certain dose 
distribution with the normal tissue complication or tumor control 
probability. Eventually, researchers haven’t come up to a conclusion 
related to which parameters and models are more applicable and more 
accurate that can cover a wide range of clinical cases.  
Overall, radiobiological approach still remains a complex procedure even 
when clinical data is of great accuracy. 
The present study was briefly focused to the issues presented below: 
 

• Estimation of the volumes V13, V20 and V30 as an index of 
radiation pneumonitis occurrence (V13, V20 and V30 are the 
portion of volumes that have received 13, 20 and 30Gy 
respectively). 

• Calculation of NTCP via radiobiological parameters and 
statistical analysis for the evaluation of several radiobiological 
models and the corresponding parameters in lung cancer 
radiotherapy, so as to be registered and used during treatment 
planning for therapy optimization. 

• Attempt of software development for the determination of the 
best estimates of the model parameters based on maximum 
likelihood method.  

 
 
 
3.1 Presentation of the available clinical data 
    
   The study was based on the clinical data of 51 patients from university 
hospital of California and treated for inoperable stage III non-small cell 
lung. The available data for each patient were a Dose-Volume Histogram 
for both perceptions of lungs (lung as paired organ and lung as single 
organ) showing how dose distributed along lung/s, total dose each patient 
received, the clinical outcome and number of fractions. Clinical outcome 
after follow up refers to whether or not a patient suffered radiation 
pneumonitis.  
It is of major importance the objective description of a post irradiation 
response (here radiation pneumonitis). The complication endpoints for 
normal tissues are generally classified as early or late and subjective or 
objective. Different radiotherapy centers apply different classification 
systems to record follow up results. Such classification systems are the 
RTOG/EORT and LENT/SOMA. Here patients’ clinical status was 
estimated by using RTOG criteria for the classification of the 
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seriousness of radiation pneumonitis, which is presented in table 3.1 
below: 
 
Grade 0 1 2 3 4 
Symptoms No 

change 
Mild 
symptoms 
of dry 
cough or 
dyspnoea 
on 
exertion 

Persistent cough 
requiring 
narcotic 
antitussive 
agents/dyspnoea 
with minimal 
effort but not 
at rest 

Severe cough 
unresponsive to 
antitussive agent or 
dyspnoea at rest/clinical 
or radiologic evidence of 
acute 
pneumonitis/intermittent 
oxygen or steroids may 
be required  

Severe 
respiratory 
insufficiency/ 
Continuous 
oxygen or 
assisted 
ventilation 

 
Table 3.1: RTOG acute radiation morbidity scoring criteria used to score/grade toxicity 
from radiation therapy 
 
 
Probability calculation process was developed in Excel worksheet. The 
available radiobiological models (see section 3.2) were developed in 
different worksheets. Each Excel worksheet contains patients’ clinical 
data (for every patient the available clinical data was dose distribution 
that was applied to healthy lung tissue after lung irradiation or DVH) and 
a parameter set.  Normal tissue complication probability for every patient 
was developed in four different steps: 
 

1. Complication probability P(i) calculation for every lung volume 
element (voxel) 

2. Computation of the differential Volume (∆νi) 
3. Calculation of overall normal tissue complication probability 
4. Plotting of different Dose-Response curves 

 
In figure 3.1 an indicative example where an aggregation of NTCP 
processes is illustrated: 
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Figure 3.1: A gross illustration of NTCP calculation process using relative seriality 
model with corresponding parameter set published by Seepenwoolde et al 2003. For 
each patient cumulative DVH was available, whereas differential DVH was calculated as 

 60



this form of dose distribution was applied in models. Then dose from the available DVH 
was corrected for patients’ fractionation scheme and complication probability of every 
voxel was calculated. Finally normal lung tissue complication probability Pi was calculated 
so as the biological effective uniform dose. 
 
 
The difference between cumulative and differential DVH is that 
cumulative DVH answers the question which dose bin received dose from 
Di and more, whereas differential DVH indicated which dose bin received 
dose that is exactly equal with Di. Both forms of Dose-Volume histograms 
are of equal importance and are extracted with the same way. 
Differential DVH is the one that is applied in the radiobiological models 
used during this study.  
Usually, the calculated radiobiological parameters describing the dose-
response relation of an organ refer to a certain uniform dose per fraction 
before deriving these parameters. Consequently, the application of the 
appropriate fractionation correction on the dose-volume histograms has 
to be seriously considered. In this study, the fractionation correction was 
applied using the linear-quadratic model according to the formula above: 
 

                                     
 
Where n is the number of fractions of the prescribed radiotherapy, D is 
the dose that every voxel receives, d is the daily dose given (1.8-2Gy) and 
the ratio α/β were elaborately depicted in section 2.3. 
Although this model is accurate for large doses it has not been validated 
for doses lower that 1Gy. Consequently, the correction may be 
approximative in this dose region, which is more relevant to normal 
tissues. [7] 
   For the evaluation of a treatment plan, the mean dose of the dose 
distribution delivered to the tumor and its standard deviation are mainly 
used clinically. However, these data do not take into account the 
biological characteristics of the tumor. On the other hand, when 
different plans are compared to be classified one cannot also compare 
the effect of the treatment to the rest of the organs by using the mean 
dose to the tumor because the comparison does not use a common basis 
for all the plans as dose distributions throughout the target are never 
exactly uniform and may often be far from it. Solution to this problem 
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was introduced by Niemierko in 1997 via the introduction of the 
Equivalent Uniform Dose (EUD) concept, which has since found 
applications in both external beam and brachytherapy. The EUD is 
defined as: “The homogenous dose distribution which produces the same 
surviving fraction of clonogenic cells as that obtained with an 
inhomogenous dose distribution”. [14] 
Another relevant concept of EUD is the Biologic Effective Uniform Dose 
(BEUD) in terms of tumour control or normal tissue complication. BEUD is 
the uniform dose that causes exactly the same total tumour control or 
normal tissue complication probability as a given non-uniform dose 
distribution on a complex patient case. This is based on the assumption 
that any two distributions are equivalent if they cause the same 
probability for tumour control or normal tissue complication. 
It is clear though that the concepts of EUD and BEUD have significant 
differences in their definitions and derivations; however, from 
philosophical point of view they both try to serve the same purpose. 
   For probability calculation, standard parameter sets were used that 
had already published by other scientific groups (Burman et al 1991, 
Gagliardi et al 2000, Mah et al 1987, Seepenwoolde et al 2003, Martel et 
al 1994, Kwa et al 1998). An overview of the published parameters is 
presented in table 3.2. 
 

 
 
Table 3.2: Already published radiobiological parameters that were applied to the 
models used 
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3.2 Radiobiological Models evaluated 
 
   A portion of this study was focused to the estimation of different 
radiological models’ strength in predicting complication in normal tissue by 
the use of already published parameter sets. NTCP models that were 
examined were a) The relative seriality model with three different 
parameter sets (Seepenwoolde et al 2003, Gagliardi et al 2000, Mah et al 
1987)  b) LKB model with four different parameter sets (Seepenwoolde 
et al 2003, Burman et al 1991, Martel et al 1994, Kwa et al 1998) and c) 
The parallel model using only one parameter set (Seepenwoolde et al 
2003). [22,23,26,25]  
 
 
a) The relative seriality model. Firstly linear quadratic (LQ) model is 
modified as below: 
 
             (1) 
 
Where P(D) indicates the probability of inducing the normal tissue 
complication (here radiation pneumonitis to lung) when it is irradiated 
uniformly with a dose D. The dose per fraction is d = D/n, where n is the 
number of fractions. D50 is the dose, which gives a response probability 
of 50% and γ is the maximum normalized value of the dose-response 
gradient, which is located a little higher than the response point of 37% 
on the dose-response curve. The second equality of the above equation is 
valid in the region around D50 and it gives the response probability using 
the second order approximation of a modified Poisson expression.  
As mentioned before each dose step in a volume-dose histogram was 
corrected for fraction according to LQ model using α/β = 3Gy.  
Radiation sensitivity was assumed to be homogenous throughout the lung 
volume. 
Parameters D50 and γ (or α and β) are specific for every organ and 
specific for the kind of injury (endpoint) considered and can only be 
derived from the clinical data. The complications observed in the normal 
tissues after radiation therapy have been described in terms of 
inactivation of functional subunits (FSUs). Many NTCP models try to 
account for the volume effect, which originates from the FSU 
infrastructure of the organs and describes how the tolerance dose 
increases with decreasing partial irradiated volume of the organ. The 
organization of the FSUs is described as serial, parallel or a combination 
of these two patterns. Organs with a parallel infrastructure have strong 
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volume dependence since the organ can maintain most of its function even 
when a large proportion of its subunits is damaged. On the other hand, 
organs with a serial infrastructure have small volume dependence since 
every subunit is vital for organ function. 
   The relative seriality model is one of the models that account for the 
volume effect. For a heterogeneous dose distribution, the response PI of 
normal tissues is given by the expression: 
 

                                              (2) 
 
Where P(Di) is the probability of response of an organ having the 
reference volume and being irradiated to dose Di as described by 
equation (1). ∆vi = ∆Vi/Vref is the fractional subvolume of the organ that 
is irradiated compared to the reference volume for which the values of 
D50 and γ were calculated. M is the total number of voxels or subvolumes 
in the organ, and s is the relative seriality parameter that characterizes 
the internal organization of the organ. A relative seriality close to zero (s 
≈ 0) corresponds to a completely parallel structure, which becomes non-
functional when all its functional subunits are damaged, whereas s ≈ 1 
corresponds to a completely serial structure which becomes non-
functional when at least one functional subunit is damaged. In this study, 
the whole lung constitutes the reference volume to which the model 
parameters D50 and γ refer. Αbout the relative seriality model, there are 
a number of evidences supporting its clinical validity. [24] 
 As discussed in section 3.1 each patient in the study population receives 
a different dose distribution. To be able to compare dose distributions in 
radiobiological terms, a concept such as the biologically effective uniform 
dose (BEUD) has to be used. BEUD is the uniform dose that causes 
exactly the same tumour control or normal tissue complication probability 
as the real dose distribution. 

