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Abstract  

Purpose: Applying new treatments to real patients to verify therapeutic efficacy may induce 

various risks, such as critical adverse events. Additionally, there are ethical and financial issues 

in real-world randomized controlled trials (RCTs). This study aimed to develop mathematical 

models of time-variant tumor growth trajectories (TGTs) for in silico RCTs targeting patients with 

stage I non-small cell lung cancer (NSCLC) to optimize stereotactic body radiation therapy 

(SBRT).  

Methods: The basic idea of the in silico RCT was to evaluate the endpoint of progression-free 

survival (PFS) curves for the two regimens derived from TGTs for virtual patient data produced 

via mathematical models. TGT models with a relative number of tumor cells were proposed by 

integrating the Bertalanffy-Pütter (BP) model and linear quadratic model into tumor growth 

models. To validate the proposed models, we performed three RCTs, 30 Gy/1 fraction (Fr) versus 

60 Gy/3 Fr, 48 Gy/4 Fr versus 75 Gy/25 Fr, and 34 Gy/1 Fr versus 48 Gy/4 Fr.  



Results: The three in silico RCTs showed no statistically significant differences in PFS curves, 

which was similar to the results of three previous studies.  

Conclusions: The proposed mathematical models could be leveraged for in silico RCTs to 

optimize SBRT.  

 

Keywords: lung cancer, tumor growth trajectory, In silico simulations, radiation therapy, 

differential equations 
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Abstract  5 

Purpose: Applying new treatments to real patients to verify therapeutic efficacy may induce 6 

various risks, such as critical adverse events. Additionally, there are ethical and financial issues 7 

in real-world randomized controlled trials (RCTs). This study aimed to develop mathematical 8 

models of time-variant tumor growth trajectories (TGTs) for in silico RCTs targeting patients with 9 

stage I non-small cell lung cancer (NSCLC) to optimize stereotactic body radiation therapy 10 

(SBRT).  11 

Methods: The basic idea of the in silico RCT was to evaluate the endpoint of progression-free 12 

survival (PFS) curves for the two regimens derived from TGTs for virtual patient data produced 13 

via mathematical models. TGT models with a relative number of tumor cells were proposed by 14 

integrating the Bertalanffy-Pütter (BP) model and linear quadratic model into tumor growth 15 

models. To validate the proposed models, we performed three RCTs, 30 Gy/1 fraction (Fr) versus 16 

60 Gy/3 Fr, 48 Gy/4 Fr versus 75 Gy/25 Fr, and 34 Gy/1 Fr versus 48 Gy/4 Fr.  17 
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Results: The three in silico RCTs showed no statistically significant differences in PFS curves, 18 

which was similar to the results of three previous studies.  19 

Conclusions: The proposed mathematical models could be leveraged for in silico RCTs to 20 

optimize SBRT.  21 

 22 
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 26 

1. Introduction 27 

Lung cancer, the second most frequently diagnosed cancer worldwide [1], is categorized 28 

into two primary types: small-cell lung cancer and non-small cell lung cancer (NSCLC). NSCLC 29 

accounts for approximately 85% of all lung cancer cases [2]. Currently, stereotactic body radiation 30 

therapy (SBRT) is recommended for patients who are inoperable or refuse surgery, especially 31 

elderly people in an aging society [3, 4]. Optimizing the fractionated dose and number of fractions 32 

in SBRT is crucial for improving tumor control rates and reducing complication rates in normal 33 

tissues of patients with NSCLC [5, 6]. For this purpose, clinical trials such as RTOG trials for 34 

SBRT have been conducted to determine the optimum conditions (e.g., fractional dose and 35 

number of fractions) [7-9]. However, many institutions must be involved in multi-center research 36 

and require long periods of time, and many research grants (financial resources) are required for 37 

real-world clinical trials [8, 9], especially randomized controlled trials (RCTs) [7, 10].  38 

RCTs are considered the gold standard for generating high-quality clinical evidence [11], 39 

but personnel costs for patient enrollment, randomization, follow-up, data management, 40 

monitoring, and statistical analysis, should be secured [12]. In multi-center trials, additional 41 

efforts and expenses are needed for coordination and data harmonization across institutions. For 42 
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 4 

instance, industry-sponsored trials have reported average per-participant costs of approximately 43 

$36,500 [12]. In addition, applying new treatments to real patients to verify therapeutic efficacy 44 

may induce various risks, such as critical adverse events. These safety concerns, combined with 45 

ethical challenges specific to real-world RCTs, make their execution even more demanding [10].  46 

In silico RCTs have emerged as a promising alternative to traditional clinical trials due 47 

to their cost-effectiveness, scalability, and ethical advantages [13, 14]. These trials employ 48 

computer simulations with virtual patients to evaluate the efficacy and safety of medical 49 

interventions. They eliminate the need for enrolling human participants, thereby reducing the risk 50 

of adverse events and the burden of ethical and regulatory approvals. Moreover, in silico RCTs 51 

significantly reduce time and cost compared to conventional trials. The VICTRE study 52 

demonstrated that an in silico trial could be completed in approximately one-third the time and at 53 

a fraction of the cost of a comparable human trial, without compromising data quality [13]. 54 

