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Modeling radiation-induced DNA damage is essential for understanding the relative biological 
effectiveness (RBE) of ionizing radiation. This study presents a simplified framework using the density-
based spatial clustering of applications with noise (DBSCAN) algorithm and using simulated physical 
track structures to characterize DNA damage induced by 0.5–200 MeV protons. The model assumed 
that (i) energy deposition ≥ 17.5 eV induced DNA damage, (ii) at least two damage points within a 
distance ε formed a cluster, (iii) isolated damage points were treated as noises, and (iv) the cluster-
to-noise ratio corresponded to the double strand break (DSB)-to-single strand break (SSB) yield 
ratio. From the clustering output, a new beam quality metric called Quality of Beam (QoB; clusters 
per particle per µm) and its normalized form (clusters per keV of deposited energy) were defined. 
For protons, normalized QoB exhibited a strong linear correlation with DSB yields, enabling direct 
estimation of DSB and SSB yields using a single conversion factor. Applying the same framework 
and model parameters to carbon ions revealed a similar linear relationship between normalized 
QoB and DSB yields up to LET values of 200 keV µm⁻¹, beyond which the overkill effect emerged. 
The normalized QoB qualitatively reproduced RBE–LET trends and offered a biologically meaningful 
alternative to conventional metrics such as LET. Compared to full water radiolysis modeling, the 
DBSCAN framework was computationally efficient and provided a robust method for assessing ion 
beam quality and predicting DNA damage yields.
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Particle beam therapy using protons and carbon ions optimizes cancer treatment by utilizing the Bragg peak 
to target the tumor precisely while minimizing damage to surrounding healthy tissues. In clinical practice, the 
relative biological effectiveness (RBE) of protons, defined as the ratio of dose of a reference radiation to proton 
dose that produces the same biological effect, is commonly assumed to be 1.11, while the RBEs of carbon ions 
are based on biophysical models such as the local effect model (LEM)2 and the microdosimetric kinetic model 
(MKM)3. However, the variability in the RBE in proton therapy, especially at the distal region of the Bragg peak, 
has been observed in both cell experiments4 and clinical studies5, making it important to model the RBE more 
accurately, or using appropriate quantities for proton therapy optimization. In addition to physical dose (or 
constant RBE weighted dose) optimization, other beam qualities, such as, linear energy transfer (LET)6 and track 
ends7, have been introduced to reflect the biological effectiveness of protons. Also, in terms of RBE modeling, 
several approaches have been proposed, including phenomenological modeling8–10 and mechanistic modeling11. 
In particular, the latter approach aims to mimic the mechanisms of radiation-induced biological effects, starting 
from the spatial distribution of energy deposition at the atomic level to DNA damage induction and following 
biological processes. As such, modeling of radiation-induced DNA damage is usually the biological starting 
point for subsequent mechanistic modeling12.

Typically, DNA damage modeling involves Monte Calo track structure simulation to produce the spatial 
pattern of direct energy deposition and radiolytic species arising from all stages of water radiolysis (physical, 
physicochemical and chemical), commonly known as “radiation track structures”. Then, DNA damage is assumed 
based on the relative positions of direct energy deposition and free radicals to the DNA structure, as well as the 
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threshold of energy deposition and the probability of free radicals to induce damage12–14. This approach, despite 
nearly realistically mimicking DNA damage induction by ionizing radiation, is computationally expensive as it 
requires a comprehensive simulation of water radiolysis, as well as the search through radiation track structures 
and DNA structures at the atomic level. The other approach of DNA damage modeling is to simulate only 
the physical stage of water radiolysis and use cluster analysis to group energy deposition points into clusters. 
By relating the geometrical size of the cluster to the DNA structure, and assuming energy deposition criteria 
for DNA damage induction, the yields of single strand breaks (SSBs) and double strand breaks (DSBs) can 
be predicted without the need to simulate all three stages of water radiolysis and the detailed structure of the 
DNA15–19.

In data mining, cluster analysis is a method of grouping data from a large dataset that have the same 
characteristics into the same group and describing how they are linked. Clustering algorithms are, for example, 
hierarchical clustering algorithm (connectivity-based clustering)20, k-means method or Lloyd’s algorithm 
(centroid-based clustering)21,22, and density-based clustering algorithms, including the Clustering Large 
Applications based on RANdomized Search (CLARANS) algorithm23 and the Density Based Spatial Clustering 
of Applications with Noise (DBSCAN) algorithm24,25. Although traditional clustering algorithms, including 
k-means and hierarchical methods, are suitable for datasets with well-defined, compact clusters, they may 
struggle with irregular spatial patterns of energy deposition produced by ionizing radiation, which often involves 
clusters of arbitrary shapes and sizes along with noises representing energy deposition points that do not lead to 
biologically significant damage. DBSCAN presents a powerful tool specifically designed to identify clusters of 
arbitrary shapes and sizes while effectively filtering out noises24, making it attractive for analyzing radiation track 
structures for DNA damage modeling.