                                                        (3)  
 
This concept finds the uniform dose that is biologically as effective as 
the dose inhomogeneous distribution delivered to the lung for each 
patient. [13] 
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b) LKB and parallel models. 
 
In the LKB model, the NTCP estimations are based on a DVH reduction 
algorithm, which creates a single-step histogram having the same 
complication probability as the original multi-step histogram. This 
corresponds to the transformation of an inhomogeneous dose distribution 
into an equivalent uniform irradiation of the whole lung with an 
isoeffective dose. For the LKB model, the dose distributions can be 
transformed into complication probabilities by using Lyman’s four-
parameter model, after the DVH has been reduced to the EUD with a 
power-law relationship such as: 
 

                                                                       (4) 
 
In the same way, for the parallel or critical volume model, the 
mathematical expression of EUD changes to the following: 
 

                    (5) 
 
Both models are variations of the general parallel model, and in the 
special case that: D50→∞ or D→0 then EUDparallel = EUDLKB with n = 
1/k. 
For cases of heterogeneously irradiated organs the following relationship 
for EUD has been proposed and used in LKB model: 

                                                                     (6) 
In this formula differential-DVH (υi = ∆vi) is used and Di is the dose 
corrected for fractionation for bin i. 
In order to calculate the normal tissue complication probability, NTCP the 
following mathematical formula has been used: 
 

                                                              (7) 
 
Where     t= (EUD-TD50)/m*TD50    
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Solution of the above equation (7) can be approached by the error 
function or erf that is computed as follows: 
A normalized form of normal distribution equation that gives the 
probability that a variable takes a value in interval [0, x] equals to: 
 

                                    
 
And is related with the probability integral as: 
 

                                   
So,  

                                   
If we assume that u = t / √2  then  du =  dt/ √2    
Then: 
 

                   
 
 
Where erf is the error function and is easily calculated. 
Consequently, the probability of a variable to take a value between [x1,x2] 
interval can be calculated by the following formula: 
 
                          Φ(x) = ½ [erf(x2/√2) – erf(x1/√2)]    
 
In the pointed case that someone refers to the interval [-∞, 0] then Φ(x) 
calculated by:  
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Especial attention must be provided during application of error function 
(erf) in negative values of x:    
 
                                    Φ(-x) = 1- Φ(x) = 1- Φ(-(-x)) 
 
    It is obvious from formula (7) that NTCP is determined by the dose 
that causes 50% of response (TD50) and a slope parameter m (slope 
increases as m decreases). 
   
  
 
3.3 Determination of the best applicable statistical methods.  
 
    This analysis was exerted in order to reach the radiobiological model 
which best describes reality, that is the presence or not of radiation 
pneumonitis.  
   Among several statistical methods for safe conclusion extraction that 
concern probabilities comparison between different radiobiological 
models, as the assessment of how well a model fits clinical data, the most 
substantial are those that have been mentioned and examined by Tsougos 
Iwannis.  
Primarily, he discriminated the appropriate statistical methods that can 
be applied in a study similar to this and those are: 
 

1. Linear Probability model 
2. Logistic regression model 
3. Analysis of variance (ANOVA) 
4. Chi-square test 
5. Monte Carlo simulation 
6. ROC curves (Receiver Operating Characteristics) 

 
Following the method of trial and error for a number of statistical 
methods and statistical software packages that are used in a wide range, 
he achieved to recommend the best statistics to apply. Chi-square test, 
Monte Carlo simulation and ROC curves are proved the most reliable 
giving satisfying results. Whereas, Linear Probability model, Logistic 
regression model and ANOVA gave relatively good results but they reveal 
weaknesses (e.g. low number of results, constraint the ability of logistic 
regression model to attribute reliable and accurate results). 
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   For the estimation of V13, V20 and V30 as a radiosensitivity indicator chi-
square test statistic was utilized, whereas for the estimation of several 
radiobiological models and the corresponding parameters in lung cancer 
radiotherapy, chi-square statistic test and ANOVA was applied. 
 
 
 
3.4 Statistical analysis  
 
   The statistical analysis done was based on the clinical data of 51 
patients treated for inoperable stage III non-small cell lung cancer in the 
University Hospital. The available data for each patient were the DVH for 
both perceptions of lungs (lung as paired organ and lung as single organ), 
total dose received and the clinical outcome. This analysis was exerted in 
order to reach the radiobiological model which best describes reality, 
that is the presence or not of radiation pneumonitis. 
  The models used were Relative Seriality, LKB and Parallel and each with 
relevant published parameters. By these models, the probability of 
radiation pneumonitis occurrence was calculated for each patient and 
each parameter set and then by using the appropriate statistical method 
the fit of the observed and the expected (clinical outcome) results was 
examined. 
  With reference to the examination of the model’s fit to the clinical 
outcome; the most suitable test statistic was the Chi Square test. Few 
things, about this test statistic are quoted below starting with the 
analysis of contingency tables: 
 
 
 
 
Analysis of Contingency Tables 
 
   There are many situations where there are more than two samples to be 
compared or more than two possible outcomes. To do this, a test statistic 
analogous to analysis of variance should be developed. 
   We begin with the problem of assessing the efficacy of low dose aspirin 
in preventing thrombosis by analyze the number of people in each group 
who developed thrombi. Since the procedure we will develop does not 
require assuming anything about the nature of parameters of the 
population from which the samples were drawn, it is called a 
nonparametric method. 
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  Table-3.3 shows the results of placebo and aspirin in the experiment, 
with the number of people in each group who did and did not develop 
thromboses. 
 
Sample Group Developed thrombi Free of thrombi Treated 
Placebo  18 7 25 
Aspirin 6 13 19 
Total 24 20 44 
 
                       Table 3.3: Contingency table of observed values 
   
   This table is called a 2x2 contingency table. Table-3.4 shows what the 
experimental results might have looked like if the aspirin had no effect 
on thrombus formation.  
It also shows the total number of patients who received each treatment 
as well as the total number who did and did not develop thrombi. These 
numbers are obtained by summing the columns, respectively, in the table. 
 
Sample Group Developed thrombi Free of thrombi Treated 
Aspirin 10,36 8,64 19 
Placebo 13,64 11,36 25 
Total 24 20 44 
 
                       Table 3.4: Contingency table of expected values 
   
   More patients developed thrombi under each treatment; the 
differences in absolute numbers of patients are due to the fact that 
more patients received the placebo than aspirin. In contrast to table-3.3, 
there does not seem to be a pattern relating treatment to thrombus 
formation. 
  To understand better why most people have this subjective impression, 
lest us examine where the numbers of table-3.4 came from. Of the 44 
people in the study 25, or 25/44=57%, received placebo and 19, or 
19/44=43%, received aspirin. Of the people in the study 24, or 
24/44=55%, developed thrombi and 20, or 20/44=45%, did not. Now, let 
us hypothesize that the treatment did not affect the likelihood that 
someone would develop a thrombus. In this case, we would expect 55% of 
the 25 patients treated with placebo (13, 64 patients) to develop thrombi 
and 55% of the 19 patients treated with aspirin (10,36) to develop 
thrombi. The remaining patients should be free of thrombi. Thus, table-
3.3 shows how we would expect the data to look if 25 patients were given 
placebo and 19 patients were given aspirin and 24 of them were destined 
to develop thrombi regardless of how they were treated. 
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  The next step in designing a statistical procedure to test the hypothesis 
that the pattern of observations is due to random sampling rather than a 
treatment effect is to reduce this subjective impression to a single 
number, so that we can reject the hypothesis of no effect when this 
statistic is “big”.  
 
