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Abstract 

Purpose: Monte Carlo (MC) dose calculation is generally superior to analytical dose calculation (ADC) 
used in commercial TPS to model the dose distribution especially for heterogeneous sites, such as 
lung and head/neck patients. The purpose of this study is to provide a validated, fast and open-
source MC code, MCsquare, to assess the impact of approximations in ADC on clinical pencil beam 
scanning (PBS) plans covering various sites.  
 
Methods: First, MCsquare was validated using tissue-mimicking IROC lung phantom measurements 
as well as benchmarked with the general-purpose Monte Carlo TOPAS for patient dose calculation. 
Then a comparative analysis between MCsquare and ADC were performed for a total of 50 patients 
with 10 patients per site (including liver, pelvis, brain, head-and-neck and lung). Differences among 
TOPAS, MCsquare and ADC were evaluated using four dosimetric indices based on the dose-volume 
histogram (target Dmean, D95, homogeneity index, V95), a 3D gamma-index analysis (using 3 %/3 
mm criteria), and estimations of tumor control probability (TCP).  
 
Results: Comparison between MCsquare and TOPAS showed less than 1.8 % difference for all of the 
dosimetric indices/TCP values and resulted in a 3D gamma index passing rate for voxels within the 
target in excess of 99 %. When comparing ADC and MCsquare, the variances of all the indices were 
found to increase as the degree of tissue heterogeneity increased. In the case of lung, the D95s for 
ADC were found to differ by as much as 6.5 % from the corresponding MCsquare statistic. The 
median gamma index passing rate for voxels within the target volume decreased from 99.3 % for 
liver to 75.8 % for lung. Resulting TCP differences can be large for lung (≤ 10.5 %) and head-and-neck 
(≤ 6.2 %), while smaller for brain, pelvis and liver (≤ 1.5 %).    
 
Conclusions: Given the differences found in the analysis, accurate dose calculation algorithms such 
as Monte Carlo simulations are needed for proton therapy, especially for disease sites with high 
heterogeneity, such as head-and-neck and lung. The establishment of MCsquare can facilitate 
patient plan reviews at any institution and can potentially provide unbiased comparison in clinical 
trials given its accuracy, speed and open source availability.  
 

Key Words: pencil beam scanning, proton therapy, Monte Carlo, fast Monte Carlo 

 

1. Introduction 

Dose calculation accuracy is essential to achieve optimal treatment plans for proton 

radiation therapy and to fully exploit its advantages over traditional photon therapy. Analytical 

dose calculations (ADCs) are typically used in commercial treatment planning systems (TPSs) for 

clinical practice because they can provide reasonable accuracy with high computational speed1-7. In 

ADC, proton fluence is predicted by using the water-equivalent thickness along the central path of a 

pencil beam and by assuming that the medium is laterally homogeneous.  However, these 

simplifications lead to inaccurate modeling of the Multiple Coulomb scattering (MCS) process and 

thus cause both dose distortion and range uncertainties, especially when protons propagate 

through bone-soft tissue, soft tissue-air, or bone-air interfaces in treatment sites such as brain, lung, 

and head/neck8-10. Furthermore, approximations in the modeling of elastic and inelastic nuclear 

interactions in ADC can also cause inaccurate dose distributions even in a homogeneous 

medium11,12.   
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To assess the dose inaccuracy issues in ADC, Monte Carlo (MC) dose calculations such as 

Geant413, MCNPX14, FLUKA15, and extension toolkits  like TOPAS16 and GATE17, based on Geant49,10,18-

21, have been widely used. However, the routine use of these general purpose MC codes in the clinic 

for post-planning dose verification or treatment planning is significantly hindered by their long 

computation time and their lack of availability in community hospitals. Therefore, various fast MC 

codes have been developed for proton therapy using different strategies in order to accelerate the 

computation speed while preserving the accuracy of a general purpose MC code. For instance, 

simplification of the physical models and optimization of the algorithmic implementation can 

substantially reduce the calculation time22,23. Fippel and Soukup11 introduced a simplified MC 

algorithm for voxelized geometries which had been previously applied to photons and electrons24, 

and Li et al25 developed a track-repeating algorithm based on pre-computed trajectories and 

interactions for various materials and energies. Some fast MC codes also increase computational 

efficiency by taking advantage of various modern parallel processing technologies26-29. Recently, 

commercial vendors have also released fast MC codes in their TPSs (e.g., Eclipse (Varian, Palo Alto, 

CA) and Raystation (Raysearch Lab, Stockholm, Sweden))30,31. These technological advances make 

fast MC calculation feasible for routine clinical use. However, the fast MC codes are confined to a 

few research institutions and limited to post-planning dose calculation. The MC based plan 

optimization32,33, such as that in Raystation, would be essential to remedy dose calculation issues.  

