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Spatially fractionated radiation therapy (SFRT) delivers heterogeneous dose distributions to enhance 
tumor control while reducing normal tissue toxicity. Since conventional models like the linear-quadratic 
(LQ) model overlook intercellular signaling, a key factor in non-uniform fields, this study uses an 
advanced mathematical model to assess its impact on SFRT plan evaluation. A volumetric-modulated 
arc therapy (VMAT)-based SFRT framework was developed, resulting in two treatment plans: VMAT-
GRID and 3D lattice radiation therapy (3D-LRT). A kinetic model incorporating both direct radiation 
damage and intercellular signaling was implemented to simulate signal dynamics, DNA damage, 
and calculate the survival ratio across 3D voxelized volumes. Key dosimetric and biological indices, 
including mean dose, equivalent uniform dose (EUD), valley-to-peak dose ratio (VPDR), therapeutic 
ratio (TR), and normal tissue complication probability (NTCP), were computed using both physical and 
biological doses. Incorporating intercellular signaling led to increased EUD, mean dose, VPDR, and 
NTCP, particularly in 3D-LRT plans with steeper dose gradients. Additionally, signaling effects caused 
extra biological damage in non-irradiated cells within low-dose regions, which resulted in a decreased 
TR. This study highlights that accounting for radiation-induced signaling alters the evaluation of SFRT 
plans compared to models considering only direct radiation effects. Therefore, to achieve accurate 
assessment, particularly in complex techniques like 3D-LRT, it is advisable to employ models capable 
of capturing both direct and indirect radiation responses. Additionally, experimental validation is a 
crucial step toward translating this model into clinical practice.
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Spatially fractionated radiation therapy (SFRT) is an innovative therapeutic approach that challenges the 
conventional paradigm of uniform dose delivery in radiotherapy and is particularly advantageous for treating large, 
unresectable, and radio-resistant tumors1,2. This approach employs highly modulated spatial dose distributions3, 
achieved through techniques such as GRID therapy4, Lattice Radiation Therapy (LRT)5, Microbeam Radiation 
Therapy (MRT)6, Minibeam Radiation Therapy (MBRT)2 and FLASH Radiotherapy7, to create alternating high-
dose (“peaks”) and low-dose (“valleys”) regions within the tumor3. This is achieved through shielding tools such 
as blocks and multi-leaf collimators (MLCs), or advanced techniques like volumetric-modulated arc therapy 
(VMAT), which enable the formation of sharp dose gradients across the treatment field. As a result, unshielded 
tumor regions receive ablative doses (typically 15–20 Gy), while shielded areas are exposed primarily to scattered 
or sublethal radiation2,8,9. Despite this non-uniform dose distribution, clinical experience has shown surprisingly 
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uniform and effective tumor control along with enhanced normal tissue sparing. This paradox cannot be fully 
explained by classical radiobiological models that focus solely on direct DNA damage and the eradication 
of irradiated tumor cells10. Mounting evidence suggests that the biological efficacy of SFRT is not solely due 
to direct radiation effects but is also mediated by additional mechanisms, such as bystander effects, vascular 
alterations, stem cell migration and proliferation, abscopal responses, and immune system activation2,3,11.

Among these, emerging data highlight the pivotal role of the bystander effect, particularly intercellular 
communication, in orchestrating the intercellular signaling responses within the heterogeneous dose 
distributions characteristic of SFRT. Bystander effects refer to biological responses that exceed what would 
normally be expected from the radiation dose received. These responses are generally triggered by the spread 
of reactive oxygen species (ROS) and the release of different cytokines1–3,11–14. This phenomenon challenges 
traditional metrics like physical dose distributions and dose-volume histograms (DVHs), which do not capture 
biological signaling dynamics15,16. While some researchers have used the linear-quadratic (LQ) model to 
calculate key parameters in SFRT, such as equivalent uniform dose (EUD) and therapeutic ratio (TR)17–19, others 
have used bystander effect models to account for the impact of intercellular signaling on survival ratio15,20–22. 
Studies have shown that non-irradiated cells located in shielded regions of heterogeneous dose distributions 
(valleys) often exhibit lower survival rates than those predicted by the LQ model. This overestimation arises 
because the LQ model does not consider intercellular signaling from adjacent high-dose regions, which can 
induce additional damage in low-dose areas. Moreover, in high-dose regions (e.g., > 12 Gy), the LQ model loses 
predictive accuracy, as it was originally developed for lower dose ranges7,15,23,24. These limitations raise concerns 
about its reliability in the context of SFRT, highlighting the need for more robust approaches. In particular, they 
underscore the importance of developing biologically informed models that can simultaneously account for 
both direct radiation-induced effects and signaling-mediated responses in an integrated manner. Advancing 
such models will be pivotal for enhancing treatment planning accuracy and improving therapeutic outcomes 
in SFRT.

In this study, we employ an advanced mathematical modeling framework, based on the model proposed by 
McMahon et al.20, that incorporates cell death due to both direct radiation damages and intercellular signaling 
effects, to evaluate VMAT-based SFRT plans for lung cancer.

Materials and methods
Patient selection and contouring
From the patient population at Imam Khomeini Hospital’s Cancer Institute, a lung cancer patient with a GTV 
of 875.310 cm3 was retrospectively selected. This study was conducted using anonymized CT scan images, with 
no personally identifiable information. Ethical approval was obtained from the Ethics Committee of Tehran 
University of Medical Sciences (Ethics code: IR.TUMS.IKHC.REC.1402.160). All methods were performed 
according to relevant guidelines and regulations. The Institutional Review Board (IRB) of Tehran University 
of Medical Sciences waived the requirement for informed consent. CT images of the patient were uploaded to 
the Elekta Monaco treatment planning system (TPS), version 5.10.02, where the GTV, relevant organs at risk 
(OARs), and main SFRT volumes were meticulously contoured under the guidance of an experienced radiation 
oncologist.

The virtual grid pattern consisted of three primary components: the GTV, unshielded areas (grid targets), and 
shielded areas (avoidance volume). This configuration enabled the creation of a high gradient dose distribution 
within the GTV volume, maximizing the delivered dose to the grid targets while minimizing radiation exposure 
to surrounding OARs (13).