Besides, in silico trials offer flexibility in design and allow for rapid hypothesis testing across 55 

diverse patient populations, which is particularly valuable for rare diseases or personalized 56 

medicine [14]. Therefore, virtual or in silico RCTs are the key to overcoming these issues. 57 

However, there are currently no mathematical models available for performing in silico RCTs in 58 

patients with stage I NSCLC to determine the optimum regimens of SBRT.  59 
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 5 

Therefore, this study aimed to develop mathematical models of time-variant tumor 60 

growth trajectories (TGTs) for in silico RCTs targeting patients with stage I NSCLC to optimize 61 

SBRT. TGT models can help us calculate progression-free survival (PFS) curves for in silico 62 

RCTs. The TGT models of this study focus on in silico RCTs for patients with stage I NSCLC for 63 

optimization of fractionated dose, the number of fractions, irradiation interval in SBRT. 64 

 65 

2. Materials and methods 66 

Figure 1 illustrates the overall workflow of this study. The tumor contours were delineated by 67 

radiation oncologists for calculation of tumor volumes. The number of tumor cells in each tumor 68 

was calculated as a reference value by multiplying the tumor volume by tumor cell density. TGT 69 

models (BP-based and Gompertz-based models) were constructed by optimizing the parameters 70 

of the models. The TGT models were evaluated with mean absolute percentage error (MAPE) and 71 

Spearman's correlation coefficient (SCC). In silico RCTs were simulated according to actual 72 

RCTs and a retrospective study with different fractionated doses and numbers of fractions. 73 

 74 

Figure 1 Overall workflow of this study (A) and tumor growth trajectory (TGT) models 75 
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for the three types of tumor cells (B).  76 

 77 

2.1 Patient data 78 

This retrospective study was performed with ethical approval from the Institutional 79 

Review Boards of our university hospital (approval number:22307-00). Given the retrospective 80 

study design, informed consent was obtained through an opt-out procedure, whereby patients 81 

were provided with the clear information and the opportunity to withdraw their data from the 82 

study. From 2004 to 2016, 17 patients were selected from 131 patients with stage I NSCLC who 83 

underwent SBRT according to the two criteria: (1) the availability of pretreatment planning CT 84 

images and at least two follow-up CT images, where lung tumors were clearly visible; (2) the 85 

SBRT for the patients was the first irradiation administered to the lung field. 4D CT imaging was 86 

not employed for the patients. The contours of the largest primary gross tumor volume (GTV) on 87 

pretreatment planning CT images were delineated as the regions of interest (ROI) in a treatment 88 

planning system (Eclipse version 15.1, Varian Medical System Inc., Palo Alto, CA, USA) based 89 

on a consensus between two radiation oncologists with 18 and 23 years of clinical experiences, 90 

respectively. GTV contours on follow-up CT images were delineated by a medical physicist with 91 

21 years of experiences and confirmed by the radiation oncologist (23 years of clinical 92 
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 7 

experiences). These 17 patients were then divided into seven patients for the training dataset and 93 

ten patients for the test dataset. Table S1 (Supplementary Tables) presents the demographic and 94 

clinical characteristics of the patients included in this study. All 17 patients received a prescribed 95 

total dose of 48 Gy in four fractions. Table S2 (Supplementary Tables) provides information on 96 

age, sex, lung cancer stage classification, histological classification, tumor appearance, recurrence 97 

patterns, and the number of follow-up CT images included in this study. The CT images used in 98 

this study were acquired using the following CT systems (Aquilion and Xvigor Laudator, Toshiba, 99 

Japan; Mx8000, Brilliance iCT and Brilliance 64, Philips, Netherlands; SOMATOM Volume 100 

Zoom, Siemens, Germany). From the 17 patients, 64 ROIs of primary tumors were extracted from 101 

17 planning CT images and 47 follow-up CT images to calculate the reference number of tumor 102 

cells. The ROI with in-plane pixel sizes of 0.390 - 0.977 mm and slice thicknesses of 2.0 - 3.0 103 

mm for the planning CT images were converted to binary images with an isovoxel size of 0.977 104 

mm using a shape-based interpolation method [15]. The ROI with in-plane pixel sizes of 0.390 - 105 

0.625 and slice thicknesses of 2.0 - 5.0 mm for the follow-up CT images were transformed in the 106 

same way as the planning CT images. This isotropic voxelization was performed using MATLAB 107 

