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Abstract 

Purpose: Traditional pre-treatment patient specific QA is known for its high 

workload for physicist, ineffectiveness at identifying clinically relevant dosimetric 

uncertainties of treatment plans, and incompatibility with on-line adaptive 

radiotherapy. Our purpose is to develop a trajectory file based PSQA procedure that 

allows for a virtual pre-treatment QA that can effectively evaluate the performance and 

robustness of a treatment plan via a DVH based analysis and can be carried out with 

online adaptive radiotherapy. For this purpose, we have developed a machine learning 

model that can predict discrepancy in machine parameters between delivery and 

treatment plan on a Varian TrueBeam linear accelerator.  

 

Methods: Trajectory log files and DICOM-RT plan files of 30 IMRT plans and 75 

VMAT plans from four Varian TrueBeam linear accelerators were collected for analysis. 

The discrepancy in machine parameters is divided into “conversion error” (from 

converting DICOM-RT to deliverable machine trajectory) and “delivery error” 

(difference in machine parameters recorded in trajectory files). Correlation matrices 

were obtained to determine the linear correlation between actual discrepancy and 

mechanical parameters, such as MLC velocity, MLC acceleration, control point, dose 

rate, gravity vector, gantry velocity, and gantry acceleration. Multiple regression 
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algorithms were used to develop machine learning models to predict the total 

discrepancy in machine parameters and its components based on mechanical 

parameters. The fully trained models were validated with an independent validation 

dataset and treatment plans constructed with varying degrees of complexity 

approaching the limitations of the linear accelerator.  

 

Results: For both IMRT and VMAT, the RMS of conversion error (0.1528 mm) 

was 4 times greater than the RMS of delivery error (0.0367 mm). A high correlation 

existed between MLC velocity and both components of discrepancies for IMRT (R2 ∈ 

[0.61, 0.75]) and VMAT [0.75, 0.85]). Final models trained by data from all linear 

accelerators can predict MLC delivery errors, conversion errors, and combined errors 

with a high degree of accuracy and correlation between predicted and actual errors for 

IMRT (R2 = 0.99, 0.86, 0.98) and VMAT (R2 = 0.84, 0.86, 0.87). 

 

Conclusion: We developed an AI model that can predict total MLC discrepancy 

on Varian TrueBeam linear accelerator with high accuracy using mechanical parameters 

from trajectory log files and DICOM-RT plans. The software tool from our previous 

study has been updated to incorporate the discrepancy in planned position into the 

predictions of total delivery error. We have released the tool for public uses to enable 

researchers to simulate a treatment delivery without a physical delivery. The tool also 
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has promise in clinical scenarios by allowing for a virtual pre-treatment QA and can be 

carried out with online adaptive radiotherapy, thereby increasing the effectiveness of 

pre-treatment patient specific QA.  
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1. Introduction 

1.1 Pre-treatment patient specific QA 

Pre-treatment patient specific quality assurance (PSQA) plays a critical role in 

delivering a safe and accurate radiation therapy treatment. Traditionally, PSQA for 

IMRT and VMAT treatment plans includes verification of treatment delivery and dose 

calculation performed by treatment planning system (TPS). The verification can be done 

either with individual or composite field analysis using a detector array 1–3 and gamma 

index analysis 4. The AAPM Task Group 218 provides the IMRT measurement based 

verification as well as suggested tolerance limits and methodologies 5. A second check 

dose calculation is recommended by the AAPM Task Group 71 for IMRT dose 

verification 6. 

However, this traditional pre-treatment PSQA procedure has limitations that 

need to be overcome. Studies have demonstrated the inability of predicting clinically 

relevant dosimetric errors and identifying problematic treatment plans of PSQA with 

gamma index analysis 7–11. Other limitations are the potential increase in clinical 

workload, overall planning time, and use of resources 7,9,12,13. Such limitations of 

conventional pre-treatment QA have led to new developments in this area, such as 

methods to translate pre-treatment verification measurements back to the patient dose 

volume histogram (DVH) 14,15, and more sophisticated independent 3D dose calculation 

algorithms, such as convolution-superposition 16,17 or Monte Carlo 18,19.  
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Another limitation of traditional pre-treatment PSQA is its incompatibility with 

online adaptive radiotherapy (OART) techniques 20–22 that allow for treatment 

modifications based on the imaging acquired on the table and is immediately used for 

treatment delivery. The ability to adapt the treatment according to patient’s current 

anatomy in online ART could solve the problems of anatomical movements, thus 

minimizes uncertainties from tumor and/or organ deformation. Studies have shown that 

OART can improve therapeutic ratio at various sites 23,24 and target coverage 24,25, and 

reduce dose to organs-at-risk (OARs) 24–26. Clinical implementation of online ART is 

growing but still limited because of the difficulty in achieving real-time efficiency of the 

treatment planning, delivery process, and PSQA 20–22.  

 

1.2 Artificial intelligence in pre-treatment patient specific QA 

A new development that can enhance the pre-treatment PSQA process and its 

incompatibility with OART is the application of artificial intelligence (AI). Valdes et al. 

developed an algorithm to predict gamma index passing rates from IMRT QA using a 

weighted Poisson regression with Lasso regularization 27, which was later validated in a 

multi-institutional study 28 and updated to use convolutional neural networks (CNN) 29. 

Granville et al. incorporated treatment plan characteristics and routine linear accelerator 

(LINAC) quality control test results into the prediction algorithm 30. Studies that have 

included machine learning algorithms with portal dosimetry 31, ArcCHECK helical 
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diode array 32,33, and MatriXX ion chamber array 34, and the mapCHECK diode array 35, 

have demonstrated artificial intelligence’s ability to provide an accurate prediction of 

Gamma Index passing rates for IMRT and VMAT QA.  

Artificial intelligence, however, has some limitations in virtual IMRT QA process 

described in these previous studies. Since the AI model was used to predict the gamma 

index passing rate, its prediction were still a poor predictor of clinically relevant 

dosimetric errors 7,8. This poor correlation can be caused by limitations in the 

measurement being propagated into the comparative measure, such when AI model 

reflects the poor scatter modeling at the detector edge that affects the passing rate 27,31,36. 