 
The Chi-Square Test Statistic 
 
  Now we are ready to design the test statistic used in my work. It should 
describe with a single number, how much the observed frequencies in 
each cell in the table differ from the frequencies we would expect if 
there is no relationship between the treatments and the outcomes that 
define the rows and columns of the table. In addition it should allow for 
the fact that if we expect a large number of people to fall in a given cell, 
a difference in one person between the expected and observed 
frequencies is less important than in cases where we expect only a few 
people to fall in the cell. 
  We define the test statistic x2 as x2 = sum of (((observed-expected 
number of individuals in cell)2)/expected). The sum is calculated by adding 
the results for all cells in the contingency table. The equivalent 
mathematical statement is: 

                                                                             (8)                    
 
In which O is the observed number of individuals (frequency) in a given 
cell, E is the expected number of individuals (frequency) in that cell, and 
the sum is over all the cells in the contingency table. 
  If the observed frequencies are similar to the expected frequencies, x2 
will be a small number and if the observed and expected frequencies 
differ, x2 will be a big number. 
  Like most test statistics, the distribution of x2 depends on the number 
of treatments being compared. It also depends on the number of possible 
outcomes. This dependency is quantified in a degree of freedom 
parameter ν equal to the number of rows in the table minus 1 times the 
number of columns in the table minus 1: 
                                                ν=(r-1)*(c-1)  
Where r is the number of rows and c is the number of columns in the 
table. For the 2x2 table we have been dealing with so far, ν = (2-1)*(2-
1)=1. 
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  When analyzing 2x2 contingency tables (ν=1), the value of x2  computed 
using the above formula and the theoretical x2 distribution leads to P 
values that are smaller or bigger than they ought to be. Thus the results 
are bigger or smaller concluding that the treatment had an effect or had 
no effect at all. [28] 
A similar analysis was exerted in our attempt to research if volumes V13, 
V20 and V30 comprise an index of intrinsic radiosensitivity by examining if 
there is a relationship between the irradiated volume which received 13, 
20 and 30Gy respectively and the presence of radiation pneumonitis. 
Before the chi-square test to carry out, the 46 patients were ranked in 
ascending order according to their volume that received 13, 20 and 30Gy 
respectively. A representative illustration of the assortment is shown in 
figure 3.2: 
 
 

         
 
Figure 3.2: Patients increasing assortment according to their volume that received 13 
and 20Gy, with their corresponding scoring of radiation pneumonitis, according to RTOG 
criteria. 
 
 
Patients scored with 0 and 1 perceived as no suffered radiation 
pneumonitis, whereas patients scored with 2, 3 and 4 perceived as 
suffered radiation pneumonitis.  
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Then different (6 in number) contingency tables were constructed for 13, 
20 and 30Gy for both observed and expected values. Patients that 
received 13, 20 and 30 Gy respectively in >20% and <20% of their lung 
volume were measured and have registered to the contingency table that 
corresponds to the observed numbers of patients that suffered or not 
radiation pneumonitis according to the above aspirin-placebo example. 
Next the contingency tables of the expected number of patients were 
constructed. In order to apply chi-square test the null points for the 
three different cases of 13, 20 and 30Gy that we called to examine were: 

• No relationship between the irradiated volume received 13Gy and 
the presence of radiation pneumonitis 

• No relationship between the irradiated volume received 20Gy and 
the presence of radiation pneumonitis 

• No relationship between the irradiated volume received 30Gy and 
the presence of radiation pneumonitis 

• In figure 3.3 there is an example of an observed and an expected 
contingency table for patients that >20% and <20% of their lung 
volume received 13Gy. The same tables were constructed for both 
20 and 30Gy. 

 

         
 
Figure 3.3: Contingency tables for observed and expected number of patients that    
suffered or no radiation pneumonitis (RP). 
 
 
The contingency table of the observed numbers shows the results, 
according to RTOG criteria, of receiving 13Gy in >20% and <20% of the 
lung volume with the number of people in each group that developed or 
not radiation pneumonitis. It also shows the total number of patients who 
received 13Gy in >20% and <20% of their lung volume respectively as well 
as the total number of patients who did and did not develop radiation 
pneumonitis. These numbers were obtained by summing the rows and 
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columns, respectively, in the table. Contingency tables for 20 and 30Gy 
were similarly constructed. 
Contingency table of expected values contains the expected number of 
patients if 40 patients had received 13Gy in >20% of their lung volume 
and 6 of them had received 13 Gy in <20% of their lung volume and 28 of 
them were destined to develop radiation pneumonitis regardless how 
much of their volume was irradiated. 
To be more specific, of the 46 people in the study, 40 people, or 
40/46=87% have received 13Gy in >20% of their lung volume and 6 
patients, or 6/46=13%, have received 13 Gy in <20% of their lung volume. 
Of the patients in the study, 28 of them, or 28/46=61% developed 
radiation pneumonitis and 18 of them, 18/46=39% did not. Now lets 
similarly with placebo-aspirin example, hypothesize there is no 
relationship between irradiated volume received 13Gy and the presence 
of radiation pneumonitis (null hypothesis). In this case, we expect 61% of 
the 40 patients that received 13Gy in >20% of their lung volume to 
develop radiation pneumonitis (24.35), whereas 61% of the 6 patients 
that received 13Gy in <20% of their lung volume to develop radiation 
pneumonitis (3.65). The residuals should be free of the disease. 
Next step was the application of the chi-square test using formula (8) 
replacing expected and observed values from contingency tables. If 
calculated value of x2 exceeds the critical value of x2 for P<0.05 then the 
null hypothesis will fail, whereas when calculated value of x2 is lower than 
the critical value of x2 for P<0.05 then the null hypothesis can be 
accepted. Where P is the defined significance level.  
While extending chi-square test statistic it is assumed that the null 
hypothesis is true. Afterwards, values (significant values) of the specific 
chi-square statistic are determined, and are those that have a very low 
probability (level of significance) to occur when null hypothesis is true. 
Those critical values are specified for trial’s level of significance (P), for 
degree of freedom parameters and are obtained by tables exist in 
literature. Levels of significance (P) that are more mostly applied are 0.01 
or 1% and 0.05 or 5%. In other words the significance level P is the 
maximum probability that corresponds to the case of erroneously 
rejecting the null hypothesis. Figure 3.4 shows an example of calculating 
x2 test statistic comprising its critical value for the level of significance 
0.05 and the decision of whether or not null hypothesis is rejected. 
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     Figure 3.4: x2-test calculation and null hypothesis acceptance or not process 
 
Here calculated value of x2-test is 0.342262 according to formula (8). 
Critical value of x2-test for P<0.05 significance level is 3.841. As 
discussed above because of the fact that 0.342262 < 3.841 the null 
hypothesis, that there is no relationship between irradiated lung volume 
that received 13Gy and the presence of radiation pneumonitis, is not 
rejected and is assumed as true. 
   Same analysis was styled for the second part of this study, which was 
the evaluation of goodness of fit of the different models used in regard 
to their ability of predicting accurately the presence or not of radiation 
pneumonitis (clinical outcome) for the determination of the best 
applicable model with its corresponding parameters. 
Before the chi-square test to carry out, patients were ranked in 
subgroups of ascending absorbed dose in terms of BEUD. For starters 
every subgroup consisted of 5 patients resulting in 9 overall subgroups.  
So every subgroup covered a different dose-range. For every subgroup 
the mean BEUD, the mean calculated probability (mean NTCP) and the 
percentage of patients that suffered the disease were evaluated as 
illustrated in figure 3.5.  
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Figure 3.5: Patients were ranked in ascending order and sectioned in subgroups. For 
every subgroup mean NTCP, mean BEUD, mean 1-NTCP and expected percentage of 
patients suffered and no suffered the disease was evaluated. 
 
 
Then the calculated probability (observed) of every subgroup was 
compared, according to the chi-square analysis described several times 
above, to the resulting clinical outcome of the same subgroup. The 
process was firstly applied regarding that each subgroup comprised of 5 
patients and secondly regarding that each subgroup comprised of 9 
patients in order to increase statistic sensitivity, both for all models with 
all the corresponding parameter sets and for both significance levels of 
P<0.05 and P<0.01. Null hypothesis in this case was that observed 
(calculated by models) and expected probability results don’t differ. This 
two-handed study was initially considered that patients, according to 
RTOG criteria, scored with 2, 3 and 4 suffered the disease. Then the 
same process, described above, repeated considering that only patients 
achieving score of 3 and 4 suffered radiation pneumonitis.  
   Finally, for the determination of the extent of correlation among 
clinical outcome and several NTCPs, total dose each patient received and 
total normal lung volume (either perceived as single or paired organ) as 
predictors of clinical outcome, an analysis of variance (ANOVA) and 
regression analysis were performed using special statistical software 
(SPSS 13). Tables below (figure 3.6) show an example of SPSS output 
after linear regression analysis and ANOVA performance for LKB model, 
using parameters by Seepenwoolde et al when lungs perceived as single 
organ. 
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                        Figure 3.6: SPSS output example 
 