This study designed two distinct virtual grid patterns for SFRT: the VMAT-GRID plan, characterized by 
parallel cylindrical targets, and the 3D-LRT plan, which employed spatially distributed spherical targets. In both 
plans, an internal margin was defined within the GTV to ensure that the edges of all targets remained at least 
1 cm away from surrounding organs at risk (OARs).

For the VMAT-GRID plan, cylindrical targets with a diameter of 1 cm, using the 2D static brush tool, were 
created by first drawing circular cross-sections within the internal margin in 2D slices along the x–y plane. A 
center-to-center spacing of at least 6  cm was maintained to enhance dose sparing between adjacent targets. 
These circular contours were then interpolated across all axial slices, resulting in continuous cylindrical volumes 
aligned with the tumor’s longitudinal (z) axis. This approach enabled the generation of uniform cylindrical 
grid targets while preserving both geometric conformity and the desired inter-target spacing within the GTV. 
For the 3D-LRT plan, spherical targets with a diameter of 1 cm were placed using the 3D static brush tool, also 
within the defined internal margin. A center-to-center distance of at least 3 cm in the sagittal and coronal planes 
and 6 cm in the axial plane was maintained to ensure spatial separation and minimize overlap of high-dose 
regions. In total, three cylindrical targets were placed for the VMAT-GRID plan and nine spherical targets for 
the 3D-LRT plan. The 3D spatial arrangement of these grid targets within the GTV is illustrated in Fig. 1.

Treatment planning
Using 6 MV flattening-filter-free (FFF) photon beams, single-fraction doses of 15 and 20 Gy were prescribed 
to the isocenter of the grid targets. Dose heterogeneity constraints were applied to optimize the treatment 
plans. Three full arcs were employed for cylindrical grid targets, while four partial arcs were used for spherical 
grid targets. This arc selection strategy was intended to optimize dose conformity to the grid structures while 
minimizing exposure to surrounding healthy tissues.

Intercellular signaling model
When predicting the response to radiation, most mathematical models primarily focus on the direct effects of 
radiation. However, to obtain a comprehensive understanding of the overall cellular response, indirect radiation 
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effects must also be considered. Several models have been developed to simulate these indirect effects21,24–32, 
but they are mostly suited for analyzing simple irradiation scenarios in laboratory settings. In this study, the 
model developed by McMahon et al.20 was employed to account for both direct and indirect radiation effects 
in three-dimensional structures. This model provides a potentially improved approximation of signaling 
responses in heterogeneous dose distributions, which is particularly relevant for SFRT when compared to the 
conventional LQ model, which neglects non-targeted effects. The implementation of this model was carried out 
using MATLAB Software. MATLAB operates with discrete values rather than continuous variables; therefore, 
numerical analysis, particularly the finite difference method, was necessary to discretize the model’s differential 
equations. In this model, the cell cycle, cell cycle arrest at various phases, and radiation-induced DNA damage 
arising from direct interactions with radiation and indirect effects mediated by radiation-induced signals were 
simulated to estimate the cell survival fraction following exposure to spatially heterogeneous virtual SFRT fields.

Although various biological mechanisms such as ROS, cytokines, and exosomal miRNAs have been 
implicated in bystander signaling, this study does not attempt to model each individually. Instead, following 
previous approaches, the bystander effect is represented as a single spatiotemporal signal concentration, ρ15,20,33. 
This study divided the simulation domain into discrete voxels, each assigned to a specific cell line. Cells located 
within each irradiated voxel experienced direct radiation-induced damage. Additionally, these cells began 
producing signals for some time (tsig) proportional to the absorbed radiation dose (D). The duration of signal 
production is given by Eq. 1:

        (a)                                                                                   (b)

Fig. 1.  Arrangement of grid targets within the GTV for 3D-LRT (a), and VMAT-GRID (b) plans.
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	 tsig = γD� (1)

In this equation, γ is a characteristic of the cell line. As the cells produce the signal, they aim to reach a maximum 
concentration in the environment. While actively signaling, cells aim to sustain a local concentration at ρmax. 
This is modeled by a linear decrease in signal production as ρ increases, expressed as η

ρmax−ρ
ρmax , where η is 

the signal production rate of a cell and a cell-line specific constant. Therefore, the signal production rate is 
initially at its highest when no signal is present in the environment. It gradually decreases over time as the signal 
level approaches the maximum concentration. The signals generated from radiation absorption are unstable 
and eliminated from the environment over time with a decay constant λ. The observation of these signals 
in various cell lines supports the assumption that the value of this constant is independent of the source cell 
type and remains unchanged34. Therefore, under uniformly continuous irradiation, the signal concentration 
initially increases due to the high production rate and approaches an equilibrium level. It then reaches a steady-
state concentration, which is maintained for a duration of tsig. After this period, signal production ceases, and 
only exponential decay continues, causing the signal concentration to decrease gradually over time. Figure 2 
schematically illustrates the temporal variation of the signal concentration.

If the cell population is exposed to non-uniform irradiation, the concentration of the produced signal 
will vary across different regions of the field. As a result, these signaling molecules begin to migrate along the 
concentration gradient, leading to changes in signal distribution across the tissue. This redistribution alters 
the local signal concentrations and consequently modifies the level of biological damage compared to uniform 
irradiation. The produced signal can potentially elicit a response in a cell exposed to it. This response manifests 
as biological damage. Studies have shown that there are distinct thresholds for the generation of intercellular 
signals23,32. Once the signal concentration exceeds the defined threshold level (ρthreshold or ρt), the cell begins 
to respond, as these signals only elicit a reaction above this threshold32. The threshold concentration was 
determined by comparing simulation results with experimental data20. The extent of damage induced in a cell 
is proportional to the exposure duration (τ) during which the signal concentration exceeds the threshold level 
(ρ > ρt); this time interval is shown in Fig. 2.

The cellular response is binary: cells either respond to the signal and experience a specific level of damage, 
or they do not respond at all and remain unaffected. The probability of a cell responding to intercellular signals 
(PB) is defined by the following equation:

	 P B = 1 − e−κτ � (2)

In this equation, κ is the response constant, which is specific to the cell line. Both the cells directly exposed to 
radiation and those that have not received any radiation can experience signal-induced damage.

