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Abstract

It is.an exciting time for big data efforts in radiation oncology. The use of big data to
help aid bothseutcomes and decision making research is becoming a reality. However, there
are true challenges that exist in the space of gathering and utilizing performance and outcomes
data. Hereywe summarize the current state of big data in radiation oncology with respect to

outcomes and discuss some of the efforts and challenges in radiation oncology big data.
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Introduction

The promise and potential of “big data” in radiation oncology cannot be overstated.
There is tremendous excitement regarding the ability to learn about the efficacy of treatment,
discover newsinteractions, and overall being able to offer our patients improved and tailored
treatments based on the experience of many. There is also the hope of shared decision making
between providers and patients using informed tradeoffs between cancer control and side
effects. However, genuine challenges are to be faced before this can become a reality and to
meet those'challenges, one must first examine the nature of this “big data.” There is a tendency
to use the term “data mining” when thinking about informatics, when in fact, data farming is a
more accurate term, reflecting the reality that the entire process, from planting the seeds of
data in organized rows, watering and tending the growth of data, then harvesting it, is critical to
understand and plan for (1).

Our.ability to provide patients with answers about their best course of treatment relies
on our a prioriTknowledge of how patients with similar disease, demographics, preference, and
clinical characteristics were treated, and how they responded to treatment including both
tumor contreland treatment-induced toxicities. This data must be captured in a useable way so
that it can be extracted and analyzed, with user-friendly predictive models created so that
treatment can be customized for each patient.

In radiation oncology, there are two critical general issues, which must be addressed: 1.)
Since radiation ancology data is different than medical/surgical oncology data, data platforms
which have been designed with this in mind (many of which already exist) must be utilized. 2.)
Existing standards where possible should be utilized to meet the big data needs of the multiple
stakeholders™(current and future patients, physicians, registries, insurance companies, the
informatics community and many other groups) in radiation oncology in order to avoid
duplication of werk. We herein summarize the clinical aspects of big data collection in radiation
oncology,mand highlight the challenges and future work needed so that we can realize the

potential of big data.

Radiation Oncology Big Data is Unique
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An essential point that must be embraced for radiation oncology big data to reach its
potential is, as mentioned under 1.) above, that its format and nature is inherently different
from other disciplines. Fortunately, radiation oncology has recognized this leading to a number
of existinguspecialized data structures in its arsenal, including DICOM-RT structure and dose
files. Archiving treatment images, structures and doses in DICOM format is a relatively easy first
step toward“ensuring that radiation oncology treatment data is captured. It also provides a
great stepttoward future quality assurance of that data. However, some features of treatment
are not captured in DICOM format, including, for example, motion management and use of
bolus (if nottincluded in the simulation). Recreating delivered dose requires the integration of
additional {information (e.g. CBCT, log files from the treatment machine) in addition to the
treatment plan:

Standardizing nomenclature and definitions are crucial to our efforts to believe and
understand aggregated data (2). There is a recognized, but currently unmet need in radiation
oncology to.standardize naming and delineation procedures of normal structures as well as
targets. Standardization includes not only naming structures, but consistency of anatomic
borders‘and.instructions on the extent of normal organs to be contoured. For example, naming
every esophagus “esophagus” rather than “eso” or “esoph” and contouring it from the cricoid
to the stomach is imperative if we hope to better understand dose-volume response-
relationships..If every “esophagus” in a big data set must go through independent quality
assurance,/thenthe effort will not get very far. This is where planting the seeds correctly in the
first place pays off. Even with the best intentions, the complete OAR delineation can be
compromised by a treatment planning scan of limited extent, so standard nomenclature, as
suggested: ineTG263, of partial structures is recommended for clarity (2). Another often
overlooked element in radiation oncology big data is encoding of spatial information, especially
with recurrence. It is essential to know the spatial location of recurrence and its relationship to
the delivered dose, not just planned dose. Further, understanding why a marginal recurrence
occurred (e.g. variable patient positioning, inadequate GTV/IGTV delineation, poor image

registration, inadequate PTV margin) requires analysis of information from many steps of the
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process. These are examples of data rarely available outside a research study, but essential to

determining tumor dose-response relationships.