An in-house and open-source fast MC code, MCsquare28,34, which is optimized and dedicated 

to pencil beam scanning (PBS) proton therapy simulations in voxelized geometries, such as a CT 

image, was employed. An open-source collaboration, OpenReggui, has integrated both MCsquare-

based dose calculation and the planning tool MIROpt33 to make fast MC-based post-planning 

evaluation and planning available to community hospitals, and to provide an ideal tool for 

collaboration among institutions or potentially for centralized auditing IROC/ NRG35. MCsquare was 

previously benchmarked with Geant4 simulations and validated by measurements for simple 

homogeneous and heterogeneous phantom geometries28,36.  

The purpose of this study was first to validate MCsquare for use in a clinical environment, 

and then to use it to calculate representative patient treatment plans for different clinical sites in 

order to explore the impact of ADC limitations on treatment plan quality. Schuemann et al10 

evaluated the effect of approximations in clinical analytical calculations in TPS on dosimetric indices 

for different sites of patients but limited the study to passive scattering proton therapy using TOPAS. 

Yepes et al37 also reported a study for a large group of patients treated with intensity modulated 

proton therapy (IMPT) using their in-house fast track-repeating-based MC code but lacks analysis of 

the causes for the differences between Monte Carlo and TPS. In this study, we investigated the 

limitations of ADC with patients treated with single field uniform dose (SFUD) IMPT and explained 

the cause for the differences between open-source fast MCsquare, benchmarked with TOPAS, and 

ADC based on phantom measurements and patient case analysis as well.  

This work is divided into the following three sections: 1) validation of MCsquare against both 

TOPAS and measurement for an anthropomorphic left lung phantom, and post-planning dose 

calculation comparison with TOPAS for selected PBS patient treatment plans; 2) extraction of 

clinically relevant dosimetric indices from dose distributions calculated by ADC and MCsquare on a 

large patient cohort covering five clinical sites, and comparison of the values of these indices 
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between the two to assess the limitations of ADC; and 3) Specific patient examples analysis to better 

understand the physical causes for the differences between Monte Carlo dose calculation and ADC. 

 

2. Methods 

2.A Monte Carlo dose calculation 

The Geant4-based TOPAS toolkit16 has been extensively validated against measurements and 

widely used in all kinds of proton radiotherapy-related research8,38-42.  It also provides advanced 

features for source modeling, complex geometry management, patient CT DICOM image processing 

with user defined material composition and density calibration curves, as well as multi-threaded 

operations. Here we used TOPAS (Version 2.0 built on Geant4.10.1p02) as the gold standard and 

benchmark tool for MCsquare. The default physics list containing the Geant4 modules (tsem-

standard_opt3_WVI, g4h-phy_QGSP_BIC_HP, g4decay, g4ion-binarycascade, g4h-elastic_HP, and 

g4qstopping) in TOPAS was used in the simulation without modification.  

The fast MC code, MCsquare, used in this study, was described in detail previously28. In 

contrast to a general purpose MC code, MCsquare is dedicated to proton PBS simulations in a 

voxelized geometry in order to improve calculation performance. Moreover, its implementation is 

optimized to exploit both task and data parallelisms of modern processors. MCsquare simulates the 

proton interactions with a class-II condensed history algorithm. The Multiple Coulomb scattering 

model proposed by Rossi and Greisen43 was employed in MCsquare. Elastic and inelastic nuclear 

interactions are sampled from cross sections in the ICRU 63 report44. Heavy charged secondary 

particles are fully simulated by scaling proton stopping powers using the particle charge and mass, 

while electrons are locally absorbed and neutral particles are neglected. MCsquare is able to 

simulate 107 protons in less than a minute on a calculation server.  

To commission both MC algorithms, the source model was determined by parameterizing 

the proton distribution at the exit of the PBS nozzle21,45, which includes physics parameters such as 

the number of protons/MU and phase space parameters (beam size, angular divergence and energy 

spread). The major advantage of this method is that it does not require simulating the beam line or 

nozzle, significantly reducing computation time since there is no need to model and simulate particle 

transport through the nozzle. In order to recalculate complete patient treatment plans, an in-house 

tool based on Matlab was developed to convert the DICOM plan from a commercial TPS (Eclipse 13.7, 

Varian Medical Systems) into the phase space information for every single proton. Before importing 

patient DICOM files into TOPAS and MCsquare platforms, the CT values of structures such as the 

couch, patient bolus, and image artifacts were overwritten the same way as in the current clinical 

planning process. A method described by Schneider et al46 to convert from HU to human tissues 

(including elemental composition, weights and densities) was also implemented. The dose in the 

patient was scored as dose-to-water47 with the same resolution as the imported CT.  Both MCsquare 

and TOPAS run the treatment plan simulations on a LINUX-based workstation with 72 cores (Intel 

Xeon E5-2699 v3 Processor). 
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2.B Anthropomorphic lung phantom and patient data 

