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Abstract 

Purpose: The multi-leaf collimator (MLC) is a critical component in intensity 

modulated radiation therapy (IMRT) and volumetric modulated arc therapy (VMAT). 

The MLC discrepancies between planned and actual position directly affects the quality 

of treatment. This study analyzed MLC positional discrepancies and gantry angle 

discrepancies via trajectory log files from Varian TrueBeam linear accelerators to 

determine the consistency of machine performance accuracy over the course of 

treatment. The mechanical parameters that affect accuracy were examined and 

evaluated to build a machine learning algorithm to predict moving components’ 

discrepancies. A tool was developed to predict the treatment delivery discrepancies on a 

Varian TrueBeam linear accelerator for any given plan, which can simulate radiotherapy 

treatment delivery without actual delivery.  

 

Methods: Trajectory log files of 116 IMRT plans and 125 VMAT plans from nine 

Varian TrueBeam linear accelerators were collected and analyzed. Data was binned by 

treatment site and machine type to determine their relationship with MLC and gantry 

angle discrepancies. Trajectory log files were used to evaluate whether MLC positional 

accuracy was consistent between patient-specific quality assurance (QA) and the course 

of treatment. Mechanical parameters including MLC velocity, MLC acceleration, gantry 
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angle, gantry velocity, gantry acceleration, collimator angle, control point, dose rate, and 

gravity vector were analyzed to evaluate correlations with delivery discrepancies. A 

regression model was used to develop a machine learning algorithm to predict delivery 

discrepancies based on mechanical parameters. 

 

Results: MLC discrepancies at pre-treatment patient-specific QA differed from 

the course of treatment by a small (mean = 0.0031 ± 0.0036 mm, p = 0.0089 for IMRT; 

mean = 0.0014 ± 0.0016 mm, p = 0.0003 for VMAT) but statistically significant amount, 

likely due to setting the gantry angle to zero for QA. Mechanical parameters showed 

significant correlation with MLC discrepancies, especially MLC velocity, which had an 

approximately linear relationship (β = -0.0027, R2 = 0.79). Incorporating other mechanical 

parameters, the final generalized model trained by data from all linear accelerators can 

predict MLC errors to a high degree of accuracy with high correlation (R2 = 0.86) 

between predicted and actual errors. The same prediction model performed well across 

different treatment sites and linear accelerators; however, a significant difference was 

found in the predictions made by models trained using different treatment techniques 

(IMRT vs VMAT) (mean difference of RMSE = 0.0153 ± 0.0040 mm).  

 

Conclusion: We have developed a machine learning model using prior trajectory 

log files to predict the MLC discrepancies on TrueBeam linear accelerators.  This model 
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has been a released as a research tool in which a DICOM-RT with predicted MLC 

positions can be generated using the original DICOM-RT file as input. This tool can be 

used to simulate radiotherapy treatment delivery and may be useful for studies 

evaluating plan robustness and dosimetric uncertainties from treatment delivery.
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1. Introduction 

1.1 IMRT & VMAT  

Intensity Modulated Radiation Therapy (IMRT) and Volumetric Modulated 

Radiation Therapy (VMAT) are common treatment techniques, which are characterized 

by their highly conformal dose distributions. The sharp dose contrasts between target 

and organs at risk can be achieved by highly modulated multileaf collimator (MLC) in 

IMRT and by modulated dose rate and gantry motion in the case of VMAT. However, 

owing to the highly complicated nature of IMRT and VMAT delivery, many potential 

sources of error arise. A high accuracy of these moving components, such as MLC, 

gantry angle, carriage, and jaw, during delivery is required to achieve dosimetric 

accuracy. Therefore, pre-treatment patient-specific quality assurance and dosimetric 

verification techniques are necessary to ensure that linear accelerators deliver the 

treatment plans accurately.  

 

1.2 Machine Log File 

During treatment, the linear accelerator records actual and planned axis 

positions, such as collimator angle, gantry angle, jaw position, couch position and angle, 

beam hold, control point, MLC position and MU delivered. After the treatment is 

completed, this information is stored to a machine log file. Machine log files are 

supported by all linear accelerator vendors. Dynalog is the specific name of machine log 
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file for Varian pre-TrueBeam (Clinac and Trilogy) linear accelerator, and Varian 

TrueBeam, Truebeam STx, Edge, and Vital Beam all automatically generate log files, 

called Trajectory Log File. The Dynamic Delivery Log File Viewer is available for Elekta 

linear accelerator. This data is important for further analysis with a permanent record of 

the actual axis positions over time and throughout the course of any intensity-

modulated treatment. These log files can be used to provide pre-treatment patient-

specific quality assurance1-3 and to track the performance of a machine. 

Several studies that analyzed machine log files have shown that MLC positional 

errors have detrimental effect on the accuracy of dose distributions for both IMRT and 

VMAT4-8. Some causes of the MLC errors were observed; for example, it has been shown 

that the velocity of individual MLCs are linear correlated with MLC error5,7,9. The 

reliability of machine log file was evaluated by Agnew et al and Neal et al. through the 

analysis of electronic portal imaging device (EPID)10-12. They showed that the trajectory 

log file could detect the mean MLC error to 0.003 mm for Varian TrueBeam linear 

accelerator, which implied that machine log file can be a feasible tool for MLC positional 

accuracy analysis. 

 

1.3 Research Objectives 

In this study, we aim to analyze machine delivery discrepancies via trajectory log 

files. Specifically, we analyze the consistency of MLC errors and gantry angle errors over 
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the course of treatment and over time. Although some causes of MLC errors have been 

reported, in this study we also incorporate additional mechanical parameters into our 

model of MLC delivery errors; for instance, gantry angle accuracy is also evaluated for 

VMAT. Finally, with this study we create and release a research tool for approximating 

radiotherapy delivery based on the trajectory log files of prior patients.  This Tool for 

Approximating Radiotherapy Delivery via Informed Simulation, or TARDIS for short, 

can be used by researchers to “simulate” a radiotherapy delivery, thus providing a 

method to evaluate plan robustness or dosimetric effect of routine delivery errors 

without the need to physically deliver the treatment plan. 
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2. Methods and Materials 

2.1 Data Collection 

Trajectory log files of 116 unique IMRT plans (total 398 fields and 2,586,545 

control points) and 125 unique VMAT plans (total 421 arcs and 2,099,536 control points) 

from various treatment sites were acquired from nine separate linear accelerators in our 

institution for the study. The data collection period was around two months. The details 

of the plans are shown in Table 1. Some dynamic conformal arc therapy (DCA) plans 

from STx1 linear accelerator were prepared using iPlan RT Dose 4.5 (BrainLAB, 

Feldkirchen, Germany); however, the large majority of plans were prepared using the 

Eclipse treatment planning system v15.1 (Varian Medical Systems, Palo Alto, CA). All 

plans included in the analysis were delivered on one of two models of linear 

accelerators: TrueBeam STx (Varian Medical Systems, Palo Alto, CA) equipped with 

HD120 MLC™ High-Definition Multileaf Collimator (HDMLC) (Varian Medical 

Systems, Palo Alto, CA) and TrueBeam (Varian Medical Systems, Palo Alto, CA) 

equipped with Millennium™ 120 Leaf MLC (Varian Medical Systems, Palo Alto, CA). 
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Table 1: Data collection. 