Damage accumulation and survival
DNA damage, whether caused directly by radiation or indirectly through genotoxic stress initiated by intercellular 
signaling, is represented as a series of “hits”, referring to potentially lethal events like complex or unrepaired 
double-strand breaks. Depending on the cell type, the specific phase of the cell cycle, and the number of hits 
received by the target, these hits could ultimately result in cell death. In this framework, after irradiation, the 
number of hits delivered to the cellular target was modeled as a function of the absorbed dose and the bystander 

Fig. 2.  Temporal variation of intercellular signal concentration20.
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signals received from neighboring irradiated cells. The number of hits caused by direct beam interactions is 
modeled using a Poisson distribution with a defined mean value equal to the product of the absorbed dose (D) 
and the number of hits per unit dose (HPG), i.e., HPG × D. HPG is a cell line-specific constant. In addition 
to this direct damage, the model accounts for the biological effects of intercellular signaling by introducing 
extra DNA double-strand breaks in certain cells, mimicking the impact of direct radiation. Additional damages, 
termed bystander hits (HB), follow a Poisson distribution, with a mean value specific to the cell line. This mean 
value, HB, represents the typical bystander response of the cell line and is determined by fitting the model to 
experimentally observed bystander response data23,33,35. Therefore, the model does not treat bystander damage 
as a sequential process following direct damage, but rather considers it a concurrent contributor to total cellular 
injury. This combined damage, comprising both direct and bystander-induced hits, is then used to evaluate 
the probability of cell survival or death, based on the cell’s position in the cell cycle and the functionality of its 
checkpoint mechanisms. The cell fate depends on the extent of accumulated damage and the phase-specific 
sensitivity: cells receiving five or more hits to critical targets undergo immediate death, regardless of the cycle 
phase. In the G1 phase, three or more hits lead to cell cycle arrest, halting proliferation and eventually causing 
elimination. Conversely, cells in the G2 phase are more vulnerable, with even a single hit sufficient to trigger 
cell death. Importantly, the outcome is also modulated by checkpoint integrity; for example, in cells with 
defective p53, the G1 arrest was removed from the cell cycle progression, allowing damaged cells to bypass 
arrest and continue cycling despite unrepaired damage. However, in this study, both cell lines were assumed 
to express wild-type p53. Accordingly, an intact G1 checkpoint was included in the model, allowing all cells 
to undergo G1 arrest in response to DNA damage. This checkpoint behavior was implemented as a cell line–
specific property and was uniformly applied across all cells of a given type. Additionally, damaged cells that 
remain viable and are not arrested continue to progress through the cell cycle and may incur 0 to 3 additional 
hits during DNA replication and mitosis. Finally, to account for the repair of sublethal damage in some cells, 
a further step is incorporated where, upon receiving a non-zero number of hits, one hit is subtracted from the 
total. This mechanism reduces the accumulation rate of cellular damage at low doses and leads to the formation 
of shoulder-shaped dose–response curves. Further details on the rationale and development of this model are 
available in earlier publications15,20,33.

Three-dimensional signaling modeling
DICOM-RT objects (RT Image, RT Structure Set, and RT Dose) were extracted from the Monaco TPS and 
imported into a custom MATLAB program (version R2021a). The program segmented the desired volumes 
into 3D voxels with a volume of 1 mm3. Each voxel is treated as a volume containing a uniformly irradiated 
cell population. The integration of the DNA damage model with the previously detailed bystander signaling 
framework allows for predicting the response of an individual cell within a population to a defined radiation 
field, incorporating the indirect effects of radiation. The dynamics of bystander signal production, diffusion, and 
decay were simulated concurrently beginning at t = 0, the onset of irradiation, with the initial intercellular signal 
concentration set to zero. The simulation was performed in discrete time steps of 1 s (∆t = 1 s). For each interval 
from t to t + ∆t, the concentration of signals in each voxel was updated according to the following principles. 
Based on Eq. (3), each voxel received an increment in signal concentration relative to its value in the previous 
time step. This process continued until t = tsig, at which point the cells stopped producing signals, effectively 
removing the source of signal generation.

	
ρ (t + ∆t) = η

ρmax − ρ (t)
ρmax

� (3)

In this model, ρ(t) denotes the instantaneous signal concentration, while ρmax represents the target maximum 
concentration that each voxel tends to approach. The difference between ρmax and ρ(t) governs the amount 
of signal generated at each time step. At the onset of irradiation, when the signal concentration is zero, the 
production rate is highest. As the concentration nears ρmax, the amount of signal generated per time step 
progressively decreases. The bystander molecules then produced and diffuse between neighboring voxels 
according to the diffusion Eq. (4):

	
dρ

dt
= −θ∇2ρ� (4)

where ϴ is the diffusion coefficient, ρ is the signal concentration in the voxel, and ∇2 denotes the Laplacian 
operator.

A fraction of the signal present at the previous time step decays over time, governed by the decay constant 
λ. This process continues until all cells have ceased signal production and the signal concentration in each voxel 
falls below a predefined threshold. At this point, the duration of exposure, during which each voxel experienced 
signal levels above the threshold, is calculated and translated into radiation-induced biological damage. 
Equation  (5) describes the spatiotemporal evolution of signal concentration in each voxel by incorporating 
signal diffusion and decay.