2018a. 108 

 109 

2.2 Reference numbers of tumor cells obtained from CT images 110 
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The number of tumor cells in each tumor was calculated as a reference value by 111 

multiplying the tumor volume by tumor cell density. Tumor volume was calculated from the 112 

contours of the tumor region on the slices of a three-dimensional CT image. The tumor lesions on 113 

the CT images were displayed with a window width of 400 and level of 50 under mediastinal 114 

settings, and with a window width of 1500 and level of -600 under lung settings [16]. Finally, the 115 

reference total number of tumor cells, 𝑁𝑅𝑒𝑓(𝑡), was calculated by: 116 

𝑁𝑅𝑒𝑓(𝑡) = 𝑛𝑉𝑉𝑑,        (1) 117 

where 𝑛𝑉 is the number of voxels in the ROI, 𝑉 is the volume per voxel (cm³), and 𝑑 is the 118 

tumor cell density (/cm³). Tumor cell densities of 8.56 × 10⁷ (/cm³), 1.08 × 10⁸ (/cm³), and 9.68 × 119 

10⁷ (/cm³) were applied to patients with LUAD, LUSC, and other histological types, respectively, 120 

as identified from bronchoscopic biopsy [17]. The reference numbers of tumor cells, NRef, were 121 

normalized by the number of tumor cells obtained at the time of treatment planning CT acquisition 122 

for each patient. The relative numbers of tumor cells at all time points were utilized for 123 

constructing the TGT model. 124 

 125 

2.3 TGT models 126 
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 9 

We developed two TGT models based on the Bertalanffy-Pütter (BP) and Gompertz 127 

models by integrating the linear quadratic model [18] into both models. Figure S1 (Supplementary 128 

Figures) illustrates the overall workflow of the TGT generation. The lower panel of Figure 1B 129 

illustrates the conceptual diagram for tumor growth, consisting of three types of cells and tumor 130 

cells killed during SBRT. We hypothesized that tumor cells in patients with NSCLC are composed 131 

of three populations: sensitive cells, resistant cells, and persister cells to radiation, denoted by 132 

subscripts S, R, and P, respectively [19]. The resistant tumor cells are intrinsically resistant to 133 

radiation therapy, and they are capable of continuing the proliferation, which would be 134 

independent of radiation exposure [20]. Since we assume that the resistant tumor cells could have 135 

the property of resistance as well as response to radiation, the increasing and decreasing rates 136 

(𝑢𝑅 and 𝑣𝑅) were set in Eqs. (3) and (6) of Supplementary Document. Persister tumor cells could 137 

stay at the dormant state, but they may subsequently resume the proliferation by transitioning to 138 

resistant cells with an alteration probability due to irradiation [20]. Thus, the number of tumor 139 

cells 𝑁𝑇𝑜𝑡𝑎𝑙(𝑡) at a time of 𝑡 in NSCLC patients is calculated as the sum of the sensitive cells 140 

𝑁𝑆(𝑡), resistant cells 𝑁𝑅(𝑡), and persister cells 𝑁𝑃(𝑡): 141 

𝑁𝑇𝑜𝑡𝑎𝑙(𝑡) = 𝑁𝑆(𝑡) + 𝑁𝑅(𝑡) + 𝑁𝑃(𝑡).      (2) 142 

The initial numbers of tumor cells at the time of treatment planning CT image, 𝑁𝑆(𝑖𝑛𝑖𝑡𝑖𝑎𝑙) , 143 
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𝑁𝑅(𝑖𝑛𝑖𝑡𝑖𝑎𝑙), and 𝑁𝑃(𝑖𝑛𝑖𝑡𝑖𝑎𝑙), were defined as follows: 144 

𝑁𝑆(𝑖𝑛𝑖𝑡𝑖𝑎𝑙) = (1 − 𝑎 − 𝑏)𝑁𝑇𝑜𝑡𝑎𝑙(𝑖𝑛𝑖𝑡𝑖𝑎𝑙),     (3) 145 

𝑁𝑅(𝑖𝑛𝑖𝑡𝑖𝑎𝑙) = 𝑎𝑁𝑇𝑜𝑡𝑎𝑙(𝑖𝑛𝑖𝑡𝑖𝑎𝑙),      (4) 146 

and 147 

𝑁𝑃(𝑖𝑛𝑖𝑡𝑖𝑎𝑙) = 𝑏𝑁𝑇𝑜𝑡𝑎𝑙(𝑖𝑛𝑖𝑡𝑖𝑎𝑙),      (5) 148 

where 𝑎  and 𝑏  represent the initial proportions of resistant and persister cells, respectively. 149 

“𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒 𝑐𝑒𝑙𝑙 𝑟𝑎𝑡𝑖𝑜 (𝑆𝐶𝑅)” represents the predicted proportion of 𝑁𝑆 within 𝑁𝑇𝑜𝑡𝑎𝑙 and 150 

was calculated using the following equation: 151 

𝑆𝐶𝑅 = (1 − 𝑎 − 𝑏).        (6) 152 

In the TGT model, 𝑁𝑇𝑜𝑡𝑎𝑙(𝑡) , 𝑁𝑆(𝑡) , 𝑁𝑅(𝑡) , and 𝑁𝑃(𝑡)  were always expressed as 153 

relative tumor cell counts, obtained by dividing by their respective initial values 𝑁𝑇𝑜𝑡𝑎𝑙(𝑖𝑛𝑖𝑡𝑖𝑎𝑙), 154 