Use case examples

Radiation oncology has a number of early adopters of the big data paradigm that can
help guide the field into best practices for successful capture of patient outcomes data. One
well-known,example is the euroCAT infrastructure (3). Below are several other examples that
were presentedior discussed as part of a breakout session at the 2017 Practical Big Data
Workshop. In each example, a successful workflow has been implemented to capture
outcomes ‘and performance data. The benefits and limitations of each use case are given
below. It should be noted that this is a list of examples and not an exhaustive list of all of the
excellent big data initiatives that are ongoing in the radiotherapy community. Table 1 attempts

to summarized the use cases presented here for quick reference.

M-ROAR — University of Michigan

The*Wniversity of Michigan has developed the Michigan Radiation Oncology Analytics
Resource”(M-ROAR) to aid in practice patterns and outcomes analyses in Radiation Oncology.
This effort involved a multi-faceted strategy of requiring entry of critical elements as discrete
data, building=andatabase platform, which pulls data from the oncology information systems
(OIS) and electronic health records (HER), and creating a self-service interface. On the data-
entry size, everyone in the clinic made a commitment to entering tumor staging, diagnosis
code, pain.scores, patient reported outcomes, and Common Terminology Criteria for Adverse
Events (CTCAE) scores so that this data would be available for future analysis. Also, structure
nomenclature was standardized. The MS SQL database aggregates data for >17,000 patients
treated in the department since 2002, including information from both the radiation oncology
and hospital. information systems. The self-service interface allows users to easily create and
optimize reports for cohort discovery in minutes rather than waiting to get to the top of a

report-writer’s queue with each request or iteration.
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With implementation of this strategy, the M-ROAR database can be used to answer
innumerable clinical questions, such as what factors predict patient risk of hospitalizations,
decline in patient function, and treatment-related complications, so that patient treatment
protocols can beradjusted in advance. As an example, for head and neck cancer, the association
between radiation dose and toxicity can be stratified based on HPV status. Information to
optimize clinical"operations can also be gathered, such as: How long does a certain treatment
plan take to deliver vs. another one so that therapy time slots can be scheduled properly, and
What patientsmare at risk for dehydration so that nutrition consults can be requested or
outpatient hydration appointments scheduled in advance? These are only a few examples of
practice-changing queries, which are currently possible. This database is primarily to inform and
guide qualitysimprovement, with IRB approval needed when used for research.

Challenges remaining in M-ROAR are consistent and standardized assessment of

physician and patient-reported toxicities, as well as recurrence scoring.

MD Anderson

A vision ofwgptimizing electronic health record (HER) utilization is currently being investigated at
MD Anderson Cancer Center in a multiphase process. Initiated within the Radiation Oncology
department, a thorough evaluation of user performance and available toolsets within EPIC was
performed_in.order to determine suboptimal practices that were limiting efficiency within the
clinic workflow. A general consensus of a need for standardized documentation and consistent
nomenclature for the purposes of improving quality and safety measures, accurate staging and
billing, and.decreasing duplication of data entry led to the development of over 40 specialty-
specific templates for note generation. These templates “pull in” discrete data elements
entered into EPIC by a single person (such as a nurse, midlevel, or primary referral service) so
that the need for dictation/manual data entry by other providers generating notes is
minimized. The patient’s existing medical conditions, cancer stage, performance status,
symptoms/ROS, laboratory values, and radiologic imaging information are all structured fields
which are now automatically populated into specific locations within each template.

Furthermore, these templates utilize the Smartlist function in EPIC, which are lists of
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customizable text that can also be retrieved at a later date as structured data. Smartlists have
therefore been used to define specialty-specific treatment options, protocol descriptions, and
structured CTCAE grading systems. Another advantage of EPIC is the ability for patient-related
outcome (PRO) forms to be sent to the patient electronically. When patients fill out these
forms, thesresults are then sent back and saved in EPIC as discrete data, which is then

incorporatediintotémplates and allows for more rapid documentation.