	
∂ρ (r⃗, t)

∂t
= θ∇2ρ (r⃗, t) − λρ (r⃗, t)� (5)

However, for a complex system such as in vivo conditions, this equation can be modeled numerically. 
Numerical solutions enable the tracking of signal dynamics across space and time, albeit at the cost of increased 
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computational time. To numerically solve the above equation, the following approach is taken. First, the amount 
of signal produced at each time point, (ρt,zi ), is calculated using Eq. (2). The temporal evolution of the signal, 
resulting from diffusion and decay processes, is then described by the following Eq. (6):

	
∂ρ

∂t
= θ

∂2ρ

∂z2 − λρ� (6)

For simplicity, the spatial variation of the signal in this equation is defined as one-dimensional, along the z 
direction only. However, this formulation can later be extended to a full three-dimensional distribution. In Eq. 6, 
if the volume containing the cells is discretized into a series of adjacent voxels zi with width Δz, then based on 
the definition of the second derivative, we can express:

	

∂2ρ

∂z2

∣∣∣∣
t,zi

=
ρt,zi−1 − 2ρt,zi + ρt,zi+1

∆z2 � (7)

By substituting Eq. (7) into Eq. (6), the following Equation was obtained:

	
∂ρ

∂t

∣∣∣
t,zi

= θ

∆z2

(
ρt,zi−1 − 2ρt,zi + ρt,zi+1

)
− λρt,zi � (8)

Then, the signal propagation pattern in the system can be predicted for each voxel at any given time:

	
ρt+∆t,zi = ρt,zi + ∆t

∂ρ

∂t

∣∣∣
t,zi

� (9)

In these equations, Δt represents the time step used for simulating the system under study. As previously 
mentioned, this formulation is only valid under the assumption that the signal concentration varies due to 
diffusion in a single spatial direction. By discretizing the desired volume into a three-dimensional array of voxels, 
the signal distribution can be readily extended to three dimensions by incorporating the three-dimensional 
Laplacian equation:

	
∇2ρ = ∂2ρ

∂x2 + ∂2ρ

∂y2 + ∂2ρ

∂z2 � (10)

Using the above equations, it is possible to calculate the signal level at any desired time for each specific voxel and 
determine the duration during which each voxel is exposed to a defined threshold level (ρt).

The greatest challenge in these calculations is that the diffusion rate has been very minimally characterized 
and quantified to date. Under in vivo conditions, it is not possible to accurately assess the diffusion behavior of 
signaling molecules. Therefore, certain assumptions must be made regarding this parameter. The effective range 
of bystander molecule movement (r) was converted to the diffusion coefficient (ϴ) using the following equation:

	
r =

√
θ

λ
� (11)

This study considered a diffusion range of 10 mm (1 cm). Bystander signals have an effective range of 500 to 8000 
micrometers36–39. Following McMahon et al., who originally proposed the bystander model employed here, we 
adopted a diffusion range of 10 mm to represent the upper plausible limit for passive signal spread in tissue. This 
value falls within a reasonable biological range and was deliberately chosen to amplify the observable impact of 
intercellular signaling on both tumor and normal tissues under spatially heterogeneous irradiation conditions. 
Longer-range propagation would likely require alternative transport mechanisms, which are beyond the scope 
of this model.

Increasing θ extends the reach of the bystander effect to more distant cells. The expression 
√

θ
λ  indicates 

exponential decay of signal strength as the distance from the irradiated voxel increases. The equation 
ρ (r⃗, t) = e

−
√

θ
λ

r⃗  defines the boundary conditions for ρ, ensuring a gradual exponential signal decline at the 
simulation boundaries, assuming no external signaling sources.

The objective of our study is not to investigate the influence of parameter variations on the results. This 
study did not involve the purchase or direct use of these cell lines; instead, their parameters for computational 
modeling were obtained from published literature15,20,33. No direct experimentation was conducted on these cell 
lines. The fitted model parameters, including signal kinetics and cellular response metrics for each cell line, are 
presented in Table 115,20,33.

In this study, the AG01522 fibroblast cell line was used to represent normal tissue, while the H460 human 
non-small cell lung cancer (NSCLC) cell line represented tumor cells.

To simulate the proposed model on the treatment plans, patient CT scan slices and voxel-based dose 
information were extracted from the TPS. Using MATLAB code, all CT image slices were stacked to reconstruct 
the 3D volume, and the region of interest, along with its corresponding dose distribution, was obtained. Then, 
based on the derived dose matrix, signal production, diffusion, and decay were computed for each voxel. Using 
this information and another MATLAB-based program, the exposure time (τ) of each voxel to signals above a 
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certain concentration threshold was determined. The output of this process was a 3D matrix representing the 
duration each voxel was exposed to signal concentrations exceeding the threshold. Finally, this 3D matrix, along 
with a dose matrix of the same dimensions, was fed into another MATLAB script that calculated the survival 
fraction of each voxel based on the number of hits and a DNA damage model.

Intercellular signals in SFRT
To assess the impact of intercellular signaling, the survival fractions predicted by the bystander model were 
translated into biological dose (Dbio) equivalents. The biological dose is calculated by relating the observed 
survival probability for a voxel to a survival curve that characterizes the response of the same cell population 
under a perfectly uniform radiation field. Through this comparison, the biological dose can be derived using 
the interpolation technique. The biological dose distribution and the corresponding biological dose–volume 
histograms (DbioVHs) offer a comprehensive characterization of how a cell population is affected by a given 
dose distribution, especially when radiation-induced intercellular signaling is taken into account. To facilitate 
comparison between different treatment plans, both the physical and biological doses were converted into 
equivalent uniform doses (EUDs). The EUD is the dose that, if delivered uniformly to the tumor volume, would 
result in the same average survival fraction as the given non-uniform irradiation. The EUD was determined 
by first simulating several uniform doses and calculating the survival probability for each dose level. Then, the 
average survival probability of the tumor volume was calculated. Using pre-calculated survival probabilities 
for the uniform doses, the dose that corresponded to this average survival probability was determined through 
interpolation. This value was taken as the EUD.

Valley-to-peak dose ratio (VPDR) calculation
The valley-to-peak dose ratio (VPDR) is a key dosimetric metric in SFRT, used to quantify dose heterogeneity 
within the gross tumor volume (GTV). It is commonly defined as the ratio of the mean dose (Dmean) received by 
95–100% of the internal margin within the GTV to the prescribed peak dose Dp. Here, Dmean(95–100) represents 
the average dose received by the 5% of the internal margin exposed to the lowest doses, which can be obtained 
from the dose volume histogram (DVH) between 100 and 95% coverage5,40.

Normal tissue complication probability (NTCP) calculation
The connection between partial irradiation of organs and resulting toxicity is a key concern for both 
radiobiologists and clinical oncologists. During radiotherapy, some exposure of healthy tissue to ionizing 
radiation is unavoidable, and normal tissue toxicity is often the primary constraint in effective treatment 
planning15. In this study, the Lyman–Kutcher–Burman (LKB) model was applied to compute normal tissue 
complication probability (NTCP) values for the surrounding three-dimensional normal tissues adjacent to the 
lung tumor, including the spinal cord, heart, and healthy lung tissue (Eqs. 12–15).