In the past, Francis et al.15 introduced the application of DBSCAN for the calculation of SSB and DSB yields 
induced by 0.5–50 MeV protons. They assumed the probability of DNA damage induction as a linear function 
of energy deposited in the sensitive volume and introduced adjustable parameters: one representing the ratio of 
the sensitive volume to the total medium’s volume of 16% and the other being the maximum distance for cluster 
formation of 3.2 nm. Later, Matsuya et al.18,19 applied the clustering analysis for estimating SSB and DSB yields 
from x-ray, electron and proton beams, assuming a maximum distance for cluster formation of 3.4 nm and using 
adjustable parameters kSSB and kDSB for fitting the model to experimental SSB and DSB yields, respectively.

Based on the promising results of prior DBSCAN approaches, we developed a simple DBSCAN model with a 
newly proposed beam quality metric, the normalized Quality of Beam (QoB), defined as the number of clusters 
per unit deposited energy, to derive a single conversion factor for calculating both DSB and SSB yields. In this 
work, we present the details of the model and its application to therapeutic proton beams in the energy range of 
0.5–200 MeV, comparing the results with experimental data and other simulation studies, and demonstrated the 
potential of normalized QoB to characterize proton beams through its correlation with DSB yields. In addition, 
we extended the same DBSCAN framework to carbon ions to assess its generalizability across ion species.

Methods
The flow diagram for this study is illustrated in Fig. 1 and detailed in the following sections.

Geant4-DNA simulation
Monoenergetic proton and carbon ion track structures were simulated in liquid water using Geant4-DNA Monte 
Carlo track structure toolkit version 11.126, following the workflow illustrated in Fig. 1. The simulations were 
performed for proton energies ranging from 0.5 to 200 MeV (corresponding to linear energy transfer (LET) from 
40.70 to 0.36 keV µm⁻¹, respectively), and carbon ion energies ranging from 2 to 100 MeV/n (corresponding 
to LET from 453.37 to 18.51 keV µm⁻¹, respectively). The LET larger than 10 keV µm⁻¹ was considered as high 
LET in this work.

Tables 1 and 2 summarize the simulation parameters for protons and carbon ions. The isotropic point sources 
were simulated with the starting point set at the center of a spherical water volume, defined as the working 
volume. The radius of the working volume was varied from 0.25 μm to 2.5 μm, and the number of simulated 
particle histories ranged from the order of 103 to 105, depending on the particle species and energy, to ensure 
sufficient statistics of energy deposition with a minimal change of particle energies inside the working volume. 
The Geant4-DNA physics constructor G4EmDNAPhysics_option4 was employed for physical interactions of 
protons and carbon ions with liquid water.

For each simulated particle history, the spatial coordinates and energy deposited at each interaction point in 
the physical stage of water radiolysis were recorded. This data was subsequently used for the clustering analysis 
explained in the next section. To validate the accuracy of the simulated track structures, LET and microdosimetric 
quantities27 of protons were calculated and compared with published data. Specifically, frequency-mean lineal 
energy (ȳF ) and dose-mean lineal energy (ȳD) were calculated in cylindrical targets with the length and 
diameter of 2 nm, mimicking a short segment of the DNA28.

DBSCAN algorithm and DNA damage calculation
Figure 2 illustrates the DBSCAN algorithm implemented in this work. For each particle energy, all simulated 
particle tracks were examined once by the clustering analysis using the following three key parameters:

•	  Energy deposition threshold (E thres), defined as the minimum energy required to induce a DNA strand break. 
The value of 17.5 eV was adopted from the publication of Nikjoo et al.29. Interaction points with energy dep-
osition below Ethres were not considered in the clustering analysis.

•	 Minimum Points (MinPts), defined as the minimum number of damage points to form a cluster within a given 
distance. MinPts of 2 was chosen based on the definition of a DSB as two closely spaced lesions.
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•	 Maximum distance for cluster formation (ε), defined as the maximum separation between two damage points 
to be considered a part of the same cluster. Isolated damage points were considered as noises.

The DBSCAN clustering analysis resulted in the number of clusters and noises. This information was used to 
calculate the following quantities:

•	    Cluster-to-noise (C/N) ratio, interpreted in this work as the ratio of DSB to SSB yield (DSB/SSB ratio). 
This interpretation was supported by previous studies, demonstrating a correlation between clustered energy 
deposition and induction of complex DNA damage30,31. Specifically, closely spaced energy deposition points 
within a DNA molecule increased the probability of two or more strand breaks occurring in close proximity, 
leading to DSB formation. Conversely, isolated energy depositions were more likely to induce single, isolated 
strand breaks, resulting in SSBs.