𝑁𝑆(𝑖𝑛𝑖𝑡𝑖𝑎𝑙), 𝑁𝑅(𝑖𝑛𝑖𝑡𝑖𝑎𝑙), and 𝑁𝑃(𝑖𝑛𝑖𝑡𝑖𝑎𝑙). The details of the BP-based- and Gompertz-based 155 

models are described in Supplementary Document.  156 

 157 

2.4 Optimization of parameters for prediction models 158 
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Twelve parameters in the BP-based models and nine parameters in the Gompertz-based 159 

models were optimized using a simulated annealing method [21]. Table 1 summarizes the 160 

parameter descriptions of the BP-based and Gompertz-based models, 161 

(𝑢𝑆, 𝑣𝑆, 𝑢𝑅 , 𝑣𝑅 , 𝑢𝑃 , 𝑣𝑃 , 𝜇, 𝑎, 𝑏, 𝑛, 𝛼, 𝛼𝛽) in BP-based models and (𝜆𝑆, 𝜆𝑅 , 𝜆𝑃 , 𝜇, 𝑎, 𝑏, 𝑛, 𝛼, 𝛼𝛽) in 162 

Gompertz-based models. The simulated annealing algorithm can search for a global minimum of 163 

the energy [the objective function of Eq. (7) in this study] based on a stochastic exploration of the 164 

multidimensional space of parameters by sampling neighboring candidates of parameter sets. The 165 

transition from a current candidate to the next candidate was determined by the Metropolis 166 

procedure [21], where a probabilistic acceptance rule that permits transitions to worse solutions 167 

with a probability governed by the Boltzmann distribution. The acceptance probability decreases 168 

as the temperature is gradually lowered according to a predefined annealing schedule. This 169 

mechanism facilitates the escape from local minima by allowing uphill moves, thereby enhancing 170 

the algorithm's ability to converge toward the global minimum of the objective function.  171 

The MAPE in the relative total number of tumor cells between the reference numbers at 172 

all CT examinations and the numbers predicted with TGT models at the same time points was 173 

minimized for each patient as an objective function for the optimization of the parameters in the 174 

simulated annealing method. The MAPE is defined as: 175 
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𝑀𝐴𝑃𝐸(%) =
1

𝑛
∑

|𝑁𝑇𝑜𝑡𝑎𝑙(𝑖)−𝑁𝑅𝑒𝑓(𝑖)|

𝑁𝑅𝑒𝑓(𝑖)
𝑛
𝑖=1 × 100,     (7) 176 

where 𝑛 is the total number of CT examinations, 𝑖 is the CT examination number, 𝑁𝑇𝑜𝑡𝑎𝑙(𝑖) 177 

is the relative total number of tumor cells predicted by the TGT models for each patient at a CT 178 

examination 𝑖 , and 𝑁𝑅𝑒𝑓(𝑖)  is the reference value representing the relative total number of 179 

tumor cells obtained from the pretreatment or follow-up CT images at the CT examination 𝑖. The 180 

parameters were initially set using randomly generated values within an arbitrary range. The 181 

ranges of 12 parameters (minimum and maximum values) for the test patients were obtained from 182 

the training patients (Table S1). The initial temperature, minimum temperature, cooling rate, and 183 

number of iterations for each case in the simulated annealing method were 10 000, 0.0001, 0.9, 184 

and 100, respectively. This process was performed using Python 3.10.5 on a Windows 10 185 

operating system. The following libraries were used: NumPy (v1.23.1), pandas (v1.5.3), SciPy 186 

(v1.9.3), scikit-learn (v1.2.1), matplotlib (v3.6.2), seaborn (v0.12.2), OpenCV (v4.7.0.68), 187 

SimpleITK (v2.1.1.2), lifelines (v0.28.0), pydicom (v3.0.1), and pyradiomics (v3.0.1). 188 

  189 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



 13 

Table 1 Parameter descriptions of Bertalanffy-Pütter-based and Gompertz-based models. 190 

 191 

2.5 Evaluation of TGT models  192 

The TGT models were evaluated with MAPE and SCC. SCC evaluates the correlation 193 

between the reference numbers of tumor cells and the predicted numbers in the TGT for each 194 

patient. The metrics of the BP-based models were compared with those of the Gompertz-based 195 

models for training patients. The best models that achieved the lowest average MAPE and highest 196 

SCC were applied to the test patients for the evaluation of robustness. Finally, in silico simulations 197 

of RCT were performed using the best models. 198 

 199 

2.6 In silico RCT 200 

Three in silico RCTs were simulated according to two actual RCTs [5, 22] and a 201 

retrospective study comparing two regimens [6] with different fractionated doses and numbers of 202 

fractions. The basic idea of the in silico RCT was to evaluate the endpoint of PFS curves for the 203 

two regimens, which were derived by calculating the time to the event in TGTs of the number of 204 

tumor cells with virtual patient data produced via the mathematical models. Figure 2 illustrates 205 
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an overall workflow of in silico RCTs used in this study. We conducted three RCTs, RCT I: 30 206 