 
The first table of figure 3.6 referred to correlations, is a correlation 
matrix. The table shows three things. First, it shows the value of the 
Pearson or chi-square correlation coefficient between every pair of 
variables (here we can see that total dose each patient received has 
positive correlation with NTCP, R=0.025 and Single lung volume has the 
largest negative correlation with NTCP, R=-0.282). Second, the one-tailed 
significance of each correlation is displayed. Finally, the number of cases 
contributing to each correlation (N=46) is shown.  
You might notice that along the diagonal of the matrix the value for the 
correlation coefficients are all 1.00 (i.e. a perfect positive correlation). 
The reason for this is that these values represent the correlation of each 
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variable with itself, so obviously the resulting values are 1. The 
correlation matrix is extremely useful for getting a rough idea of the 
relationships between predictors (here total dose each patient received, 
NTCP and normal lung volume when lungs perceived as single organ). 
The next table, Model Summary, it tells as whether the model is 
successful in predicting the clinical outcome. Model 1 refers to the stage 
on the analysis when only NTCP by LKB models is used as a predictor of 
the clinical outcome. Whereas, model 2 refers to when all three 
predictors are used. In the column labeled R are the values of the 
correlation coefficient between the predictors each time used and the 
clinical outcome. When only NTCP is used as a predictor this is the simple 
correlation between NTCP and clinical outcome (R=0.130). The next 
column gives as a value of R2, which is a measure of how much of the 
variability in the outcome is accounted for by the predictors. For 
example, for the first model, R2=0.017, which means that NTCP accounts 
for 1.7% of the variation in clinical outcome. However, when the other two 
predictors are included as well (model 2), this value increases to 0.081 or 
8.1% of the variance in clinical outcome. 
The change statistics provided in the 7th column tells us whether the 
change in R2 is significant. So model 1 causes R2 to change from 0 to 
0.017, and this change in the amount of variance gives rise to an F-ratio 
of 0.751, which is significant with a probability less than 0.5. The addition 
of the new predictors (model 2) causes R2 to increase by 0.064. As such 
the change in the amount of variance that can be explained gives rise to 
an F-ratio of 1.472, which is again significant with a probability less that 
0.5. 
The next part of the output contains an analysis of variance (ANOVA) 
that tests whether the model is significantly better at predicting the 
outcome than using the mean as a ‘best guess’. Specifically, the F-ratio 
represents the ratio of the improvement in prediction that results from 
fitting the model, relative to the inaccuracy that still exists in the model. 
The ANOVA tells us whether the model is a significant fit of the data 
overall. Table of ANOVA is again split into two sections: one for each 
model. The value of sum of squares represents improvement in prediction 
resulting from fitting a regression line to the data rather than using the 
mean as an estimate of the outcome. Residual sum of squares represents 
the total difference between the model and the observed data. The mean 
square for each case is calculated by dividing each sum of square by the 
corresponding degrees of freedom If the improvement due to fitting the 
regression model is much greater that the inaccuracy within the model 
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then the value of F will be greater than 1 and SPSS calculates the exact 
probability of obtaining the value of F by chance. 
The last part of the output illustrated in figure 3.6 is concerned with the 
parameters of the model. Let’s keep in mind that when we refer to the 
regression model, we are talking about a model in the form of equation 9. 
                                 
                                  Yi = b0 + b1X1 + b2X2 + … + bnXn                           (9) 
 
 
Where Y is the outcome variable, b1 is the coefficient of the first 
predictor (X1), b2 is the coefficient of (X2), bn is the coefficient of (Xn). 
As it is obvious there are several unknown quantities (the b-values). The 
first part of the last table presented, gives us estimates for these b-
values and these values indicate the individual contribution of each 
predictor to the model. If we replace the b-values into equation (9) we 
find that we can define the model as the equation (10). 
 
ClinicalOutcomei = b0  + b1NTCPi  + b2TotalDosei  + b3SingleLungVolumei (10)                          
 
The b-values tell us about the relationship between the clinical outcome 
and each predictor. If the value is positive we can tell that there is a 
positive relationship between the predictor and the outcome whereas a 
negative coefficient represents a negative relationship. What is more is 
that b-values also tell us to what degree each predictor affects the 
outcome if the effects of all other predictors are held constant. 
Each of these beta values has an associated standard error indicating to 
what extend these values would vary across different samples, and these 
standard errors are used to determine whether or not the b-value differ 
significantly from zero. The t-test in the table measures of whether the 
predictor makes a significant contribution to the model. Therefore, if the 
t-test associated with a b-value is significant then the predictor is 
making a significant contribution to the model. The smaller the value of 
Sig. (and the lager the value of t), the greater the contribution of that 
predictor. 
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3.5 Parameter estimation software 
 
   Finally, the last issue of this study is concerned with software 
development for the determination of the best estimates of the model 
parameters based on maximum likelihood method.  
   The determination of the best estimated model’s parameters, is done 
by fitting each radiobiological model to the available clinical data (dose 
distribution, follow up results). The fitting method that is most often 
applied is the Maximum Likelihood method (denoted here as L). This 
method is applied on the data of each individual patient. Generally, a 
model that predicts the induction of a radiation effect consist of one set 
of parameters (model dependent, denoted as X) describing the tissue 
radiosensitivity and one set of parameters describing the individual 
treatment effectiveness (dose distribution, denoted as θ). Given a set of 
N patients whose treatment outcome is denoted as r (for simplicity it can 
be assumed a binary classification of the outcome, i.e. r=1 if the patient 
developed the disease and r=0 if the patient is free of complication). The 
probability that a group of N patients manifests the observed outcome is 
mathematically expressed by the following formula: 
   

                                                     (11) 
 
The best of the parameters are those that maximize the value of the 
likelihood function. The value of L corresponds to the probability that the 
model reproduces the observed pattern of treatment outcome. 
In this work, the search of the parameter values was performed by 
means of a maximization software package, mle. Mle is a simple 
programming language for building and estimate parameters of likelihood 
models. 
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Skeleton of an mle program: 
 
   An mle programs begins with the word MLE and ends with a matching 
END. A typical program includes 4 types of statements between MLE and 
END. 

• A DATA statement describes the format of the input data file, 
and provides simple data transformations and mechanisms to drop 
observations. 

• A MODEL statement defines the likelihood function along with the 
parameters to be estimated. A second part of each MODEL 
statement contains the keyword RUN that specifies how the model 
is to be estimated. Inside the MODEL statement a DATA function 
is encountered that it shouldn’t be confused with the DATA 
statement. The DATA statement is used in conjunction with DATA 
function. Within a MODEL statement, one can use the DATA 
function to evaluate the likelihood, one observation at a time. 

• Assignment statements define variables and change the value of 
variables, including some that affect the behavior of the DATA 
and MODEL statements. 

• Procedure statements, like DATAFILE() and OUTFILE(), take a list 
of arguments and performs some predefined action. DATAFILE(), 
for example, names and opens up the file read in by the DATA 
statement. [29] 

 
The code illustrated in figure 3.9 shows an example of an mle program 
developed for relative seriality model, using as input datafile differential 
DVH of patients when lungs perceived as single organ.  
The data file contains lines of observations figure 3.7. The observations 
are read, and perhaps transformed, when the mle program is run. Each 
observation is comprised of 3 columns (Fields). The first field refers to 
the dose distribution of the DVHs (Dose), the second field to the volume 
of a DVH that dose distributes (Volume) and the third field (r) refers to 
the clinical outcome. The observations are then used with the likelihood 
function. Data files are common text files. Typically one line in the file 
represents one observation and every 200 observations are involved with 
one patient. The output file is where results are usually written. As 
illustrated in figure 3.8, the output file includes the estimated 
parameters with their corresponding standard errors and observations 
read from the datafile also. 
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Dose            Volume          r 
 0            0.105529951       0 
0.808386075   0.036678885       0 
0.945953269   0.04144876        0 
  1.0843308   0.042238276       0 
1.223518669   0.044869916       0 
1.363516875   0.044212025       0 
1.504325419   0.045527896       0 
  1.6459443   0.042073812       0 
1.788373519   0.034672208       0 
1.931613075    0.02960622       0 
2.075662969   0.026579788       0 
  2.2205232   0.020592717       0 
2.366193769   0.016316292       0 
2.512674675   0.014605715       0 
2.659965919   0.012105658       0 
  2.8080675   0.009868748       0 
2.956979419   0.007697623       0 
3.106701675   0.005789664       0 
3.257234269   0.005559394       0 
  3.4085772   0.004276456       0 
3.560730469   0.003750123       0 
3.713694075    0.00345406       0 
3.867468019   0.004079081       0 
 
                               Figure 3.7: Sample of an input file 

 
 

File  Edit  Block  Search  Mle  Window  Help 
MAX    1.00000000  1.00000000  66.5757213  0.51243243  1.00000000 
 
 
 
 
Program file: C:\DOCUME~1\EYAKOU~1\╘┴╕├├╤~1\MLE\WORK\RSPAIRED.TXT 
Input data file name: paired.dat 
    5 variables read. 
 