Overall, these templates offer additional advantages including increased patient screening for
protocol enroliment and user-friendly, electronic functionality for various research endeavors.
By havingthe variables listed above as structured, extractable data, every aspect of clinical
research becomes optimized. Patients can be quickly assessed and evaluated for protocol
eligibility, and“once the patient is undergoing treatment under protocol, the collection and
reporting of clinical response and toxicity become more automated. Protocol-specific templates
have been created in order to ensure that all required data collection per individual protocol is
recorded ins ayuniform manner. Since completing phases | and Il of template creation and
implementation within the Radiation Oncology department, there have been ongoing efforts to
expand standardized EHR documentation methods within other departments, beginning with
Gl Medical Oncology and GI Surgery. So far, these services are adapting the templates to
maintain a _similar data entry structure while tailoring sections such as the impression and plan
to suit thejf documentation needs. Our ultimate goal is to have the entire institution adopt the
use of standardized templates and structured data entry to 1) improve the efficiency of
documentation for providers and decrease the risk of provider burn-out, 2) improve patient
coordinationswithin a multidisciplinary clinic setting, and 3) create an institution-wide system of

patient data collection for research purposes and assessment of clinical outcomes.

Pediatric Proton Registry Consortium
The Pediatric Proton Consortium Registry (PPCR) was established in 2012 to expedite
proton outcomes research in children and to better define the role of proton radiotherapy in

the pediatric cancer population (4). Approximately 1800 pediatric patients have been enrolled
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in the PPCR across 13 participating pediatric proton centers. The PPCR is a consented registry
built upon the NIH supported free web-based data collection/repository platform, REDCap and
is currently open to any U.S. proton center that would like to participate. The PPCR collects
information on demographics, diagnosis and staging, baseline health status, chemotherapy and
surgery, radiation details, diagnostic imaging, and follow-up (5). Radiation plans are centrally
archived in“the"universal DICOM-RT format. Due to funding issues and required manual effort,
there is limited participation and variable data entry. Thus, there is an urgent need to improve
efficiency of'data collection through automation.

The major challenges within the PPCR also present opportunities. Given that there are a
limited number jof OIS and EHR platforms, there exists an opportunity to leverage the data
already contained within these platforms if appropriate programming bridges can be
constructed:"An upfront investment of time and resources from technical personnel is needed
and standard interface should be created with standard basic information mapped from stable
locations in.eachiOIS to minimize the need for additional customization at multiple sites.

Another.opportunity exists with the general EHR. Given the critical mass of EPIC users in
the PPCR,"we_may be able to leverage collaboration to streamline data input and extraction. A
start couldsbe the sharing and use of electronic templates and automation of population of
certain (standardized) fields in the database. It is key that templates must be efficient and user-
friendly with.minimal free text so that clinicians will use them routinely and must be convinced
in the overall mission or be given timesaving in another area to counter-balance the extra work
of discrete data input.

The.final component of PPCR is aggregation of plan information, which is eventually
used to help-make the link between radiation dose and treatment outcomes. To facilitate this, a
partnership has\been put in place with MiM Software (MiM Software Inc, Cleveland, OH) to
allow web-based archival for each participating institution. The partnership has led to the
development of a faster anonymization procedure and a script for automated nomenclature
standardization using TG263 (2).

In summary, the PPCR is an established and successful registry that has met some

hurdles along the way. As it has grown out of its funding source, it requires that we look into
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electronic efficiencies that will help PPCR and other Radiation Oncology-related Big Data
efforts. Sufficient funding is critical to success of data collection. Mild funding pressure can spur
technological advances that can improve efficiencies, but these also need an upfront
investment in onder to achieve them. Given the relatively few electronic radiation charts and
the few EHRS, we are better poised than ever to start to realize the goal of automation in data

entry.

Oncospace.

The“Oncospace program at Johns Hopkins began with the design of a relational
analytical database that housed the treatment planning data in a form for fast query. The
database schema includes the full 3D dose for multiple radiation therapy sessions as well as the
3D anatomy‘including relevant structures (5). The system also houses features of the dose such
as the dose-volume histograms (DVHs) and shape relationships in the overlap volume
histograms_(OVHs) (6). In the earlier work, the database was used for the development of
shape-based automated treatment planning where one could rapidly query the OVHs to
determinesall prior treatments with critical organ that were “harder” to plan and use it to
predict thesbest achievable dose metric from DVHs (7-10). This method is in use today for both
plan quality evaluation and automated planning.