An inherent difference between dose agreement in phantom and dosimetric effect in the 

clinical plan also contributes to the poor predictability of pre-treatment PSQA.  While 

this can be mitigated by translating the PSQA measurement results back to the patient 

geometry 15, this is not possible with the AI prediction since only the overall results of 

the comparison is predicted (such as Gamma index passing rate) as opposed to a 

detector by detector result.  

 

1.3 Research Objectives 

In this study, we present an artificial intelligence powered pre-treatment PSQA 

strategy that directly predicts the linear accelerator machine parameters via trajectory 

files. Because we directly predict the machine parameters at treatment delivery, our 
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strategy can circumvent the limitations associated with gamma index analysis. We 

developed AI models to predict discrepancies in machine parameters that occur at 

treatment delivery for a new treatment plan using the trajectory log files from prior 

patients. The predicted parameters can be incorporated into a predicted DICOM-RT 

plan, which can be re-imported into the TPS to calculate dose on the patient geometry 

and directly determine the clinical dosimetric effect. Our approach builds upon few 

recent studies that have demonstrated that AI models trained using prior trajectory files 

can predict the machine parameters recorded in trajectory files. Similar prediction 

models were developed to predict machine parameters by Carlson et al who used 

DICOM-RT and MLC Clinac Dynalog files from 74 VMAT plans 37, and by Osman et al. 

who used Clinac Dynalog files for 10 sliding window IMRT plans 38. We expect this 

technique to be compatible with the OART and thus provide a safer and more accurate 

treatment delivery.  

In previous study, our research group released open-source AI models for both 

IMRT and VMAT which predict potential discrepancies in machine parameters at 

treatment delivery 39. More recently, our group observed that the discrepancy that 

occurs when a DICOM-RT is converted into a deliverable machine trajectory is about 4-

5x higher than the recorded delivery discrepancy 40. This means that >80% of the 

discrepancy in machine parameters at delivery is introduced during the conversion 

process, so it cannot be ignored. The previous AI models rely solely on the trajectory 
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files, so its predictions correspond to only ~20% of the total delivery error. In this study, 

we update our prediction models using both trajectory files and DICOM-RT files to 

capture the total delivery error. We also incorporate the AI powered prediction of linear 

accelerator machine parameters to build a framework for pre-treatment PSQA. 
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2. Methods and Materials 

The workflow for the pre-treatment patient specific QA method utilizing direct 

machine parameter prediction from AI is illustrated in Figure 1. After a new treatment 

plan is created and approved for clinical delivery, the DICOM-RT plan is exported from 

the treatment planning system (TPS) and imported into the AI prediction tool. An AI 

model trained using prior trajectory files is then used to predict machine parameters at 

delivery. The predicted parameters are then incorporated into a new DICOM-RT 

treatment plan that is used to calculate dose on the patient geometry and perform a 

DVH-based analysis.  This calculation can be made within the TPS or using an 

independent dose calculation software, in conjunction with the independent dose 

calculation 6. The robustness of the prediction model for the specific treatment plan can 

be directly validated using the trajectory files acquired at the first and subsequent 

treatment fractions. 

In this study, we develop and validate a prediction model found in box b) of 

Figure 1.  A dataset consisting of DICOM-RT plans and trajectory (log) files from 

previously treated patients was separated into a training set and a validation set using 

an 80/20 split.  We investigated various machine learning algorithms including linear 

regression, decision trees, neural network, boosted tree, and bagged tree 39.  Independent 

datasets and modeling were performed for IMRT and VMAT.  In addition to validation 

with the independent validation set, we also validated the prediction models using 
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treatment plans constructed with varying degrees of complexity approaching the 

limitations of the linear accelerator. 

 

Figure 1: Workflow for pre-treatment patient specific QA utilizing direct 
machine parameter prediction from AI, and its potential integration with existing 

trajectory file based QA and independent dose calculation. 
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2.1 Data Collection 

Trajectory log files and DICOM-RT plan files of 30 unique IMRT plans (total 120 

fields and 877098 control points) and 75 unique VMAT plans (total 206 arcs and 1208442 

control points) were acquired from four separate linear accelerators. The data collection 

period was May 2019 and June 2019. More details about the plans can be found in Table 

1. These plans were acquired at Duke University and prepared in the Eclipse treatment 

planning system v15.1 (Varian Medical Systems, Palo Alto, CA). Two models of linear 

accelerators were used to deliver the plans: 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).  Our prior work shows that a single prediction model created 

for all linear accelerators combined is appropriate, and that the discrepancy in delivered 

machine parameters was indistinguishable between these two models of accelerator 39. 

Table 1: Data Collection 

LINAC 
IMRT VMAT 

Plans Fields Plans Arcs 
TB1 5 46 9 11 
TB2 9 10 10 20 
TB3 4 41 42 149 
STX 12 23 14 26 
Total 30 120 75 206 
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2.2 Programming Platforms 

The AI models were primarily created in Python 3.7 (Python Software 

Foundation, Wilmington, DE). MATLAB R2019a (The MathWorks, Inc., Natick, MA) 

was also used for data validation and analysis.  

 

2.3 DICOM-RT and Trajectory Log File Analysis 

2.3.1 Mechanical Parameters from DICOM-RT 

After a treatment plan is finalized in the planning system, the radiotherapy plan 

is exported from the planning system as a DICOM-RT file. This file contains the ideal 

“planned” machine parameters at each control point (CP), which are extracted using 

Python.   