As MCsquare was previously benchmarked with Geant4 simulations and also validated by 

measurements for simple homogeneous and heterogeneous phantom geometries28,36, here the 

focus is on the validation of MCsquare in realistic clinical situations. First, an anthropomorphic left 

lung phantom48, made by the Imaging and Radiation Oncology Core (IROC) Houston Quality 

Assurance Center, was used to test the performance of different algorithms in a heterogeneous 

anatomy. We used the TPS to plan a treatment with two fields (left-right and anterior-posterior) 

using SFUD optimization method with a prescription dose to the PTV. The phantom irradiations were 

performed while the phantom was static (breath-hold approach). Within the left lung target insert, 

two thermoluminescent dosimeters (TLD, Thermo Fisher Scientific, Waltham, MA) and Gafchromic 

EBT3 films (Ashland, Dublin, OH) were used for absolute and planar dose measurements, 

respectively. The PBS plan, originally calculated with ADC, was recalculated with the commissioned 

TOPAS and MCsquare. The 3-dimensional dose distributions calculated with ADC and both MCs were 

submitted to IROC Houston to compare with film measurements over three cross-sectional views 

using a 2D gamma analysis49 test with 7 %/5 mm criteria. To successfully pass the test, gamma 

passing rates must be higher than 85 %, the threshold defined by IROC Houston. These criteria are 

established based on the uncertainty of the dosimetry system and recommendations from the NCI 

cooperative groups48. 

In the second part of this study, 50 patients treated with PBS proton therapy in our clinic, 

covering five different sites: liver, pelvis, brain, head-and-neck, and lung (10 patients per site) were 

selected. All the patient’s plans are optimized using conventional SFUD method following our clinical 

protocols. To account for random and systematic errors of patient setup, an additional margin is 

used to expand a CTV to a PTV. For lung and liver patients, the internal clinical target volume (iCTV) 

delineated by the union of CTVs on the corresponding eight-phase images of a 4DCT on average CT 

images was used instead. Each SFUD plan was then optimized to the planning target volume (PTV). 

The patient cohort is summarized in Table I, which indicates the range of prescription doses, target 

volumes, proton beam ranges, and modulation widths.  

 

2.C Analysis process 

From the patient cohort, the treatment plans of 20 patients (4 patients per site) were 

additionally recalculated using TOPAS and used as the reference to further validate the accuracy of 

MCsquare. Then all 50 patients’ dose distributions predicted by ADC were compared to the 

recalculation results of MCsquare to assess the limitation of ADC in clinical situations. For both 

validation and assessment, 3D gamma index analysis (using 3 %/3 mm criteria), dosimetric indices, 

and tumor control probability (TCP) based on the dose-volume histograms (DVHs) were investigated.  
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 After acquiring the 3D dose distributions, the following dosimetric indices and TCP values 

based on the DVHs of the target volume, specified either as the clinical target volume (CTV) or 

planning target volume (PTV), were used to compare the different algorithms: 

 Mean target dose: the dose averaged over all voxels in the target. 

 D95: the minimum dose that covers 95 % of the target volume. 

 Dose heterogeneity index (HI, D5-D95): the difference between the minimum dose that covers 

5 % and 95 % of the target volume. 

 V95: the percentage of the target volume covered by a dose that is at least 90 % of the 

prescription. 

 TCP: the tumor control probability calculated by an equivalent uniform dose (EUD)-based 

model50 to quantify the clinical impact. TCP parameters were set according to the 

recommended values10 (Table II). 

The 3D gamma index distribution applying global normalization was also calculated by using a 

fast Euclidean distance transform method as described in Chen et al51. We used 3 %/3 mm criteria 

for both the target and the whole patient, and only voxels with a dose larger than 10 % of the 

prescribed dose were considered. 2%/2mm criteria was also used to compare MCsquare and TOPAS 

for a more restrictive validation. 

Here a tissue heterogeneity index is proposed to facilitate the fast characterization of the level 

of longitudinal tissue heterogeneity for lung patients. In comparison to the heterogeneity index 

proposed by Soukup52 to quantify the level of lateral heterogeneity, our heterogeneity index is 

defined as 

  
 

 
         

 ，       

         
   

  

  

 
 , 

where N is the total number of voxels within the target volume, HU is the Hounsfield unit at each 

segmentation dz along the beam path from the patient surface, Ai, to the location of corresponding 

voxel, Bi. For the most part, H represents the average physical thickness of small density material, 

such as lung and air, which the proton beam traverses. H can be specified as the longitudinal tissue 

heterogeneity index.  

  

3. Results 

3.A Validation of MCsquare  

 Both Figure 1 and table III show that the MCsquare recalculation of the dose distribution in the 

anthropomorphic left lung phantom agrees well with both TOPAS simulation and measurements. 