Proton energy (MeV)
Simulated proton 
histories

Simulated proton 
range (µm) LET (95% CI) (keV µm− 1) C/N ratio

QoB (95% CI) 
(particle− 1 μm− 1)

Normalized 
QoB (95% 
CI) (clusters keV− 1)

0.5 10,000 0.25 40.700 (40.579–40.823) 0.124 7.351 (7.243–7.459) 0.181 (0.178–0.183)

1 10,000 0.3835 25.994 (25.902–26.087) 0.096 4.183 (4.117–4.250) 0.161 (0.158–0.163)

2 10,000 0.6305 15.526 (15.455–15.596) 0.071 1.993 (1.957–2.030) 0.128 (0.126–0.131)

5 14,000 1 7.483 (7.444–7.522) 0.058 0.836 (0.820–0.852) 0.112 (0.110–0.114)

10 25,000 1 4.078 (4.057–4.100) 0.049 0.400 (0.391–0.408) 0.098 (0.096–0.100)

20 22,000 2 2.314 (2.299–2.328) 0.046 0.216 (0.211–0.221) 0.093 (0.091–0.095)

50 48,000 2 1.044 (1.037–1.051) 0.042 0.091 (0.089–0.093) 0.087 (0.085–0.089)

100 82,000 2 0.559 (0.556–0.563) 0.04 0.046 (0.045–0.048) 0.083 (0.081–0.085)

200 110,000 2.5 0.357 (0.355–0.360) 0.028 0.034 (0.033–0.035) 0.096 (0.093–0.098)

1* 50,000 0.3835 25.946 (25.905–25.988) 0.095 4.120 (4.091–4.150) 0.159 (0.158–0.160)

200* 500,000 2.5 0.357 (0.356–0.358) 0.028 0.034 (0.033–0.035) 0.096 (0.095–0.097)

Table 1.  Proton beam characteristics based on the Monte Carlo track structure simulation and the DBSCAN 
model presented in this work. 95% CI, 95% confidence intervals and QoB, Quality of Beam. *Consistency test 
by increasing the number of proton histories.

 

Fig. 1.  The comprehensive workflow diagram of this work.
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•	  Quality of Beam (QoB), defined as the average number of clusters formed per unit path length per particle. 
This metric provided a measure of the clustering potential of the beam and had the unit of particle− 1 μm− 1.

•	  Normalized QoB, calculated as the QoB divided by LET, thus normalizing the clustering density to energy 
deposited per unit path length. The normalized QoB had the unit of clusters keV− 1, enabling the comparison 
of beam qualities over different particle energies. 

For each particle species and energy, we treated every simulated particle history as an independent replicate. 
Uncertainties were calculated to reflect the stochastic variance from the finite number of particle histories rather 
than systematic effects from physics models or DBSCAN parameterization. For LET, we computed the track-
averaged value per history and summarized results with the sample mean. The 95% confidence interval (CI) of 
the LET was obtained based on the mean and its standard error using the normal approximation. This approach 
was considered appropriate due to the large number of histories involved. For QoB, we calculated the cluster 
yield per unit path length for each history and reported the mean with 95% CIs in the same manner as for 
LET. For normalized QoB, we formed the ratio per history (QoB divided by that history’s LET) to avoid bias 
from dividing two separate means. Then, these ratios were averaged over particle histories, and the 95% CI was 
derived from the mean and standard error of the per-history ratio. The C/N ratio was computed globally for 
each beam energy from the total number of clusters divided by the total number of noises, aggregated over all 
histories. Since the C/N ratio was a single global ratio rather than a per-history statistic, the statistical error and 
CI were not calculated.

For DNA damage modeling, we used the DSB/SSB ratios and the absolute DSB yields reported by Kundrát 
et al.13 to fine tune our model. First, we optimized the maximum distance for cluster formation (ε) so that the 
calculated C/N ratios reproduced the reported DSB/SSB ratios. We used the optimized ε value to calculate the 
normalized QoB and found that the normalized QoB exhibited a strong linear correlation with the published 
DSB yields. Thus, the slope of the linear fit served as a single conversion factor ( CF) for determination of the 
DSB yield, and by dividing the DSB yield by the C/N ratio, the SSB yield could be calculated, as follows

	 YDSB = Normalized QoB × CF� (1)

	
YSSB = Normalized QoB × 1

C/N
× CF� (2)

All DBSCAN calculations were performed using the scikit-learn machine learning library32 in Python 3.10.

Fig. 2.  Illustration of the DBSCAN algorithm implemented in this work.