For_outcomes, the Oncospace philosophy was that prospective structured data
collection should be integrated with the clinical workflow. Since 2007, a website enabling tablet
devices to be used in the clinic for data capture is available (11). Critical to the adoption is the
ability to generate clinical notes from the collected structured data and additional patient-
related information queried from the OIS. Using the same technology, electronic patient-
reported outcomes have been successfully captured for more than 8 years. Currently, there are
>5000 patients (prostate, head and neck, thoracic, breast and pancreas) in the database with
full treatment planning data, patient reported outcomes, clinician assessments on-treatment
and in follow-up, disease response as well as diagnosis, and lab data interfaced from clinical
systems. Data are currently included from Johns Hopkins, the University of Washington, the

University of Virginia, and the University of Toronto Sunnybrook.
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The rapid access to the treatment data enables data science models to be explored (12).
The Oncospace group is now building predictive models for specific clinical decisions using
classification and regression tree models for weight loss and xerostomia prediction in head and
neck cancer and surgical candidacy in pancreatic cancer. The challenge in clinical prediction is to
focus on the decision to be made and what information truly informs it. For weight loss, the
decision isTareund=the appropriate symptom management for improved nutritional support
such as feeding tube placement. In other cases, modifications to the treatment plan may
reduce risks: ifrit does not compromise on target coverage. Additionally, the impact of the
spatially distributed radiation dose beyond DVHs to better understand how the patterns of
dose may impact the treatment related toxicities could be explored (13). The continued data
growth willFallow continuous learning to fulfill the concept of a learning health system in the

future (14).

University of Pennsylvania

ThewPenn Medicine Oncology Research and Quality Improvement Datamart (ORQID)
aggregateswdata from multiple source information systems, including Penn’s enterprise EHR,
ROIS, TPS;#Cancer Registry, and Center for Personalized Diagnostics. ORQID focuses on
organizing cancer patients’ demographics, vital status, disease stage and prognostic indicators,
genomic variants, details of systemic therapy and external-beam radiotherapy, and physician-
reported toxicities.

Outcomes have been among the most challenging data elements to capture. Penn
implemented structured, site-specific templates for documenting physician-reported toxicities
within the EHR«in 2011. The templates are based on the CTCAE grading system, and clinical
teams selected the toxicities of focus for each disease site. To maximize opportunities for data
capture by providers at all levels, only clinically symptomatic toxicities (e.g. pain) not requiring
diagnostic.interpretation (e.g. radiation pneumonitis) were included. Nurses have embraced
the effort and capture rates have been as high as 95% for on-treatment visits, which they
routinely staff. Physician adoption has been more challenging, and for follow-up visits (which

have less nursing support) capture rates have been below 50% of visits. Nevertheless, Penn has
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amassed over 2 million toxicity observations on over 28,000 unique patients in the datamart.
Efforts are currently underway to implement widespread patient-reported outcome collection
as routine standard of care to help augment and complement the physician-reported toxicities.

Forsothemoutcomes, progression is tracked via the institutional cancer registry, which
only documentsythe timing and nature of the first progression event after initial treatment.
Deaths are“identified from the EHR, cancer registry, and social security death masterfile, but

remain a challenge, with many deaths not documented or without accurate dates.

US Veterans'Health Administration (VHA) Radiation Oncology Practice Assessment

The National Radiation Oncology Program (NROP) office of VHA, with an oversight of 40
radiation therapy treatment centers treating over 15,000 patients annually has launched a pilot
program initiative in which patient-specific radiotherapy data is collected for quality assurance
assessment and comparative analysis of many treatment modalities and other factors at their
centers (15)..The NROP office collaborated with the American Society of Radiation Oncology
(ASTRO) diseasessite expert committees to define clinical measures. These clinical measures are
based onvestablished clinical guidelines, patterns of care assessment done by the American
College of#Radiology’s Quality Research in Radiation Oncology program (16), and expert
consensus opinions. These measures have formed the basis for assessing the quality of
treatments and. practice variations and identification of the care gaps in the VHA. Although
dosimetry data was automatically abstracted from treatment planning systems (TPS), clinical
data had to be manually abstracted from the electronic health records (EHR) for the pilot
project.