	
NT CP = 1√

2π

∫ t

−∞
e− t2

2 dt� (12)

	
υ = V

Vref
� (13)

	
t = (D − T D50 (υ))

(mT D50 (υ)) � (14)

	 T D (υ) = T D(1)υ−n� (15)

D represents the delivered dose, while V indicates the fraction of the organ volume exposed to radiation. TD 
stands for the organ’s tolerance dose, and TD50 refers to the dose at which there is a 50% chance of complication. 
Vref denotes the reference volume associated with TD50. The parameter n characterizes how the complication 
probability varies with volume, and m defines the steepness of the dose–response curve. The LKB model, as 
described in Eqs.  (12)–(15), operates under the assumption that part of the organ is uniformly irradiated 

H460 AG01522 Parameter

0.019 ± 0.002 0.019 ± 0.002 λ(min⁻1)

0.21 ± 0.02 0.21 ± 0.02 ρtthreshold

0.0029 ± 0.001 0.0027 ± 0.0007 κ(min⁻1)

132 ± 30 140 ± 10 γ(min·Gy⁻1)

0.00008 ± 0.00003 0.00011 ± 0.00003 η(min⁻1)

1.9 ± 0.002 1.9 ± 0.002 ϴ

0.78 ± 0.1 1.32 ± 0.017 HPG (hits/Gy)

3.7 1.2 ± 0.170 HB (hits)

1 1 ρmax

Table 1.  Input parameters of the bystander model for AG01522 and H460 cell lines15,20,33.
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while the rest remains entirely unexposed, a simplification that does not accurately represent real clinical dose 
distributions15. The model can be modified to account for non-uniform dose distributions, using a method 
first introduced by Kutcher et al., to better reflect actual treatment scenarios41. The necessary equations for this 
modification are presented below.

	
(δV eff)i = δVi(

Di

Dm
)(

1
n )� (16)

	
Veff =

∑ (
Di

Dm

) 1
n

· δVi� (17)

In this framework, the index i refers to a specific voxel within the target volume. Di denotes the dose received 
by voxel i, and Vi corresponds to its volume contribution. The term (δVeff)i represents the adjusted effective 
volume, which is computed by assuming that the volume Vi, initially receiving dose Di, instead receives the 
maximum dose Dm observed within the organ. Through the histogram reduction technique, a non-uniform 
dose distribution is transformed into an equivalent scenario where a portion of the effective organ volume Veff 
uniformly absorbs Dm. At the same time, the remainder receives no dose, as described in Eqs. (15) and (16). This 
transformed data can then be used within the LKB model to estimate the normal tissue complication probability 
for the organ. To compute NTCP, the necessary inputs include organ-specific parameters n, m, and TD50, as 
reported by Burman et al.42.

In this study, the NTCP values were computed by considering both the physical and biological dose 
distributions of the treatment plans. Moreover, by imposing zero-flux boundary conditions on ρ at the organ 
boundaries, signal-mediated communication between adjacent organs was prevented.

Therapeutic ratio (TR) calculation
The therapeutic ratio (TR) is a quantitative indicator used to evaluate the normal tissue-sparing effectiveness of 
SFRT relative to a uniform dose distribution. In this study, we adopted the method proposed by Zwicker et al., 
which assumes a uniform distribution of normal cells within the tumor volume. This assumption is particularly 
relevant in clinical situations where the boundary between tumor and surrounding normal tissue is indistinct, 
and both cell populations may receive comparable radiation doses17. To calculate the TR, the EUD for the tumor 
was first computed, as previously described. Then, the mean survival fraction of normal cells within the SFRT 
field was estimated using the following equation:

	
SFNormal (SFRT) = 1

N

N∑
i=0

SFi� (18)

where SFi represents the survival fraction in voxel i, derived from the bystander model. In the next step, the 
survival fraction of normal cells receiving a uniform dose equal to the EUD was estimated. Using a pre-calculated 
survival curve for normal cells under uniform irradiation, the survival fraction corresponding to the EUD was 
interpolated and denoted as SFnormal (EUD). The TR was then defined as:

	
Therapeutic ratio = SFnormal (SFRT)

SFnormal (EUD)
� (19)

A TR value greater than 1 implies that, for the same level of tumor control (achieved through the use of EUD), 
the SFRT plan results in greater preservation of normal cells compared to a uniformly delivered dose. This 
reflects a therapeutic advantage in favor of SFRT. A higher TR value thus reflects enhanced normal tissue sparing 
without compromising tumor control.

To evaluate the influence of intercellular signaling on TR, all calculations were performed under two 
conditions: (1) using only the physical dose distribution (i.e., with the diffusion range set to zero), and (2) 
incorporating signal propagation from high-dose regions to surrounding tissue. Differences in TR between these 
two scenarios were used to quantify the contribution of bystander effects to the overall TR.

Results
Figures 3 and 4 illustrate the physical dose distribution and the predicted changes due to intercellular signaling 
effects for the VMAT-GRID plan with prescribed doses of 15 and 20 Gy, respectively. Similarly, Figs. 5 and 6 
present the corresponding results for the 3D-LRT plan with prescribed doses of 15 and 20 Gy, respectively.

These comparisons highlight variations in the tumor’s dose distribution, emphasizing the impact of signaling 
effects on treatment outcomes. As observed, incorporating signaling effects into the dose distribution leads to 
significant deviation from the physical dose planning. The dose difference plots reveal increased cell killing, 
resulting in higher biological doses in low-dose regions due to signaling from adjacent higher-dose areas. 
Conversely, in high-dose regions, a slight reduction in biological doses is observed due to the more rapid 
decrease in signaling concentration near steep dose gradients.

As demonstrated by the VAMT-GRID and 3D-LRT plans in Figs. 3, 4, 5, 6, the inclusion of the bystander 
effect in dose planning leads to significant alterations in the distribution of cell death, thereby influencing the 
biological dose distribution. The most pronounced changes are observed in the 3D-LRT plan, where steep dose 
gradients cause substantial shifts in the biological dose (exceeding 0.92 Gy). In contrast, the VAMT-GRID plan 
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shows relatively smaller changes in the dose distribution. It can be observed that these effects become more 
pronounced with increasing prescribed dose.

