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Abstract

Original Article

Introduction

Data mining in radiotherapy (RT) has always been a challenge 
for the radiation oncology (RO) community. Difficulty in data 
extraction arises predominantly because of the poor capturing 
and handling of the data. To overcome the existing hurdles, 
it is proposed for a cultural change  (manual to automation) 
in clinical practice, as well as customization of technology, 
for capturing high‑quality treatment data in routine care in a 
prospective manner.[1] RO makes extensive use of recorded 
data with transactional value. In recent years, there has been 
growing interest in capturing relevant RO data to leverage 
the improvements in several key areas, for example,  (a) 
registries, (b) quality measurement, (c) patient safety, (d) patient 
care interoperability, and (e) clinical trials and research.[2]

Data mining in RO comprises efforts toward the utilization 
of informatics for transactional databases, including the 

approaches to integrate RO data with multimodality databases 
for a better understanding of the diseases and treatment 
outcomes.[3,4] To include several hospitals and institutions, 
across the UK and in Europe, for sharing and mining routine 
patient data in oncology, a novel distribution learning approach 
has been attempted by researchers and institutions, keeping in 
mind the confidentiality and legality involved with the patient 
data.[5] Machine learning in oncology recognizes the value 
of routine patient data for “rapid learning” and qualitative 
measurements as an alternative to laborious randomized 
control trials. Researchers have recently demonstrated the 
potential of data mining in selecting Intensity Modulated 
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Radiation Therapy (IMRT) beam angles, external beam 
radiation therapy techniques, and predicting cancer risks.[6‑8] 
Integrated research with data mining and predictive toxicity, 
modeling can be expanded to personalized patient treatment 
decision support in RO.[9]

Conventionally, data extraction is done manually, which is 
laborious, requires human intervention, and is prone to errors. 
It has been highlighted that, given the extent and complexity 
of information and records gathered for clinical service, the 
task before the RO community is made further complicated 
in having to deal with different vendors, different standards, 
and different institutional policies as regards the formatting 
and recording of data.[10] To overcome these challenges, the 
authors demonstrated a data warehouse project for faster 
and more efficient data aggregation from different sources 
within RO.[11]

Since the 1980s, vendor‑specific or freestanding treatment 
planning system (TPS) has been ubiquitous in RO practices. 
Eclipse  (Varian Medical Systems, Palo Alto, CA, USA) has 
an integrated application programming interface  (API). The 
Eclipse TPS is part of Varian’s ARIA, a RO information 
system  (ROIS), and both operate on a single database that 
stores all patient‑related information and treatment records. 
The technological advances, multiplicity of techniques, and 
data‑intensive treatment processes have combinedly and brought 
into focus the role of big data and machine learning from RO 
workflow prospective.[12] To this end and to initiate a transitional 
environment, we created a novel and faster data mining approach 
using the vendor‑specific API, i.e., PyESAPI (Varian Medical 
Systems, Palo Alto, CA, USA), environment to fetch desired data 
from the patients’ database of Varian Eclipse TPS with minimum 
human interventions. Python Eclipse Scripting API (PyESAPI) 
is a research project that integrates the power of Python with 
the Varian API ecosystem.[13] With Python, we can use powerful 
libraries such as NumPy, SciPy, Matplotlib, scikit‑learn, pandas, 
and TensorFlow.

In this pilot study, we want to see how effective and efficient 
the automated data mining method PyESAPI is compared to 
the inter‑observer variable manual data extraction method that 
has been used in RO for a long time. “Manual data extraction” 
refers to the process of collecting or retrieving data from a 
source or document using human effort and without the use 
of automated tools or software.

Our hypothesis is that the PyESAPI automated data mining 
approach will be more efficient and accurate in extracting 
relevant data from the patients’ database of Varian Eclipse TPS, 
resulting in improved data quality, and reduced human errors 
compared to the manual data extraction technique. This study 
aims to demonstrate the potential of PyESAPI in automating 
the data extraction process in RO and facilitating the utilization 
of big data for clinical practice and research.

Materials and Methods

Materials
The use of RT in cancer treatment has increased significantly 
in recent years. RT TPSs play a critical role in the delivery 
of accurate and safe RT. The Varian TrueBeam linear 
accelerator and Varian Eclipse TPS are commonly used 
in RO facilities. These systems share a common patient 
database called ARIATM. The Eclipse TPS comes with 
preinstalled software called an API that allows for the 
creation of scripts to run specific tasks such as reporting 
plan parameters.

The primary objective of this pilot study is to develop a feasible 
automation and data mining strategy utilizing existing RO 
systems, the PyESAPI environment, and the ARIA database 
of patient records. The secondary objective is to compare 
the in‑house developed data mining strategy with the current 
manual data extraction practice.

This pilot study was done at a single RO facility with the 
Varian TrueBeam linear accelerator version  2.7 and the 
Varian Eclipse Training Box version 15.6. The TBOX system 
specifications include a 64‑bit operating system of either 
Windows Server 2012 R2 (standard or data center) or Windows 
Server 2016 (standard or data center). It requires a minimum 
of 10 vCPU cores and 48 GB of RAM, with an Intel Xeon 
Silver 4114 at 2.1 GHz or equivalent.