The NROP office has embarked on a project to automatically extract all data for ROPA
from heterogeneous data sources that include EHR, TPS and Treatment Management Systems
(TMS) for clinical practice assessment, outcomes, and prospective decision support analytics.
An integrated data curation, storage and analytics portal, titled as HINGE (Health Information
Gateway and Exchange), was built that can extract and aggregate data from TPS and TMS,
physician clinical notes and DICOM-RT files. HINGE integrates data from these disparate sources

coherently and standardizes it for quality assessment and predictive analytics. The HINGE
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database is based on well-defined quality measures defined by radiation oncology disease site
experts. HINGE has (i) tools to aggregate data from physician note templates (ii) a built-in
DICOM-RT parser to extract DVH based dose constraints, (iii) a natural language processing
(NLP) module tos extract relevant physician assessments from the clinician notes, and (iii) a
decision-support, and genomics module to provide supplementary insight to treatment
predictions, treatment outcomes and research hypotheses. The HINGE application would reside
at each VHA radiation oncology treatment site and transmit information to a centralized
database server, thus making big data analytics possible. HINGE is capable of seamlessly
connecting torlocal IT/medical infrastructure via network and performs data extraction and
aggregation. The built-in modules (TMS extraction, DICOM parser, NLP) extract defined clinical
data and rare=easily extendable. The modules of decision-support and genomics provide
preliminary“insights into a patient's treatment and health profile. Automatic data abstraction

with HINGE will enable real time assessment of clinical practices and determine care gaps.

Mayo Clinic:Florida

The.Mayo Clinic Florida Department of Radiation Oncology has leveraged Mayo Clinic’s
unique cost*Warehouse to aggregate data on the cost of radiation therapy and other associated
healthcare costs in the first two years after radiotherapy on approximately 3,000 patients over
a five year period incurred. The Mayo cost data warehouse is a unique resources consisting of
linked EMR data, and administrative data from Mayo Clinic’s hospital and clinics in Florida,
Minnesota, and Wisconsin (17). These costs were linked to other sources of institutional data,
such as departmental treatment records captured through its radiation oncology information
system, demographic, tumor specific, and outcomes data obtained through Mayo’s tumor
registry, adverse, events recorded in the EMR, and other disease specific registries containing
non-oncological diagnosis data, such as psychiatric comorbidities. Waddle et al have used this
cost warehouse to demonstrate that patients with co-existing psychiatric morbidities utilize the
emergency department and inpatient hospitalization at rates greater than patients without
psychiatric co-morbidities at 6 months and two years after radiotherapy. (18) It should be

noted that even with many successes, toxicity capture remains challenging.
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The Radiogenomics Consortium (RGC)

The hypothesis that genetic/genomic alterations may function as surrogate biomarkers
of disease response or normal tissue toxicity represents the basis of the field of radiogenomics
(19). A principal, goal of research in the field of radiogenomics is to identify the genomic
markers associated with the development of adverse outcomes resulting from cancer
radiotherapy. However, in order to accomplish this goal and definitively discover and validate
the critical genemic markers, access to the radiotherapy treatment information and long-term
longitudinal*follow-up data reporting details as to adverse outcomes must be obtained for large
numbers of patients. In order to enable the creation of large cohorts of patients who received
radiotherapy,“the Radiogenomics Consortium (RGC) was created in 2009, which is a cancer
epidemiology“consortium through the Epidemiology and Genomics Research Program of the
NCI of the NIH (20). The RGC now has 225 investigators at 132 institutions in 31 countries.
Although the .RGC has successfully assembled large cohorts to perform adequately-powered
studies, data harmonization remains a problem when multiple cohorts involve patients treated
with a variety of radiotherapy techniques and evaluated using multiple grading systems.
Nevertheless, a number of large studies have been accomplished in which substantial amounts
of radiotherapy data have been gathered for studies that typically comprise over a thousand
patients.

Four large studies involving the use of Big Data are currently in progress whose main
goal is to discover new SNPs and validate previously identified genetic biomarkers predictive of
susceptibility for the development of adverse effects resulting from radiotherapy. The first
project involves-roughly 6,000 men treated for prostate cancer, which encompasses multiple
cohorts created by RGC investigators. DNA samples from all of these men have been genotyped
and detailed clinical data are available with a minimum of two-years of follow-up.

The second large multi-center study developed by RGC members is REQUITE
(Validation of predictive models and biomarkers of radiotherapy toxicity to reduce side-effects
and improve quality-of-life in cancer survivors)(21). REQUITE addresses the challenge of data

heterogeneity that, as for other big data projects, requires harmonization of the different
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outcome measures and confounding variables used in multiple cohorts. This study does not
stipulate the radiotherapy protocols to be used but involves standardized case report forms
across centers and countries to ensure data in identical categories are collected. A key aspect of
REQUITE isithe centralized database that includes pre-treatment DICOM and DVH files.