Some of the parameters used for the prediction model are defined in the 

trajectory log file but are not explicitly defined within the DICOM-RT file (such as dose 

rate, MLC velocity, MLC acceleration, gantry velocity, & gantry acceleration).  For the 

DICOM-RT file, these are calculated accounting for linear accelerator machine parameter 

limitations. The distance traveled of each MLC at each CP was calculated as the absolute 

value of the difference between MLC planned positions at the current CP and at the 

previous CP, as described in equation 1: 

𝑥 = 𝑀𝐿𝐶 𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 − 𝑀𝐿𝐶 𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛  (1) 
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For IMRT dataset from DICOM-RT files, we need to determine the amount of 

time that will elapse between each two CPs.  The minimum time between each two CPs 

is limited by the limitations in machine parameters such as dose rate, maximum MLC 

speed, and maximum gantry speed (for VMAT).  If dose rate is the limiting factor, then 

the time between two control points (tdose rate) is: 

𝑡 ,  =
 

=
 

  (2) 

In contrast, if MLC speed is the limiting factor, then the time elapsed between 

any two control points will be equal to: 

𝑡 , =
 (  )  

  
  (3) 

where the maximum MLC speed is 25 mm/s according to manufacturer 

specifications 41,42.  The final time interval between any two CPs for IMRT data is 

determined as the maximum of tdose rate and tleaf at each CP: 

𝑡 , = max (𝑡 , , 𝑡 , )  (4) 

The MLC velocity at each CP is then calculated as the distance traveled by the 

MLC divided by the time interval between CPs, as described in equation 8: 

𝑀𝐿𝐶 𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦 =   

,
  (5) 

The dose rate at each CP is the MU delivered between CPs divided by the final 

time interval between CPs, as described in equation 9:   

𝐷𝑜𝑠𝑒 𝑅𝑎𝑡𝑒 =
,

=  
,

  (6) 
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For VMAT, the time between any two CPs can also be dictated by limitations in 

gantry speed: 

𝑡 , =  
 (   )

  
  (7) 

where the maximum gantry speed specified in the manufacturer specifications 

41,42 is 6 degree/s.  The final time interval between CPs for VMAT data is simply the 

maximum of tdefault, tleaf, and tgantry at each CP.  

𝑡 , = max (𝑡 , , 𝑡 , , 𝑡 , )  (8) 

 

2.3.2 Mechanical Parameters from Trajectory Files 

At the delivery of each fraction, the linear accelerator system constructs a 

trajectory file as a history log of the treatment delivery which contains axis positions and 

MU delivered for that fraction. The trajectory files contain both expected and actual 

positions of the collimator, gantry, couch, and MLCs, and MU delivered at every 

recorded point in time. As mentioned in the introduction, we recently demonstrated that 

the expected position recorded in the trajectory file can differ from the “planned” 

position from the DICOM-RT plan, as some uncertainties are introduced when 

converting the ideal parameters in the DICOM-RT file to a deliverable trajectory for the 

linear accelerator 40.  This error cannot be ignored since its magnitude is typically 3-5x 

greater than the delivery error measured in the trajectory file 40. 



 

 

12

At treatment delivery the TrueBeamTM system records the actual and expected 

positions every 20 ms which are stored in a trajectory file in binary format 43. All 

information stored in the trajectory files were extracted using an in-house Python 3.7 

(Python Software Foundation, Wilmington, DE) script using the log analyzer module in 

Pylinac 44. 

Each trajectory file was matched to the corresponding DICOM-RT file and all 

parameters that characterize the MLC motion during the treatment (e.g. MLC velocity, 

MLC acceleration, control point, dose rate, gravity vector, gantry velocity, and gantry 

acceleration, etc.) were calculated as described in a previous study 39.  

Note that the gantry velocity and gantry acceleration parameters are only 

applicable to VMAT plans. We use the same coordinate system for the MLC positions 

for bank A and bank B recorded in DICOM-RT and trajectory files, so both banks must 

have the same positive direction and negative direction.  

 

2.4 High-Resolution vs Low-Resolution Models 

The DICOM-RT plan defines the machine parameters at integer control point 

values whereas trajectory files record the machine parameters every 20ms, leading to a 

higher temporal resolution measurement. As a result, we created both high-temporal 

resolution and low-temporal resolution prediction models. For the high-resolution 

model, the planned MLC positions from the DICOM-RT plans are interpolated to the 
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control points recorded in the trajectory files. For the low-resolution model, the expected 

and actual MLC positions from the trajectory files are interpolated to the integer control 

point values recorded in the DICOM-RT plan.  

 

2.5 Target Responses  

The predicted machine parameters at treatment delivery are calculated as the 

summation of the original planned machine parameters from the DICOM-RT plan and 

the discrepancy in machine parameters predicted by the AI algorithm.  This discrepancy 

in machine parameters (described hereafter as “combined error”) from the DICOM-RT 

plan has two components: 1) “conversion error” (from converting DICOM-RT to 

deliverable machine trajectory), and 2) “delivery error” (difference in machine 

parameters recorded in trajectory files).  These components are illustrated in Figure 2.  

The three components of discrepancy in machine parameters are calculated using 

the following equations:  

𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑦 𝐸𝑟𝑟𝑜𝑟 =  𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 , −  𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 ,    (9) 

𝐶𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =  𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 , −  𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 ,   (10) 

𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑 𝑒𝑟𝑟𝑜𝑟 =    𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑦 𝐸𝑟𝑟𝑜𝑟 + 𝐶𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟   (11) 

Where 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 ,  = planned machine parameters from DICOM-RT plan 

 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 ,  = expected machine parameters recorded in log file  

 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 ,  = actual machine parameters recorded in the log file 
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Figure 2:  Components of machine parameter uncertainties 

 

2.6 Data Validation and Feature Extraction 

We created separate prediction models for IMRT and VMAT. Each field/arc in 

the analysis represents one unique delivery per plan, so all fields/arcs are weighted 

equally in the model. The analysis for the high-resolution models only included data 

points where the MLCs were moving, since the error is negligible for stationary MLCs 39.  

For the low-resolution dataset, MLCs that were static throughout the entire field/arc 

were removed from analysis. Correlation matrices were obtained for both IMRT and 

VMAT datasets to find the linear correlation between the actual MLC error and the 

parameters calculated mentioned above.  
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2.7 Predictive AI Models 

The AI models were built using the Scikit-learn: Machine Learning in Python15. 

The target response of these models was set to the 3 components of MLC uncertainties 

(conversion error, delivery error, and combined error), and the feature variables of the 

models were set to the calculated mechanical parameters. The bank of each MLC was 

also used as a feature in the input.  Once the entire dataset was ready, it was randomly 

separated into a training set and a validation set using the 80/20 split.  The workflow to 

prepare the training model data is shown in Figure 3. 
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Figure 3: Prediction model data preparation 

 

2.7.1 Training the Prediction Models 

During the training process (Figure 4), the Python script randomly splits the 

training set into two sub-groups, training and testing, again with the 80/20 split.  Note 
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that the validation dataset from Figure 3 is never passed into the training model, but is 

instead used in a separate validation step carried out after the model was fully trained. 