The PyESAPI environment was developed, and the Radiation 
Oncology data mining script (RODAMS)  was written in 
Python. Figure 1 depicts the alternative path for data extraction 
utilizing an automated method. The research involved two 
phases. During Phase I, we compared the speed and accuracy 
of data extraction using the RODAMS versus the manual 
extraction technique for a fixed set of 25 features, as shown in 
Table 1. In Phase II, we examined how increasing the number 

Table 1: List of parameters selected for extraction using manual and Radiation Oncology Data Mining Script techniques 
in phase‑I

Hospital information Patient information Course details Diagnosis details Prescription dose details Plan details
Hospital name Patient ID Course ID Diagnosis code Prescribed dose Plan ID
Hospital location First name Course intent Clinical description Dose per fraction Plan intent

Last name Starting date Number of fraction Treatment orientation
Sex Completion date Target volume ID Plan normalization method
DOB Primary oncologist ID Treatment approval date Plan approver name

Use gating?
DOB: Data of birth
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of features affected the extraction time for both techniques. 
Specifically, we divided the list of features in Table 2 into 
groups ranging in size from 10 to 40 features/group. Figure 2 
depicts the relationships between various groups.

Methodology
The null hypothesis is that there is no significant difference 
in the time taken for data extraction between the PyESAPI 
automated data mining approach and the manual data 
extraction technique. The alternative hypothesis is that 
there is a significant difference in the time taken for data 
extraction between the two techniques. A  significance 
level of 0.05 was used for this study. This study selected a 
sample size of 427 approved treatment plans. In Phase I, 

a two‑sample t‑test was used to compare the means of the 
time required by each technique for data extraction. In Phase 
II, linear regression was used to examine the relationship 
between the number of features and extraction time for 
both techniques.

The data collection process involved randomly assigning 
patients to each physicist for manual extraction of data, as well 
as using an automated data mining approach called PyESAPI 
for data extraction. The time taken for data extraction was 
recorded for both techniques. The data were analyzed using 
the chosen statistical test to determine if there is a significant 
difference in the time taken for data extraction between the 
two techniques.

Table 2: List of parameters selected for extraction using manual and radiation oncology data mining script techniques in 
phase‑II

Patient and hospital information External beam treatment unit Patient’s diagnosis details Treatment course details
Patient’s primary ID Machine unit ID Clinical description Course ID
Patient’s second ID Machine model Diagnosis name Course intent
Patient’s first name Machine name Diagnosis code Collection of plans
Patient’s last name Machine scale name Diagnosis comment Treatment start date
Gender SAD Dose maximum 3D Treatment completion date
DOB
Hospital ID
Hospital name
Hospital location
Primary oncologist ID

Treatment plan details Beam parameters DVH statistics
Plan name Energy name Maximum dose
Plan intent Dose rate Minimum dose
Prescribed dose Meter unit Median dose
Number of fraction Technique Mean dose
Approval status Treatment time D95%
SAD: Source to axis distance, DOB: Date of birth, DVH: Dose‑volume histogram, 3D: Three dimensional

Figure 1: (A) Depiction of the existing manual data extraction process. (B) Representation of the proposed RODAMS‑based automatic data extraction 
process. The dotted line represents the proposed transition from manual data extraction to automated data extraction. RODAMS: Radiation oncology 
data mining script
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Results

The results of this pilot study indicate that the use of the 
PyESAPI environment and the RODAMS script resulted in 
a significant improvement in the speed and accuracy of data 
extraction compared to the traditional manual method.

In Phase I, the average time taken for manual extraction 
to extract 25 features as shown in Table  1 from the TBox 
system was 274 ± 19.8  s/plan, whereas RODAMS took an 
average of only 0.04 ± 0.0005 s/plan. The RODAMS script 
took 0.28 ± 0.03 min to fetch 25 features from 427 approved 
plans, in contrast to 1950 ± 140 min taken by manual data 
extraction for the extraction of 25 features from 427 approved 
plans. A  semi‑logarithmic histogram plot comparing the 
extraction time of manual and RODAMS techniques is 
presented in Figure 3. The t‑test revealed that the means of 
the extraction time were significantly different (P < 0.001), 
with the RODAMS method being 6850  times faster than 
manual extraction. The accuracy of data extraction through 

RODAMS was found to be 100% with no missing data, 
whereas the quality of data extracted manually was inferior 
due to transcriptional and transpositional errors, incorrect 
entries, and missing data.