Compared to MC calculations, ADC overestimated the output by 4 % and failed to agree with the 

IROC film measurement using the 7 %/5 mm gamma criteria. If MC calculations were used, the 

output would have agreed within 1 % of measurements. The gamma passing rate in the axial plane 
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dramatically improved from 66 % for ADC to over 93 % for MC dose calculations, while the sagittal 

and coronal plane agreements improved from below 85 % for ADC, to over 98 % for MC calculations. 

From the 1D dose profile in the lower row, we can find that MC simulation agrees better with 

measurements than ADC. A shift (~5mm) between measurements and MC simulation can be found 

at the ramp up region in the anterior-posterior profile. This could be because of CT uncertainty and 

setup error during measurements. As the statistical uncertainty inherent in MC calculations might 

potentially bias the gamma passing rate of MC as opposed to ADC53, the noise level of MC results 

was controlled to be below 1 % of the target dose—much smaller than the gamma criterion—to 

eliminate this concern.  

The example presented in Figure 2 is for one of the lung patients, with high heterogeneity.  

Good agreement can be seen between the MCsquare- and TOPAS-calculated dose distributions. The 

result of ADC calculation is also added for comparison. The upper-row panels demonstrate a color 

wash distribution in the cross and coronal plane for the dose differences in TOPAS-MCsquare and 

ADC-MCsquare. The 1D dose profiles along the anterior-posterior, left-right and inferior-superior 

direction are shown in the bottom. A gamma index accumulative volume histogram is plotted in the 

bottom right panel. The histogram shows almost identical dose distributions between MCsquare and 

TOPAS, with 97.8% and 99.1% for 2%/2mm and 3%/3mm gamma passing rate respectively. Similar to 

the findings from the lung phantom analysis, figure 2 also shows that ADC consistently predicts 

higher dose and sharper penumbra than MC dose calculation. This is  because the proton fluence 

along the central path of each pencil beam is predicted using the water-equivalent thickness along 

that beam path in ADC, and this will result in less lateral expansion of the spot than MC simulation 

where the divergent transportation of each particle in lung and air was simulated more accurately.  

All the dosimetric indices mentioned in section 2.3 were determined for both TOPAS- and 

MCsquare-calculated dose distributions for the target volumes of the 20 patient plans selected for 

validation purposes; also computed was the passing rate for gamma index analysis performed 

between the two dose distributions. The corresponding relative differences with reference to TOPAS 

were obtained and are summarized in Table IV. The mean dose, D95, HI index, V95 calculated by 

MCsquare for all patients are within ±1.3 % of the indices calculated by TOPAS, while and TCP indices 

are within ±1.8%. The gamma analysis (3%/3 mm) passing rate for all voxels in the treatment field 

receiving dose above the 10 % threshold exceeds 99.0 % for every patient, with a median value of 

99.9%. When only voxels within the target volume are considered, the passing rate has a median 

value of 100%.  With a more restrictive criteria 2%/2mm, the gamma passing rate is slightly 

decreased with the minimum 95.28% and 97.26% for the target and patient, respectively. The 

median value is still larger than 99%. The differences between MCsquare and TOPAS can therefore 

be considered as not being significant with respect to the studied indices and scenarios. 

3.B Assessment of ADC using MCsquare 

Figure 3 depicts all dosimetric index differences and gamma index passing rates when 

comparing MCsquare and ADC for the 50 patients. Each data point in figure 3 corresponds to one 

patient plan, and boxplots were used to present the descriptive statistics. Each box plot has three 

lines: the bottom one represents the 25th percentile, the middle one corresponds to the median and 

the top one represents the 75th percentile.  
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Generally, the difference in the mean dose, D95, HI index, V95, and TCP between MCsquare 

and ADC increases as the heterogeneity increases from liver, to pelvis, to brain, to head-and-neck, 

and to lung. The maximum difference for the D95, HI index, V95 and TCP can be found for lung 

patients , while all the dose-related parameters are within -2.4%~1.4% for liver and pelvis patients. 

The largest TCP difference can be seen in lung (up to -10.1 %), while the TCP difference for liver, 

pelvis and brain is less than 2%.   

The difference of the gamma index passing rate has a similar trend to the DVH-based indices, 

increasing as the heterogeneity increases, in general. 9 out of 10 liver, pelvis and brain patients have 

a gamma passing rate larger than 90% in both target and whole patient. The passing rate can be as 

low as 40 % for head-and-neck and lung patients. This can be explained by the results presented in 

the section 3.A, where ADC is seen to predict higher mean dose, while predicting a sharper 

penumbra compared to MCsquare. Lateral heterogeneity and range difference in the lung will also 

decrease the gamma index passing rate. 