Each field/arc in each group represents one delivery, so all groups (training, testing, and 

validation) are independent of each other. 

Several regression analysis techniques (e.g., linear regression, decision trees), 

ensembled algorithms (e.g., boosting, bagging), and neural network were used to train 

the models:  

The linear regression model fits a linear equation to the observed data (𝑥) and 

target predicted (𝑦) using a regression equation: 𝑦 =  𝛽 + 𝛽 𝑥 + 𝛽 𝑥 + ⋯ + 𝛽 𝑥 + 𝜖.  

𝛽 , 𝛽 , … , 𝛽  are regression coefficients, and 𝜖 is the random error (also known as 

residual). The goal of this model is to minimize the sum of squared residuals (SSR) 

between the observed target in the dataset and the predicted target 45. 

A decision tree is a flowchart-like model of decisions and their possible 

outcomes. Each root node represents one feature variable (𝑥), and each leaf node 

represents an outcome (𝑦) 46. To avoid overfitting, each node will have a minimum leaf 

size of 50 39.  

An ensembled method can improve the accuracy of the results by combining 

multiple base learners or models built with a machine learning algorithm. The two 

ensembled methods used in this study were two advanced decision-tree models, a 

boosted tree and a bagged tree 47. Both models began with separating the input data into 
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multiple subsets. A boosted-tree model will then randomly select and train a subset to 

create a decision tree, and the other subsets will be trained sequentially using the 

previously trained decision tree. A bagged tree, on the other hand, will independently 

train each subset into a decision tree. The result of the bagged tree is the average of all 

predictions from different trees 39.  

A neural network is a feedforward network of neurons, similar to the structure of 

a human brain. It usually contains an input layer, an output layer, and several hidden 

layers in between. Neuron network takes the data from the input layer, trains them and 

recognizes patterns in the hidden layers, and then predicts the outcomes in the output 

layer 48.  

Once a model was built, root mean square error (RMSE) and mean absolute error 

(MAE) between the predicted and actual target response were used to evaluate the 

performance of the model over the testing group. The final selected model has the 

lowest RMSE and MAE.  

The mean absolute error is an average of the absolute errors or residuals between 

the actual and predicted target response at each CP, as described in equation 12: 

𝑀𝐴𝐸 =  ∑ (𝐴𝑐𝑡𝑢𝑎𝑙 𝑀𝐿𝐶 𝐸𝑟𝑟𝑜𝑟 − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑀𝐿𝐶 𝐸𝑟𝑟𝑜𝑟 )  (12) 

The root mean square error (RMSE) is the square root of the average of residual 

squared between the actual and predicted target response at each CP, as described in 

equation 13: 
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𝑅𝑀𝑆𝐸 =  ∑ (𝐴𝑐𝑡𝑢𝑎𝑙 𝑀𝐿𝐶 𝐸𝑟𝑟𝑜𝑟 − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑀𝐿𝐶 𝐸𝑟𝑟𝑜𝑟 )   (13) 

 

Figure 4: Prediction model training process. 

 

2.7.2 Validating the Prediction Models 

As mentioned above, the validation group was kept independent of the training 

group. Our methods of validating the prediction models are shown in Figure 5. The 

high-resolution models and low-resolution models were tested separately using their 
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respective validation dataset. Their performance was evaluated based on per field/arc 

residual and correlation (R squared) between the prediction and actual machine 

parameters at delivery. Since the ultimate use of the prediction model is to predict the 

machine parameters using a new DICOM-RT plan (Figure 1a), the low-resolution 

models were eventually used as the final models in this study.  

In addition to the fields/arcs from the collected validation dataset, we also 

constructed treatment plans with varying leaf speed approaching the limitations of the 

linear accelerator for additional validation of the selected prediction models (Figure 5). 

These plans have MLC velocity constantly changing in sine waves and were delivered 

with MU = 25, 50, 100, and 500. All leaves in these plans move either in sync or in 

opposite direction from the leaves located just above or below. There is a 2 cm gap 

between the MLCs of the two banks to avoid potential damages to the leaves by 

collision. 
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Figure 5: Prediction model validation process. 
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3. Results 

3.1 Data Characteristics 

The correlation heatmaps in Figure 6 shows that all three components of 

discrepancy in machine parameters are highly dependent on MLC velocity for both 

IMRT (correlation coefficient = 0.61, 0.75, and 0.69 for conversion, delivery, and 

combined error, respectively) and VMAT (correlation coefficient = 0.72, 0.85, and 0.78). 

For VMAT, MLC acceleration has the second highest correlation coefficients (-0.57, -0.23, 

and -0.55) with the three components of MLC uncertainties (Figure 6b). However, for 

IMRT, the magnitudes of these correlations between MLC acceleration and MLC 

uncertainties were less (< 0.15). Another variable with high correlation with delivery 

error was MLC gravity vector (-0.54); while bank was highly correlated with conversion 

error (-0.49). The correlation coefficient between MLC position and delivery error for 

IMRT is -0.19. The magnitude of correlation for other variables was small (<0.1) for both 

IMRT and VMAT.  



 

 

23

 

Figure 6: Correlation heatmaps for a) IMRT and b) VMAT datasets. 

 

Characteristics of each component of the MLC discrepancy are shown in Figure 

7. For IMRT, the mean and standard deviation of conversion, delivery, and combined 

error in the dataset are 0.0535 ± 0.1062, 0.022 ± 0.0187, and 0.0742 ± 0.1173. For VMAT, 

the mean and standard deviation of the errors are 0.0971 ± 0.1644, 0.0246 ± 0.0221, and 

0.1138 ± 0.178. Therefore, the mean of conversion error are 2.43x higher than the mean of 

delivery error for IMRT and 3.95x higher for VMAT. Table 2 shows that the RMS of 

conversion error for IMRT and VMAT is 4.0x and 4.3x higher than the RMSE of delivery 

error, confirming that the majority of discrepancy in machine parameters (a.k.a. 

combined error) comes from conversion error. Since conversion error contributes to 

approximately 80% of combined error, the correlation coefficients of these two errors 
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with the feature variables are very similar to each other (Figure 6). Figure 8 shows how 

each component of MLC errors look like for a single leaf of a single field/arc, confirming 

that the magnitude of combined error is closer to the magnitude of conversion error, 

rather than delivery error.   