Table 2 shows that incorporating signaling effects leads to an increase in both the mean dose and the EUD 
of the GTV, with the 3D-LRT plan exhibiting a more pronounced increase than the VMAT-GRID plan. For a 
prescribed dose of 15 Gy, the mean dose and EUD increased by approximately 0.61 and 0.95 Gy in the 3D-LRT 
plan, respectively. The VMAT-GRID plan shows a smaller increase of 0.26 and 0.42  Gy. A similar result is 
obtained for the 20 Gy dose, where the mean dose and EUD increase by 1.14 and 0.85 Gy for the 3D-LRT plan 
and by 0.35 and 0.37 Gy in the VMAT-GRID plan.

Unlike the trends observed for the mean dose and EUD, intercellular signaling effects lead to a decrease in the 
TR, with a more significant reduction in the 3D-LRT plan compared to the VMAT-GRID plan. At a prescribed 
dose of 15 Gy, the TR decreases by 5.49 in the 3D-LRT plan, whereas the reduction in the VMAT-GRID plan is 
3.05. Similarly, for a prescribed dose of 20 Gy, the TR drops by 4.84 in the 3D-LRT plan, while in the VMAT-
GRID plan, the decrease is more modest, by 1.87.

To further quantify these effects, we calculated the relative percentage changes between the physical and 
biological values of key spatial dose metrics (Table 2). At a prescribed dose of 15 Gy, the biological EUD increased 
by approximately 5.0% for VMAT-GRID and 16.2% for 3D-LRT, compared to their physical counterparts. 
The corresponding increases in mean dose were 2.8 and 9.4%, respectively. The VPDR values showed modest 
increases of 3.6% for VMAT-GRID and 3.8% for 3D-LRT. Notably, the TR values decreased substantially due to 
the biological effect of intercellular signaling, with reductions of 38.1% for VMAT-GRID and 50.3% for 3D-LRT. 
Similarly, at a prescribed dose of 20 Gy, the biological EUD increased by 3.6% for VMAT-GRID and 13.8% for 
3D-LRT. The mean dose rose by 3.0% and 15.3%, respectively. VPDR increased by 3.8% in VMAT-GRID and 
10.5% in 3D-LRT. The TR values showed further reduction, decreasing by 23.1% for VMAT-GRID and 41.7% for 
3D-LRT. These results demonstrate that while the differences in EUD, mean dose, and VPDR remain relatively 
modest, intercellular signaling has a more pronounced effect on TR, especially in 3D-LRT plans.

                 (a)                                               (b)                                            (c)  

Fig. 3.  Coronal (a), sagittal (b), and axial (c) views of the physical dose, biological dose, and dose differences 
for the VMAT-GRID plan with a 15 Gy dose. The first row presents the physical dose distribution as calculated 
by the TPS. The second row displays the biological dose distribution. The third row illustrates the differences 
between the physical and biological dose distributions. Negative values indicate a reduction, while positive 
values indicate an increase in the physical dose calculated by the TPS due to the inclusion of signaling effects.

 

Scientific Reports |        (2025) 15:28592 9| https://doi.org/10.1038/s41598-025-11937-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Figures 7 and 8 illustrate the physical and biological DVHs of the GTV, grid target, and avoidance volumes 
for the VMAT-GRID and the 3D-LRT plans, respectively.

As expected, a noticeable difference is observed between the biological and physical DVHs for the GTV and 
avoidance volumes, particularly at lower doses. The cell killing induced by damaging signals from high-dose 
regions leads to a rightward shift in the biological DVHs. This effect becomes more pronounced at a prescribed 
dose of 20 Gy, especially in the 3D-LRT plan. In high-dose regions within the grid target volume, the opposite 
trend is observed, where the reduced contribution of signaling to cell death leads to a decrease in the biological 
dose.

Table 3 presents the NTCP values (expressed as percentages) for the right lung, left lung, heart, and spinal 
cord, calculated based on both physical and biological dose distributions at prescribed doses of 15 Gy and 20 Gy.

Across all evaluated scenarios, including two treatment techniques (VMAT-GRID and 3D-LRT) and two 
prescription dose levels (15 Gy and 20 Gy), the NTCP values for critical organs remain extremely low. In general, 
the biologically-based dose distributions yield slightly higher NTCP values than their physical counterparts; 
however, these differences are minimal. Increasing the dose from 15 to 20 Gy results in a slight rise in NTCP 
values for most organs in both plans and under both physical and biological dose distributions, indicating a 
relative increase in the probability of complications with dose escalation. However, these probabilities remain 
at low levels.

Discussion
Conventional radiation therapy planning typically assumes that cell death is determined solely by the absorbed 
dose at each location, without accounting for intercellular communication effects. While this approach is 
effective for uniform radiation fields, it may not provide accurate predictions for spatially modulated treatments 
such as SFRT, where intercellular signaling plays a significant role. These signaling effects can lead to outcomes 
that differ substantially from those predicted by traditional models43. In SFRT fields, despite highly non-uniform 

                  (a)                                                 (b)                                                (c)  

Fig. 4.  Coronal (a), sagittal (b), and axial (c) views of the physical dose, biological dose, and dose differences 
for the VMAT-GRID plan with a 20 Gy dose. The first row presents the physical dose distribution as calculated 
by the TPS. The second row displays the biological dose distribution. The third row illustrates the differences 
between the physical and biological dose distributions. Negative values indicate a reduction, while positive 
values indicate an increase in the physical dose calculated by the TPS due to the inclusion of signaling effects.
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dose distributions with significantly low-dose regions, clinical observations consistently report uniform tumor 
regression. This suggests that signaling effects play a crucial role in treatment response44,45. However, these effects 
are not captured by the widely used linear-quadratic (LQ) model23,24, raising concerns about its applicability to 
highly modulated dose treatments.

This study aimed to evaluate how the incorporation of intercellular signaling into modeling frameworks 
could influence key dosimetric and biological parameters relevant to the assessment of SFRT plans.