Gy/1 Fr (n=65) versus 60 Gy/3 Fr (n=94) [5], RCT II: 48 Gy/4 Fr (n=56) versus 75 Gy/25 Fr 207 

(n=103) [6], RCT III: 34 Gy/1 Fr (n=39) versus 48 Gy/4 Fr (n=45) [22]. These trials were selected 208 

from RCTs targeting SBRT, in which Kaplan-Meier (KM) curves of PFS were employed to 209 

evaluate clinical outcomes. The inclusion criteria for selecting these RCTs were the availability 210 

of KM data of PFS, SBRT treatment regimens, the number of participants more than 30 (because 211 

50 patients were employed in this study), and sufficient reports of endpoints necessary for TGT 212 

model validation. Table S3 (Supplementary Tables) shows details of the irradiation schedules used 213 

in the in silico RCTs. As for the regimen of 75 Gy/25, a cycle of 5 consecutive days of irradiation 214 

followed by 2 days of rest was assumed to be repeated. It was assumed that other irradiations 215 

were performed daily, because there were no statistically significant differences in PFS between 216 

daily and every other day (p > 0.05).  217 

The 10 test patients were randomly assigned to Group A and Group B with five patients 218 

for each group. Twelve parameters of the TGT models were randomly generated nine times for 219 

each test patient within the ranges defined by the minimum and maximum values for the 220 

optimized parameters obtained from the training patients. Forty-five TGTs were constructed from 221 

45 virtual patient data produced from 5 test patient. In total, each group had 50 patient data, which 222 

was composed of 5 real patient data and 45 virtual patient data.  223 
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PFSs for three in silico RCTs were obtained for the 50 test patient data by calculating 224 

the time to progression (TTP) from TGTs derived from the BP-based model. Progression was 225 

defined as a 20% increase from the minimum total number of tumor cells predicted by the model 226 

after irradiation according to the response evaluation criteria in solid tumors (RECIST) guideline 227 

[23]. The day to reach the threshold of 20% in a TGT was defined as TTP, but before five years. 228 

If the TTPs were longer than five years, the patients were considered censored. Statistically 229 

significant differences between the two regimens were evaluated using the p-value of the log-rank 230 

test, which was less than 0.05, indicating statistical significance. This process was performed 231 

using Python 3.10.5. 232 

 233 

Figure 2 Overall workflow of in silico randomized controlled trials (RCTs) used in this study. 234 

 235 

3. Results 236 

Figure 3 shows the TGTs predicted by BP-based models for four patients (srt009, srt010, 237 

srt016, and srt031) in the training patients. For reference, Figure S2 shows the TGTs predicted by 238 

the Gompertz-based models for the same four patients as shown in Fig. 3. The reference tumor 239 
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cell counts derived from CT images are represented by blue circles. The total tumor cell count 240 

predicted by the tumor growth model, which is the sum of three types of cells (sensitive tumor 241 

cells [red line], resistant tumor cells [yellow line], and persister tumor cells [blue line]), is shown 242 

as a green line. The case ID is shown in the upper left corner of each graph, while the MAPE, 243 

SCC, and the p-value of the SCC are indicated in the upper right corner. These figures are further 244 

discussed in the following section.  245 

Table 2 shows the MAPE and SCC in the relative total number of tumor cells between 246 

the reference values obtained from CT images at each time point and the numbers of TGTs 247 

predicted by the BP-based and Gompertz-based models at the same time points for training 248 

patients. In the BP-based models, the MAPE and SCC values were 5.51% and 0.947, respectively. 249 

In contrast, the corresponding values for the Gompertz-based models were 26.5% and 0.733, 250 

respectively. Tables S4 and S5 (Supplementary Tables) show optimized parameters and 𝑆𝐶𝑅 for 251 

BP-based and Gompertz-based model, respectively. Therefore, BP-based models have greater 252 

potential to predict TGTs in tumor cells than Gompertz-based models.  253 

 254 

Figure 3 Time variant tumor growth trajectories (TGTs) derived from the Bertalanffy-255 

Pütter-based models for the training patients. 'Predicted' tumor cells were estimated by 256 

TGT models.  257 
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 258 

Table 2 Mean absolute percentage errors (MAPEs) and Spearman's correlation 259 

coefficients (SCCs) in the relative total number of tumor cells between the reference 260 

numbers at all CT examinations and numbers of TGTs predicted with Bertalanffy-Pütter- 261 

and Gompertz-based models at the same time points as the CT scans for the training 262 

patients. 263 

 264 

Table 3 shows the MAPE and SCC in the relative total number of tumor cells between 265 

the reference numbers at all CT examinations and numbers of TGTs predicted by the BP-based 266 

models at the same time point for test patients. The MAPE and SCC values in the test patients 267 

were 2.89% and 0.960, respectively, demonstrating excellent performance with MAPE values 268 

below 5%. Table S6 (Supplement Tables) shows optimized parameters and 𝑆𝐶𝑅 for BP-based 269 

model for test patients. Figure 4 shows the TGTs of four patients included in the test patients 270 