 

 

 

 

 

 

2.2 Trajectory Log File Analysis 

During treatment, the TrueBeam™ system records every 20 ms the actual axis 

positions and MU delivered. After the treatment is completed, this information is stored 

to a trajectory log file in binary format13. An in-house Python 3.7 (Python Software 

Foundation, Wilmington, DE) script using log analyzer module in Pylinac14 was used to 

extract planned and actual axis positions at each control point (CP) from trajectory log 

files. The parameters characterizing MLC motion were calculated for all CPs. To make 

the calculation clear, MLC position for back A and bank B were recorded in the same 

coordinate system, such that positive and negative indicated the same direction for both 

banks. The MLC error at each CP was calculated as the actual MLC position minus 

planned MLC position at the certain CP, described in equation (1):  

          (1) 

Linac IMRT VMAT 

STx1 4 plans (25 fields) 64 plans (272 arcs) 
STx2 1 plan (4 fields) 25 plans (91 arcs) 
TB1 16 plans (60 fields) 5 plans (8 arcs) 
TB2 15 plans (63 fields) 9 plans (19 arcs) 
TB3 19 plans (96 fields) 14 plans (20 arcs) 
TB4 16 plans (33 fields) - 
TB5 10 plans (22 fields) 2 plans (4 arcs) 
TB6 24 plans (59 fields) 3 plans (3 arcs) 
TB7 11 plans (36 fields) 3 plans (4 arcs) 



 

6 

The MLC velocity at each CP was calculated as MLC position minus the MLC 

position at the previous CP, divided by the time interval between CPs, as described in 

equation (2): 

            (2) 

The other mechanical parameters that affect MLC motion were calculated in a 

similar method.  To analyze the effect of timing at each delivery, the control point 

number was normalized to the total number of control points per IMRT field or VMAT 

arc. Dose rate was also normalized to the prescribed dose rate value selected by the 

planner. To investigate gravity effect on MLC motion, collimator angle and gantry angle 

were used to calculate gravity vector parallel to MLC moving direction, as described in 

equation (3): 

         (3) 

For VMAT, gantry angle error, gantry velocity, and gantry acceleration were also 

calculated in similar fashion to determine the uncertainty in arc treatment. The gravity 

vector for gantry angle was calculated by equation (4). The gravity vector equaled to 

positive one with gantry angle at 90 degree and to negative one with gantry angle at 270 

degree. 

         (4) 
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2.3 Consistency of Delivery Discrepancy over the Course of 
Treatment  

Trajectory log files were collected to evaluate the consistency of MLC positional 

accuracy between pre-treatment patient-specific QA (Fraction 0) and treatment 

deliveries (Fraction 1+). In our institution, patient-specific QA for IMRT is performed 

with the gantry angle set to zero (linear accelerator upright) using the Electronic Portal 

Imaging Device. Thus, the linear accelerator geometry is slightly different during QA 

compared to actual deliveries.  Patient-specific QA for VMAT was performed with the 

same collimator angle and gantry rotation as actual treatment deliveries, but with the 

couch angle set to zero with a detector array (Delta4, ScandiDos, Uppsala, Sweden) 

aligned for measurement. For this specific analysis, trajectory log files of patient-specific 

QA and actual deliveries from 17 IMRT fields and 37 VMAT arcs were collected and 

analyzed. The root mean square (RMS) of MLC error was calculated for all 120 MLCs 

and all CPs in a field or arc. The difference of RMS of MLC error between fraction 0 and 

fraction 1+ was investigated, paired t-test was performed to determine the difference 

between two groups. For VMAT, gantry angle error was also analyzed in the same way 

to determine the consistency over the course of treatment.  

 

2.4 Nature of Delivery Discrepancy 

A generalized linear model (GLM) was developed within MATLAB (The 

MathWorks, Natick, MA) and used to find the linear correlation between MLC error and 
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mechanical parameters for IMRT and VMAT. 116 IMRT plans and 125 VMAT plans 

(Table 1) were collected and analyzed. Only one delivery per plan was included in the 

analysis, so that all plans were weighted equally in the model. Mechanical parameters 

included MLC velocity, MLC acceleration, control point, dose rate, gravity vector, 

gantry velocity, and gantry acceleration, where applicable. Error in gantry angle was 

also evaluated for VMAT. To investigate the dosimetric effect of mechanical accuracy of 

the linear accelerator, only moving MLCs were analyzed. A correlation coefficient 

between each mechanical parameter and delivery discrepancies (MLC error or gantry 

angle error) was determined for each treatment type.  The delivery discrepancy was 

controlled for other mechanical parameters before determining the correlation 

coefficient. Correlation coefficients between 0.5 and 1.0 were considered strong. A p-

value of < 0.001 was taken to denote statistical significance. 

 

2.5 Machine Learning Algorithm to Predict Delivery Discrepancy 

In addition to the generalized linear model, the Matlab Statistics and Machine 

Learning Toolbox™ (The MathWorks, Natick, MA) and Scikit-learn: Machine Learning 

in Python15 were used to train the machine learning models to predict the MLC and 

gantry angle errors. For each linear accelerator and treatment type, the data was 

separated by fields (arcs) into two groups, training and testing with a percentage of 80% 



 

9 

and 20%, respectively. Since there was no overlap over fields within the groups, each 

group may be considered to be independent of other groups.  

Several models were tested to find a model with best prediction accuracy. The 

models included linear regression model, decision tree, ensemble methods, and neural 

network. The input to the models included all mechanical parameters described above, 

while MLC error and gantry angle error were the target responses, respectively. The 

workflow is shown in Figure 1.  

• For linear regression model, it fits a linear model with coefficients w = (w1, …, wp) 

to minimize the residual sum of squares between the observed targets in the dataset, 

and the targets predicted by the linear approximation15. Two models were tested 

here to evaluate to effect of mechanical parameter, MLC velocity, on the model. First, 

LM Velocity-only, was a simple linear regression of velocity against the target response. 

Second, a multiple linear regression was performed with all mechanical parameters 

against target responses.  