Figures  3, 4, 5, 6 demonstrate spatial deviations in biological dose distributions caused by intercellular 
signaling effects. These deviations are primarily localized within the GTV, especially in the 3D-LRT plan, 
where steep dose gradients and high peak doses amplify the biological response. In contrast, the surrounding 
normal tissues show negligible differences. Therefore, while the overall impact on NTCP values is minor, the 
local biological dose alterations within the tumor region may hold clinical significance and warrant further 
investigation.

The observed increase in cell killing within low-dose regions, alongside a reduction in biological dose in 
high-dose areas, reflects the complex interplay between intercellular signaling and physical dose gradients. These 
findings suggest that incorporating signaling effects into radiobiological modeling can uncover biologically 
meaningful dose redistributions that conventional models fail to capture.

Specifically, the biological dose distribution indicates that regions adjacent to high-dose zones benefit from 
enhanced cell killing due to intercellular signaling, resulting in a more spatially uniform biological response 
across the tumor. This phenomenon is supported by experimental studies showing that standard LQ models 
often underestimate cell death in spatially heterogeneous radiation fields. For instance, Peng et al.24 demonstrated 
that including bystander effects in radiobiological models improves survival predictions by capturing additional 
cytotoxicity in low-dose regions not accounted for by the LQ model. Similarly, Butterworth et al.23 reported that 
the LQ model tends to overestimate survival in shielded or low-dose areas, where signaling-mediated damage 
contributes significantly to biological response.

                (a)                                                  (b)                                              (c)  

Fig. 5.  Coronal (a), sagittal (b), and axial (c) views of the physical dose, biological dose, and dose differences 
for the 3D-LRT plan with a 15 Gy dose. The first row presents the physical dose distribution as calculated by 
the TPS. The second row displays the biological dose distribution. The third row illustrates the differences 
between the physical and biological dose distributions. Negative values indicate a reduction, while positive 
values indicate an increase in the physical dose calculated by the TPS due to the inclusion of signaling effects.
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Notably, the divergence between LQ and signaling-based models becomes more pronounced in the presence 
of steep dose gradients, as demonstrated in prior simulations by Mahmoudi et al.46. These findings highlight 
the potential significance of intercellular signaling mechanisms in shaping biological dose distributions in 
spatially fractionated radiotherapy; however, further validation is needed to establish their relevance for clinical 
treatment planning.

Table 2 illustrates that signaling effects increase the mean dose, VPDR, and EUD while reducing the TR. 
The increase in VPDR can be attributed to the redistribution of biological dose, as bystander signals in high-
dose regions diffuse toward adjacent low-dose areas. This leads to enhanced cell killing in valleys and a relative 
reduction in peak regions, smoothing the steep dose gradient and increasing the valley-to-peak dose ratio. 
Although the clinical significance of VPDR is not yet fully established, it is regarded as an important indicator 
of spatial heterogeneity in SFRT. Radiobiological hypotheses suggest that the lower VPDR values may enhance 

A prescribed dose of 15 Gy A prescribed dose of 20 Gy

VMAT-GRID 3D-LRT VMAT-GRID 3D-LRT

Physical Biological Physical Biological Physical Biological Physical Biological

EUD (Gy) 8.36 8.78 5.84 6.79 10.18 10.55 6.16 7.01

Mean dose (Gy) 9.39 9.65 6.5 7.11 11.52 11.87 7.44 8.58

VPDR (unitless) 0.28 0.29 0.26 0.27 0.26 0.27 0.19 0.21

TR (unitless) 8 4.95 10.9 5.41 8.1 6.23 11.6 6.76

Table 2.  Impact of intercellular signaling on dosimetric parameters for GTV.

 

                (a)                                                   (b)                                            (c)  

Fig. 6.  Coronal (a), sagittal (b), and axial (c) views of the physical dose, biological dose, and dose differences 
for the 3D-LRT plan with a 20 Gy dose. The first row presents the physical dose distribution as calculated by 
the TPS. The second row displays the biological dose distribution. The third row illustrates the differences 
between the physical and biological dose distributions. Negative values indicate a reduction, while positive 
values indicate an increase in the physical dose calculated by the TPS due to the inclusion of signaling effects.
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normal tissue sparing in valley regions. In addition, VPDR has been linked to immunologic mechanisms, as 
high-dose peaks may stimulate tumor antigen release and low-dose valleys may support the survival of immune 
cells involved in systemic anticancer responses47,48. Nevertheless, in our study, the differences in VPDR values 
with and without signaling effects remained relatively modest, suggesting that intercellular signaling may exert 
only a limited influence on this parameter under the modeled conditions.

Fig. 7.  Comparison of physical (solid line) and biological (dashed line) dose-volume histograms (DVHs) for 
the GTV, grid targets, and avoidance volumes in the VMAT-GRID plan, for prescribed doses of 15 Gy (a) and 
20 Gy (b).
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The inclusion of signaling effects resulted in a moderate increase in EUD, reflecting the additional 
contribution of bystander-induced cell killing in low-dose regions. This increase suggests that the biological 
impact of the treatment is greater than what is predicted by the physical dose alone. Since the EUD is designed to 
represent a uniform dose that produces the same biological effect as the actual heterogeneous dose distribution, 
an increase in EUD indicates a greater potential for tumor control7,48. Although originally developed for 

Fig. 8.  Comparison of physical (solid line) and biological (dashed line) dose-volume histograms (DVHs) for 
the GTV, grid targets, and avoidance volumes in the 3D-LRT plan, for prescribed doses of 15 Gy (a) and 20 Gy 
(b).
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conventional radiotherapy, EUD remains a widely used metric, and our findings suggest that its interpretation 
in SFRT contexts may be influenced by intercellular signaling.

The 3D-LRT plan shows more significant changes compared to the VMAT-GRID plan. For instance, the 
increase in mean dose and EUD in the 3D-LRT plan for both 15 and 20 Gy doses is nearly double that observed 
in the VMAT-GRID plan. This suggests that the 3D-LRT plan is more sensitive to signaling effects, likely 
due to its three-dimensional spatial dose modulation and steeper dose gradients. Three-dimensional spatial 
fractionation creates steep dose gradients, efficiently transmitting damaging signals from high-dose to low-dose 
regions in all directions, thereby increasing cellular damage in these areas. Therefore, in treatment plans with 
steeper dose gradients, such as 3D lattice therapy, careful consideration of intercellular signaling effects becomes 
increasingly important, as conventional LQ-based models may underestimate the biological impact in such 
highly modulated dose environments.