 

Figure 7: Characteristics of each component of the MLC discrepancy for a) 
IMRT and b) VMAT. 

 

 

Figure 8: MLC error vs control point of leaf # 30 in a) a single IMRT field and 
b) a single VMAT field. 
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Table 2: RMS of conversion error, delivery error, and combined error from all 
plans. 

  
Conversion 
Error (mm) 

Delivery 
Error (mm) 

Combined 
Error (mm) 

Ratio of 
Conversion &  
Delivery Error 

IMRT 0.136 0.034 0.161 4.0 
VMAT 0.170 0.039 0.197 4.3 

Mean  0.153 0.037 0.179 4.2 

 

3.2 Model Performance for Each Machine Learning Algorithm 

The deviance of the training and testing set at each iteration during the training 

process of the boosted tree model is shown in Figure 9. The deviance curve began to 

converse to zero at around the 300th iteration, indicating that the model is fitting the data 

well. For bagged tree model, the out-of-bag (OOB) error, which is the average 

error/residuals between the predictions and target responses of each decision tree, is 

calculated at each iteration (Figure 10). The OOB curves for both IMRT and VMAT 

began to converse to zero at around 10th iteration.  



 

 

26

 

Figure 9: Plot training deviation for Boosted Tree model. 

 

 

Figure 10: Plot of out-of-bag error for bagged tree model. 

 

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

predicted and actual MLC discrepancy (combined error) for moving MLCs after the 

training process (but before the validation process) from all four linear accelerators are 

summarized in Table 3. For IMRT, the RMSE of the actual combined errors was 0.13 mm 
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for low resolution data and 0.16 mm for high resolution data. The RMSE of the actual 

combined errors was higher for VMAT, which is 0.179 mm for low resolution data and 

0.197 mm for high resolution data. 

According to Table 3, the model based on bagged tree algorithm outperformed 

all other models because it had the lowest RMSE and MAE in all cases for both IMRT 

and VMAT. For IMRT, the RMSE and MAE predicted by the bagged tree model were 

0.0098 mm and 0.0044 mm respectively. For VMAT, they are 0.0484 mm and 0.0205 mm 

respectively. Therefore, the bagged tree algorithm could predict 92% of the magnitude 

of the MLC combined errors in IMRT plans and 72% of the magnitude of the MLC 

combined errors in VMAT plans. The second-best model in the training process is the 

boosted tree model (Table 3), with the RMSE of 0.0126 mm and MAE of 0.0074 mm for 

IMRT, and the RMSE of 0.068 mm and MAE of 0.0292 mm for VMAT. Therefore, the 

boosted tree algorithm was expected to predict 90% magnitude of the MLC combined 

errors in IMRT plans and 62% magnitude of the MLC combined errors in VMAT plans.  
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Table 3: Model performances in predicting discrepancy in machine parameters 
(combined error) for moving MLCs in the training process. 

  IMRT 
  Low Resolution High Resolution 

Model 
RMSE 
(mm) 

MAE 
(mm) 

RMSE 
(mm) 

MAE 
(mm) 

Actual 0.1301 0.0745 0.1610 0.1055 
Linear Regression 0.0614 0.0465 0.0667 0.0520 
Decision Tree 0.0171 0.0104 0.0253 0.0124 
Neural Network 0.0131 0.0076 0.0176 0.0054 
Bagged Tree 0.0098 0.0044 0.0094 0.0026 
Boosted Tree 0.0126 0.0074 0.0179 0.0060 

     
  VMAT 

  Low Resolution High Resolution 

Model 
RMSE 
(mm) 

MAE 
(mm) 

RMSE 
(mm) 

MAE 
(mm) 

Actual 0.1791 0.1002 0.1974 0.1205 
Linear Regression 0.1272 0.0742 0.1275 0.0909 
Decision Tree 0.0775 0.0342 0.0359 0.0198 
Neural Network 0.0736 0.0288 0.0230 0.0100 
Bagged Tree 0.0484 0.0205 0.0185 0.0041 
Boosted Tree 0.0680 0.0292 0.0233 0.0122 

 

The average values for residual percentages, R squared, RMSE and MAE 

between predicted and actual MLC uncertainties overall on IMRT fields in the validation 

process are summarized in Table 4. The model based on boosted tree algorithm, which 

had the second lowest RMSE and MAE for both IMRT and VMAT in the training 

process (Table 3), now has lower average RMSE and average MAE than those of the 

bagged tree model. In predicting delivery error, the model based on boosted tree 
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algorithm has the lowest residual percentage (11%) and highest correlation (R squared = 

0.85). In predicting conversion error or combined error, there is no significant difference 

in average performance between the boosted tree model and the bagged tree model. 

Therefore, the boosted tree model is a more attractive option for predicting delivery 

error in IMRT plans, but both boosted tree model and bagged tree model produce 

similar predictions for conversion and combined error.  

Table 4: Average performance of bagged tree model and boosted tree model 
for all IMRT low/high resolution fields in the validation process. 