(srt067, srt068, srt070, and srt071) as predicted by the BP-based models. This figure will be 271 

discussed further in the next section. Figure S3 (Supplementary Figures) shows the remaining six 272 

test patients (srt058, srt063, srt081, srt090, srt105, and srt129) as predicted by the BP-based 273 

models. 274 

 275 
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Figure 4 Time variant tumor growth trajectories (TGTs) derived from the Bertalanffy-276 

Pütter-based models for the test patients. 'Predicted' tumor cells were estimated by TGT 277 

models.  278 

 279 

Table 3 Mean absolute percentage errors (MAPEs) and Spearman's correlation coefficients 280 

(SCCs) in the relative total number of tumor cells between the reference numbers at all CT 281 

examinations and numbers of TGTs predicted with Bertalanffy-Pütter-based models at the 282 

same time points as the CT scans for the test patients. 283 

 284 

 Figure 5 shows the PFS for three in silico RCTs derived from the BP-based model for 285 

the test patients. We performed three RCTs: 30 Gy/1 fraction (Fr) versus 60 Gy/3 Fr, 48 Gy/4 Fr 286 

versus 75 Gy/25 Fr, and 34 Gy/1 Fr versus 48 Gy/4 Fr. The three in silico RCTs showed no 287 

statistically significant differences in PFS curves [30 Gy/1 Fr versus 60 Gy/3 Fr (p-value = 288 

0.3863), 48 Gy/4 Fr versus 75 Gy/25 Fr (p-value = 0.6159), 34 Gy/1 Fr versus 48 Gy/4 Fr (p-289 

value = 0.4042)], which were similar to three past studies [5, 6, 22].  290 

 291 
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Figure 5 Progression-free survivals for in silico randomized controlled trials derived from 292 

the Bertalanffy-Pütter-based model for the test patients.  293 

 294 

4. Discussion 295 

In summary, the MAPE and SCC in the BP-based models for training patients were 296 

5.51% and 0.947, respectively, which were superior to those of the Gompertz-based models. 297 

Furthermore, the BP-based model demonstrated a MAPE of 2.89% and an SCC of 0.960 for the 298 

test patients. The three in silico RCTs indicated no statistically significant differences in PFS 299 

curves derived from TGT models, which were similar to past studies. 300 

The scientific significance of our findings was to have shown that PFS curves can be 301 

predicted from time-variant tumor growth trajectories of three types of sensitive, persister, and 302 

resistant tumor cells obtained from the proposed mathematical models. The clinical implication 303 

of the proposed models was that in silico RCTs can be performed by changing irradiation 304 

parameters (fractionated dose, number of fractions, irradiation interval) prior to clinical trials of 305 

new regimens in the real world to search for optimum irradiation conditions. Once irradiation 306 

parameters are narrowed down a few feasible candidates in in silico RCTs, real world RCTs can 307 

be effectively conducted based the candidates. As validation tests, we performed three in silico 308 
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RCTs according to actual SBRT regiments [5, 6, 22] with the endpoint of PFS curves. As the 309 

results, we found that there were no significant differences between simulated PFS curves, which 310 

were similar to the results of three previous real world data. However, we should perform various 311 

other in silico RCTs including multicenter RCTs, IMRT or VMAT and chemotherapy regimens. 312 

In addition, we should resolve several limitations such as the increase of the number of training 313 

patients, performing external tests using patient data from different institutions, and inclusion of 314 

other irradiation parameters (e.g. dose rate [24]) (see the last paragraph of this section). 315 

From Figs. 3 and 4, the behaviors of total numbers of tumor cells (references) occurred 316 

during the radiation therapy can be described by predicting those of the three types of tumor cells 317 

for each patient. The number of sensitive tumor cells rapidly decreased with treatment and follow-318 

up time in all patients (Figs. 3, 4, S2, and S3). As for the patient of srt010 (left bottom, Fig. 3), 319 

the total number of tumor cells increased with time after approximately one month. We can 320 

explain the phenomena as follows: persister tumor cells slightly increased and transitioned to 321 

resistant cells with an alteration probability due to irradiation, and then resistant tumor cells 322 

rapidly increased with the time while keeping the proliferation even after the treatment. In the 323 

patient of srt071 (right bottom, Fig. 4), the number of resistant tumor cells decreased because of 324 

decreasing rate, but persister tumor cells increased with the time. Consequently, the total number 325 

of tumor cells increased with the time after approximately six months. 326 
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There was a correlation between 𝑆𝐶𝑅  and radiation sensitivity across different 327 

subtypes. Table S7 (Supplementary Tables) shows the α values, α/β ratios, and SCRs obtained 328 

from the BP-based and Gompertz-based models for all patients with two different histological 329 

tumor types. The table indicates that all patients with LUSC had a higher average value of 𝑆𝐶𝑅 330 

than those with LUAC. Previous studies have shown that LUSC is more radiosensitive than 331 

