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Abstract

The rarity and heterogeneity of sarcomas makes performing appropriately powered studies 

challenging and magnifies the significance of large databases in sarcoma research. Established 

large tumor registries and population-based databases have become increasingly more relevant to 

answer clinical questions regarding sarcoma incidence, treatment patterns, and outcomes. 

However, the validity of large databases has been questioned and scrutinized due to inaccuracy and 

wide variability of coding practices and absence of clinically relevant variables. Additionally, the 

utilization of large databases for the study of rare cancers like sarcoma may be particularly 

challenging secondary to known limitations of administrative data and poor overall data quality. 

Currently there are several large national cancer databases including the Surveillance, 

Epidemiology, and End Results (SEER) database, the American College of Surgeons’ and 

American Cancer Society’s National Cancer Database (NCDB), and the Center for Disease 

Control (CDC) National Program of Cancer Registries (NPCR). These are often used for sarcoma 

research but these databases are limited by a dependence on administrative or billing data, the lack 

of agreement between chart abstractors on diagnosis codes, and the use of preexisting documented 

hospital diagnosis codes for tumor registries leading to significant underestimation of sarcomas in 

large datasets. Current and future initiatives to improve databases and big data applications for 

sarcoma research include increasing the utilization of sarcoma-specific registries and encouraging 

national initiatives to expand on real-world evidence based datasets.

Precis:

The main aim of this article is to demonstrate the limitations of these databases specifically for 

sarcoma research. We also describe current initiatives formed to improve the application of big 

data for rare malignancies.
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Introduction

In 2016, the United States presidential administration formed the Cancer MoonShot 

initiative to accelerate national efforts to prevent, diagnose, and treat cancer.1 One of the 

primary recommendations of this initiative discussed the formation of a more collaborative 

approach to harness big data and the establishment of a high value national cancer data 

ecosystem integrating multiple if not all disciplines.1 For instance, surgery-specific variables 

in addition to other therapeutic data should be combined with basic science and genomic 

information in order to provide a comprehensive picture of oncologic care.1 Big data was 

defined in 2001 by Doug Laney by the three V’s: volume: a large amount of data per 

transaction; velocity: fast pace of data delivered per transaction; and variety: heterogeneity 

of data types.2 This emphasis on big data elevates the significance of high quality, 

population-based, clinical databases in cancer research. Currently, population-based cancer 

registries in the United States pool a vast amount of data from a heterogeneous group of 

institutions resulting in decreased selection bias and increased generalizability.3 Data 

amassed in these registries can be utilized to fuel quality improvement initiatives, assess and 

evaluate the cost and effectiveness of oncologic treatment modalities, structure risk models 

for cancer patients, and reveal variations across multiple levels of care.3 Moreover, the 

advantage of using large databases for studying rare outcomes and pathologies such as 

sarcomas has been cited in the literature.4–7

The rarity and heterogeneity of sarcomas makes performing appropriately powered studies 

challenging and magnifies the significance of large databases in sarcoma research. Single 

institution registries are unlikely to include enough patient data to make statistically 

significant inferences.6 Yet, data acquisition from multiple institutions presents many 

challenges due to limited interoperability and variations in diagnostic methodologies.7 

Subsequently, established large tumor registries and population-based databases have 

become increasingly more relevant to answer clinical questions regarding sarcoma 

incidence, treatment patterns, and outcomes.6–10 Nevertheless, the validity of large databases 

across multiple specialties has been questioned and scrutinized due to inaccuracy and wide 

variability of coding practices and absence of clinically relevant variables. Additionally, the 

utilization of large databases for the study of rare cancers like sarcoma may be particularly 

challenging secondary to known limitations of administrative data and poor overall data 

quality.3,7

The aim of this review is two-fold: 1) to present the current state of cancer databases often 

used for sarcoma research and to expand on the limitations of the databases and their 

potential consequences; and 2) to introduce current and future initiatives for improving 

sarcoma data collection and validity of large oncologic registries.
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Current State of National Oncologic Databases

Currently there are several large national cancer databases that are most often used for 

sarcoma research including the Surveillance, Epidemiology, and End Results (SEER) 

database, the American College of Surgeons’ and American Cancer Society’s National 

Cancer Database (NCDB), and the Center for Disease Control (CDC) National Program of 

Cancer Registries (NPCR) (Table 1). These databases are very relevant in sarcoma research. 

For instance, there are 302 sarcoma publications accessible in Pubmed using the search 

terms, “Sarcoma” and “SEER”. There are several advantages to large database studies for 

sarcoma. These large registries are relatively accessible and inexpensive to use. Moreover, 

multiple registries can be pooled together to study various aspects of rare pathologies and 

outcomes.4,13 The advantages of utilizing large registries for rare cancers such as sarcoma or 

mesothelioma have been cited in several studies.4,14 In general, large population-based 

databases provide high statistical power and precise effect estimates over smaller single 

institution or multi-institutional registries.15 Moreover, since data are manually collected by 

trained abstractors, most population-based datasets undergo extensive quality control and 

audits to ensure appropriate case selection.16 For instance, the SEER database undergoes 

reliability studies to test the skills of registry personnel and assess the consistency of coding 

data across registries.16 Reliability testing of SEER abstractors consists of web-based studies 

that require participants to code information from a uniform set of medical records under 

standardized testing conditions. Strict monitoring and review of databases can ensure 

accuracy of the data. For example, the hip and knee replacement codes in the Veterans 