Model 1 Run 1 : 
 
METHOD = DIRECT  MAXITER = 100  MAXEVALS = 100000 
Convergence at EPSILON = 0.0000100000 
LogLikelihood: 1.0000000 AIC: 4.0000000 Del(LL): 0.0000000000 
Iterations: 2 Function evals: 160 Time: 00:00:05 
Converged normally 
 
Results with estimated standard errors.  (46 evals) 
Solution with 3 free parameters 
         Name Form       Estimate         Std Error          t        against 
            s          0.010000042215   0.000000000000    +oo             0.0 
         D_50          10.00004553670   0.000000000000    +oo             0.0 
            g          0.900004052383   0.000000000000    +oo             0.0 

 
 

             Figure 3.8: Output generated by the program in figure 3.9 below 
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MLE 
   
 DATAFILE("single.dat") 
  
 OUTFILE(DEFAULTOUTNAME) 
 PRINT_OBS = TRUE  
 INPUT_SKIP=1 
 DEBUG_LIK=TRUE 
 DEBUG_EXEC=TRUE  
 DEBUG_ECHO=TRUE 
 #DEBUG_DATA=TRUE 
   
 PRINT_FREE_PARAMS=FALSE 
      
     obs_per_patient = 200 
      
     ne=2.718281828  
    
      
    DATA  
     patient=1 + (D_IDX - 1) DIV (obs_per_patient) {gives patient 
      numbers from 1 to numb_patients} 
                       
    obs_no = 1 + (D_IDX - 1) MOD (obs_per_patient)    {returns an 
      observation number within patients} 
     Dose   FIELD 1  
     Volume  FIELD 2  
     r     FIELD 3  
      
    END 
  
    WRITELN(patient) 
         
     #maxiter=100 
     #print_se=false 
  
    MODEL 
    PREASSIGN 
       BEGIN 
        { -- Define the parameters to begin with } 
        sx =    PARAM s LOW=0.01 HIGH=0.04 START=0.02 END 
        D_50x = PARAM D_50 LOW=10 HIGH=30 START=11 END 
        gx =    PARAM g LOW=0.9 HIGH=2 START=1 END 
       END   {begin} 
 
       DATA FORM=PROD 
          
         { -- compute loglikelihood among subjects here} 
        
        PREASSIGN 
           { -- compute the part of the likelihood within an individual here} 
            
            P=(1- LEVELDELTA patient THEN     
                     (1-(EXP(-EXP((ne*g)-(Dose/D_50)*((ne*g)-LN(LN(2)))))) 
^s)^Volume  
                  END )^(1/s) 
                  
           
  # (P^(LEVELDELTA patient THEN r END))*((1-P)^(1-LEVELDELTA patient THEN  r END))   
               P 
       END{preassign}  
      END  {data} 
    END  {PREASSIGN} 
 
  RUN  
       FULL  
    
 
  END  {model} 
     
    
  END 

 
      Figure 3.9: Program to estimate parameters for relative seriality model 
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4. Results 
 
   From the 51 patients treated for lung cancer, 28 of them, according to 
RTOG criteria, had developed radiation pneumonitis (graded with 2, 3 and 
4) in contrary to 18 of them that hadn’t developed the disease (graded 
with 0 and 1).  
During examination of whether volumes V13, V20 and V30 constitute an 
index of radiation pneumonitis occurrence or not, the results obtained 
where rather discouraging. To be more specific, while developing chi-
square statistic for the specific research, the null hypothesis considered 
for V13 (see section 3.4) was not rejected. The same noticed for V20 and 
V30.  In fact, from an optical perception there were patients that 
received 13, 20 or 30 Gy in a very small portion of their normal lung 
volume, however they developed radiation pneumonitis succeeding high 
grades (3 or 4). As well there were patient that a large portion of their 
healthy lung volume received the above doses but no radiation 
pneumonitis was developed. 
Results of the chi-square test statistic are illustrated bellow in figure 
4.1. 
 

 
Figure 4.1: Results of the chi-square statistic. Critical value of the x2-test statistic 
for P<0.05 is been compared to the calculated ones for each dose value examined.  
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As long as critical value of x2 is much higher than the calculated ones for 
each of the three cases, null hypothesis is not rejected for all of the 
three different cases. 
   Second part of this study as discussed, was concerned with the NTCP 
calculation for every of the 51 patients, using the radiobiological models 
as unfolded theoretically in chapter 2 with their corresponding parameter 
sets (see table 3.2) and the design of the dose-response curve for each 
model and parameter set. Analytically, for each patient the corresponding 
NTCP and BEUD were calculated and then those values were located in a 
dose-response graph for both perception of lungs (lung as single organ, 
lung as paired organ). The above curves obtained illustrated in figure 4.2:     
                                                                                                                           

    
   

 

 
Figure 4.2a: Dose-response curves as calculated using the relative seriality model with 
the corresponding parameters of Seepenwoolde, Gagliardi and Mah. 
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Figure 4.2b: Dose-response curves as calculated using LKB model, with the 
corresponding parameters of Seepenwoolde, Martel, Burman and Kwa. 

 85



        
 
Figure 4.2c: Dose-response curves as calculated using Parallel model, with the 
corresponding parameters of Seepenwoolde. 
 
 
Where the yellow triangles refer to the actual outcome of radiotherapy, 
black triangles refer to the probabilities of radiation pneumonitis 
presence as calculated by the radiobiological models and solid curve was 
obtained using theoretical values of dose, ranging from 0 to 100Gy with a 
step of 0.5. As it is obvious in figures 4.2 for paired lungs, patients lie to 
lower part of the corresponding dose-response curve. However, in the 
case of single lung assumption, patients cover a great portion or even the 
whole range of the dose-response curve. Clinical outcome was posed to 
the same graphic representation as the dose response curve to manifest 
the differences between expected and calculated (observed) values of 
probability. 
   Going on, pairs of NTCP – BEUD/EUD were ranked, according to 
BEUD/EUD values, in ascending order and then they grouped firstly in 9 
dose ranges and secondly in 4 dose ranges on the dose-response curves. 
Afterwards, satisfactory fitting of models by comparing observed and 
expected outcomes of radiation pneumonitis was researched reportedly 
to chi-square test for both group-numbers and for both significance 
levels of P<0.01 and P<0.05 respectively. Results of chi-square statistical 
analysis are presented in table 4.1. 
 
   Assuming lungs as a paired organ and for significance level of P<0.05 the 
above results obtained: 
In the case of 9 groups and as long as scoring of disease presence was ≥2 
the best fitting to the observed data was scored by parallel model with 
Seepenwoolde parameter sets. Whereas, for the same assumptions but 
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for scoring disease ≥3, the best fitting to the observed data was achieved 
by LKB model with Seepenwoolde parameter set. 
In the case of 4 groups and scoring of ≥2 the best fitting was achieved by 
Relative Seriality model with Seepenwoolde parameter set. Whereas, 
when score of radiation pneumonitis was ≥3 the best applicable model was 
Relative Seriality with Mah parameter set. 
Again assuming lungs as paired organs but for significance level of P<0.01 
the results obtained were: 
In the case of 9 groups and score of ≥2 the best model applied was the 
Parallel with Seepenwoolde parameter set. But while pneumonitis score 
assumed to be ≥3, the best model esteemed to be LKB with Seepenwoolde 
parameter set. 
When considering 4 groups and disease scoring of ≥2 the best model 
appeared to be Relative Seriality with Seepenwoolde parameter set. 
When score was ≥3 the best model was Relative Seriality with Mah 
parameter set. 
 
   Assuming a single lung, for significance level of P<0.05 the 
corresponding results were: 
When there are 9 groups and score of ≥2 the best model applied was the 
Relative Seriality with Mah parameter set. But while pneumonitis score 
assumed to be ≥3, the best model esteemed to be LKB with Seepenwoolde 
parameter set. 
When assume 4 groups and disease scoring of ≥2 the best model 
concluded to be the Relative Seriality with Mah parameter set. When 
score was ≥3 the best model was Relative Seriality with Seepenwoolde 
parameter set. 
Now when assuming lungs again as single but for significance level of 
P<0.01 the results obtained were: 
In case of 9 groups and score of ≥2 the best model applied was the 
Relative Seriality with Mah parameter set. But while pneumonitis score 
assumed to be ≥3, the best model esteemed to be LKB with Seepenwoolde 
parameter set. 
When assume 4 groups and disease scoring of ≥2 the best model 
concluded to be the Relative Seriality with Mah parameter set. When 
score was ≥3 the best model was Relative Seriality with Seepenwoolde 
parameter set. 
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Paired Lungs 9 groups disease 

scoring ≥2 
9 groups disease 
scoring   ≥3 

4 groups disease 
scoring ≥2 

4 groups disease 
scoring ≥3 

P<0.05 Parallel with 
Seepenwoold 

LKB with 
Seepenwoolde 

Relative Seriality 
with 

Seepenwoolde 

Relative 
Seriality with 

Mah 
P<0.01 Parallel with 

Seepenwoold 
LKB with 

Seepenwoolde 
Relative Seriality 

with 
Seepenwoolde 

Relative 
Seriality with 

Mah 
 
 
Single Lung 9 groups disease 

scoring ≥2 
9 groups disease 

scoring   ≥3 
4 groups disease 
scoring ≥2 

4 groups disease 
scoring ≥3 

P<0.05 Relative Seriality 
with Mah 

LKB with 
Seepenwoolde 

Relative Seriality 
with Mah 

Relative Seriality 
with 

Seepenwoolde 
P<0.01 Relative Seriality 

with Mah 
LKB with 

Seepenwoolde 
Relative Seriality 

with Mah 
Relative Seriality 

with 
Seepenwoolde  

 
Table 4.1: Summary table of statistical analysis results, for the best fitting 
radiobiological models. 
 