A third“study involves three large cohorts comprising roughly 4,500 breast cancer
patients treated*with radiotherapy for which blood samples and detailed clinical information
are available. These samples and data are available from three large groups of patients: (1)
1,500 patients treated under a series of breast cancer clinical protocols performed at New York
University Sehool of Medicine (22-25); (2) ~2,000 breast cancer patients enrolled though the
REQUITE study and (3) ~1,000 women who receive breast cancer treatment through
participationin"RTOG 1005 (26).

The*fourth effort being made is to create a biorepository with linked clinical data for
patients treated with charged particle therapy (CPT). With the increasing use of CPT, there is a
need to establish cohorts for patients treated with these advanced technology forms of
radiotherapy.ln’ recognition that the formation of patient cohorts treated with CPT for
radiogenomic studies is a high priority, efforts are underway to establish collaborations
involving_institutions treating cancer patients with protons and/or carbon ions as well as
consortia, including the Proton Collaborative Group, the Particle Therapy Cooperative Group

and the Pediatric. Proton Consortium Registry.

State of the.data

As=noted: by the varied workflows highlighted in the use cases, hospital-wide and
radiation oncology-specific EHR systems are not often designed to facilitate collection of key
data elements for subsequent extraction and use. Typically, when a patient is referred to
radiation oncelogy, the diagnosis for that patient has been entered to the hospital EHR system.
Most radiation oncology-specific EHRs can link to the hospital EHR via HL7 FHIR (27) to sync the
diagnosis information. However, linking the specific diagnosis relevant to a given treatment
plan is often a manual process requiring physician input. In addition, there is generally not a

mechanism to input the staging information into the radiation oncology EHR or link metastatic
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sites to the original diagnosis, which are in general of interest for outcome analyses. Thus,
curation of the diagnosis and staging information that comes into radiation oncology can be
cumbersome. Apart from simple diagnosis information, data elements from pathology,
radiology, surgeny, internal medicine and medical oncology that may be relevant for radiation
oncology outcomes are seldom entered in discrete fields or even templated free-text formats,
and are, thereforeoften inaccessible for automatic extraction and use.

As the patient goes through treatment, physicians typically see the patient weekly for
on treatment wvisits. However, the documentation of these visits, including routine toxicity
assessmentsirelies on each individual institution creating their own clinical practice, datasheets
and custom /tools for reporting. While many institutions are beginning to recognize the
importance'of'standardized toxicity assessments and PROs and are putting mechanisms in place
to track this“data, there is still inconsistency, which can lead to missing data. Further, once
institutions have these tools in place, it can be challenging to share personalized templates
across the varying platforms and clinical workflows that exist at different institutions. Adding
this to theulack’ of standardized key data elements and time points to track for different
treatmentisites, multi-institutional datasets are rarely comprehensive.

While"some existing standards can be leveraged, it is important to evaluate if these
standards take into account the needs of all stakeholders and if not, determine if new
standards or.perhaps simply minor amendments can be suggested to minimize the need to
start at the'ground up. One must recognize that efforts to standardize common data elements
is a complex and time-consuming endeavor, but one that is ultimately worthwhile. An excellent
published discussion and proposed set of standard patient-reported outcomes within oncology
shows the:complexity of these issues (28).

Once collected, Big Data will perform a crucial role by providing accurate outcome data
in order to build clinical decision support systems (CDSS) (29). Conversely, decision models
themselves can be used to guide the selection of data elements to include. In a recent work,
for example, a decision cost-model in the form of an influence diagram was constructed to
model the choice between photons and protons for the treatment of locally advanced non-

small cell lung cancer (30). By including the monetary cost of managing acute toxicities, it was
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possible to determine the ROC characteristics of a biomarker for radiosensitivity that a
physician would need in order to select patients for proton radiotherapy when their total
expected cost for protons is below that of photons. As this cost-model example illustrates,
models can guide data farming efforts by establishing outcomes that are important for clinical
decision makingj and by placing requirements on how accurately these outcomes need to be
known. In'this'case; the required sensitivity and specificity were established for a novel test for
radiosensitivity for the decision to lower treatment costs. This use of models may be especially
important when, resources (e.g. cost of human labor) for populating databases are limited,
allowing efforts to be directed towards collecting the data that is most likely to lead to
improved clinical decision making.