• For decision tree, it is a flowchart-like structure model in which each root node 

represents a single input variable (x) and a split point on that variable, and the leaf 

nodes of the tree contain an output variable (y) which is used to make a prediction16. 

To overcome overfitting in the model, a decision tree with minimum leaf size 50 at 

each node was built. All mechanical parameters were used to create a decision tree 



 

10 

which separated the data such that the homogeneity of the samples at the terminal 

node of each branch was maximized.   

• Ensemble learning is defined as a machine learning paradigm combines multiple 

learners to solve the same problem. In contrast to ordinary machine learning 

approaches which try to learn one hypothesis from training data, ensemble methods 

try to construct a set of hypotheses and combine them to use17. The ensemble method 

model combines several decision trees to produce better predictive performance and 

to avoid overfitting than utilizing a single decision tree. Two advanced decision tree 

models were built. First, for boosted tree, the input data was separated into several 

subsets. A subset was randomly selected and used to create a decision tree. The other 

subsets were trained sequentially with the early trained decision tree, fitting simple 

models to the data and then analyzing data for errors. The second model was bagged 

tree. For this case, the input data was separated into several subsets, each subset was 

trained independently into a decision tree, and the average of all the predictions 

from different trees was used.  

• Neural network is one of popular machine learning algorithms which features with 

the similarity of biological architecture in brain. A multilayer feedforward neural 

network training system was implemented to train the model. There are several 

tunable parameters in neural network, which gives the flexibility and scalability of 

the network. For IMRT, the network structure included five hidden layers with 100 
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neurons at each layer. Seven hidden layers with 100 neurons at each layer was for 

VMAT cases. Hyperbolic tangent function was chosen as activation function; 

learning rate was set to 0.001. 

 

 
Figure 1: Workflow of the extraction of discrepancies and mechanical parameters 

from trajectory log files and proposed machine learning algorithm to predict delivery 

discrepancy. 

 

Model performance on the testing group was assessed using root mean square 

error (RMSE) and mean absolute error (MAE) between the predicted and actual target 

response. The definition of RMSE and MAE are shown as following equations. 

          (5) 

          (6) 
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The model with the lowest RMSE and MAE was chosen as the final model. The 

statistical results in this study were only from the testing group. As the testing group 

data was independent of training group, it may be considered as “real-world” data. To 

test whether models trained from a linear accelerator can be applied on other linear 

accelerators, a model trained from each linear accelerator was used to make predictions 

on test plans from other linear accelerators. Once again, to test whether models trained 

using data from a different treatment technique were able to make predictions on test 

plans of a different treatment technique, the trajectory of IMRT test plans were predicted 

by the models trained from VMAT plans, and vice versa. A generalized model trained 

by data from all linear accelerators was built to test whether a generalized model was 

able to make predictions on testing plans from all linear accelerators. 

 

2.6 Tool Development 

To predict the treatment delivery trajectory on a Varian TrueBeam linear 

accelerator for any given plan, mechanical parameters were calculated for all CPs from 

DICOM-RT exported from Eclipse treatment planning system for any given plan. The 

mechanical parameters were derived by the same fashion of equations(1) to (4). The time 

interval between each CP was calculated by the method developed by Park et al18. 

According to manufacturer specifications19,20, the maximum gantry speed and maximum 

dose rate were  4.8° s-1 and 600, 1400, 2400 MUmin-1 (i.e. 10, 23, 40 MUs-1) for different 
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beam energies and modes, respectively, thus time between each CP was calculated 

based on this information. For IMRT, time between CPs was calculated as the monitor 

unit at the CP divided by the prescribed maximum dose rate, as described in equation 

(7): 

           (7) 

For VMAT, the maximum MU between CPs able to be delivered without slowing 

down the gantry rotation is gantry rotation interval (°) times maximum dose rate (MUs-

1) divided by maximum gantry speed (°s-1) = x (MU). If it is necessary to deliver MU 

larger than x MU, the gantry rotation speed should be decreased. In this case, the dose 

rate is maintained at the maximum dose rate. Therefore, (a) if the desired value of MU is 

≤ x MU at a given CP, the time between CP is  

          (8) 

while (b) if the desired value of MU is > x MU, the time is calculated the same as 

equation (7). 

 MLC errors were predicted by the machine learning model addressed at Sec 2.5 

Machine Learning Algorithm to Predict  with mechanical parameters from any given 

plan. Pydicom21 was utilized to rewrite the MLC positions at each CP. A new DICOM-

RT for the given plan with predicted MLC positions was generated and ready to re-

import into Eclipse treatment planning system for dosimetry evaluation. A head and 
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neck plan and a spine sample plan were tested for the tool for approximating 

radiotherapy delivery. The difference between planned and actual, and predicted and 

actual positions of a single MLC leaf for two representative sets of CPs were calculated. 

The percent differences in dose volumetric parameters (max., min., mean dose, D5, D95) 

between planned and actual, and predicted and actual MLC positions of the spine plan 

were compared.  
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3. Results 

3.1 Consistency of Delivery Discrepancy over the Course of 
Treatment 

The analysis showed no significant difference of MLC errors over the 

course of treatment, but slight differences between pre-treatment patient-specific 

QA (Fraction 0) and treatment deliveries (Fraction 1+). The difference of MLC 

RMS error between pre-treatment patient-specific QA (Fraction 0) and treatment 

deliveries (Fraction 1+) for IMRT and VMAT are shown in Figure 2 (a). The mean 

and standard deviation of absolute difference between two groups are 0.0031 ± 

0.0036 mm; 0.0014 ± 0.0016 mm for IMRT and VMAT, respectively. Larger 

discrepancy and uncertainty can be noticed in IMRT. Further study of the cause 

to the difference in IMRT is shown in Figure 2 (b). Statistical analysis of the data 

showed a strong and significant correlation (R2 = 0.73) of the difference between 

pre-treatment patient-specific QA and treatment deliveries with gravity vector. 

For gantry angle error, the result also showed no significant difference over the 

course of treatment. The mean and standard deviation of difference are 0.0016 ± 

0.0035 degree between pre-treatment patient-specific QA (Fraction 0) and 

treatment deliveries (Fraction 1+). 
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Figure 2: (a) Absolute difference of MLC RMS error between pre-treatment patient-

specific QA (Fraction 0) and treatment deliveries (Fraction 1+) for IMRT and VMAT. 

(b) Difference of MLC RMS error to gravity vector for IMRT. 

 

3.2 Consistency of Delivery Discrepancy over Time 

Errors in individual MLC over time were plotted using a color-plot. It can be 

seen in Figure 3 (a), that MLC errors were within 0.15 mm in STx1 over the data 

collection period. The same magnitudes of MLC errors were also found in other linear 

accelerators except TB3. MLC errors in individual leaf in TB3 are shown in Figure 3 (b). 