 
 
   For multiple comparisons among clinical outcome and NTCP, total dose 
received and total lung volume irradiated for both perceptions of lungs, 
SPSS statistical software package was utilized. Thus a correlation 
coefficient (R) and its corresponding R2 were determined showing the 
extent to which clinical outcome correlates with the factors mentioned 
above and how reliable are these factors in order to predict the clinical 
outcome. Let’s have in mind that R2 is a measure of how much of the 
variability in the outcome is accounted for, by the predictors. ANOVA 
offered us a complexion of how well regression model fits the data 
compared with the mean and how much improvement in clinical outcome 
prediction observed when the above factors used. 
Results have briefly abstracted to tables 4.2a and 4.2b below. 
As is observed by the tables below, in the case of single lung assumption 
(Table 4.2a) using only NTCP as a predictor of the outcome, the highest 
correlation between clinical outcome and NTCP (R) is achieved by using 
the model of LKB with Burman parameter set which is account for 3.5% 
of the outcome variability, with a significance level of improvement to be 
at 0.215. Using as a predictor of the outcome NTCP together with total 
dose and total lung volume irradiated, again LKB model with Burman 
parameter set appeared to be the highest correlated with the outcome, 
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accounting for 10,3% of the outcome variability, having again a level of 
significance of 0.215. 
 
 

 
 
Table 4.2a: Correlation coefficient R and R2 results and ANOVA as obtained for the 
case of single lung assumption. 
 
 
 

 
 
Table 4.2b: Correlation coefficient R and R2 results and ANOVA as obtained for the 
case of paired lungs assumption. 
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In the case of paired lung assumption (Table 4.2b) when only NTCP is 
used as outcome predictor, highest correlation was achieved by LKB 
model with Martel parameter set, which accounts for 2.2% of the 
variability encountered in the outcome, having a level of significance of 
0.329. When NTCP, total dose received and total lung volume irradiated 
are taken into account as outcome’s predictors, the highest correlation is 
again achieved by LKB model with Martel parameter set with 0.461 level 
of significance. Although LKB model with Martel parameter set presents 
the highest correlation with the outcome, at the same time though 
improvement level of significance is not very low rendering the result 
observed to perceive as it occurred by chance. The highest significant 
result (lower level of significance) occurred by the RS model with 
Gagliardi parameter set and that is 0.431. So the chances that the result 
came by chance are lower that using LKB model with Martel parameter 
set. 
   Last part of this study concerned with the estimation of parameters 
that enter the models, so as to be applied on the dosimetric data of an 
independent patient group to determine the corresponding response 
probabilities. The predicted response probabilities though are associated 
with an uncertainty, which depends both on clinical data and on the 
radiobiological model. The validity of the calculated parameters can be 
examined by applying them to other independent study materials. This 
way, the sets of parameters determined for a certain model can illustrate 
the clinical unity of radiobiological modeling and their clinical accuracy 
can be estimated. 
Software development materialized using mle which is a programming 
language for building likelihood models (see section 3.5). Figures 4.3 
illustrate the routines that developed for parameter estimation for 
Relative Seriality, LKB and Parallel models respectively for single lung 
perception.  
Inside the MODEL…END statement, mathematical formula of each model 
and likelihood function are comprised. So response probability of every 
patient is calculated by model formula and then it’s fed inside the 
likelihood function, parsing through data that is concerned with one 
patient each time. So likelihood value is calculated parsing among patients 
each time receiving response probabilities of patients as calculated by 
each model. 
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MLE 
   
 DATAFILE("single.dat") 
  
 OUTFILE(DEFAULTOUTNAME) 
 PRINT_OBS = TRUE  
 INPUT_SKIP=1 
 DEBUG_LIK=TRUE 
 DEBUG_EXEC=TRUE  
 DEBUG_ECHO=TRUE 
 #DEBUG_DATA=TRUE 
   
 PRINT_FREE_PARAMS=FALSE 
      
     obs_per_patient = 200 
      
     ne=2.718281828  
    
      
    DATA  
     patient=1 + (D_IDX - 1) DIV (obs_per_patient) {gives patient 
      numbers from 1 to numb_patients} 
                       
    obs_no = 1 + (D_IDX - 1) MOD (obs_per_patient)    {returns an 
      observation number within patients} 
     Dose   FIELD 1  
     Volume  FIELD 2  
     r     FIELD 3  
      
    END 
  
    WRITELN(patient) 
         
     #maxiter=100 
     #print_se=false 
  
    MODEL 
    PREASSIGN 
       BEGIN 
        { -- Define the parameters to begin with } 
        sx =    PARAM s LOW=0.01 HIGH=0.04 START=0.02 END 
        D_50x = PARAM D_50 LOW=10 HIGH=30 START=11 END 
        gx =    PARAM g LOW=0.9 HIGH=2 START=1 END 
       END   {begin} 
 
       DATA FORM=PROD 
          
         { -- compute loglikelihood among subjects here} 
        
        PREASSIGN 
           { -- compute the part of the likelihood within an individual here} 
            
            P=(1- LEVELDELTA patient THEN     
                     (1-(EXP(-EXP((ne*g)-(Dose/D_50)*((ne*g)-LN(LN(2)))))) ^s)^Volume 
                  END )^(1/s) 
                  
           
  # (P^(LEVELDELTA patient THEN r END))*((1-P)^(1-LEVELDELTA patient THEN  r END))     
               P 
       END{preassign}  
      END  {data} 
    END  {PREASSIGN} 
 
  RUN  
       FULL  
    
 
  END  {model} 
     
    
  END 
 
Figure 4.3a: Code as developed using mle programming language for relative seriality 
model 
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MLE 
   
   
 DATAFILE("single.dat") 
  
 OUTFILE(DEFAULTOUTNAME) 
 PRINT_OBS = TRUE  
 INPUT_SKIP=1 
 DEBUG_LIK=TRUE 
 DEBUG_EXEC=TRUE  
 PRINT_VCV=TRUE 
   
 PRINT_FREE_PARAMS=FALSE 
      
     obs_per_patient = 200 
      
      
     ne=2.718281828  
    
      
    DATA  
     patient=1 + (D_IDX - 1) DIV (obs_per_patient) {gives patient 
      numbers from 1 to numb_patients} 
                       
     
     obs_no = 1 + (D_IDX - 1) MOD (obs_per_patient)    {returns an 
      observation number within patients} 
     Dose   FIELD 1  
     Volume  FIELD 2  
     r     FIELD 3 {Clinical_Outcome}  
     
    END 
 
 
   MODEL 
    PREASSIGN 
       BEGIN 
        { -- Define the parameters to begin with } 
        mx =    PARAM m LOW=0.15 HIGH=0.4 START=0.18 END 
        D_50x = PARAM D_50 LOW=13 HIGH=20 START=16 END 
        nx =    PARAM n LOW=0.5 HIGH=1.1 START=0.8 END 
       END   {begin} 
      DATA FORM=PROD 
          
         { -- compute loglikelihood among subjects here} 
        PREASSIGN 
           { -- compute the part of the likelihood within an individual here} 
            P =1-((1/2)*(1+ERF( -((((LEVELDELTA FORM=SUM patient THEN    
                     Volume*(Dose^(1/n)) 
                    END)^n)-D_50)/(m*D_50))/sqrt(2) ))) 
                    
                   
           
                (P^(LEVELDELTA patient THEN r END))*((1-P)^(1-LEVELDELTA patient THEN 
r END)) 
               
       END{preassign}  
      END  {data} 
    END  {PREASSIGN} 
  RUN 
    FULL 
  END  {model} 
      
 
  END 
 
    Figure 4.3b: Code as developed using mle programming language for LKB model 
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MLE 
   
 DATAFILE("single.dat") 
  
 OUTFILE(DEFAULTOUTNAME) 
 PRINT_OBS = TRUE  
 INPUT_SKIP=1 
 DEBUG_LIK=TRUE 
 DEBUG_EXEC=TRUE  
 PRINT_VCV=TRUE 
   
 PRINT_FREE_PARAMS=FALSE 
      
     obs_per_patient = 200 
      
      
     ne=2.718281828  
    
      
    DATA  
     patient=1 + (D_IDX - 1) DIV (obs_per_patient) {gives patient 
      numbers from 1 to numb_patients} 
                       
     
     obs_no = 1 + (D_IDX - 1) MOD (obs_per_patient)    {returns an 
      observation number within patients} 
     Dose   FIELD 1  
     Volume  FIELD 2  
     r     FIELD 3 {Clinical_Outcome}  
     
    END 
   MODEL 
    PREASSIGN 
       BEGIN 
        { -- Define the parameters to begin with } 
        mx =    PARAM m LOW=0.17 HIGH=0.5 START=0.2 END 
        D_50x = PARAM D_50 LOW=15 HIGH=17 START=16 END 
        nx =    PARAM n LOW=0.5 HIGH=1 START=0.67 END 
         
       END   {begin} 
      DATA FORM=PROD 
          
         { -- compute loglikelihood among subjects here} 
        PREASSIGN 
           { -- compute the part of the likelihood within an individual here} 
            P =IF  ((((((( 1/ (LEVELDELTA FORM=SUM patient THEN  
                      (1/(1+(D_50/Dose)^(1/n)))*Volume 
                   END)-1)^(-n))*D_50)-D_50)/(m*D_50))/sqrt(2))) <0 THEN 
 
               1-0.5*(1+ERF(-(((((( 1/ (LEVELDELTA FORM=SUM patient  THEN  
                      (1/(1+(D_50/Dose)^(1/n)))*Volume 
                   END)-1)^(-n))*D_50)-D_50)/(m*D_50))/sqrt(2))))   ELSE 
 
                0.5*(1+ERF((((((( 1/ (LEVELDELTA FORM=SUM patient  THEN  
                      (1/(1+(D_50/Dose)^(1/n)))*Volume 
                   END)-1)^(-n))*D_50)-D_50)/(m*D_50))/sqrt(2)))) 
               END{if} 
                    
               
             (P^(LEVELDELTA patient THEN r END))*((1-P)^(1-LEVELDELTA patient THEN 
r END)) 
               
       END{preassign}  
      END  {data} 
    END  {PREASSIGN} 
  RUN 
    FULL 
  END  {model} 
    
 END 

 
Figure 4.3c: Code as developed using mle programming language for Parallel model 
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Results obtained by the codes that developed are presented in tables 4.3 
below: 
 
 

 
    Table 4.3b: Parameter estimations for each model and for single lung assumption. 
 