 

3.C Patient examples 

The limited accuracy of ADC especially in lung patients has been widely reported8,10,37,48, and 

similar results were found in this study too. Figure 4 presents a series of 4 lung patients with 

different tumor locations and with different degrees of heterogeneity in the paths of the beams 

used to treat them. The per cent dose difference (ADC-MCsquare) distribution and DVHs for the 

target and lung are plotted. The first patient, who had a pneumonectomy, had nearly no lung tissue 

in the treatment field because fluid filled the chest cavity, and hence there is excellent dose 

agreement except for some cold and hot spot due to range difference presumably caused by 

inaccurate simulation of ADC at the heterogeneous distal region. The DVHs for this patient 

calculated by ADC are essentially identical to those calculated by MCsquare. From then on, we can 

see the increase of lung tissue in the beam path and also the increase in discrepancy between 

MCsquare and ADC in the both 2D dose distribution and DVHs. The fourth patient presents the lung 

case with the largest mean dose difference within the target (-4.3 %). This patient was treated with 

beams passing through an anterior bolus. The extra air gap between the bolus and patient further 

increases the heterogeneity index of the geometry. By comparing the dose difference in the lung, we 

can find that ADC generally predicts  lower dose in the periphery and conversely higher dose in the 

penumbra compared to MCsquare, leading to the tilt of the DVH curve of lung. This can be 

attributed to ADC’s underestimation of the scattering effect at tissue interfaces. In reality more 

protons would be scattered by a larger distance from the target and into the lung, as modeled in 

MCsquare.  

Figure 5 shows the gamma index passing rate of the treatment field of ADC plotted against 

the longitudinal tissue heterogeneity index (H). The data was fitted linearly and R2 value was 0.88. It 

is thus demonstrated that there is a correlation between the degree of heterogeneity in the beam 

path and the dose computation inaccuracy.  

Figure 6 shows the head-and-neck case and the brain case with the largest mean dose 

difference within the target of the 10 patients of each site (-3.4 % and -2.2 % respectively). For both 

cases, external devices (table-mounted variable pre-absorber for the head-and-neck case, patient-
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centered bolus for the brain case) were used to degrade the proton energies in order to treat these 

tumors located proximal to depths of 77 mm, which correspond to a proton range of 100 MeV in 

water, the minimum energy at the corresponding author’s proton center. The dose discrepancy can 

be found in the penumbra region for both cases, which is caused by the inability of ADC to accurately 

describe the effects of MCS, especially when an air gap between the patient and the external devices 

exists. It is also worth noting that the dose discrepancy on the surface of the head-and-neck patient 

is larger than the interior. This is because the posterior-oblique neck fields are almost tangential to 

the patient surface, and ADC cannot  properly model scattering at the air/tissue interface. MCsquare 

can obviously predict the amount of protons scattered out of the body more accurately than ADC. 

Contrary to the head-and-neck case, most protons will stop inside the patient for the brain case, 

though the mean dose of the target is overestimated and the penumbra issue still exists, albeit with 

smaller magnitude. The differences in range are presumably due to areas where the beam stops in 

either bone or air and cause the strip dose difference at the distal region of the fields.  

 

4. Discussion 

In this paper, we validated a fast and open-source MC code, MCsquare, using both 

measurements and TOPAS simulations in 20 patients. The analysis of dosimetric indices between the 

MCsquare and TOPAS  yielded good agreement with less than 1.8% difference. The gamma index 

analysis for the 3%/3mm criteria resulted in a passing rate above 99% for all patients. However, the 

gamma index passing rate for the 2%/2mm criteria becomes slightly lower than that for the 

3%/3mm criteria, but still larger than 95%. This could be because of the difference in nuclear model 

between TOPAS and MCsquare. Deviations up to 2% between MCsquare and Geant4 were reported 

for simple geometries28. Some slight differences in transverse dose profiles especially in the 

heterogeneous simulation are also reported in our previous study28, which can be explained by the 

simplified multiple Coulomb scattering model. The statistical uncertainties in dose in each voxel may 

be another factor impacting the accuracy of the comparison.  

After validation, MCsquare was applied to evaluate a 50 patient cohort covering the liver, 

brain, pelvis, head-and-neck, and lung disease sites to assess the deficiency of ADC and its impact on 

treatment plans. Schuemann et al 10 published results in a similar study for patients treated with 

passive scattering using TOPAS as a reference. Yepes et al reported the comparison results between 

MC dose calculation and TPS dose calculation for a large cohort of more than 500 patients37 treated 

with IMPT. Our results showed that ADC can predict the dose distribution well for most patients with 

relatively homogeneous anatomy, such as liver and brain patients. Large differences can be found 

for lung and head-and-neck plans which demonstrates the shortcomings of ADC for dose calculation 

in heterogeneity. Our results agree with both Yepes’ and Schuemann’s findings. All the treatment 

plans reported in our study are optimized with SFUD method, which is one limitation of our study. 