Thistin=turn highlights an important issue in constructing data standards for capturing
outcome data,"namely, the standards need to be easily expandable. As big data results are
applied inithe clinic, used for clinical decision support, or new interactions are discovered
within the data,/these efforts will inevitably — and rapidly — call for the collection of different
types of data.,Adaptability is emerging as a feature of data and communication standards
throughout, healthcare, as recognition grows that developing a standard which attempts to
include everything will fail to do so, and in the process will become unwieldly. HL7 FHIR, for
example, is a communication standard which follows an 80/20 directive, whereby 80% of the
elements which.are implemented are included in the specification itself (31). These core
elements are referred to as resources, and the remaining elements, called profiles, are
definable by individual institutions or groups in order to alter or add properties to resources.
Single institution databases can attempt to cover a greater proportion than 80%, although the
principlesrémains. By embedding adaptability within a database initially intended to capture,
for example, only traditional treatment planning data, the database may later be populated
with patient reported outcomes, “omics” data, or patient preferences in the form of utilities,

rendering.it useful in significantly more applications.

Collection and Curation
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In order for the promise of big data to be realized in more than just individual radiation
oncology departments or networks of systems, standardized key data element lists and input
schemas are required. For example, the connection of diagnosis information to treatment
courses should be automated within vended systems and reviewed for quality on an ongoing
basis as part ofya routine workflow, such as chart rounds. In addition, the relevant staging,
pathology,”and histology information should be automatically extracted from the EHRs into
appropriate fields within the radiation oncology information system. Free-text searches or
simple natural language processing will be necessary for scanned outside hospital reports and
for other information not entered in discrete fields for easy extraction, particularly for
information not generated in radiation oncology and thus beyond our immediate control.

Collection of standardized key data elements related to toxicity, disease status, and
patient reported outcomes requires the definition of standards, as discussed above. However,
even with standard elements and data entry tools, there must be a culture shift in the radiation
oncology community to recognize the importance of comprehensive entry of the data as part of
the standard ‘care for each patient. It is our responsibility to the field and future patients to

make collection of key data elements related to outcomes a priority.

Access and Extraction

Accessibility and extraction of the clinical data entered by the physician and patients, in
the case of patient-reported outcomes, is essential. The data storage infrastructure must
provide a mechanism for end users to extract the key data elements and aggregate the data
with other related data, such as dosimetric information. The system should be designed with
accessible” application programming interfaces enabling user data extraction in the most
suitable and meaningful way. However, data extraction should not be performed on a project-
by-project basissRather, institutional information technology groups, especially those housed in
radiation‘oncology, should make it a priority and be proactive in supporting the construction of
big data analytics resource systems (BDARS). This may require a partnership between radiation
oncology users and the IT managers so that domain knowledge can be shared and the BDARS

designed in such a way that the information is in a complete and usable format. The
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development and use of a radiation oncology-specific ontology will be a key development in

ensuring that individual BDARS can be combined into true sets of big data.

SpecificcRecommendations for Standardizations

While there is clear work ahead in the community to reach a point where standard key
data elements are recorded routinely for all patients in radiation oncology, there are first steps
that can beitaken. Summarized in Table 2 are example standard key data elements that could
be collected and thus should begin to be supported by vended systems. Note that many such
elements would.be collected at various timepoints including baseline, during treatment, end of
treatment,“and<at follow-up. Therefore, properly capturing dates and being consistent with

relative dates is essential.

While Table 1 serves as a starting point for standardization of requested data elements,

collection of the data requires:

1. Creationofrasstandardized workflow that enables collection of proper data, at the right time
for the'right patient.
2. |Initiation of @ working group to develop standards for classifying recurrence in radiation

oncology.that includes spatial and dose information.