 
 
When the estimated values of the parameters by mle software, were 
being replaced to the corresponding models, the new dose-response 
curves obtained were much more close to the clinical outcome already 
existed, rendering the models a good estimator of it, for this specific 
group of patients. The subsequent dose-response curves for both paired 
and single lung perception illustrate what it has already mentioned: 
 
 
  

 
 
Figure 4.4a: Dose-response curves after apply estimated parameters of D50, γ and s for 
the Relative seriality model and for single lung assumption. 
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Figure 4.4b: Dose-response curves after apply estimated parameters of D50, m and n 
for the LKB model and for single lung assumption. 
 
 
 
  

                         
  Figure 4.4c: Dose-response curves after apply estimated parameters of D50, m and n   
for the Parallel model and for single lung assumption 
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5. Discussion 
 
 
   Radiation pneumonitis is one of the dose-limiting potential adverse 
effects of thoracic, lung or chest radiotherapy that has been associated 
with death in a small percentage of patients. 
   During this study, records of patients treated for lung cancer were 
already being reviewed for the incidence of radiation pneumonitis of 
Grade 2 or greater by the RTOG criteria. All calculations during this 
study were based on differential Dose-Volume Histograms (DVHs) of the 
lung using total lung volume and unhealthy side of lung volume minus PTV. 
Those DHVs were extracted by full 3-D dose distributions that were 
available by treatment planning and they consist of all the spatial 
information necessary. However, by converting a 3-D dose distribution 
into a DVH, the spatial information is lost, and consequently the whole 
lung is considered equally radiosensitive and equally contributing to the 
overall function. Nevertheless, during estimation of radiation pneumonitis 
as a normal tissue complication probability, it was assumed uniform 
intrinsic radiosensitivity of lung. In fact, it should be taken into account 
that if intrinsic radiosensitivity varies among lung, this can induce 
considerable differences in NTCP estimation. 
   The risk of radiation pneumonitis developing after radiotherapy had 
been reported to be dependent on the volume of lung irradiated. 
Since the earlier reports, various dose-volume based studies have been 
published with the aim of predicting risks for radiation pneumonitis 
thereby minimizing its occurrence. 
In the present study, analyzing the data of V13, V20 and V30 respectively 
and the clinical outcome of each patient providing statistical analysis we 
had came up with the conclusion that those volumes received 13, 20 or 30 
Gy do not associate with radiation pneumonitis presence. These results 
were extracted both by statistical analysis as it was optically obvious 
that there was no relationship between irradiated volume that received 
13, 20 or 30 Gy and disease occurrence. However, many researches had 
shown the opposite but with no strong evidence.  
Tsujino et al reported on the utility of the V20 to predict the incidence 
and grade of radiation pneumonitis in 75 patients receiving concurrent 
chemotherapy and radiotherapy for non-small-cell or small-cell lung 
cancer. They report V20 as significantly associated with the incidence of 
radiation pneumonitis.  
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Similarly, John M. Schallenkamp et al claimed that V10, V13, and V15 
seemed to provide radiation pneumonitis risk assessments. However, their 
ability as accurate predictors warrants further investigation. 
Tsougos et al, by comparing mean DVHs , analyzing the data based on the 
standard deviations they established that the difference between the 
mean DVHs of the complication and complication-free patients is not 
excessive. Standard deviations of several points of each population were 
depicted (V13 V20 V60) showing that the deviations are such that no safe 
results can be extracted by V13, V20 and V60 concerned with radiation 
pneumonitis occurrence. 
Therefore it can be hypothesized that dose may not be the only decisive 
factor influencing the appearance of radiation pneumonitis. Plenty of 
other factors are associated with the presence of radiation pneumonitis 
after irradiation, which are not already known as biological response to 
radiation is an extremely complex fermentation. What is more is that our 
results can not be assumed safe as the sample used was rather small to 
allow powerful statistic extraction. Nevertheless the extracted results 
during this study agree with the majority of the studies considered. It 
should also be taken into account that the sample used was consisted of 
patients that were possibly received different radiotherapeutic 
techniques as more or less conformal technique resulting in different 
dose distributions so in different radiotherapy outcome. Also organ 
motion brings out uncertainties in calculation results, as motion of lungs 
during therapy has not called at this study. Yet, radiobiological models 
have not being extended, so to comprise a factor that is associated with 
organ motion. 
   For the extraction of the dose-response curves, the biologically 
uniform dose (BEUD) and the equivalent uniform dose (EUD) were used so 
that the position of every patient of the study population could be found 
on the theoretical response curve. The distinction between BEUD and 
EUD concepts is based on the fact that the first one relates the dose 
distribution delivered to a tissue with the response probability (the 
probability of having a certain clinical effect after radiotherapy), 
whereas the second concept relates the dose distribution with the 
survival function of the cells. This is obvious from the definitions of the 
two concepts, which follow: BEUD is the uniform dose that causes exactly 
the same tumor control or normal tissue complication probability 
(Mavroidis et al 2001). EUD is the equivalent uniform dose which assumes, 
that any two dose distribution are equivalent if they cause the same 
biological effect in terms of surviving clonogenic cells (Niemierko 1997). 
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   As mentioned at the beginning of discussion, NTCP calculations used in 
the present study were all based on lung DVHs for both perceptions of 
lung, when lung perceived as paired organ and when lung perceived as 
single organ (unhealthy portion of lung minus PTV). Radiosensitivity inside 
lung was assumed uniform. However, radiosensitivity inside lung varies, 
causing a loss of spatial distribution affecting NTCP calculations. 
As it was observed, when lungs were assumed as single organ, normal 
tissue complication probability is much higher than when assumed as 
paired organs. In Single lung assumption it can be observed (figures 4.2a, 
4.2b) that in some cases models overestimate the presence of radiation 
pneumonitis, whereas in paired lung assumption models seem to 
underestimate the disease (Relative seriality and LKB models with all the 
corresponding parameter sets). This is easily explained by the fact that 
in the first case dose is considered to be distributed in a much smaller 
lung volume than in the second case, resulting in a higher BEUD. So each 
voxel receives higher dose, which increases normal tissue complication 
probability for the part of lung that consists the tumor. More 
specifically, in the diagrams of figures 4.2a, 4.2b and 4.2c where dose-
response curves are illustrated, when lung perceived as paired organs, 
patients cover the lower part of the curve in each of the three models, 
whereas when lungs perceived as single organ patients cover almost the 
whole range of the dose-response curve, showing that when lung is 
assumed as single patients dispose much higher probabilities in radiation 
pneumonitis affection.  
However, in single lung assumption the healthy lung (the one that does not 
comprise the tumour) has regarded as no irradiated at all, so dose 
distributed along a lesser volume of the whole lung resulting in a lower 
risk of death by radiation pneumonitis. All studies demonstrate a 
pronounced volume effect for total lung function, with little or no 
symptomatic pneumonitis for partial irradiated volume below 50%. These 
volume effects depend on the compensatory capacity of the unirradiated 
tissue, which enables function to be maintained despite destruction of a 
substantial part of one lung. Other studies have shown that the 
percentage of total lung volume irradiated to >30Gy plays also a 
significant role in the radiation pneumonitis occurrence. [1] 
 At figures 4.2a, 4.2b and 4.2c also, clinical outcome of patients is 
presented in order to discriminate between expected and observed 
(calculated) results. It is evident that the curve which corresponds to the 
mean expected outcome curve in each case (each model with its 
corresponding parameter set), is much more left than the curve that 
developed using the models indicating a loose fitting of models with the 
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clinical outcome. If a model was to extract the clinical outcome 
accurately then the theoretical curve should coincide with mean dose-
response curve of the expected clinical outcome.  
   By chi square analysis presented in table 4.1 the best fitting models are 
presented for several cases but as depicted in dose response curves 
(figures 4.2a, 4.2b and 4.2c) none of each poses a strong relation with the 
outcome. When a radiobiological model doesn’t fit properly the clinical 
outcome, either the parameters entering the model and the model itself 
don’t accurately report the clinical outcome or the sample is not a reliable 
representation for the specific model-distribution. Through linear 
regression analysis and ANOVA, the loose fitting of models with the 
clinical outcome observed by dose-response curves was affirmed. 
In tables 4.2a and 4.2b, correlation among clinical outcome and each 
model was examined. All models fit the outcome loosely as values of the 
correlation coefficient (R) are close to zero. A correlation coefficient 
close to 1 denotes a strong relationship between outcome and its 
predictor (here NTCP).  
When lung considered as single and only NTCP as outcome predictor, LKB 
with Burman parameter set, is appeared to be the highest correlated with 
the outcome among all the other models, having the largest R-value. 
Indeed, by observing figures 4.2a, 4.2b and 4.2c, for paired lung 
assumption, LKB with Burman parameter set is the one that approaches 
significantly the curve that corresponds to the mean clinical outcome of 
patients’ groups. In case of paired lung assumption, LKB model with 
Martel parameter set is the highest correlated one with the clinical 
outcome. However, by dose-response curves in figures 4.2a, 4.2b and 4.2c 
is again obvious that LKB with Burman parameter set is the one that is 
very close to the expected mean dose-response curve. It should be 
underlined that for the sample of patients considered in this study, the 
way that they treated, combination of fields and radiation used, is 
partially known. Thus, the difference between ANOVA results (LKB with 
Martel et al parameter set) and dose-response curve (LKB with Burman et 
al parameter set) for paired lung assumption, may be proceed to the fact 
that the parameters that correspond to the available clinical outcome are 
identified closely to Martel et al parameter set either because intrinsic 
radiosensitivity of patients sample they used were coincide with the 
sample available or radiotherapy techniques causes dose to distribute 
similarly in both samples or both. 
When NTCP, total dose received and total lung volume irradiated entered 
in linear regression model, for clinical outcome prediction, the correlation 
of clinical outcome and predictors was prospectively increased. Thus, 
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total dose each patient received and total lung volume dose distributed 
play a significant but not critical role in clinical outcome prediction almost 
duplicating the correlation coefficient in both cases of paired and single 
lung assumption  (see tables 4.2a and 4.2b). Findings of more critical 
biological factors that indicate the presence of radiation pneumonitis is 
of great necessity as then radiobiological models more reliably will 
prognosticate the disease. 
   While developing maximum likelihood analysis code by mle programming 
language, a number of errors and warning messages were produced with 
the most common to be several run-time errors concerned with the 
system. As explained in section 3.5 a mle programming code consists of 4 
types of statements.  
 