Multifield optimization (MFO) IMPT plans have been implemented in to clinical practice to explore 

the greatest benefit from proton therapy, although interfield gradients unique to MFO IMPT come 

with a high risk of dose degradation. The interfield gradients in the penumbra and distal fall-off 

position of MFO IMPT plans could potentially worsen the performance of ADC in heterogeneity as 

expected. Robust MFO optimization technique which is increasingly available in commercial TPS can 
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result in more reproducible dose distributions to account for setup errors  and range calibration 

uncertainties compared to conventional MFO plans. 

For those head-and-neck and lung patients, the ADC consistently predicts a higher mean 

dose to the target and sharper penumbra compare to MC dose calculation. Besides, dose difference, 

both cold and hot spots, can be also found at the distal fall-off region due to range differences. 

These dose discrepancy between ADC and MC algorithm are mainly caused by inaccurate modeling 

of MCS in heterogeneous geometry in the ADC. Soukup concentrates on the analysis of impact of the 

lateral heterogeneity in geometries on dose accuracy and proposed a heterogeneity index to 

quantify the level of lateral heterogeneity. The limitation of their index is that it doesn’t  consider 

the inaccurate modeling of protons’ scattering in the low-density lung/air following interacting with 

chest wall, which domains in lung patients. Based on a simple idea that the more lung/air thickness 

in the beam path will lead to larger difference between ADC and MC calculation, we proposed an 

approximate tissue heterogeneity index for the lung patients to quickly quantify the level of 

longitudinal heterogeneity for lung cases. The high degree of correlation between this heterogeneity 

index and the overall gamma passing rate between ADC- and MCsquare-calculated dose 

distributions highlights the impact that tissue/air interfaces along the beam path have on plan 

calculation accuracy. As our longitudinal heterogeneity index only considers the heterogeneity along 

the beam path, a combination of both longitudinal and Soukup’s  lateral tissue heterogeneity index 

could be a more appropriate index to represent the level of the heterogeneity of patients. A 

potential application of this index is that it can quickly quantify the level of heterogeneity, 

presumably predict how much we can benefit from using MC dose calculation and then decide 

whether MC algorithm is necessary or not with respect to different time consumption between ADC 

and MC algorithm. 

Besides of the anatomy heterogeneity of patient itself, external devices such as couch, range 

modulation devices (bolus, range shifter, and aperture, etc.) could also increase the heterogeneity of 

dose calculation and thus requires more accurate fast MC calculations. For example, in the author’s 

clinic, a patient-centered bolus and a table-mounted pre-absorber must be used in order to deliver 

PBS treatment plans using the IBA treatment delivery system whose lowest proton energy is 100 

MeV (range of 77 mm). A U-shaped head bolus is used to treat brain tumors (as shown in section 3.C 

patient examples) with better efficiency and plan quality54 than a range shifter (RS), which is far 

away from the patient in the dedicated nozzle on our fixed beam line. The advantage of these range-

degradation devices is that they can be put as close as possible to patients to mitigate the air gap, 

providing smaller spot size and higher plan quality. Although the air gap can be potentially limited by 

a movable RS implementation, there still could be large air gaps between the RS and the treatment 

couch for posterior oblique beams required for head-and-neck patients, which would degrade the 

plan quality. One other mitigation strategy, suggested by Titt et al55, used variable pre-absorbers.  

The Paul Scherrer Institute (PSI) has implemented such an approach using multiple 4 mm RS plates. 

Using such an approach can dramatically sharpen the penumbra for superficial tumors as they can 

be closer to the patients with minimal air gaps. However, such implementations would require 

commercial TPS vendors to release accurate dose calculation engines, such as fast MC codes. 

Otherwise, the current implementation of these external devices drawn as structures on the CT and 

calculated by the ADC in the TPS would increase the heterogeneity of the geometry and further 

increase the inaccuracy of ADC potentially.  
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Analytical algorithms are computationally efficient and commonly used in TPSs for dose 

calculation and treatment plan optimization. More accurate MC-based algorithms including fast MC 

algorithms are mainly used for post-planning dose verification. MC-based optimization is essential to 

overcome the impact of the limited accuracy of ADC on the treatment plan quality. Figure 7 presents 

the lung case, treated with two posterior oblique fields, which displayed the largest D95 difference 

between ADC and MCsquare shown in figure 3. For this case, we generated a new plan using the 

MCsquare-based optimizer, MIROpt33. From the DVH in the figure 7, it can be observed that the dose 

recalculated by MCsquare reflects significant degradation of D95 by 6.8 % and of the HI index by 6.0 % 

compared to what the ADC would indicate. In this case, treatment plans optimized based on MC 

beamlets provide better evaluation DVH than plans based on analytical beamlets.    