 

Carbon ion energy 
(MeV/n) Simulated carbon histories

Simulated carbon range
(µm)

LET (95% CI)
(keV µm− 1) C/N ratio

QoB (95% CI) 
(particle− 1 μm− 1)

Normalized QoB 
(95% CI)
(clusters keV− 1)

2 1,200 1 453.37 (452.45–454.29) 0.385 154.214 (153.733–154.695) 0.340 (0.339–0.341)

3 1,400 1 352.58 (351.74–353.42) 0.381 135.417 (134.967–135.869) 0.384 (0.383–0.385)

4 1,800 1 285.64 (284.98–286.30) 0.366 115.241 (114.854–115.626) 0.403 (0.402–0.405)

6 2,400 1 205.71 (205.20–206.21) 0.326 84.368 (84.055–84.682) 0.410 (0.409–0.412)

8 3,000 1 159.91 (159.51–160.31) 0.291 63.825 (63.569–64.082) 0.399 (0.398–0.401)

15 5,000 1 92.09 (91.85–92.32) 0.210 31.544 (31.390–31.700) 0.343 (0.341–0.344)

25 7,500 1 58.99 (58.84–59.14) 0.159 16.920 (16.825–17.015) 0.287 (0.285–0.288)

50 13,000 1 32.98 (32.89–33.06) 0.111 7.277 (7.228–7.325) 0.221 (0.219–0.222)

80 18,000 1 22.06 (22.00–22.12) 0.089 4.101 (4.070–4.132) 0.186 (0.184–0.187)

100 22,000 1 18.51 (18.46–18.56) 0.081 3.169 (3.144–3.194) 0.171 (0.170–0.173)

Table 2.  Carbon ion beam characteristics based on the DBSCAN model presented in this work. 95% CI, 95% 
confidence intervals and QoB, Quality of Beam.
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After completing DNA damage modeling for protons, we applied the same DBSCAN framework to carbon 
ions to evaluate its generalizability. To maintain methodological consistency, we fixed the clustering parameters 
to those validated for protons (Ethres = 17.5 eV, MinPts = 2, and ε = 2.1 nm).

Code availability
The custom codes for Geant4-DNA particle track simulation and the Python-based DBSCAN analysis are 
available via GitHub at https://github.com/radsimbio/DBSCAN. To ensure stability, the specific version used in 
this study is permanently archived on Zenodo at https://doi.org/10.5281/zenodo.18364916.

Results
Validation of simulated proton track structures
The accuracy of the simulated proton track structures was assessed by comparing the calculated LET and 
microdosimetric quantities with published data. Figure 3 shows the comparison of simulated LET, frequency-
mean lineal energy ȳF , and dose-mean lineal energy ȳD  with those obtained from the PSTAR database for LET33 
and the simulations of Liamsuwan et al. for microdosimetric quantities34. Our results agreed generally well with 
the published data, indicating accurate generation of proton energy deposition patterns. The largest discrepancy 
observed was 23% for relatively low LET protons.

  

DNA damage yields
Figure 4a compares the best fit of the calculated C/N ratios with the DSB/SSB ratios reported by Kundrát et 
al.13. To determine the optimal maximum distance for cluster formation (ε), we systematically varied ε from 1.0 
nm to 10.0 nm. At smaller ε values (e.g., 1.0 nm), the calculated C/N ratios showed pronounced discrepancies 
compared with the reference DSB/SSB ratios, while larger ε values (approaching 10.0 nm) tended to overestimate 
clustering. The best agreement was obtained at ε = 2.1 nm. This value was subsequently used for calculating the 
normalized QoB.

Figure 4b shows the linear relationship between the normalized QoB (calculated with ε= 2.1 nm) and the 
DSB yields reported by Kundrát et al.13, with a high correlation coefficient (R2 = 0.997). The slope of the linear 
fit was (1.1498 ± 0.019)×10− 10 keV Gy− 1 Da− 1, which was subsequently used as a conversion factor to calculate 
absolute DSB and SSB yields, as described by Eqs. (1)-(2).

When compared with other simulations15,19,35,36, a consistent linear correlation was observed between 
normalized QoB and DSB yields (R² > 0.930). However, variation in the absolute DSB yield values reported 
by those studies led to differences in the slope of the linear fits, ranging from (0.7678 ± 0.123)×10⁻¹⁰ keV Gy− 1 
Da− 1for Mokari et al.36 to (2.8012 ± 0.220)×10⁻¹⁰ keV Gy− 1 Da− 1for Matsuya et al.19.