  Conversion Error  

  Low Resolution High Resolution  

Model 
Residual 

Percentage 
(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Residual 
Percentage 

(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Bagged Tree 2.15 0.99 0.0095 0.0034 1.45 0.98 0.0081 0.0009 
Boosted Tree 3.08 0.99 0.0090 0.0045 0.53 0.99 0.0054 0.0024 

        

  Delivery Error  

  Low Resolution  High Resolution  

Model 
Residual 

Percentage 
(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Residual 
Percentage 

(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Bagged Tree 13.55 0.72 0.0101 0.0081 9.95 0.71 0.0097 0.0072 
Boosted Tree 11.61 0.86 0.0070 0.0054 8.94 0.82 0.0073 0.0056 

 
        

  Combined Error  

  Low Resolution  High Resolution  

Model 
Residual 

Percentage 
(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Residual 
Percentage 

(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Bagged Tree 3.54 0.98 0.0147 0.0101 3.18 0.97 0.0166 0.0088 

Boosted Tree 3.13 0.98 0.0121 0.0080 2.30 0.99 0.0101 0.0068 
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For VMAT, the bagged tree model had slightly better average performance than 

the boosted tree model in predicting three components of the MLC discrepancy for low 

resolution data, with average residual percentage of 7.3%, 5.9%, and 4.7% for 

conversion, delivery, and combined error, respectively (Table 5). However, for delivery 

error the boosted tree model had higher average R2 (0.86) and lower RMSE (0.0111 mm) 

than those of the bagged tree model (R2 = 0.81 and RMSE = 0.0122 mm). For high 

resolution data, it is difficult to compare the two models as they have relatively 

equivalent results. The predictions of the boosted tree model had higher correlation with 

the actual errors (R2 = 0.98, 0.97, 0.98) and lower RMSE (0.0186 mm, 0.0094 mm, 0.0226 

mm) than those of the bagged tree model (R2 = 0.97, 0.94, 0.97 and RMSE = 0.0214 mm, 

0.0106 mm, and 0.0238 mm). However, the bagged tree model had lower average 

residual percentage (1.0%, 4.2%, 0.9%) than those of the boosted tree model (2.2%, 7.7%. 

0.5%). Nevertheless, when we took a look at the predictions for both models in 

individual arcs, the bagged tree model overfitted a few arcs, while the boosted tree 

consistently provides accurate predictions for all arcs. Therefore, the boosted tree was a 

more robust predictor for VMAT data.  
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Table 5: Average performance of bagged tree model and boosted tree model 
for all VMAT low/high resolution fields in the validation process. 

  Conversion Error  

  Low Resolution  High Resolution  

Model 
Residual 

Percentage 
(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Residual 
Percentage 

(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Bagged Tree 7.3 0.85 0.0519 0.0219 1.0 0.97 0.0214 0.0027 
Boosted Tree 13.0 0.84 0.0552 0.0234 2.2 0.98 0.0186 0.0073 

         

  Delivery Error  

  Low Resolution  High Resolution  

Model 
Residual 

Percentage 
(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Residual 
Percentage 

(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Bagged Tree 5.9 0.81 0.0122 0.0098 4.2 0.94 0.0106 0.0086 
Boosted Tree 14.0 0.86 0.0111 0.0091 7.7 0.97 0.0094 0.0080 

 
        

  Combined Error  

  Low Resolution  High Resolution  

Model 
Residual 

Percentage 
(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Residual 
Percentage 

(%) 

R 
squared 

RMSE 
(mm) 

MAE 
(mm) 

Bagged Tree 4.7 0.90 0.0505 0.0259 0.9 0.97 0.0238 0.0108 

Boosted Tree 10.9 0.87 0.0568 0.0265 2.5 0.98 0.0226 0.0130 

 

Both Table 4 and Table 5 show that high resolution models perform slightly 

better than the low resolution models. However, in a clinical setting the prediction must 

be made using the DICOM-RT file, hence the low resolution models are the ones that are 

clinically relevant. In addition, the models in Table 4 and Table 5 performed better in 

predicting conversion error than delivery error, with predictions for conversion error 

having lower residual percentage and higher R2 for low resolution and high resolution 

data.  
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3.3 Prediction of MLC Uncertainties in the Validation Dataset 

As mentioned in section 3.2, even though high resolution models perform well, 

low resolution models will eventually be used to make predictions based on DICOM-RT 

files. Among all machine learning models developed in this study, the boosted tree 

model is the most robust and consistently provide accurate predictions for all fields/arcs. 

Although the bagged tree model may have better performance in some arcs than the 

boosted tree model (Table 5), it overfitted a few arcs in the validation dataset. Therefore, 

we will present the predictions by the boosted tree model for both IMRT and VMAT.  

3.3.1 IMRT 

The predictions of three components of MLC uncertainties for individual IMRT 

fields are shown in Figure 10. The boosted tree model trained with data from all linear 

accelerators can predict all three components of MLC uncertainties with high correlation 

between predicted and actual MLC errors for both low resolution data (R2 = 0.99, 0.92, 

and 0.98 for conversion, delivery, and combined errors, respectively) and high 

resolution data (R2 = 1.0, 0.93, and 0.99). The error bars in Figure 10 are the standard 

deviation of the residual per field. Figure 12 compares the magnitude of actual RMS 

errors and the residual RMS between the predictions and actual errors for high 

resolution and low resolution data. The fraction of residual RMS over actual RMS errors 

are less than 0.3 for all fields in the validation dataset, indicating that the AI model can 

predict the MLC errors to a high accuracy for all IMRT fields.  
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Figure 11: Per field performance in predicting three components of MLC 
uncertainties for models trained using IMRT data. RMS of predicted MLC error vs 
RMS of actual MLC error for individual IMRT field using a) low resolution model, 

and b) for high resolution model.  
 

 

Figure 12:  Actual RMS error and residual RMS after prediction for high 
resolution and low resolution data.   
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3.3.2 VMAT 

Similar results were also found in VMAT (Figure 12) with high correlation 

between predicted and actual MLC errors for low resolution data (R2 = 0.98, 0.92, and 

0.98 for conversion, delivery, and combined errors, respectively) and for high resolution 

data (R2 = 1.0, 0.96, and 1.0). The error bars are again the standard deviation of the 

residual per arcs. For low resolution model, over 83% of arcs have residual percentage 

less than or equal to 0.3, and all arcs have residual percentage less than 0.6 (Figure 13a). 

For high resolution model, all arcs have residual percentage less 0.3 (Figure 13b). Similar 

to IMRT fields, the predictions of conversion error for VMAT have higher R2 and lower 

residual than the predictions of delivery error. Figure 13 also shows that the residual 

between predicted and actual error reduces as the MLC error increases, indicating that 

the model performs better with greater MLC errors.  
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Figure 13: Per field performance in predicting three components of MLC 
uncertainties for models trained using VMAT data. RMS of predicted MLC error vs 
RMS of actual MLC error for individual VMAT field using a) low resolution model, 

and b) for high resolution model.  
 