 The calculation time for MCsquare is just a small fraction of the corresponding time for 

TOPAS simulation, when using the same initial number of particles. In general, MCsquare is able to 

simulate 10 million protons in less than 1 minute, while TOPAS requires approximately 1 hour for the 

same number of protons simulated on the same workstation. In this study, 400 million initial protons 

were simulated per patient, leading to approximately 1 % of statistical uncertainty in the target 

region for the dose computed with the same resolution as CT images (typically 1 x 1 x 2.5 mm³). In 

real clinical applications, the statistical uncertainties of each voxel should be calculated during 

simulation, like using batch method56, to determine whether number of simulated histories is large 

enough to satisfy the uncertainty requirements.  The number of particles to be simulated, and 

therefore the computation time, can be further decreased if using a coarser dose resolution 

(typically 2.5 x 2.5 x 2.5 mm³) instead of the resolution of CT images. TOPAS’s parallel simulation 

capability was limited by memory size and this issue was resolved by more efficient use of memory 

in MCsquare. The high speed of MCsquare limits the time consumption of treatment planning using 

MIROpt to 40 mins for this lung case. Future works will aim at conducting investigation of MIROpt’s 

application on more patients and other treatment sites such as head-and-neck.  

 In addition to dose calculation, MCsquare is also able to compute LET distributions. Figure 8 

illustrates the dose and LET distributions computed by MCsquare for one of the brain cases. The 

method described by Cortés-Giraldo and Carabe57 is implemented in MCsquare to compute the 

dose-averaged LET (LETd). Due to the large angle scattering and secondary particles, the LETd 

distribution spread far away from the beam path. For this reason, high LETd values may be located in 

the very low dose regions, making the interpretation of the distribution very complex. Therefore, the 

dose-weighted LETd distribution, resulting from the voxel-wise multiplication of the dose and LETd 

distributon, is also presented in figure 8(c), from which we can find a significant part of the OAR is 

covered by high LET values because both proton beams are directed toward the brain stem. This 

illustration shows the importance of LET verification and Monte Carlo calculation during the 

treatment plan evaluation. 

 Implementation of MCsquare for dose calculation does not require specific demanding 

hardware. MCsquare is compatible with all current standard computers and operating systems. A 

plugin was implemented in the OpenReggui application in order to provide a graphical interface for 

MCsquare and to convert the DICOM files into the appropriate format. This plugin is released as 

open source with OpenReggui. Users are also encouraged to develop their own scripts to interface 

MCsquare with their TPS. As with every dose engine, a commissioning procedure is required to 

generate a beam model for MCsquare. We are currently developing a tool to automatically extract 
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the beam parameters from the commissioning measurement typically performed during the TPS 

commissioning. We are testing this tool for various proton therapy equipment, including IBA, Varian, 

and Hitachi machines. It will also be released as open source in the future. 

 

5. Conclusions 

  In this paper, the accuracy of a fast MC code, MCsquare, was validated by comparing its 

results with IROC lung phantom measurements and the results of TOPAS. The accuracy and time 

efficiency of MCsquare facilitated the assessment of the impact of ADC on the treatment quality of 

50 patients covering various sites. Agreement within 2 % of dosimetric indices was found for most 

liver and pelvis patients. Large dose differences for highly heterogeneous head-and-neck and lung 

cases can result in large TCP differences, up to 10 % for lung and up to 6 % for head-and-neck. Given 

the differences found in these analyses, validated fast MC dose calculations are recommended for 

routine treatment plan quality assurance, at least for the challenging sites like head-and-neck and 

lung, and fast MC dose calculation based optimization techniques are highly needed to further 

explore the potential advantage of proton therapy. The fully open source setting of MCsquare 

enables great flexibility and adaptability in a manner potentially suited for institution collaboration 

and centralized auditing. 
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Figures and caption list 

Figure 1:  Axial and sagittal view of the IROC proton lung phantom with field arrangement indicated. 

A: Anterior; L: Left; P: Posterior; R: Right; Sup: Superior; Inf: Inferior, with dose profile through the 

center of the planning target volume (PTV) in the left-right, posterior-anterior, and inferior-superior 

directions. Film measurements are shown in black, the ADC algorithm result in blue, TOPAS in red 

and MCsquare in cyan. The vertical dashed line represents the PTV which corresponds to the yellow 

contour on the CT images. 

Figure 2: Comparisons of ADC and MCsquare, and TOPAS and MCsquare for a lung treatment plan: 

dose difference (a)(b) (ADC-MCsquare) , (c)(d) (TOPAS-MCsquare) , line profile along (e) anterio-

posterior, (f) left-right and (g) superior-inferior direction, (h) accumulative volume histogram of their 

gamma index. The visible structure (red contour on the CT images) is iCTV.  