Recommendations for Next Steps Needed to Improve Data Availability

The current climate is such that “big data” is becoming a known term and fills one with

the promise of solving mysteries of care with a lot of data and computer. There is a focus on
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data mining, as if the data is sitting waiting to be taken and analyzed. However, it is clear that
the data must be created and structured in a way to make it possible to harvest and answer
important and relevant clinical questions. As more providers buy into the need to standardize
for the sake ofpquality and process improvement, they will become more committed to
inputting essential common data elements related to outcomes. Vendors must also allow the
data to beraceessed in a variety of ways, maintaining HIPAA compliance but no longer being a
major barrier to quality assurance. Improved automation in both capturing and accessing data
within vendedmsystems is recommended to improve efficiency and accuracy in capturing
outcomes datarEngagement with all stakeholders, including physicians, legislators, patients and
patient advocates is essential to design modern approaches to handling protected health
informationTand drafting policies and legislation regarding how health care data can be used in

a safe way'se'as'to maximize healthcare value and efficiency while maintaining security.
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Table 1. Examples of Big Data Use Cases in Radiation Oncology

Type of Source of
Institution/Entity | Database/Project Data/Tools Magnitude Key Features Key Challenges
Oncology
Information
tumor staging, Systems,
diagnosis code, pain Treatment Planning Microsoft SQL Consistent/standardized
M- scores, patient System, and >17,000 Database; Self- physician and patient
ROAR/University | reported outcomes, Electronic Health Patients service report reported toxicities and
of Michigan and CTCAE scores Record since 2002 building interface | reccurrence scoring
>40 specialty
specific
templates in
Radiation
Oncology High level of
Creation of Radiation with Specialty specific | customization in each
Oncology Site Specific expansion templates for site and department
Templates for Data Electronic Health into other standardized limits standardization in
MD Anderson Input Record (EPIC) departments note generation some elements
demographics, Oncology
diagnosis and staging, | Information
baseline health status, | Systems,
chemotherapy and Treatment Planning | >1800

Pediatric Proton surgery, radiation Systems, and patients from | RedCap Tools;
Registry details, diagnostic Electronic Health at least 13 Collection of Funding; Data input
Consortium imaging, and follow-up | Record centers DICOM plan data | efficiency
Oncology Tablet and web
treatment planning Information based data
data, patient reported Systems, capture; Multi-institutional data
outcomes, clinician Treatment Planning Generation of standardization;
assessments, disease | System, and >5000 notes from Funding for
response, diagnosis, Electronic Health patients from | structured data maintenance and
Oncospace and lab data Record 4 centers entry; expansion
demographics, vital Oncology
status, disease stage Information
and prognostic Systems, Structure, site-
indicators, genomic Electronic Health specific
variants, details of Record, Treatment templates; Only
systemic therapy and Planning System, capture clinically | Physician adoption;
external-beam Cancer Registry, symptomatic Gathering of detailed
radiotherapy, and and Center for toxicities; Strong | progression information;
University of physician-reported Personalized >28,000 adoption by Accurate identification
Pennsylvania toxicities Diagnostics patients nurses of death events
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US Veterans
Health
Administration
(VHA) Radiation

Oncology
Information

Systems,

novel tools to
extra data
including note
processing;
secure

Development of custom

tools to minimize

Oncology clinical measures, Electronic Health Development | environment manual data entry and
Practice treatment planning Record, Treatment | is being where data is support heterogeneous
Assessment information Planning System finalized housed locally data sources
Electronic health
institutional data, record,
demographics, tumor administrative data,
specific data, oncology
outcomes data, information Includes
adverse events system,tumor administrative
recorded in the EMR, registry, other component with
Mayo Clinic and non-oncological disease specific >3,000 healthcare cost Toxicity reporting and
Florida diagnosis data registries patients data capture data capture
132
institutions; >
6000 prostate
patients and
>4500 breast | combined Data harmonization
The genomic data, Electronic health patients in captured of across different
Radiogenomics treatment data, toxicity | record, treatment specific genomic and techniques and
Consortium and outcomes data planning systems projects treatment data reporting methods

Table 2. Example Key Data Elements for Radiation Oncology

Key Data Element Category Diagnosis = Diagnosis = lung | Diagnosis = bone
breast cancer cancer met
ICD-10 code All, including All, including All, including
laterality info laterality info location(s)
TNM staging TNM staging TNM staging N/A
Performance Status KPS KPS KPS
Toxicity Data Elements Dermatitis Dermatitis Dermatitis
with CTCAE grade
Pain Pain Pain
Esophagitis

Pneumonitis
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Recurrence Data Elements

Local recurrence

Local recurrence

Local recurrence

Regional Regional

recurrence recurrence

Distant Distant Distant

recurrence recurrence recurrence
Generic Data Element Custom Custom Custom

{name=__", description=___}
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