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ABSTRACT 

The magnitude of biological response varies with different radiation types. Using Linear Energy Transfer (LET) to dif- 
ferentiate types of incident radiation beam, the Relative Biologic Effectiveness (RBE) as a function of LET (RBE-LET) 
was found to have a characteristic shape with a peak around LET values 100 - 200 eV/nm. This general feature is be- 
lieved to be a property of the incident beam. Our systems engineering model, however, suggests that the shape of the 
RBE-LET curve is a cell trait, a property of the cell. Like any other trait, phenotypic variations result from interactions 
of the genes and their context. State-space block diagram of the differential equation model suggests the genes are those 
in the DNA double strand break (dsb) repair pathway; and the context is cellular stress responsing to DNA damage by 
both external stimuli and internal redox state. At a deeper level, the block diagram suggests cell using mathematical cal- 
culations in its decision-making when facing a stress signal. The MRN protein complex, in particular, may perform ad- 
dition to count the degree of DNA twisting for the homeostatic regulation of DNA supercoiling. The ATM protein may 
act as a feedback amplifier. 
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1. Introduction 

Textbook of radiation biology such as [1] explains the 
RBE-LET curve in terms of the spacing of energy depo- 
sition near DNA diameter. Most effective DNA damage 
occurs when energy is deposited to break both DNA 
strands. Energy deposition densities below this critical 
value would cause single strand break, which is easily 
repaired. Energy deposition densities above this critical 
value would simply be over-killed and wasted. So the 
effectiveness of the radiation would be decreased. At- 
tempts to measure DNA dsb as a function of LET, how- 
ever, failed to show an optimal LET value [2]. 

Another model based on microdosimetry explains the 
RBE-LET curve in relation to the “clustered damage site”. 
Microdosimetry is the study of how radiation field inter- 
acts with detector in the size range of living cells. The di- 
screte nature of the energy transfer in microscopic vol- 
ume requires quantitative description with random vari- 
ables, whose probability distributed and associated means 
and variance. Microdosimetry, however, utilizes cluster 
analysis, a statistical method for pattern recognition that 

is more appropriate in the exploratory phase of data ana- 
lysis [3]. A pattern found by cluster analysis should be 
validated. Instead, a pattern found along radiation track 
has been taken as final and without subjecting to further 
validation.  

In addition, the biochemical steps between the initial 
DNA damage and the final phenotype are largely ignored 
in these models. These inadequacies, along with the 
growing body of knowledge on the molecular biology of 
the radiation response, call for a new direction in radio- 
biological modeling, one which acknowledges the cell’s 
active response to external stress such as irradiation. 

2. Methods & Results 

Recently, we reported a model based on control systems 
engineering concepts [4]. This model sees cells as system, 
different types of radiation as input, and cellular response 
as output (Figure 1).  

An incident particle interacts with the detector, in this 
case, a living cell, at discrete transfer points. For K trans- 
fer points in a cell of length L, and uniformly-distributed  
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Figure 1. Conceptual block diagram of the systems engi- 
neering model. 
 
transfer point xk, the energy transfer pattern  x  is re- 
presented as a series of random delta pulse trains  
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For a given radiobiological experiment, not one but an 
ensemble of incident particles bombard a detector. Given 
the Fourier coefficients, we can compute the means and 
variance of such an ergodic ensemble [5]. The means is 
the first Fourier coefficient. We should emphasize that  
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  , like LET, gives no  

information on the spacing of energy transfer. LET be- 
comes a useful description of spacing of energy transfer 
only when used with the assumption that there is a cer- 
tain amount of energy transfer per interaction. An exam- 
ple was given in the textbook [1]: assuming an energy 
transfer per interaction of 60 eV, an α-particle with LET 
120 eV/nm would have an average spacing of 120 eV/60 
eVnm = 2/nm. In this way, LET and n  both measure  

the spacing (i.e., spatial frequency) of energy transfer. 
With suitable averaging, the variance is given by the po- 
wer spectrum 
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Information on the discrete spacing of energy transfer 
is contained in the variance spectrum, which measure the 
amount of energy in the random pulse train. We have 
reported the variance spectrum of a 14 MeV α-particle to 
show no clustering along its track [5]. 

To derive the output response, we consider the nature 
of the detector, in this case, a living cell. We assume the 
detector response to be proportional to the detector’s 
energy state ( r  ). In our model, the random pulse 
train input drives the perturbation of the cell’s spatial 
energy state  x , according to a 2nd order ordinary dif- 
ferential equation 
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In this equation, the parameter β represents molecular 
DNA dsb repair; α represents antioxidant response; γ re- 
lates to radiolysis of cellular water. This model, while 
incomplete, is a start to acknowledge the active bioche- 
mical steps between the initial lesion and final phenoty- 
pic outcome. 

The solution  x  has Fourier representation 
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The real and imaginary parts of the Fourier coefficient 
cn are 
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To explain human-scale experimental data, we need to 

compute the macroscopic response from this microscopic 
model. Here, we improve on a previous model [4], by 
consistently applying the same Fourier technique to both 
the input and output. The means of the output response is 
the first Fourier coefficient 
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This result was used to explain the measurable differ-
ence in the magnitude of biological response when two 
different radiation types of the same LET are used [5]. 
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With suitable averaging, variance power spectrum is given by 
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The output response in terms of the input is 
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With the detector response defined as 
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If we also assume negligible cells’ collective interac- 
tion, parameters in the detector response  nH   can 
be found to fit experimental RBE-LET data [4]. 