  
The resulting SSB and DSB yields are shown in Fig. 5, compared with those obtained from the experimental 

data and other simulations (both detailed simulations including all stages of water radiolysis and clustering 
analyses)19,35,37–43. In this figure, most of the experimental data used different types of cell lines39–43. Only Fulford 
et al.38 and Leloup et al.37 used plasmid DNA as the targets. The detailed simulations shown for comparison were 

Fig. 3.  Comparison of the calculated LET, frequency-mean lineal energy ȳF , and dose-mean lineal energy ȳD  
with those obtained from the PSTAR database33 and Liamsuwan et al.34.
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also based on different cell lines or targets, i.e. the simulations of Friedland et al.35 were for human fibroblasts, 
Kundrát et al.13 for human lymphocytes, and Mokari et al.36 for 216 bp B-DNA. The simulations of Francis et 
al.15 and Matsuya et al.19 were based on clustering analyses mentioned earlier in the Introduction. As expected, 
both our calculated SSB and DSB yields agreed well with the simulation of Kundrát et al.13, which were used 
to fine tune the model. A notable exception was seen at 200 MeV, where our result showed an increase in the 
SSB and DSB yields, similar to the experimental results of Leloup et al.37. The discrepancies observed between 
the different simulations and experimental data were likely due to the different cell lines or targets used for the 
simulations and measurements.

  

Fig. 5.  Comparison of the single strand break (SSB) yields (a) and the double strand break (DSB) yields (b) 
obtained in this work and those published in the literature19,35,37–43. The symbols without connecting lines are 
experimental data.

 

Fig. 4.  Comparison of the calculated C/N ratios with the DSB/SSB ratios obtained from the detailed DNA 
damage simulation of Kundrát et al.13 (a) and the relationship between normalized Quality of Beam (QoB) 
(using 2.1 nm as the optimal value of the maximum cluster radius, ε) and simulated DSB yields reported by 
different investigators15,19,35,36 (b).
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Proton beam qualities
Table 1 summarizes the proton beam characteristics obtained from the Monte Carlo track structure simulation 
and the DBSCAN model, including the LET, the C/N ratios, the Quality of Beam (QoB), and the normalized 
QoB. All these quantities generally decreased with the increasing proton energy, reflecting the decreasing 
density of energy deposition points. The exception was seen for the normalized QoB at 100–200 MeV, where 
the normalized QoB increased as the proton energy increased, similar to the increase of the SSB and DSB yields 
shown in Fig. 5.

The relationship between the newly proposed beam quality, the normalized QoB, with the commonly used 
beam quality, the LET, is shown in Fig. 6. From this plot, we found a non-linear relationship between both beam 
qualities. Again, the increase in the normalized QoB at the lowest LET proton (200 MeV protons) was observed 
in accordance with the increase in the SSB and DSB yields for protons of this energy.

Carbon ions beam qualities
Table 2 summarizes the characteristics of carbon ions obtained from the Monte Carlo track structure simulation 
and the same DBSCAN framework used for protons. As the carbon ion energy decreased, the LET increased 
markedly from 18.51 to 453.37 keV µm⁻¹, and the QoB rose monotonically with the LET from 3.17 to 154.21 
particle⁻¹ µm⁻¹. In contrast, the normalized QoB exhibited a non-monotonic relationship with the LET, 
namely, it increased with the LET, reached a maximum near 200 keV µm⁻¹, and declined at higher LET values 
(> 200 keV µm⁻¹), as shown in Fig. 8. The C/N ratio also increased with the LET, reflecting enhanced clustering 
at lower energies. Collectively, these findings indicated that while the QoB (absolute cluster yield per unit track 
length) scaled positively with the LET, the normalized QoB (cluster yield per unit deposited energy) peaked at 
intermediate LET values, indicating an optimal energy deposition range for cluster formation.

Figure 7a compares the calculated C/N ratios (calculated with ε= 2.1 nm) for carbon ions with the simulated 
results of Kundrát et al.13. The calculated C/N ratios systematically exceeded the reference DSB/SSB ratios across 
all simulated carbon ion energies, indicating an overestimation of clustering with the current parameterization 
optimized for protons. Figure 7b plots the normalized QoB (calculated with ε= 2.1 nm) against the simulated 
DSB yield reported by Kundrát et al.13. A strong linear association was observed for LET values from 18.5 to 
160 keV µm⁻¹ (R² = 0.999), above which the relationship deviated from linearity with the graph turning point at 
~ 200 keV µm⁻¹. In the linear regime (up to 160 keV µm⁻¹), the fitting function was y = 6.816 × 10− 12 + (4.357 
± 0.025)×10− 11 x, with the slope shallower than that for protons of (1.1498 ± 0.019)×10− 10 keV Gy− 1 Da− 1, as 
shown in Fig. 4b.