 

Figure 14: The fraction of RMS of residual over RMS of actual MLC errors for 
individual VMAT field. RMS of residual percentage vs RMS of actual MLC error for 

VMAT fields using a) low resolution model, and b) for high resolution model. 
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3.4 Validation with Constructed Test Cases 

The performance of the AI model in predicting machine parameters for active 

MLCs in the two constructed delivery plans (one has all MLCs move in the same 

directions, and the other has consecutives MLCs move in opposite directions) are 

summarized in Table 6. Because the MLCs in these constructed plans moved in both 

directions with constantly varying MLC velocity, they are more suitable for models 

trained based on VMAT dataset than those trained based on IMRT dataset. The RMS of 

actual errors for both plans increases as MU decreases, indicating that the faster the 

MLCs move (lower MU), the higher the error. All residual percentages for all MU 

delivered are less than 10%. Because the plans delivered with 500 MU have the lowest 

RMS of actual errors, their MLC errors are harder to predict, thus their residual 

percentages are the highest among all MUs delivered (2.7% for same-direction plan and 

9.4% for opposite-direction plan). The correlation between predicted and actual MLC 

errors are high for both the same-direction plan (R2 = 0.84, 0.9, 0.93, 0.98 for MU = 25, 50, 

100, and 500, respectively) and the opposite-direction plan (R2 = 0.92, 0.90, 0.99, and 0.93), 

indicating our model was able to predict the MLC errors with high accuracy.   

Figure 14 present predicted and actual errors for a single leaf from the same-

direction plan delivered with 25 MU and 500 MU, demonstrating that our model 

performs better for the plan delivered with higher MU. The conversion error for the plan 

delivered with 25 MU (faster MLC speed) has more random noise than for the one 
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delivered with 500 MU (slower MLC speed). The same trend can be found for the 

opposite-direction plan (Figure 15).  

Table 6: Model performances in predicting machine parameters for moving 
MLCs in constructed test cases. 

Plan MU 
Actual 
Error 
(mm) 

Predicted 
Error 
(mm) 

Residual 
(mm) 

Residual/Actual 
Error (%) 

R 
squared 

RMS 
(mm) 

MAE 
(mm) 

Same 
direction 

25 0.3782 0.3821 0.0039 1.0 0.84 0.1583 0.1235 
50 0.3761 0.3829 0.0067 1.8 0.90 0.1252 0.0864 

100 0.3589 0.3679 0.0090 2.5 0.93 0.0954 0.0625 
500 0.2150 0.2208 0.0058 2.7 0.98 0.0341 0.0277 

Opposite 
direction  

25 0.3554 0.3757 0.0203 5.7 0.90 0.1207 0.0720 
50 0.3705 0.3799 0.0094 2.5 0.91 0.1111 0.0732 

100 0.3152 0.3199 0.0047 1.5 0.99 0.0373 0.0292 
500 0.0829 0.0751 0.0078 9.4 0.93 0.0220 0.0176 

 

 

Figure 15: Predicted vs Actual MLC Positional Error for leaf # 30 in the same-
direction plan with a) 25 MU and b) 500 MU.  
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Figure 16: Predicted vs Actual MLC Positional Error for leaf # 30 in the 
opposite-direction plan with a) 25 MU and b) 500 MU 

 

3.5 Tool Development 

Once the prediction models were finalized, the Tool for Approximating 

Radiotherapy Delivery via Informed Simulation (TARDIS) on GitHub was updated.  The 

prior version of the tool included a prediction of the delivery error component only, and 

relied solely on the trajectory file.  The new version now incorporates the conversion 

error and combined error, accounting for the DICOM-RT files as well. The tool can be 

accessed using the following link: https://github.com/LamLay/TARDIS-Updated. The 

interface of the tool to predict the three components of the discrepancy in machine 

parameters on a Varian TrueBeam linear accelerator for any given treatment plan is 

shown in Figure 16. The user can input a DICOM-RT plan exported from Eclipse TPS 

into the tool by clicking “Open” button. Then the user can choose one of the thirty AI 



 

 

39

models based on the treatment techniques and which component of MLC discrepancy 

that the user wants to predict. The prediction process is initiated by clicking the “Run” 

button. Once this process is completed, the RMS of predicted errors and maximum error 

is shown on the interface. Then the tool automatically generates a new DICOM-RT plan 

with predicted MLC positions and several command separate values (CSV) files with 

mechanical parameters and predicted MLC errors and positions for individual field 

(arc). The new DICOM-RT can be re-imported into the TPS to compare and evaluate its 

dose distribution with that of the original DICOM-RT.  

 

Figure 17: The interface of the public research tool to predict the treatment 
delivery trajectory on a Varian TrueBeam linear accelerator for any given treatment 

plan. 
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4. Discussion 

4.1 Nature of discrepancy in machine parameters 

MLC conversion RMS error of 0.1528 mm and MLC delivery RMS error of 

0.0367 mm for 105 IMRT/VMAT plans (326 fields/arcs) were observed in this study, 

thus the discrepancy in the conversion process from a DICOM-RT plan to deliverable 

machine parameters is about 4.2x the recorded delivery error in trajectory files (Table 2). 

This is consistent with our previous study which reported that the RMS of conversion 

error (0.0845 mm) was about 4.1x the RMS of delivery error (0.0205 mm) for 35 plans 

(115 fields/arcs) 40. Our results also align with prior studies that used trajectory log files 

to analyze MLC positional accuracy. Agnew et al. 49 and McGarry et al. et al 50 found that 

the RMS of the discrepancy in the planned position from DICOM-RT, which is 

equivalent to our conversion error, was 0.128mm and 0.130mm, respectively. Their RMS 

MLC errors were over three times greater than those reported by studies that utilized 

the expected position from the trajectory file as the ground truth (0.038mm for Olasolo-

Alonso et al. 51 and Park et al. 33).  