Figure 3: Summarized analysis of the dosimetric impact of ADC on treatment plan quality by 

comparison with MCsquare: (left) box plot of percentage difference (MCsquare-ADC) for 5 sites (liver, 

pelvis, brain, head-and-neck, and lung) for 5 dosimetric parameters of the target (mean dose, D95, 

D95-D5, V95, and TCP); (right) box plot of Gamma-index passing rate with 3 %/3 mm criteria for all 

patients including voxels in the target volume alone, and including all voxels in the patient with dose 

above the 10 % threshold. On each box, the central mark indicates the median, and the bottom and 

top edges of the box indicate the 25th and 75th percentiles, respectively. 

Figure 4: Dose comparison between MCsquare (dashed line) and ADC (solid line) for four consecutive 

representative lung cases with different heterogeneity: upper row: the dose difference (ADC-

MCsquare); lower row: corresponding DVHs for the internal clinical target volume (iCTV) and the 

selected organ (total lung and ipsilateral lung). 
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Figure 5: 3D gamma passing rate with 3 %/3 mm criteria of the treatment field between MCsquare 

and ADC for 10 lung patients versus the longitudinal tissue heterogeneity index (H). 

Figure 6: Dose comparison between MCsquare (dashed line) and ADC (solid line) for one selected 

head-and-neck and brain case with the largest mean dose difference within the target of the 10 

patients of each site: upper row: the dose difference (ADC-MCsquare); lower row: corresponding of 

DVHs for the clinical target volume (CTV: red contour) and the selected organ. 

Figure 7: A new treatment plan using MCsquare-based optimization: (left): 2D dose distribution on a 

selected axial plane; (right) DVH comparison between the original plan in the TPS calculated by ADC 

and MCsquare, and the new plan generated by the MCsquare-based optimizer MIROpt. 

Figure 8. The dose and LET distributions calculated by MCsquare for a brain case: (a) dose 

distribution in Gy; (b) dose-averaged LET (LETd) distribution in keV/µm; (c) dose-weighted LET 

distribution (voxel-wise multiplication of the dose and LET distributions) on a selected coronal plane. 

The red and yellow contours represent the brain stem and the target respectively.  

 

 

 

 

 

 

 

 

Tables 

Table I:  Summary of the treatment characteristics of the patient cohort 

Treatment site 
Number of 

patients 
 

Range of 

target 

volumes 

(cc) 

 

Range of 

prescription 

doses (Gy(RBE)) 

 

Range of 

beam 

ranges 

(mm) 

 

Range of 

modulation 

widths (mm) 

Liver 10  10-1133  45.0–67.5  134-289  44-201 

Pelvis 10  42-543  45.0-70.2  226-316  85-241 

Brain 10  6-299  40.0-66.6  100-280  36-202 

Head and neck 10  17-177  54.0-66.6  127-284  54-197 

Lung 10  46-230  50.0-66.6  176-273  64-148 
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Table II:  Parameters used in the TCP calculations for liver, brain, pelvis (prostate/rectum/anal), 

head-and-neck and lung tumors. 

Tumor sites α/β (Gy)  a  ν50  D50 (Gy) 

Liver 10  -10  1.20  53.00 

Brain 10  -10  0.75  27.04 

Prostate 2  -10  2.25  75.5 

Rectum/anal 10  -10  1.66  46.97 

Head-and-neck 10  -10  2.25  51.77 

Lung 10  -10  3.52  74.50 

Ɨ α/β = alpha-beta ratio; a is a unitless EUD model parameter that is specific to tumor of interest; D50 

and ν50 represent the dose needed for 50% tumor control and the slope of the response curve at that 

point, respectively.  

 

 

 

 

 

Table III: The gamma passing rate of ADC in Eclipse (TPS) and independent MC dose calculations 

(TOPAS and MCsquare) in comparison with film measurement embedded in the IROC 

anthropomorphic left lung phantom, and dose ratio of TLD measurements to 

ADC/TOPAS/MCsquare. 7 %/5 mm criteria were used in gamma comparison. 

 

 

 

 

 

 

 

 

 Film Plane (Gamma Index)  TLD 

 Axial  Coronal  Sagittal  Superior  Inferior 

ADC 66%  82%  83%  0.96  0.96 

TOPAS 93%  98%  99%  0.99  0.99 

MCsquare 96%  99%  98%  0.99  0.99 
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Table IV: Summary of the difference in dosimetric indices and of gamma index analysis between 

MCsquare and TOPAS using 3 %/3 mm and 2%/2mm criteria. 

 Dosimetric indices (MCsquare-TOPAS)  Gamma index (3%/3mm) Gamma index (2%/2mm) 

 Dmean(%) D95(%) HI(%) V95(%) TCP(%)  Target Patient Target Patient 

Median -0.17 -0.15 -0.45 0 -0.04  100 99.89 99.08 99.28 

Min~Max 
-

1.20~0.42 

-

1.00~0.39 

-

1.26~0.54 

-

0.85~0.90 

-

1.80~0.34 
 99.30~100 99.02~100 95.28~100 97.26~99.84 
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