A large leaf error of greater than 0.3 mm was present in both bank A and bank B. These 

errors were corrected by replacing the carriage (Figure 3 (i)) on the corresponding bank. 

For gantry angle errors, the discrepancies were within 0.3 degree in all linear 

accelerators over time. No outlier was observed over the data collection period.  
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Figure 3: MLC errors over time for (a) STx1 and (b) TB3. X-axis represents time, Y-axis 

represents the MLC number, and Z-axis (color scale) represents the MLC error in mm. 

 

 

3.3 Nature of Delivery Discrepancy 

3.3.1 IMRT 

Individual MLC error compared with several mechanical parameters for IMRT 

treatment is shown in Figure 4. The most significant parameter which affected MLC 

error was MLC velocity. Figure 4 (a) shows that MLC error as a linear function of MLC 

velocity (slope = -0.0021 s-1, p < 0.001). Statistical analysis showed a strong and 

significant correlation of MLC error with MLC velocity (R2 = 0.79). No discernible pattern 

was observed between MLC error and MLC acceleration (Figure 4 (b)). The density plot 

shows that zero is a common MLC acceleration. The MLC error showed an even 

distribution across all control points (Figure 4 (c)).  The same pattern was also observed 

in dose rate (Figure 4 (d)), except it showed that the linear accelerator mostly delivered 



 

18 

at the prescribed dose rate. MLC error correlated strongly and significantly with gravity 

vector, which had an approximately linear relationship (slope = 0.016 mm, p < 0.001), 

with correlation coefficient, R2, of 0.69. This relationship is shown in Figure 4 (e). 
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Figure 4: IMRT treatment data plotting mechanical parameters. Individual MLC error 

is plotting according to (a) MLC velocity, (b) MLC acceleration, (c) control point, (d) 

dose rate, (e) gravity vector. MLC error was plotted after controlling for other 

mechanical parameters. Data density is shown by color change. Blue has low density 

while red has the highest density; red circle is 20 times denser than blue circle. 
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3.3.2 VMAT 

As with IMRT treatment, there was a strong and significant correlation of MLC 

error with MLC velocity (slope = -0.0027 s-1, p < 0.001, R2 = 0.79). The relationship is 

shown in Figure 5 (a). Once again, MLC error showed no discernible pattern for either 

MLC acceleration or control point (Figure 5 (b)(c)). As is visible in the density plot, zero 

is common in MLC acceleration, and an even distribution is shown across all control 

points. Figure 5 (d) plots the correlation between MLC error and dose rate. There was no 

significant relationship; however, the density plot shows that several data points were 

below prescribed dose rate. As dose rate is modulated for VMAT, an even distribution is 

shown across all dose rate. Figure 5 (e) shows the correlation between MLC error and 

gravity vector. MLC error correlated moderately and significantly with gravity vector, 

which had an approximately linear relationship (slope = 0.011 mm, p < 0.001), with 

correlation coefficient, R2, of 0.17. Gantry motion was also examined in VMAT to 

investigate the potential effects on MLC accuracy but no discernible pattern was 

observed between MLC error and gantry velocity (Figure 5 (f)). High density of gantry 

velocity at specified maximum gantry velocity (4.8 ˚/s) can be noticed. Figure 5 (g) shows 

MLC error as a function of gantry acceleration. There was no substantial trend between 

MLC error and gantry acceleration. Thus, we conclude that gantry motion had no 

significant effect on MLC accuracy. Gantry angle error was compared with several 

mechanical parameters for VMAT treatment (Figure 6). Gantry angle errors were all 
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within 0.3 degree. There was no strong or significant correlation between gantry angle 

errors and mechanical parameters.  
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Figure 5: VMAT treatment data plotting mechanical parameters. Individual MLC 

error is plotting according to (a) MLC velocity, (b) MLC acceleration, (c) control point, 

(d) dose rate, (e) gravity vector, (f) gantry velocity, (g) gantry acceleration. MLC error 

was plotted after controlling for other mechanical parameters. Data density is shown 

by color change. Blue has low density while red has the highest density; red circle is 

20 times denser than blue circle. 
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Figure 6: VMAT treatment data plotting mechanical parameters. Individual gantry 

angle error is plotting according to (a) gantry velocity, (b) gantry acceleration, (c) 

control point, (d) dose rate, (e) gravity vector. Raw gantry angle error was plotted 

without controlling for other mechanical parameters. Data density is shown by color 

change. Blue has low density while red has the highest density; red circle is 20 times 

denser than blue circle. 
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3.4 Machine Learning Algorithm to Predict MLC Error 

The model based on boosted tree algorithm outperformed all other models. The 

root mean square error (RMSE) and mean absolute error (MAE) between predicted and 

actual MLC errors for moving MLC when training model and testing groups from the 

same linear accelerator are summarized in Table 2. For IMRT, the RMSE of actual MLC 

errors of the active MLCs was 0.0299 mm, with MAE of 0.0235 mm in STx1. The RMSE 

and MAE predicted by boosted tree model were 0.0085 and 0.0065 mm, respectively. 

Therefore, the machine learning algorithm can predict 70 % magnitude of MLC errors 

closer overall on all testing fields. STx2 and TB1 showed the similar trend with RMSE of 

0.0215 mm and 0.0287 mm; MAE of 0.201 mm and 0.0221 mm, respectively, of actual 

MLC errors. The RMSE between predicted and actual MLC errors by boosted tree of 

moving MLC was 0.0063 mm and 0.0067 mm, with MAE of 0.0049 mm and 0.0052 mm. 

For VMAT, the results showed a similar trend. Among three linear accelerators, the 

boosted tree algorithm had best prediction performance and was able to predict 60% 

magnitude of MLC errors overall on all testing arcs. Besides boosted tree model, linear 

model also performed quite well, especially in IMRT cases. With the strong linear 

correlation to MLC velocity and gravity vector (Figure 4 and Figure 5), the linear model 

was able to predict MLC errors as well as boosted tree model with the difference of 

RMSE and MAE within 0.0010 mm as those of boosted tree algorithm.  The linear model 

may be an attractive option for predicting delivery error because it has the advantages of 
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being very transparent (which components play major roles is readily apparent from the 

model parameters), and is not subject to overfitting. 