LUAC [25]. According to the report of Tai A et al., the optimized parameters included in the 332 

regression model for analyzing tumor control probability after SBRT for NSCLC were in an 333 

agreement with single-institution data, with the extracted radiobiological values being 𝛼 = 0.010 334 

± 0.001 Gy-1 and 𝛼 𝛽⁄  = 21.5 ± 1.0 Gy. On the other hand, the values extracted from multi-335 

institution data were 𝛼 = 0.072 ± 0.006 Gy-1 and 𝛼 𝛽⁄  = 15.9 ± 1.0 Gy [26]. Based on the results 336 

in Table S7, although the 𝛼 values differed from Tai A et al.'s findings, the 𝛼 𝛽⁄  values derived 337 

from both models in the training patients were similar to those for the single-institution data by 338 

Tai A et al. 339 

In future studies, we will integrate our TGT models for radiation therapy and drug 340 

effects [19] into new models for the combination of radiation therapy with conventional 341 

chemotherapy, molecularly targeted drug therapy [19]], and immunotherapy [27-29]. We should 342 

revise the tumor types (sensitive, resistant, and persister tumor cells) by considering the 343 

interactions of tumor cells with drugs. 344 
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This study has several limitations. First, the number of patients chosen for this study 345 

was limited and the data were provided from a single institution. Therefore, more patients should 346 

be collected from different institutions to evaluate the robustness of the prediction models. Second, 347 

we did not perform external tests using patient data from different institutions for multicenter 348 

RCTs, which should be done in future works. Third, we did not evaluate the tumor volumes during 349 

SBRT using cone-beam CT. If we deployed the volumes at four fractions, we may develop more 350 

accurate models to be performed in a future work. Fourth, only the tumor region with the largest 351 

diameter was targeted for each patient. According to the RECIST guideline [23], the entire tumor 352 

burden including all tumors must be considered when calculating the number of tumor cells. Fifth, 353 

we did not consider other irradiation parameters such as dose rate [24]. Finally, we did not take 354 

into account new irradiation regimens such as SBRT with and without intensity modulated 355 

radiotherapy (IMRT) or volumetric-modulated arc therapy (VMAT) [30]. Therefore, we will 356 

explore novel TGT models by including other irradiation parameters and the effects of treatment 357 

approaches in our TGT models for future works.  358 

 359 

5. Conclusions 360 

We have developed TGT models for in silico RCTs in optimizing SBRT. In three in silico RCTs, 361 
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there were no statistically significant differences in PFS curves derived from TGT models, which 362 

were similar to results of past studies. The proposed mathematical models could be leveraged for 363 

in silico RCTs to optimize SBRT.  364 

 365 
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Figure 1 Overall workflow of this study (A) and tumor growth trajectory (TGT) models for three types of tumor cells (B).

In silico randomized controlled trials

Evaluation of TGT

Construction of TGT model 

with optimizing its parameters

Calculation of number of tumor cells

Delineation of tumor contour

BA

=>number of tumor cells

TGT models: 

Sensitive tumor cells: 
𝑑𝑁𝑆(𝑡)

𝑑𝑡
= 𝑢𝑆𝑁𝑆(𝑡) − 𝑣𝑆𝑁𝑆(𝑡) − (𝛼𝑑(𝑡) + 𝛽𝑑 𝑡 2)𝑁𝑆 𝑡

Resistant tumor cells: 
𝑑𝑁𝑅(𝑡)

𝑑𝑡
= 𝑢𝑅𝑁𝑅(𝑡) − 𝑣𝑅𝑁𝑅(𝑡) + 𝜇(𝑢𝑅𝑁𝑅 𝑡 − 𝑣𝑅𝑁𝑅 𝑡 )

Persister tumor cells: 
𝑑𝑁𝑃(𝑡)

𝑑𝑡
= 𝑢𝑃𝑁𝑃(𝑡) − 𝑣𝑃𝑁𝑃(𝑡) − 𝜇(𝑢𝑃𝑁𝑃 𝑡 − 𝑣𝑃𝑁𝑃 𝑡 )

SBRT: Stereotactic body radiotherapy, CT: Computed tomography.
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Figure 2 Overall workflow of in silico randomized controlled trials (RCTs) used in this study.