  
Figure 8 shows the normalized QoB–LET relationship for both protons and carbon ions. As shown previously 

in Fig. 6, protons exhibited a non-linear but monotonic rise in normalized QoB with LET, including a slight 
increase at the lowest-LET condition (200 MeV protons), consistent with the accompanying increase in SSB 
and DSB yields. In contrast, carbon ions displayed a steeper, non-monotonic trend with LET. For carbon ions, 
normalized QoB increased rapidly with LET, reached a maximum near ~ 200 keV µm⁻¹, and declined at higher 
LET. At the same LET values above approximately 10 keV µm⁻¹, carbon ions yielded a higher normalized QoB.

RBE against LET was also plotted in Fig. 8. The RBE values were obtained from the experimental data of 
V79 cells at the 10% survival of Sørensen et al.44. The ordinate values for RBE were an order of magnitude 
higher than that of normalized QoB. Interestingly, the two datasets shared a similar shape: an initial rise, a broad 

Fig. 6.  The relationship between the LET and the normalized QoB for protons. The inset shows the zoomed-in 
view for the LET values not exceeding 5 keV µm⁻¹.
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maximum around 100–300 keV µm⁻¹, and a decline at higher LET. This qualitative agreement suggested that the 
normalized QoB captured track structure features that covaried with the RBE.

  

Discussion
The simulated proton track structures in this study were validated by comparing the calculated LET and 
microdosimetric quantities with the published data (Fig. 3), supporting the accuracy of the Geant4-DNA toolkit 
for simulating proton energy deposition patterns in liquid water. However, a notable discrepancy of up to 23% 
was observed in the LET values for low LET protons, particularly in the energy range of 50 to 200 MeV. This 
discrepancy could be attributed, at least in part, to the choice of the water sphere diameter used in our simulation. 
The water sphere radius (0.25–2.5 μm) employed as the scoring volume in this study were chosen to potentially 
include all secondary electrons generated by the primary particles. For high energy (low LET) protons, energetic 
secondary electrons could be produced, which could travel further beyond the water sphere volume. Although 
a larger water sphere would have improved the LET accuracy for relatively low LET protons, the computational 
time would have been largely increased for the clustering process. For example, increasing the radius of the 
working volume to 25 μm resulted in a 9.5% increase in LET for 200 MeV protons, while the computational time 
rose by an order of magnitude (data not shown). To balance LET accuracy with computational feasibility, we 
limited the radius of the water sphere to 2.5 μm for proton energies above 20 MeV.

As expected, the proton-induced DSB and SSB yields calculated in this study (Fig. 5) were generally consistent 
with the detailed simulations by Kundrát et al.13, particularly at proton energies below 200 MeV. The overall 
trends in DNA damage yields also qualitatively aligned with other detailed simulation studies, suggesting that 
our simplified approach effectively captured the key features of proton-induced DNA damage.

The observed increase in SSB and DSB yields at 200 MeV may reflect statistical fluctuations in the track 
density and cluster formation at high energies, where energy deposition events were more sparsely distributed. 
To assess statistical convergence, we increased the number of proton histories by ca. fivefold for 1 and 200 MeV 
protons. The resulting LET, QoB, and normalized QoB values remained within the 95% confidence intervals 
of the original simulations, as shown in Table 1. Furthermore, the Monte track structure simulations included 
over 10 million interaction points for each proton energy and more than 50 million for each carbon ion energy, 
providing a statistically robust foundation for the DBSCAN analysis.

It is to note that the agreement between simulations and experimental data depended also on cell lines or 
targets of interest. As shown in Fig. 5, even using the same suite of simulation codes, i.e. PARTRAC, the results 
of Friedland et al.35. for human fibroblasts and Kundrát et al.13 for human lymphocytes differed significantly 
from each other. While our DSB yields were generally lower than those observed in plasmid DNA experiments 
and slightly higher than those in cell line experiments, these differences could be mitigated by adjusting the 
empirically derived conversion factor. A slightly higher conversion factor would bring our results to closer 
agreement to the plasmid DNA data, while a slightly lower factor would improve the agreement with other 
cell line experiments. Our model may not give the ultimate solution for DNA damage modeling as the model 
parameters need to be adjusted to suit cell lines or targets of interest. Nevertheless, the proposed framework 
of how to calculate SSB and DSB yields based on direct energy deposition of radiation beams and the linear 

Fig. 7.  Comparison of the calculated C/N ratios (ε = 2.1 nm) (symbols) with the DSB/SSB ratios obtained 
from the simulation of Kundrát et al.13 (the dashed line) for carbon ions (a), and the relationship between the 
normalized Quality of Beam (QoB) and the DSB yields reported by Kundrát et al.13 for carbon ions (b). The 
solid red line in the panel (b) is the trend line obtained from linear fit.
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relationship between the normalized QoB and DSB yields found in this work provided a simple method to 
calculate radiation-induced SSB and DSB yields.