 

Table 2: Model performances in predicting delivered MLC errors for moving MLCs 

from testing group. 
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The results of testing the dependence of the predictions when using a model 

trained with data from different linear accelerator are presented in Table 3. There was no 

  IMRT  VMAT 

Linac Model 
RMSE 
(mm) 

MAE 
(mm) 

 
RMSE 
(mm) 

MAE 
(mm) 

STx1 Actuala 0.0299 0.0235  0.0281 0.0212 

 Linear Velocity-only 0.0130 0.0106  0.0158 0.0123 
 Linear 0.0084 0.0061  0.0138 0.0109 
 Decision Tree 0.0097 0.0075  0.0120 0.0086 
 Boosted Tree 0.0085 0.0065  0.0119 0.0087 
 Bagged Tree 0.0089 0.0069  0.0117 0.0083 
 Neural Network 0.0090 0.0072  0.0142 0.0108 

STx2 Actuala 0.0215 0.0172  0.0298 0.0227 

 Linear Velocity-only 0.0062 0.0043  0.0138 0.0107 
 Linear 0.0065 0.0050  0.0125 0.0096 
 Decision Tree 0.0077 0.0063  0.0121 0.0089 
 Boosted Tree 0.0063 0.0049  0.0118 0.0088 
 Bagged Tree 0.0077 0.0064  0.0117 0.0086 
 Neural Network 0.0070 0.0055  0.0124 0.0098 

TB1 Actuala 0.0287 0.0221  0.0264 0.0202 

 Linear Velocity-only 0.0112 0.0089  0.0135 0.0105 
 Linear 0.0074 0.0058  0.0114 0.0089 
 Decision Tree 0.0081 0.0062  0.0123 0.0087 
 Boosted Tree 0.0067 0.0052  0.0112 0.0081 
 Bagged Tree 0.0073 0.0056  0.0118 0.0086 
 Neural Network 0.0082 0.0061  0.0114 0.0090 
a Rows labeled “Actual” report the magnitude of MLC errors reported in trajectory logs 
(difference between actual & planned MLC positions).  Subsequent rows report the 
model error (difference between actual MLC errors and predicted MLC errors; in other 
words, difference between actual MLC positions and that predicted by the model), 
where a value of zero is ideal. 
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significant difference in the predictions made by the model trained with data from 

different linear accelerators in IMRT. For instance, STx2 had mean difference of RMSE = 

0.0023 ± 0.0008 mm in the predictions made by the model trained with data from STx1. 

For VMAT, there were significant differences in the predictions made by the model 

trained with data from different linear accelerators with p-value less than 0.001. 

However, the means of differences were all less than 0.004 mm, which indicated that the 

difference of using different linear accelerators data was small. The results of the 

difference in predictions on choice of training plans from different treatment techniques 

are shown in Table 4. There were significant differences in the predictions made by the 

model trained with data from different treatment techniques with p-value < 0.001. For 

VMAT, there was a large mean difference to make the predictions by the model trained 

with data from IMRT technique, with 0.0114, 0.0153, and 0.0132 mm for all three linear 

accelerators, STx1, STx2, and TB1, respectively. However, the means of differences 

between the predictions by the model trained with data from IMRT itself and VMAT 

technique were all less than 0.004 mm without statistical significance. 
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Table 3: Difference in the predictions made by models trained using different linear 

accelerators from the same technique. 

 

 

Table 4: Difference in the predictions made by models trained using different plan 

techniques from the same linear accelerator. 

Model 
Linac 

Model 
Techniquea  

Testing 
Techniqueb 

Mean of difference 
in RMSE (mm) 

SD of difference 
in RMSE (mm) 

p-value 

STx1 IMRT VMAT 0.0114 0.0055 < 0.001 
 VMAT IMRT 0.0027 0.0031 0.0450 

STx2 IMRT VMAT 0.0153 0.0040 < 0.001 
 VMAT IMRT 0.0036 0.0023 0.0531 

TB1 IMRT VMAT 0.0132 0.0086 < 0.001 
 VMAT IMRT 0.0019 0.0032 0.0356 
a The treatment technique for which the data used to train the model was from. 
b The treatment technique for which the data used to test the model was from. 

 

 

 

Model 
Technique 

Model 
Linaca 

Testing 
Linacb 

Mean of difference 
in RMSE (mm) 

SD of difference 
in RMSE (mm) 

p-value 

IMRT STx1 STx2 0.0023 0.0008 0.0122 
  TB1 0.0003 0.0011 0.1870 

 STx2 STx1 0.0018 0.0014 0.0106 
  TB1 0.0008 0.0022 0.1550 

 TB1 STx1 0.0011 0.0022 0.1902 
  STx2 0.0014 0.0014 0.1297 

VMAT STx1 STx2 0.0002 0.0002 < 0.001 
  TB1 0.0003 0.0004 0.2893 

 STx2 STx1 0.0007 0.0004 < 0.001 
  TB1 0.0007 0.0012 0.4328 

 TB1 STx1 0.0022 0.0011 < 0.001 
  STx2 0.0016 0.0007 < 0.001 
a The linear accelerator for which the data used to train the model was from. 
b The linear accelerator for which the data used to test the model was from. 
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The predictions of individual fields or arcs by the generalized model trained with 

data from all linear accelerators are shown in Figure 7. For IMRT, the model can highly 

predict MLC errors with high correlation between predicted and actual MLC errors (R2 = 

0.88, Figure 7 (a)). The fraction of RMS of residual over actual MLC errors are shown in 

Figure 7 (b). The fraction over 95 % of fields was less than 0.6, which indicated that the 

machine learning model can predict the MLC errors to a high accuracy for almost all 

fields. The similar results were also found in VMAT with correlation coefficient of, 0.86, 

between predicted and actual MLC errors. Over 95 % of arcs, the fraction of residual 

over actual MLC errors was less than 0.7 (Figure 7 (c)(d)). 
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Figure 7: Per field performance in predicting MLC delivery errors for models trained 

using data from all linear accelerators. (a) RMS of predicted MLC errors to RMS of 

actual MLC errors for individual IMRT field. (b) The fraction between RMS of 

residual and RMS of actual MLC errors for individual IMRT field. (c) RMS of 

predicted MLC errors to RMS of actual MLC errors for individual VMAT arc (d) The 

fraction between RMS of residual and RMS of actual MLC errors for individual 

VMAT arc. 
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3.5 Machine Learning Algorithm to Predict Gantry Angle Error 

The model based on bagged tree algorithm outperformed all other models. The 

root mean square error (RMSE) and mean absolute error (MAE) between predicted and 

actual gantry angle errors when training model and testing group from the same linear 

accelerator are summarized in Table 5. The RMSE of actual gantry angle errors was 

0.0419 degree, with MAE of 0.0333 degree in STx1. The RMSE and MAE predicted by 

bagged tree model were 0.0081 and 0.0012 degree, respectively. Therefore, the machine 

learning algorithm can predict 80 % magnitude of gantry angle errors closer overall on 

all testing fields. STx2 and TB1 showed the similar trend with RMSE of 0.0378 degree 

and 0.0477 degree; MAE of 0.239 degree and 0.0454 degree, respectively, of actual gantry 

angle errors. The RMSE between predicted and actual gantry angle errors by bagged 

tree was 0.0022 degree and 0.0007 degree, with MAE of 0.0005 degree and 0.0001 degree 

for STx2 and TB1, respectively.  
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Table 5: Model performances in predicting delivered gantry angle error for VMAT 

from testing group. 