• A DATA statement  
• A MODEL statement  
• Assignment statements  
• Procedure statements, like DATAFILE() and OUTFILE() 
 

Inside the MODEL statement the likelihood function is defined along with 
the parameters to be estimated comprising also a PARAM…END function. 
This function defines the parameters, whose values will be found so that 
the likelihood is maximized and uses assignment-like statements, like to 
define start, highest and lowest values of parameters. The PARAM…END 
function should only be used inside within a MODEL statement. When 
models are “solved”, parameters are estimated by iteratively plugging new 
values in for those parameters until the values that maximize the 
likelihood are found. Inside the PARAM…END function, HIGH, LOW and 
START keywords are comprised. HIGH and LOW specifies the minimum 
and maximum value allowed for the parameter. mle will not exceed these 
values while trying to maximize the likelihood. START tells the maximizer 
what value to start with. 
Thus, three characteristics were set for each parameter. They are: 1) 
the highest possible value that can be tried for the parameter, 2) the 
lowest possible value that can be tried for the parameter, 3) an initial 
value for the parameter.  
The problem we confronted while trying to find the appropriate 
parameters that maximize the likelihood function was that when a 
specific interval was set then there was a tendency of the program to 
choose the boundaries of the parameter intervals. This is possibly due to 
three considerations: 
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1. Either the likelihood function is purely increasing so every time we set 
a parameter interval the function is maximized to the maximal 
boundary. 

2. Either the likelihood function is planar so the program stands unable 
to find a maximum. 

3. Or likelihood function is a sinus-like function that poses several 
identical maximums, so it is difficult for the program to extract a 
unique global maximum. Thus the given likelihood function may have 
one or many points where the derivatives goes to zero. 

 
 

   A maximum likelihood analysis maximization software package does not 
always guaranteed a global maximum and a local maximum may instead be 
found. This can be overcome by using different starting values and 
investigating and investigating different regions in the parameter space. 
Usually constraints were imposed on the estimated parameters to keep 
the parameters within clinically meaningful intervals. 
The above probable problem indications were not determined and can 
eventually searched in future research. 
 
The maximum likelihood estimation method has many large sample 
properties that make it attractive for use. It is asymptotically 
consistent, which means that as the sample size gets larger, the 
estimates converge to the true values. It is asymptotically efficient, 
which means that for large samples, it produces the most precise 
estimates. It is also asymptotically unbiased, which means that for large 
samples, one expects to get the true value on average. The estimates 
themselves are normally distributed if the sample is large enough. These 
are all excellent large sample properties. Unfortunately, the size of the 
sample necessary to achieve these properties can be quite large: fifty to 
more than a hundred exact failure times, depending on the application. 
With fewer data points, the methods can be biased. This bias can cause 
discrepancies in analysis. 
   Nevertheless, values that obtained by the algorithm developed for 
single lung assumption are presented in table 4.3.  It is obvious that D50 
which ranges, according to the published parameters, from 26-34Gy, is 
out of range and in much lower values too for all models concerned. 
Either the specific group of patients is very radiosensitive resulting in a 
very low dose of 50% complication occurrence, either the models are not 
strictly dose dependent, either the parameters entered the models are 
loosely associated with the specific group of patients or failing of the 
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program to focalize to a global maximum. Process was not iterated for 
paired lung assumption as difficulties that are to be overcome, hadn’t yet. 
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6. Conclusions-Future work 
 
   According to the extracted results of the present study, is explicitly 
rendered that optimization of radiation therapy is strongly depended by 
the use of clinical information that are concerned with each patient 
separately. Consequently, the entrance of radiobiological parameters that 
can reliably depict tumour or normal tissue response, dose fractionation 
and dose-time relation is of great importance.  
   During NTCP calculations for both single and paired perceptions of lung 
it was observed that when lung was assumed as single organ  BEUD/EUD 
of each patient was much higher than when lungs were perceived as 
paired, resulting in higher probabilities of radiation pneumonitis 
occurrence as each voxel received higher dose because BEUD/EUD was 
uniformly distributed in smaller volume. 
 V13, V20 and V30 volumes didn’t seem to positively correlate with the 
presence of radiation pneumonitis. Also by applying ANOVA was 
established the loose fitting of the radiobiological models to the 
expected clinical outcome even when total dose received and total lung 
volume irradiated were added as predictors of the clinical outcome along 
with NTCP.  
So it can be assumed that dose and volume irradiated may not be the only 
and most crucial decisive factors influencing the appearance of radiation 
pneumonitis. 
Thus, in accessory is crucial that several other parameters, which are 
related with the presence of radiation pneumonitis, to be taken into 
account and are not considered until now, which describe complex 
processes of biologic response to radiation. However, it should also be 
taken into account that radiobiological approach will always be related 
with a degree of uncertainty that reflects the stochastic nature of 
radiation impact, as long as difference among patients in cellular level are 
unknown.  Thus, even if patients’ information is of excessive accuracy 
radiobiological models are insufficient in predicting accurately the clinical 
outcome as it covers only a small portion of dose-response curve.  
   At the present study there was an attempt of fitting the models to the 
outcome by applying maximum likelihood analysis. The algorithm developed 
for this purpose was applied only for single lung assumption as constraints 
didn’t allow as applying it for paired lung assumption. Briefly those 
constraints were: 
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-When a specific interval was set then there was a tendency of the 
algorithm to choose the boundaries of the parameter intervals possibly 
due to 3 considerations: 
 

• Either the likelihood function is purely increasing so every time we 
set a parameter interval the function is maximized to the maximal 
boundary. 

• Either the likelihood function is planar so the program stands 
unable to find a maximum. 

• Or likelihood function is a sinus-like function that poses several 
identical maximums, so it is difficult for the program to extract a 
unique global maximum. Thus the given likelihood function may have 
one or many points where the derivatives goes to zero. 

 
 

-The extracted values of D50 which range, according to the published 
parameters, from 26-34Gy, are out of range and in much lower values 
too for all models concerned. Potentially this occurs because: 

 
• Either the specific group of patients is very radiosensitive 

resulting in a very low dose of 50% complication occurrence,  
• either the models are not strictly dose dependent, resulting in a 

loose connection between dose and response as it was proved by 
ANOVA, 

• either the parameters entered the models are loosely associated 
with the specific group of patients  

• or failing of the program to focalize to a global maximum. 
 
 
Future aspects can be summarized as below: 
 

1. Algorithm optimization that would hopefully lead us to the 
extraction of accurate parameters, overcoming the majorities of 
constraints 

2. Carry out research that would lead us to factors that influence 
intrinsic radiosensitivity and so the extension of radiobiological 
models taking into account the individuality of each patient. A 
factor that accounts for lung motion due to breathing could be 
substantial. Although all the models could partially describe our 
data, these models are phenomenological, for this reason the dose-
response curves obtained cannot be considered as directly 
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representative of a complex clinical situation which is measured in 
terms of radiation pneumonitis. Thus, more realistic models should 
be developed to represent lung biology. 

3. Extension of radiobiological studies in malignant tissue 
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