Including intercellular signaling effects leads to additional biological damage to non-irradiated cells in low-
dose regions, particularly for normal tissues. While this also results in an increased EUD, potentially reducing 
normal tissue survival in the denominator of the TR calculation, the magnitude of this reduction is generally 
smaller than the signaling-induced decline in normal cell survival within the shielded regions of SFRT fields. 
Therefore, when signaling effects are incorporated into the model, the overall effect is a lower TR. This suggests 
that neglecting intercellular communication may lead to a misestimation of TR and an overly optimistic 
assessment of treatment safety. This highlights the importance of incorporating biological modeling into the 
analysis of spatially modulated dose distributions.

Figures 7 and 8 show that while the inclusion of signaling effects slightly reduces cell kill in the high-dose grid 
regions, it significantly increases cell kill in the low-dose subregions of the tumor. This effect is more pronounced 
in low-dose areas due to the additional cytotoxic impact of diffused bystander signals originating from high-
dose zones. As a result, the signaling DVH of the GTV shifts rightward, suggesting a higher signaling dose and 
a more spatially uniform biological impact across the tumor. While this does not directly imply improved tumor 
control, it highlights the potential influence of intercellular signaling in modulating spatial dose effectiveness in 
SFRT. Moreover, comparison between Figs. 7 and 8 reveals that this effect is more pronounced in the 3D-LRT 
plan, particularly at higher prescription doses. This reflects the amplified impact of signaling due to dose 
fractionation in all three spatial dimensions. The presence of steeper dose gradients in 3D-LRT with higher 
prescribed dose facilitates more efficient diffusion and distribution of bystander signals, thereby enhancing the 
biological response in peripheral low-dose regions.

Based on the values presented in Table 3, it can be stated that considering bystander effects leads to an 
increase in NTCP values in all scenarios. This may be because the probability of complications for each organ 
is related to the total volume affected by radiation-induced toxicity, and accounting for intercellular signaling 
increases this effective volume. However, the signaling effects appear to be less pronounced in normal tissues, 
likely because the dose distribution in these regions is uniform15. The NTCP results obtained in this study are in 
agreement with the findings reported by Cahoon et al.15, supporting the consistency of our model predictions 
with previously published data. Furthermore, a comparison of the results of this study with previous studies15,49 
highlights the benefit of delivering SFRT using VMAT, which distributes the dose over a large volume and 
reduces the exposure of critical organs.

As most previous studies have indicated, using conventional treatment regimens following the completion 
of SFRT is essential for achieving optimal tumor eradication. This is made possible by the enhanced 
protection of tissues outside the GTV provided by SFRT, which not only preserves the feasibility of additional 
treatment strategies but also allows patients receiving follow-up radiotherapy to achieve superior therapeutic 
outcomes4,9,50,51.

The findings of this study align with previous research emphasizing the significance of bystander signaling in 
modulating tumor response to radiation14,15,23,24. In addition to bystander effects, other biological mechanisms 
may contribute to the complex response of tumors and normal tissues to SFRT. One such mechanism is 
radiation-induced immune modulation, which has been increasingly recognized as a relevant factor, particularly 
in the peritumoral regions receiving sublethal doses. Radiation can trigger immunogenic cell death, promote 
antigen presentation, and stimulate local and systemic immune responses, potentially enhancing tumor control. 
These immune-related effects, although not explicitly modeled in our study, may overlap with or even amplify 
bystander signaling pathways1,3,7,11. Future extensions of our modeling framework could incorporate immune 
dynamics to more comprehensively represent the multifaceted biological responses to SFRT.

Furthermore, the results are specific to the lung tumor model and VMAT-based SFRT plans used here; 
generalization to other tumor sites or spatial fractionation geometries (e.g., MBRT, MRT) remains uncertain. 

A prescribed dose of 15 Gy A prescribed dose of 20 Gy

VMAT-GRID 3D-LRT VMAT-GRID 3D-LRT

Organs Physical Biological Physical Biological Physical Biological Physical Biological

Right lung 0 0 0 5.40 × 10–17 0 0 5.55 × 10–16 5.67 × 10–16

Heart 2.15 × 10–3 2.20 × 10–3 2.14 × 10–3 2.20 × 10–3 2.15 × 10–3 2.22 × 10–3 2.16 × 10–3 2.25 × 10–3

Left lung 3.40 × 10–3 4.08 × 10–3 3.26 × 10–3 3.37 × 10–3 3.84 × 10–3 4.54 × 10–3 4.85 × 10–3 5.08 × 10–3

Spinal cord 2.59 × 10–5 2.67 × 10–5 3.19 × 10–5 3.31 × 10–5 3.71 × 10–5 3.95 × 10–5 4.31 × 10–5 4.45 × 10–5

Table 3.  NTCP Values (expressed as percentages) for physical and biological dose distributions.
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Variations in high-dose region size, spacing, and the spatial scale of dose modulation may significantly alter 
intercellular signaling dynamics19,46,52.

Given these uncertainties, before clinical implementation, rigorous biological validation, in vivo experimental 
studies, and parameter refinement are essential to ensure the reliability and generalizability of the proposed 
model.

Conclusion
This study highlights the pivotal role of bystander signaling in shaping both the dosimetric and biological 
outcomes of SFRT and reveals notable limitations of conventional models such as the LQ framework. The 
observed discrepancies between physical and biological dose metrics suggest that intercellular signaling may 
significantly influence treatment response, particularly in dose-escalated regimens and in scenarios with steep 
dose gradients, such as 3D-LRT. Notably, the findings indicate a relatively stronger impact of bystander effects 
in 3D-LRT compared to VMAT-GRID. However, these conclusions are hypothesis-generating rather than 
conclusive. Therefore, further experimental validation and refinement of biological parameters are essential 
steps toward enabling the clinical translation of these modeling insights.

Data availability
All relevant data are within the paper.
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