   Gantry Angle 

Linac Model  
RMSE 

(degree) 
MAE 

(degree) 

STx1 Actuala  0.0419 0.0333 

 Linear  0.0329 0.0179 
 Decision Tree  0.0286 0.0235 
 Boosted Tree  0.0264 0.0124 
 Bagged Tree  0.0081 0.0012 

STx2 Actuala  0.0378 0.0239 

 Linear  0.0277 0.0094 
 Decision Tree  0.0248 0.0066 
 Boosted Tree  0.0140 0.0053 
 Bagged Tree  0.0022 0.0005 

TB1 Actuala  0.0477 0.0454 

 Linear  0.0144 0.0081 
 Decision Tree  0.0048 0.0031 
 Boosted Tree  0.0022 0.0016 
 Bagged Tree  0.0007 0.0001 
a Rows labeled “Actual” report the magnitude of gantry angle 
errors reported in trajectory logs (difference between actual 
& planned gantry angle).  Subsequent rows report the model 
error (difference between actual gantry angle errors and 
predicted gantry angle errors; in other words, difference 
between actual gantry angle and that predicted by the 
model), where a value of zero is ideal. 

 

The results of testing the dependence of the predictions when using a model 

trained with data from different linear accelerator are presented in Table 6. There were 

significant differences in the predictions made by the model trained with data from 

different linear accelerators but without statistical significance. The means of differences 

were all larger than 0.005 degree except testing data from TB1 tested on STx2 model and 

testing data from STx1 tested on TB1 model. The standard deviations of differences were 
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all larger than 0.015 degree, which indicated that the difference of using different linear 

accelerators data was significant. 

 

Table 6: Difference in the gantry angle error predictions made by models trained 

using different linear accelerators. 

 

 

 

 

 

 

The predictions of individual arcs by the generalized model trained with data 

from all linear accelerators are shown in Figure 8. The model can moderately predict 

gantry angle errors with high correlation between predicted and actual gantry angle 

errors (R2 = 0.26) (Figure 8 (a)). The fraction of RMS of residual over actual gantry errors 

are shown in Figure 8 (b). Over 65 % of arcs, the fraction of RMS of residual over actual 

gantry errors was less than 1.0, which indicated that the machine learning model can 

moderately predict the gantry angle error to an accuracy for almost all fields.  

 

Model 
Linaca 

Testing 
Linacb 

Mean of difference 
in RMSE (degree) 

SD of difference in 
RMSE (degree) 

p-value 

STx1 STx2 0.0108 0.0158 0.0098 
 TB1 0.0063 0.0147 0.3314 

STx2 STx1 0.0251 0.0639 0.0037 
 TB1 0.0020 0.0321 0.8791 

TB1 STx1 0.0003 0.0225 0.9158 
 STx2 0.0106 0.0292 0.1404 
a The linear accelerator for which the data used to train the model was from. 
b The linear accelerator for which the data used to test the model was from. 
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Figure 8: Per field performance in predicting gantry delivery errors for models trained 

using data from all linear accelerators. (a) RMS of predicted gantry angle errors to 

RMS of actual gantry angle errors for individual VMAT arc. (b) The fraction between 

RMS of residual and RMS of actual gantry angle errors for individual VMAT arc. 

 

3.6 Tool Development 

3.6.1 Tutorial and Explanation 

Figure 9 shows the interface of the tool to predict the treatment delivery 

trajectory on a Varian TrueBeam linear accelerator for any given plan 

(https://github.com/k1a2i3oscar/TARDIS). A DICOM-RT exported from Eclipse 

treatment planning system for any given plan can be the input to the tool by clicking 

“Open” button. One of ten machine learning models can be chosen based on treatment 

techniques. A new DICOM-RT with predicted MLC positions, and command separate 

values (CSV) files including mechanical parameters and predicted MLC errors and 

positions for individual field (arc) are then generated by clicking the “Run” button. 
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Predicted MLC RMS error and maximum error is shown on the interface.  A new 

DICOM-RT with predicted MLC positions can be easily re-imported into treatment 

planning system to evaluate the change in dose distribution from the treatment delivery.  

 

Figure 9: The graphical user interface of the tool to predict the treatment delivery 

trajectory on a Varian TrueBeam linear accelerator for any given plan. 

 

3.6.2 Sample Cases 

A head and neck plan and a spine plan were tested for the tool for 

approximating radiotherapy delivery. The difference between planned and actual, and 

predicted (boosted tree) and actual positions of a single MLC leaf for two representative 

sets of CPs are shown in Figure 10. In all cases, the predicted positions more closely 

coincide with the actual positions than do the planned positions. Figure 11 shows the 

percent differences in dose volumetric parameters between planned and actual, and 

predicted and actual MLC positions of the spine plan. The dose volumetric parameters 
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calculated with the predicted positions are in closer agreement with the actual 

parameters than are the planned parameters.  

 

Figure 10: The difference of planned versus actual and predicted (boosted tree) versus 

actual positions of a single MLC leaf from an H&N plan over two sets of CPs. (a) The 

leaf is planned to increase rapidly, and MLC error increases with leaf velocity. (b) A 

set of CPs where heavy modulation is planned, but the actual positions consistently 

fail to reach the target. In all cases the predicted positions are closer to the actual 

positions than are the planned positions. 

 

 

Figure 11: Percent differences in dose volumetric parameters planned versus actual 

positions and predicted versus actual positions from a spine plan. (a) Percent 

differences for PTVs. (b) Percent differences for spinal cord. 
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4. Discussion 

4.1 Consistency of Delivery Discrepancy over the Course of 
Treatment 

Results of trajectory log files from pre-treatment patient-specific quality 

assurance and treatment deliveries showed that there were slight differences between 

pre-treatment patient-specific QA (Fraction 0) and treatment deliveries (Fraction 1+). As 

IMRT pre-treatment patient-specific QA was performed with setting the gantry angle to 

zero, which was different the prescribed gantry angle in treatment deliveries. Figure 1 

(b) shows that the differences between fraction 0 and fraction 1+ strongly correlate with 

gravity vector. Thus, we believed that the difference was addressed to the gravity. 