In our previous study which only investigated MLC delivery error, the only two 

mechanical parameters that affected the MLC accuracy for both IMRT and VMAT were 

MLC velocity and gravity vector along the path the leaves travel. This is consistent with 

our findings in Figure 6, in which the correlation coefficient between MLC velocity and 

delivery error was over 0.7 for both IMRT and VMAT, while the magnitude of 
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correlation coefficient of MLC acceleration was less than 0.15 for IMRT and around 0.23 

for VMAT. The trend is little different for the conversion and combined error, with MLC 

velocity, MLC acceleration, and bank having the highest correlation coefficients. Other 

variables have little to no effect on any components of the discrepancy in machine 

parameters.  

 

4.2 AI models to predict MLC error 

Among all the artificial intelligence models built in this study, the model based 

on the boosted tree algorithm was the most robust for both IMRT and VMAT. Our 

validation of the model shows that it can predict all three components of the MLC error 

with high correlation with the actual errors for both IMRT (R2 = 0.99, 0.86, 0.98 for 

conversion, delivery, and combined error, respectively) and VMAT (R2 = 0.84, 0.86, 0.87). 

For IMRT, the conversion error with greater magnitude is much easier to predict and 

thus has higher R2 and lower residual than the delivery error. The trend is different in 

VMAT due to the greater random nature in conversion error, so the predictions of 

conversion error have slightly lower R2 than those of delivery error. Because the total 

discrepancy in machine parameters is highly dependent on conversion error, the 

statistical results of the model that predicts the total discrepancy will be similar to those 

of the model that predicts conversion error.  
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4.3 Tool Development 

In this study, we updated the software tool, TARDIS, by incorporating the 

discrepancy in planned position from DICOM-RT (a.k.a. conversion error) into the AI 

models. The tool allows researchers to simulate a treatment delivery on a TrueBeam or 

TrueBeam STx linear accelerator without an actual delivery on the machine. In addition, 

while this tool is designed for research use, such a method has promise in clinical 

scenarios by offering the ability to conduct a “virtual” pre-treatment QA and evaluate 

the nature of discrepancy in machine parameters for specific treatment fields without 

physical delivery. Other potential uses of TARDIS include but not limited to: 

retrospectively analyze a large number of radiotherapy treatment plans across machines 

and institutions, compare different radiotherapy planning techniques, and compare the 

predict performance by the model to the actual machine performance.  

More importantly, this method may alleviate the limitations of traditional 

measurement based pre-treatment patient specific IMRT and VMAT QA, such as high 

workload for physicist 7,9,13, ineffectiveness at identifying dosimetric errors of treatment 

plans 7–11, and incompatibility with on-line adaptive radiotherapy 20–22. The tool can be 

done in addition to PSQA, or potentially supplant PSQA in some cases, and it can be 

done in conjunction with sophisticated independent dose calculation. Because the tool 

allows for a pre-treatment PSQA procedure that can be carried out rapidly and provide 

relevant feedback regarding the performance of a specific treatment plan, it may be 
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suitable for OART and thereby increase the efficiency of PSQA. Although other studies 

have presented other QA methods that may meet the clinical need of OART, such as the 

log-file based end-to-end QA method by Sun et al 52,53 and Monte Carlo based RapidArc 

QA method by Teke at al 54. Our software tool, TARDIS, can be utilized to evaluate 

discrepancies in machine parameters without actual delivery, thereby is more 

timesaving and requires less linear accelerator workload.  

  

4.4 Future work 

We developed a new paradigm for patient specific QA that utilizes a machine 

learning model trained on trajectory files of prior patients to predict the total delivery 

error for a new treatment plan. The results of this model can be used for a DVH based 

comparison in the patient anatomy. In the future, we plan to use failure mode and 

effects analysis (FMEA) to quantify the effectiveness of this proposed PSQA strategy and 

compare it with other PSQA methods and the current standard. We will also validate the 

models with dose calculations on Eclipse TPS or Mobius Medical Systems and 

implement them as a clinical virtual IMRT QA for OART.  

Despite our machine learning models’ efficacy to predict the machine 

parameters, these models have one weakness inherent to trajectory log files that only 

record the values measured by the LINAC: if LINAC does not measure the MLC 

discrepancies, they will not appear in the log file. Indeed, several studies have shown 
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that the MLC positions recorded in a trajectory log file can vary from those measured 

using an image-based technique, such as the electronic portal imaging dosimetry (EPID), 

due to performance degradation of the machine or a defective machine part 55,56. A 

potential solution to overcome such limitation of the log-based QA approach is to increase 

the frequency of MLC QA when using a trajectory file based patient specific QA 55, but using an 

integrated EPID images to quantify the MLC accuracy is probably a more reliable 

option. Agnew et al. 55 and Richart et al. 57 have shown that EPID images are effective in 

detecting small MLC positional errors, but these studies use a picket fence test, which 

measures the MLC accuracy in a static position rather than during dynamic MLC 

motion. However, the leaves may fall behind or move faster than the expected leaf speed 

on their way to the next locations. To account for the MLC uncertainties undetected by 

the trajectory log files, a novel technique is needed to measure MLC uncertainties occur 

during a dynamic MLC motion using integrated EPID images. Therefore, our future 

work includes bolstering the prediction models by incorporating MLC uncertainties 

undetected by the trajectory log files but measured in an independent EPID based 

measurement.  
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5. Conclusion 

The discrepancy in planned position (a.k.a conversion error) is confirmed to be 4-

5x greater than the discrepancy at the treatment delivery (a.k.a. delivery error). Both 

components of discrepancy in machine parameters strongly correlated with MLC 

velocity, while MLC acceleration has stronger correlation with conversion error than 

with delivery error. The AI models can predict MLC errors with high accuracy using 

mechanical parameters from trajectory log files and DICOM-RT plans as inputs of 

machine learning algorithm. The software tool (TARDIS), which was developed in 

previous study, has been updated to incorporate the discrepancy in planned position 

into the predictions of total delivery error. The tool is provided for the public to enable 

researchers to simulate a treatment delivery without a physical delivery. Future work 

includes using FMEA to compare this technique with current standard and validate its 

usefulness in clinical implementation with dose calculations.  
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