The result here indicates that the RBE-LET curve is a 
property of the cell and not a property of the incident 
beam, as suggested by the name, Relative Biologic Ef- 
fectiveness itself. Biologically speaking, this property is 
a cell trait. Like any trait, such as eye color, the RBE- 
LET shapes should correspond to various phenotypes, 
depending on the genes and environment of gene expres- 
sion. To elucidate the genes and their environment, we 
trace the state-space block diagram (Figure 2) for the 2nd 
order ordinary differential equation model. 

The diagram suggests that DNA dsb repair genes un- 
derlie the RBE-LET trait. DNA dsb repair consists of 
two main pathways. The physiological, replication-asso- 
ciated DNA dsb is repaired by homologous recombina- 
tion of sister chromatid. On the other hand, non-homo- 
logous end-joining repair pathway responds to patholo- 
gical DNA dsb, such as those damages due to irradiation. 
From this viewpoint, genetic mutation in the non-homo- 
logous end-joining repair pathway should give rise to va- 
riations of the RBE-LET phenotype. Indeed, experiments 
with gene mutations of this pathway, such as ATM, Ku76, 
Ku80, DNA-PK, and ligase IV, demonstrated a flattened 
RBE-LET curve compared to the phenotype of the nor- 
mal cell strains [6-11] (Figure 3). 

The summing junction in the block diagram suggests 
that the triggers for DNA dsb repair response include en- 
vironmental factors both external and internal to cell. Be- 
side external stress with ionizing radiation, endogenous 
sources of DNA damage depend on the redox state. The 
degree of oxidative stress is determined by the balance 
between antioxidant defense and reactive oxygen species 
production from both hydrolysis and metabolism by va- 
rious enzymes in mitochondria and other organelles. The 
model predicts that changes in these endogenous factors 
should change the phenotypic shape of the RBE-LET 
curve. Indeed, experimental data found consistent RBE- 

LET phenotypic variations for cells in different degrees 
of oxidative stress [12-16]. In addition, a phenotype with 
a right-shift of the RBE peak was found corresponding to 
a greater recombination of radiolytic free radicals gener- 
ated by high LET radiations [17], as predicted by the mo- 
del. 

At a deeper level, the block diagram suggests that the 
cell behaves like an analog computing device that repre-
sents model the differential equation. When faced with 
damage signals, cell decision-making closely mimics per- 
forming mathematical operations. Analogy to the man- 
made devices hints at the design principles underlying 
cell decision-making. In Table 1, we list some analogous 
elements for various analog devices. 

In the history of computing, mechanical and electronic 
analog devices were engineered to solve differential equ- 
ations. The component of these machines can be grouped 
roughly into two categories: components that perform 
mathematical operation and components that intercon- 
nect between the computational units. Components of the 
second kind are usually feedback amplifiers. 

To explore the possibility of a biochemical component 
that performs mathematical operation, we trace the block 
diagram to the summing junction, where external and in- 
ternal stress signals converge. It corresponds to the initial 
DNA damage. The detail of how the cell detects DNA da- 
mage is incomplete, but the MRN protein complex ap- 
pears to be a first responder. This protein complex has a 
subunit, Rad50, with sequence homology and unique 3D 
coiled coil shape of the SMC protein class [18]. The SMC 
proteins can induce positive supercoils into DNA and 
thus, plays a central role in maintenance of DNA topolo- 
gy during major genetic processes such as replication and 
recombination [19]. Other genetic processes in which 
DNA topology is altered include telomere length regula- 
tion and DNA repair. Both of these processes require the 
presence of the MRN protein complex [20]. Furthermore, 
a counting mechanism was proposed for telomere length 
regulation [21]. Base on these considerations, we propose 
that the MRN protein complex has a counting mechani- 
sm for the homeostatic control of DNA supercoiling. Sin- 
gle-molecule technique such as a magnetic tweezer may 
be used to study the proposed mechanism. 

An interconnecting elements suggested by the block 
diagram may be found by studying the ATM protein. 
This protein autophosphorylates rapidly and amplify the 
small DNA dsb signal. A ma hematical model has been t  
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Figure 2. Cell components involved in DNA damage response. 
 

 

Figure 3. Two phenotypes of normal cells (closed) and ATM mutants(open) (taken from [6]). 
 

Table 1. Analogous components of cell and man-made devices. 

Device Computational component Interconnecting component 

Mechanical differential analyzer Summer, planimeter, integrator Torque amplifier 

Electronic analog computer Integrated circuits Op-amp 

Living cell MRN protein complex ATM-p53-wip1 feedback amplifier 

 
proposed for the ATM protein acting as an amplifier [22]. 
Moreover, the ATM-p53-wip1 network has a feedback 
loop [23]. Therefore, this network may behave as a feed- 
back amplifier. The characteristics of an engineered feed- 
back amplifier, such as robustness to internal and exter- 
nal perturbation, low output impedance, and enhancement 
of signal-to-noise ratio, could be tested. 

3. Conclusion 

In summary, control systems engineering approach shows 
that the RBE-LET curve is a cell trait. Block diagram  

analysis of the underlying genotype and context for this 
trait suggests cell making decision by performing mathe- 
matical operations.  
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