It is important to note that our clustering approach differed from previous studies using DBSCAN to analyze 
DNA damage. Francis et al.15 and Bernal et al.16 used the maximum distance for cluster formation (ε) of 3.2 nm 
and 3.3 nm, respectively, combined with a fixed probability for interaction points to fall within a sensitive region 
(0.16 in Francis et al.15 and 0.2 in Bernal et al.16) and a variable probability for energy deposition to induce 
damage. Matsuya et al.18,19 used 3.4 nm as the value of ε and did not assign energy deposition threshold for 
damage induction, but used individual conversion factors, kSSB and kDSB, to convert the number of clusters 
or noises per energy deposited to the DSB and SSB yields, respectively. From these publications, the value of ε in 
the range of 3.2–3.4 nm was assumed to follow the commonly accepted definition of a DSB to be two breaks on 
the opposite strands with the distance not exceeding 10 base pairs (equivalent to 3.4 nm). However, since each 
DBSCAN model did not consider damages induced by free radicals (indirect effect) explicitly, each model had 
to use other model parameters to fine tune the model to experimental data, i.e. the probability for interaction 
points to fall within a sensitive region as used by Francis et al.15 and Bernal et al.16, and the factors kSSB and 
kDSB as used by Matsuya et al.18,19.

In our modeling approach, we obtained an optimal value of ε to be 2.1 nm, comparable to the DNA diameter, 
and assumed that every interaction point with energy deposition of at least 17.5 eV caused DNA damage. The 
parameter ε should be interpreted as an effective clustering radius that accounted for both direct and indirect 
effects within this simplified framework, rather than representing the physical migration distance of reactive 
species. This interpretation was supported by the fact that only direct energy deposition during the physical stage 
of water radiolysis was considered, without explicit modeling of chemical reactions or diffusion processes. The 
proximity of ε to the DNA diameter suggested that clustering at this scale was sufficient to reproduce observed 
DSB/SSB ratios, while implicitly incorporating the contribution of indirect effects into a unified parameter. 
Using this ε value, the normalized QoB consistently demonstrated a strong linear correlation with DSB yields 
reported in multiple simulation datasets (Fig. 4b), supporting its reliability for modeling DNA damage clustering 
induced by protons.

Fig. 8.  The relationship of the normalized Quality of Beam (QoB) for protons and carbon ions (left ordinate) 
and the experimental relative biological effectiveness (RBE) for V79 cells at the 10% survival44 (right ordinate) 
against the linear energy transfer (LET).
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Another key consideration in DNA damage modeling was the energy deposition threshold required 
to induce damage. The fixed threshold of 17.5 eV used in this study may differ from models that employed 
energy-dependent probabilities for damage induction 14,35. Nevertheless, this value has been validated against 
experimental data 45,46, and, as demonstrated in this work, provided a robust basis for evaluating DNA damage 
and beam quality within the DBSCAN clustering framework.

Also, the assumption that the cluster-to-noise (C/N) ratio directly corresponded to the DSB/SSB ratio, 
despite being relatively simplified, provided a valuable means of connecting the spatial clustering of energy 
deposition to the type of DNA damage. Not only that, the linear relationship between normalized QoB and DSB 
yields enabled us to calculate SSB and DSB yields using a single conversion factor. This simplification allowed 
for a more streamlined calculation while still capturing the essential relationship between energy deposition 
clustering and DNA damage induction.

Another interesting point of the proposed modeling approach was that it introduced the Quality of Beam 
(QoB), defined as the average number of clusters per proton per µm, which exhibited a dependence on proton 
energy, and thus LET (Table  1). Furthermore, the normalized QoB emerged as a promising tool for proton 
beam quality assessment as it was linearly correlated with DSB yields (Fig. 4b), in contrast to the non-linear 
relationship between the LET and DSB yields implied by Fig. 6.

To assess the generalizability of the DBSCAN framework, we applied the same clustering parameters 
optimized for protons (Ethres = 17.5 eV, MinPts = 2, and ε = 2.1 nm) to carbon ions. For carbon ions, the QoB 
increased monotonically with LET, while the normalized QoB peaked around 200 keV µm⁻¹ and declined at 
higher LET values (Table 2 and Fig. 8). Although a strong linear relationship between normalized QoB and 
DSB yields was still observed in the LET range of 18.5–160 keV µm⁻¹ (Fig. 7b), the slope of this relationship 
was ca. 2.5 times lower than that observed for protons. Additionally, the calculated C/N ratios for carbon ions 
consistently exceeded the reported DSB/SSB ratios (Fig. 7a), indicating that the proton-based parameterization 
overestimated clustering for carbon ions and limited the accuracy of SSB yield predictions. These findings 
indicated that DBSCAN parameters optimized for protons could not be directly applied to carbon ions. Instead, 
ion-specific model parameters, such as, ε, Ethres, MinPts, and other tuning parameters, would be required to 
accurately model DNA damage induced by heavy ions. Nevertheless, the strong linear correlation between 
normalized QoB and DSB yields observed for carbon ions with LET below 200 keV µm⁻¹ (Fig. 7b) suggested 
that within this LET range, the current DBSCAN framework may still provide reasonable estimates of DNA 
damage clustering.