Fr: Fraction(s), TGT: Tumor growth trajectory, TTP: Time to progression, 

PFS: progression-free survival 
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Predicted sensitive tumor cells: NS

Predicted resistant tumor cells: NR

Predicted persister tumor cells: NP

Predicted total tumor cells : NTotal

Reference total number of tumor cells from CT image : NRef

MAPE (%) : 3.39

SCC : 1.00

p-value : < 0.01

srt009

MAPE (%) : 5.63

SCC : 0.800

p-value : 0.200

srt010

MAPE (%) : 0.215

SCC : 1.00

p-value : < 0.01

srt016

MAPE (%) : 3.13

SCC : 1.00

p-value : < 0.01

srt031

Figure 3 Time variant tumor growth trajectories (TGTs) derived from the Bertalanffy-Pütter-based models for the 

training patients. 'Predicted' tumor cells were estimated by TGT models. 

MAPE: Mean absolute percentage errors, SCC: Spearman’s correlation coefficient.



MAPE (%) : 0.088

SCC : 1.00

p-value : < 0.01

srt067

MAPE (%) : 0.197

SCC : 1.00

p-value : < 0.01

srt068

MAPE (%) : 1.74

SCC : 1.00

p-value : < 0.01

srt070

MAPE (%) : 9.49

SCC : 0.900

p-value : 0.037

srt071

MAPE: Mean absolute percentage errors, SCC: Spearman’s correlation coefficient.

Predicted sensitive tumor cells: NS

Predicted resistant tumor cells: NR

Predicted persister tumor cells: NP

Predicted total tumor cells : NTotal

Reference total number of tumor cells from CT image : NRef

Figure 4 Time variant tumor growth trajectories (TGTs) derived from the Bertalanffy-Pütter-based models for the test 

patients. 'Predicted' tumor cells were estimated by TGT models. 



A B

C

Figure 5 Progression-free survivals for in silico randomized controlled trials derived from the Bertalanffy-Pütter-based model for the 

test patients.

(A) 30 Gy/1 Fr vs 60 Gy/3 Fr

(B) 48 Gy/4 Fr vs 75 Gy/25 Fr

(C) 34 Gy/1 Fr vs 48 Gy/4 Fr

Fr: Fraction(s), LR: Log-rank test.



Table 1 Parameter descriptions of Bertalanffy-Pütter-based and Gompertz-based models. 

Parameter Description 

𝑁𝑇𝑜𝑡𝑎𝑙 Total number of tumor cells  

𝑁𝑆,  𝑁𝑅 ,  𝑁𝑃 Numbers of sensitive, resistant, and persister tumor cells 

𝑎, 𝑏 Initial ratio of resistant and persister tumor cells 

𝑢𝑆,  𝑢𝑅 ,  𝑢𝑃 Increasing rate of sensitive, resistant, and persister tumor cells 

𝑣𝑆, 𝑣𝑅 , 𝑣𝑃 Decreasing rate of sensitive, resistant, and persister tumor cells 

𝜆𝑠, 𝜆𝑅 , 𝜆𝑃 

𝐾 

Growth rate of sensitive, resistant, and persister tumor cells 

Carrying capacity 

𝑛 Cell loss parameter 

𝜇 

𝛼 

𝛼𝛽 

Mutant probability from persister cells to resistant cells  

Growth rate of sensitive, resistant, and persister tumor cells 

𝛼𝛽-ratio 

𝑑 Fraction dose (Gy) 
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Table 2 Mean absolute percentage errors (MAPEs) and Spearman's correlation coefficients (SCCs) in the relative 

total number of tumor cells between the reference numbers at all CT examinations and numbers of TGTs predicted 

with Bertalanffy-Pütter- and Gompertz-based models at the same time points as the CT scans for the training patients. 

 

 BP-based model Gompertz-based model 

Patients MAPE (%) SCC p-value (SCC) MAPE (%) SCC p-value (SCC) 

srt009 3.39 1.00 < 0.01 8.39 0.800 0.200 

srt010 5.63 0.800 0.200 5.79 0.800 0.200 

srt016 0.215 1.00 < 0.01 3.45 1.00 < 0.01 

srt031 3.13 1.00 < 0.01 16.6 0.200 0.800 

srt033 22.4 0.800 0.042 137 0.829 0.042 

srt034 0.169 1.00 < 0.01 11.7 0.500 0.667 

srt061 3.61 1.00 < 0.01 3.11 1.00 < 0.01 

Mean 5.51 0.947 - 26.5 0.733 - 

 

 

 

  



Table 3 Mean absolute percentage errors (MAPEs) and Spearman's correlation coefficients (SCCs) in the relative 

total number of tumor cells between the reference numbers at all CT examinations and numbers of TGTs predicted 

with Bertalanffy-Pütter-based models at the same time points as the CT scans for the test patients. 

 

Patients MAPE (%) SCC p-value (SCC) 

srt058 0.860 1.00 < 0.01 

srt063 10.1 0.821 0.089 

srt067 0.088 1.00 < 0.01 

srt068 0.197 1.00 < 0.01 

srt070 1.74 1.00 < 0.01 

srt071 9.49 0.900 0.037 

srt081 0.284 0.866 0.333 

srt090 0.224 1.00 < 0.01 

srt105 5.81 1.00 < 0.01 

srt129 0.114 1.00 < 0.01 

Mean 2.89 0.960 - 
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