However, the differences are small and of a magnitude that is not likely to be clinically 

relevant according to previous studies2,22,23. 

 

4.2 Nature of Delivery Discrepancy 

MLC RMS error of 0.03 mm and maximum 0.25 degree error for gantry angle 

were observed in this study, which were consistent with the observation from prior 

studies. Olasolo-Alonso et al7  found that for Varian TrueBeam linear accelerator, 0.038 

mm of MLC RMS error were observed in VMAT. Kerns et al5 found that for Varian pre-

TrueBeam linear accelerator, 0.32 mm and 0.46 mm of MLC RMS error were observed in 

dynamic IMRT and VMAT, respectively. Mechanical parameters, for example, MLC 

acceleration, dose rate, and gantry velocity initially assumed to affect MLC positional 
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accuracy were found to have no such effect. First, MLC acceleration would be expected 

to lead to higher level of error when MLC moved in highly varied velocity. However, 

this was not observed in the data. This is in accordance with the findings of prior 

studies5,7,22. Secondly, increasing dose rate and gantry velocity could be expected to 

increase MLC error because increasing demand of MLC shape changes. Nevertheless, 

the data from trajectory log files indicated that these parameters did not affect the MLC 

performance. Mechanical parameters did affect the MLC accuracy including MLC 

velocity and gravity vector along the axis of leaf travel for both IMRT and VMAT. 

Gravity vector was a strong parameter that affect MLC errors for IMRT, while it was 

moderately correlated with MLC errors for VMAT. Fixed gantry angle in IMRT 

treatment caused MLCs consistently affected by gravity may be the possible reason. We 

also investigated the effect of gravity on the axis across the leaves; however, it showed 

no correlation with MLC errors. Moreover, a systematic undershoot of MLC to their 

planned position was observed in all data. The possible reason for this is the lag between 

MLC controller and the MLC itself24. The systematic MLC shift errors would lead to the 

shift of treatment fluence. The impact on dosimetry from the MLC shift errors has been 

reported by several studies22,25. Therefore, a method to evaluate the dosimetry impact 

from MLC positions before deliveries is important, which has also been presented in this 

study.  
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Gantry angle  RMS error of 0.0314 ± 0.0235 degree was observed in this study, 

which corresponded to the results found by Agnew et al and Sun et al. for VMAT using 

a Varian TrueBeam linear accelerator2,11. There were no mechanical parameters which 

had a strong correlation with gantry angle error. Gantry velocity and gravity vector 

initially expected to impact the gantry performance, but the results showed no certain 

patterns. However, a systematic undershoot of 0.03 degree in gantry angle to their 

planned position was also observed with high density in approximate gantry velocity ± 

5.5 degree/s. The lag between gantry rotation controller and gantry motion may be the 

cause of the undershoot gantry position.  

 

4.3 Machine Learning Algorithm to Predict MLC Error 

In this study, we built and validated a model capable of predicting discrepancies 

in MLC position during treatment delivery.  We also demonstrated that it can predict 

the MLC errors in boosted tree model for both IMRT and VMAT, with high correlation 

(R2 = 0.86) between predicted and actual MLC errors. This tool may be helpful to 

evaluate the clinical dosimetric effect of MLC errors for specific treatment plans. The 

model is comparable to the prior study by Carlson et al22, who built a model to predict 

MLC errors for VMAT delivered from Varian pre-TrueBeam linear accelerator. The 

model was able to predict greater than 1 mm closer to the actual positions than the 

planned positions. The dependence of the predictions when using a model trained with 
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data from different linear accelerators showed small differences. The results of 

predictions when using a model trained with data from different treatment techniques 

suggested that a specific model for each treatment technique was desired to predict the 

MLC errors. A generalized model trained with data from all linear accelerators was able 

to make accurate predictions for testing data from all linear accelerators except TB3. Due 

to the large and random nature of the MLC errors found in TB3 (Figure 3), the machine 

learning model was not able to predict MLC errors beyond the original range of target 

response.  However, the poor model performance was indicative of needed linear 

accelerator maintenance, something which may be investigated in future work.  

The model was not treatment site specific, as shown in Figure 7. There was no 

discernible pattern between fields and arcs of different treatment sites. In VMAT, small 

MLC errors were found in dynamic conformal arc therapy, as MLC was less modulated 

in this treatment planning technique. The machine learning model also had poor 

prediction performances in these cases with fraction of RMS of predicted and actual 

MLC errors of 4 arcs over 0.7. However, the prediction performance may be acceptable 

in these cases because the magnitude of error for these cases was very small and random 

in nature.  

Figure 7(a) and (c) show that there was an underestimation of the RMS errors 

based on the models (the data points tend to be beneath the unity line). This was 

expected because the prediction models only account for errors that can be predicted 
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from the parameters, and thus did not incorporate random (unpredictable) errors.  Thus, 

the deviation of the points from the unity line was indicative of the magnitude of the 

random error component (or at least the unpredictable component) relative to the 

systematic (predictable) component. This underestimation can be compensated by 

incorporating random error into the prediction, although this had the inevitable 

drawback of lowering the correlation between the actual and predicted error. The option 

to add a random component in the released tool was provided. In doing so, it was 

assumed that any MLC discrepancy that was not accounted for with the machine 

learning prediction was of random nature, and that this error was normally distributed. 

The standard deviation of residual of the model was derived empirically from the 

testing group for each learning machine model, which would be randomly added to 

each individual predicted MLC discrepancies. 

 

4.4 Machine Learning Algorithm to Predict Gantry Angle Error 

Apart from a model of predicting discrepancies in MLC position delivery, we 

built and validated a model capable of predicting discrepancies in gantry angle during 

treatment delivery. The bagged tree model was able to predict the gantry angle errors 

with moderate correlation (R2 = 0.36) between predicted and actual gantry angle errors. 

The dependence of the predictions when using a model trained with data from different 

linear accelerators showed significant differences. The results of predictions when using 
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a model trained with data from different linear accelerator suggested that a specific 

model for each machine would be optimal to predict the gantry angle errors.  

A generalized model trained with data from all linear accelerators was able to 

make accurate predictions for testing data from all linear accelerators except an 

individual arc in STx1.  There were poor predictions in a small fraction of control points 

(9 over 121 control points) with specific input mechanical parameters combination, thus, 

it showed a poor RMSE in total in this arc. However, the prediction performance may be 

acceptable, as there was only one case over 134 testing individual arcs, and the reason of 

the failed prediction could be addressed easily. Again, the model was not treatment site 

specific, as shown in Figure 8. There was no discernible pattern between fields and arcs 

of different treatment sites. All in all, the model may be helpful to evaluate the clinical 

dosimetric effect of gantry angle errors for specific treatment plans as there was no prior 

study of dosimetry effect by gantry angle error for VMAT.  