A notable feature observed in the carbon ion data was the distinct peak in normalized QoB near 200 keV 
µm⁻¹, reflecting the overkill effect, an aspect not captured by LET alone. At very high LET, excess energy was 
deposited in regions already containing damage, causing new ionizations to merge with existing clusters rather 
than forming new ones. Consequently, the number of clusters per unit deposited energy (normalized QoB) 
decreased with increasing LET. The shape of the normalized QoB-LET curve (Fig. 8) effectively captured this 
overkill behavior, indicating that normalized QoB could reveal meaningful physical and biological characteristics 
of ion tracks beyond what LET could convey.

Furthermore, the normalized QoB-LET curve for both protons and carbon ions exhibited a pattern similar 
to published RBE–LET data for V79 cells at the 10% survival (Fig. 8). For a given LET, normalized QoB values 
were lower than RBE values by approximately a factor of 10. This consistent offset suggested that normalized 
QoB may serve as a more biologically relevant indicator of radiation effectiveness than LET alone as it captured 
key features of DNA damage clustering that correlated with biological outcomes.

In terms of computational efficiency, the DBSCAN-based DNA damage modeling relied solely on the 
physical stage of water radiolysis, resulting in simulation times approximately 2–10 times shorter than those 
required for full three-stage radiolysis modeling, depending on the particle pathlength. In addition to speed, 
normalized QoB offered advantages over conventional metrics such as LET, as it captured the spatial clustering 
of energy deposition events at the nanometer scale rather than compressing track structure into a single average 
value. This spatial sensitivity explained the stronger and more consistent correlation between normalized QoB 
and DSB yields, and its ability to reproduce the overkill effect observed at high LET, while LET alone cannot 
adequately represent.

Several limitations of this study should be acknowledged. First, the analysis was restricted to protons and 
carbon ions. Within the current DBSCAN framework and parameter settings, normalized QoB showed a linear 
correlation with DSB yields in the absence of the overkill effect, and qualitatively matched RBE trends over the 
full LET range for both ion types. However, accurate prediction of absolute SSB and DSB yields required ion-
specific DBSCAN parameters. Further validation with additional particle species will be necessary to strengthen 
the generalizability of this approach.

Second, each DBSCAN-identified cluster was assumed to represent a single DSB, regardless of its complexity. 
While this may be a reasonable approximation for protons, complex lesions are more frequent at high LET 
and are associated with slower repair kinetics, potentially contribute to increased RBE47. A modified DBSCAN 
model that incorporates damage complexity should be explored for integration with subsequent repair kinetic 
modeling.

Finally, although the current DBSCAN framework may lose accuracy in predicting absolute DNA damage 
yield at very high LET (Fig. 7a), and comparisons with retrospective datasets should be interpreted with caution 
(Fig.  5), normalized QoB derived solely from physical track structures demonstrated biological relevance 
(Fig. 8). Future studies should investigate its relationship with RBE for various biological endpoints, cell lines, 
and ion species to further establish its utility.
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Conclusions
This study presents a simplified framework for characterizing early DNA damage induced by 0.5–200  MeV 
protons using Monte Carlo simulated physical track structures and a DBSCAN clustering model. The 
generalizability of the framework was evaluated using carbon ions, representing high LET radiation. The model 
employed a fixed energy deposition threshold of 17.5 eV for damage induction and equated the cluster-to-noise 
ratio for protons to the DSB/SSB ratio. The minimum clustering radius (ε) was optimized based on proton data, 
and a new beam quality metric, the normalized Quality of Beam (QoB), was introduced. Normalized QoB 
showed a strong linear correlation with DSB yields for protons and for carbon ions with LET below 200 keV 
µm− 1. This newly introduced beam quality metric successfully reproduced the trend of RBE across the full LET 
range, including the overkill effect. For protons, the DBSCAN framework enabled direct estimation of DSB and 
SSB yields using normalized QoB and a single conversion factor. For heavier ions, ion-specific parameters are 
required to ensure accurate predictions of absolute DNA damage yields. Nonetheless, normalized QoB offered a 
more biologically meaningful measure of radiation quality than conventional metrics such as LET.

Data availability
The datasets generated during and/or analysed during the current study are available from the corresponding 
author upon reasonable request.
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