The impact of increasing the number of features on the 
extraction time for both techniques in Phase II is presented 
in Table  3. Manual extraction showed a 400% increase in 
extraction time when the number of features increased from 
10 to 40, whereas the RODAMS script exhibited a 34% increase 
in extraction time. Doubling the number of features extracted 
manually resulted in an almost 2.5‑fold increase in extraction 
time, whereas the Python script only demonstrated a 1.15‑fold 
increase. A linear regression analysis was conducted to examine 
the relationship between the number of features and extraction 
time for both techniques. A scatter plot was constructed with 
the number of features on the X‑axis and extraction time on 
the Y‑axis, as displayed in Figure 4. Both techniques displayed 
a positive correlation between increasing extraction time and 
the number of features. The P < 0.001 for both techniques 
indicates that the relationship between the number of features 
and extraction time is statistically significant.

Table 3: Manual and Radiation Oncology Data Mining Script extraction time versus features statistics for 427 
treatment‑approved plans

Features 10 15 20 25 30 35 40
Manual extraction time (min)

Mean 623.9 790.0 1067.5 1470.8 1983.2 2372.2 2533.5
SD 181.8 216.7 206.8 175.0 210.0 179.1 249.4
Maximum 811.3 1024.8 1281.0 1636.8 2135.0 2562.0 2775.5
Minimum 448.4 597.8 868.2 1288.1 1743.6 2206.2 2277.3

RODAMS extraction time (min)
Mean 0.24 0.25 0.26 0.28 0.27 0.31 0.32
SD 0.01 0.02 0.01 0.01 0.02 0.01 0.01
Maximum 0.26 0.27 0.28 0.29 0.29 0.33 0.33
Minimum 0.23 0.24 0.25 0.26 0.26 0.30 0.30

Ratio of mean extraction time (manual/RODAMS) 2618 3181 4106 5348 7300 7652 7959
Manual normalized time 1.00 1.27 1.71 2.36 3.18 3.80 4.06
RODAMS normalized time 1.00 1.04 1.09 1.15 1.14 1.30 1.34
RODAMS: Radiation oncology data mining script, SD: Standard deviation

Figure 3: A stacked Venn diagram illustrating the relationships among 
the various groups of features extracted during Phase II of the study. 
RODAMS: Radiation oncology data mining script

Figure 2: A stacked Venn diagram illustrating the relationships among the 
various groups of features extracted during Phase II of the study. DVH: 
Dose‑volume histogram
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Discussion

RO is known for its highly quantitative clinical workflow for 
treatment planning and delivery, making it a suitable field 
for data analysis and research. However, manual extraction 
of data from the existing devices and platforms can be 
time‑consuming, prone to errors, and lead to mental burnout 
for the individuals involved. Programming tools can be applied 
to efficiently extract data from these devices, as demonstrated 
in this study using the PyESAPI environment.

In a number of studies, the use of automation in data 
extraction processes has been demonstrated to be superior to 
manual extraction methods. According to a study, automation 
was found to significantly reduce transcription errors and 
increase the reliability and accuracy of data compared to 
manual methods.[14] This was attributed to the ability of 
automated systems to standardize data collection and reduce 
human‑related errors. Another study showed that automation 
led to a significant reduction in the time required for data 
extraction and improved the efficiency of the process, while 
also reducing the stress and workload on the individuals 
involved.[15] Several studies showed the use of the PyESAPI 
programming interface API in data extraction, treatment plan 
analysis, and automatic plan creation.[16,17]

These results are supported by the findings of our own study, 
which showed that the use of an API, specifically PyESAPI, 
in the field of RO resulted in more efficient and reliable data 
extraction compared to manual methods. PyESAPI was able 
to quickly and accurately extract data from a large clinical 
database, reducing the time and effort required for data 
extraction and increasing the accuracy and reliability of the 
data.

The ARIA system, like other ROIS, stores data in both 
unstructured and structured ways. Unstructured data, such as 
pathology reports, is not the focus of this study, but natural 
language processing can be used to extract information from 

it. Structured data, on the other hand, can be automatically 
extracted with the PyESAPI environment.

The PyESAPI environment has limitations, such as being 
restricted to Varian TBOX in research mode and requiring a 
data transfer routine and external hard drive for larger clinical 
databases. Despite these limitations, it offers significant 
benefits to researchers in RO, allowing for the development of 
programming scripts for data mining and other applications. 
However, researchers must have knowledge of the data format 
and schema, permission to view and extract the data, and 
software for data mining. The PyESAPI script can sync the 
ROIS‑TPS‑API and add strength to clinical utility and research, 
but further validation from multiple institutions is needed to 
fully understand the potential of Artificial Intelligence (AI) 
tools in RO.

Conclusion

The study demonstrated a novel data‑mining technique based 
on the PyESAPI environment and showed its superiority in 
comparison to manual extraction methods. The PyESAPI script 
was able to efficiently extract data from the Eclipse planning 
system, reducing the time and effort required for manual 
extraction while also increasing the reliability and credibility 
of the data. The study also highlighted the potential for using 
the Python programming language and its powerful libraries 
to extract data in RO. Despite some limitations, the PyESAPI 
environment offers significant advantages and opportunities for 
AI learners and young researchers in the field of RO, including 
the potential for automation in workflow in the RT department. 
However, further validation from more institutions is needed to 
fully understand the potential of PyESAPI in the larger context 
of evolving big data and AI tools in RO.
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