 

4.5 Tool Development 

The software tool, TARDIS, is provided with this study as a way for researchers 

to simulate a radiotherapy treatment delivery on a TrueBeam or TrueBeam STx linear 

accelerator without having to physically deliver on the machine. In addition being of use 

for research purposes, such a tool could also eventually find use in clinical scenarios; for 

instance, it may alleviate many of the limitations of conventional measurement based 
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pre-treatment quality assurance. To be more specific, the tool allows for a “virtual” pre-

treatment QA which requires no extra beam on time and still provides pre-emptive 

insight into the plan quality. Also, we showed that the MLC trajectories in the first 

fraction were representative of subsequent fractions. The results of this pre-treatment 

QA can then be verified by comparing to the trajectory file acquired during the first 

treatment fraction.  

Traditional pre-treatment measurement based IMRT and VMAT QA requires a 

high workload for physicists yet is poorly correlated with clinical significance26-28 and 

has been shown to be relatively ineffective at identifying many errors in radiotherapy 

treatment plans26,29,30. In addition, conventional pre-treatment QA is ill suited for new 

developments such as on-line adaptive radiotherapy31-33.  Accordingly, an efficient pre-

treatment QA technique that can be carried out rapidly (without physical delivery) and 

provide feedback regarding the performance of an individual treatment plan on a 

specific linear accelerator may be better suited to meet this clinical need. Quality 

assurance for IMRT via machine log files has been developed recently on various 

treatment machines to address issues with conventional QA methods2,3,8,23,34. Sun et al2,23 

presented an end-to-end QA method by log files analysis, which allowed an efficient 

and accurate verification of the data transfer to evaluate the performance of the MLC 

delivery for Varian pre-TrueBeam and TrueBeam linear accelerator. The dose in patient 

anatomy was reconstructed to assess the actual delivered dose, which cannot be 



 

43 

obtained with conventional measurements. A Monte Carlo based RapidArc QA using 

log files to assess the physical delivery and dose calculation accuracy was presented by 

Teke at al3.  

While these studies evaluated discrepancies in IMRT and VMAT delivery after 

pre-treatment quality assurance or the treatment, in contrast, TARDIS can be utilized to 

evaluate the nature of MLC errors for specific treatment fields virtually without actual 

delivery.  There are a large number of potential uses of TARDIS.  For instance, it could 

be used to retrospectively analyze the delivery robustness of a large number of 

radiotherapy plans. This could be done as part of a comparison of different radiotherapy 

planning techniques, or across different institutions, or to analyze plan robustness for 

clinical trials, etc. Also, it could be used to retrospectively determine how much 

discrepancy in pre-treatment QA results can be explained by routine MLC discrepancies 

at treatment delivery. It could also be used to retrospectively evaluate clinical treatment 

plans across machines and institutions.  Finally, it could be used to compare a specific 

institution's machine performance to that predicted by the model.  While the current 

version of TARDIS uses a generic Truebeam model, for a clinical situation the machine 

model may be trained to a specific linear accelerator and updated over time using recent 

trajectory log files. 
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4.6 Future Work 

We developed a research tool to utilize prior trajectory log files to simulate a 

radiotherapy treatment delivery for a new plan. However, some studies have shown 

that the actual MLC position from image-based measurement can vary from the MLC 

position recorded in the machine log file10,12. Agnew et al.10 mentioned that trajectory log 

files may not detect the MLC errors due to degradation of the performance of each 

motor, a loss of counts by the encoder, or a faulty or loose t-nut. The concerns by 

physicists regarding the potential for differences between the actual and recorded MLC 

positions in the machine log file can be allayed by incorporating into the pre-treatment 

QA algorithm information regarding MLC accuracy from an independent EPID based 

measurement.  A QA plan that is designed to be a rigorous test of linear accelerator 

MLC speed and positioning capability will be developed.  This QA plan can be devised 

so that the accuracy of MLC positioning can be quantified using an integrated EPID 

image, similar to other published QA tests10, but potentially more comprehensive in 

nature.  Code will be developed to analyze the QA plan and detect MLC discrepancies 

that are not identified by the machine log file, but which are known to be systematic and 

usually indicative of a failing leaf component10,12.   These uncertainties are recorded in a 

database that tracks the leaf specific uncertainty, which can be updated regularly by 

daily, weekly, or monthly delivery of the QA plan. This measurement can be 

incorporated into daily, weekly, or monthly QA tests which are already being delivered, 
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thus providing a measurement based pre-treatment QA with vastly improved efficiency 

over other pre-treatment QA methods.  

Adaptive radiotherapy is the trend of future radiation therapy. An efficient pre-

treatment QA technique that can be carried out rapidly (without physical delivery) and 

provide feedback regarding the performance of an individual treatment plan on a 

specific linear accelerator may be better suited to meet this clinical need. Quality 

assurance for IMRT via machine log files has been developed recently on various 

treatment machines to address issues with conventional QA methods. Nevertheless, in-

vivo monitoring, in which delivered dose to the patient is recalculated using machine 

log files from each fraction, adds to the workload with nebulous benefit since (1) this has 

not been monitored historically, and (2) it is still unclear for which types of cases (if any) 

the dosimetric effect of positional discrepancies recorded by the trajectory files are 

significant enough to warrant this additional analysis.  The tool developed so far can be 

incorporated to design a software to do the instantaneous dosimetry evaluation and 

track the real dose over the course of treatment without adding the workload of 

physicists. 
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5. Conclusion 

Statistically significant differences in MLC error were observed between patient-

specific QA and patient treatment; however, they are of small magnitude that, according 

to prior studies2,22,23, is not likely to be clinically relevant. For both IMRT and VMAT 

treatments, MLC errors less than 0.15 mm were observed in all linear accelerators except 

TB3, which highlighted the ability of the trajectory log files to detect at least some cases 

where machine maintenance is needed. MLC errors strongly correlated with MLC 

velocity and gravity vector. High degree of MLC positional accuracy can be predicted by 

utilizing these mechanical parameters as the inputs of machine learning algorithm and 

can be generalized across (TrueBeam/ TureBeam STx) linear accelerators and across 

treatment sites. By incorporating and correcting MLC positions based on predictions, a 

more realistic estimate of clinical robustness and dosimetric effect of delivery errors can 

be achieved. A software tool, TARDIS, is provided which enables researchers to simulate 

the treatment delivery without having to physically deliver the treatment plan at the 

machine.  This concept may have potential as a complement or alternative to patient-

specific IMRT and VMAT quality assurance. 
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