Administration database were shown to be accurate with an excellent positive predictive 

value of 98%.17 Furthermore, tumor registry staff often undergo the same training and 

education on American Joint Commission on Cancer (AJCC) guidelines during the annual 

meeting of the national cancer registrar’s association.16 While the advantages of large 

databases for the study of rare pathologies such as dermatofibrosarcoma protuberans 

(DFSP), scrotal malignancies, and sarcomatoid carcinoma of the breast has been cited, there 

have been limited studies on the veracity of these databases for sarcoma research and the 

potential consequences of inappropriate data collection and utilization are unclear.6

Limitations of Current Large Databases

Previous studies have questioned the use of large databases due to their dependence on 

administrative or billing data. There are many warnings cited in the literature against using 

administrative databases such as the National Inpatient Sample (NIS) or Medicare registries 

for clinical research as many variables are not intended for research purposes and key 

clinical elements are often missing.13,15,18, 19 For example, a study in 2014 on ICD-9 codes 

for patients undergoing lumbar fusions showed that 48% of cases did not have a primary 

diagnosis code to reflect the primary indication for surgery.20 The reliance on coding of 

medical diagnoses and procedures in all large databases can create significant variability and 

undermine the accuracy of information.3, 21, 22 A review of non-Hodgkin’s lymphoma cases 

in one study using the SEER database showed that the agreement on the classification of 

specific histologies amongst experts vary from 5 to 100%.5 The agreement between chart 

abstractors on diagnosis codes is difficult to achieve.15 In Great Britain and Ireland, a 

regional colorectal cancer dataset was shown to have a large proportion of missing data as 
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well as a lack of agreement between medical charts and data points.23 Another independent 

review of large cell lung cancer cases in the Iowa Cancer registry, which feeds in to the large 

SEER database, noted low sensitivity and positive predictive value. 5 Other data elements 

are not exempt from similar challenges. Treatments and procedures are also vulnerable to 

coding issues as another study showed that 21% of patients who reported receiving 

radiotherapy were coded as not receiving radiotherapy in the SEER database. 5 Analysis of 

sarcoma data from these large databases may lead to inaccurate predictions and outcomes. In 

a study using data from both the NCDB and a multi-institutional database of a consortium of 

seven institutions (Emory, Stanford, Wake Forest, Medical College of Wisconsin, University 

of Chicago, Ohio State, and Washington University in St. Louis), propensity score matched 

cohorts were used to analyze the impact of radiation therapy on oncologic survival. 

Consortium data showed that patients who underwent radiation therapy did not have 

improved outcomes while a confirmatory NCDB analysis showed that patients who received 

radiation had improved survival.7 It is uncertain which database is more accurate but this 

discrepancy brings into question the validity of large registry studies. The benefit of a multi-

institutional database is that the data may include more granular, clinically relevant data that 

are often replaced by billing or coded data in larger, population-based databases. Despite 

these findings, one may still argue for large national databases given the auditing and 

validation processes put in place by the institutions that can significantly reduce coding 

errors and variability.

Reliance on Coding

Yet, strict auditing and validation of databases only ensures the accuracy of the data already 

collected; there is no way of validating the initial coding process itself as many of the larger 

databases use preexisting documented diagnosis codes from institutions. A recent study by 

the authors of this review showed that only 62% of all sarcoma procedures performed at a 

single institution were coded accurately by ICD-9/10 codes representing a significant under-

reporting of the true sarcoma operative volume.24 Furthermore, only 60% of patients were 

logged accurately by ICD-O-3 codes in the institutional tumor registry demonstrating that 

the primary diagnoses entered by surgical coders and tumor registrars do not accurately 

describe the specific disease process that serves as the indication for resection. The under-

reporting of sarcoma volume was largely due to coding of malignancies by their organ site 

of origin rather than the actual malignancy histology (e.g., gastric gastrointestinal stromal 

tumors were coded as “gastric cancer,” and breast angiosarcomas were coded as “breast 

cancer”). Radiation-associated breast angiosarcomas are commonly miscoded as breast 

cancer despite it being a completely unique pathological category. The identification of 

errors and variability of coding practices may have larger implications on the validity and 

accuracy of larger oncology databases and registries. While this study reports an under-

representation of sarcomas due to coding issues at one institution (a high-volume sarcoma 

center), coding inaccuracies may be a more widespread problem as all tumor registrars use 

the same American Joint Committee on Cancer coding guidelines. The consequences of 

these findings, if validated by other institutions, suggest that sarcoma case volumes may be 

significantly higher than those reported by studies using these datasets. For example, a 2017 

NCDB study by Corey et al. reports 63,714 soft tissue sarcomas over 12 years, or 

approximately 5,310 sarcomas per year.12 These only included the top 34 of 239 soft tissue 
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sarcomas reported to the NCDB as commonly encountered by orthopedic oncologists. If up 

to 40% of cases were not reported accurately, then there could be up to 3,540 more cases per 

year and 106,200 reported cases over the same time period. A 2011 SEER study by Ferrari 

et al. covering 1973 to 2006 reported 72,972 cases, for an incidence of 2,211 cases annually. 

With the same extrapolation, 1,474 more cases would be reported annually, and 121,620 

cases would be reported over the same 33 years.8 The data represented in these datasets are 

not necessarily inaccurate, but potentially not comprehensive about the total volume of 

disease prevalence. These numbers are significantly lower than the American Cancer Society 

estimate of 12,298 new diagnoses of soft tissue sarcomas annually, however, this includes 

rhabdomyosarcoma, which is typically studied separately from non-rhabdomyosarcoma soft 

tissue sarcomas (NSRTS). 25 The American Cancer Society data are derived from the North 

American Association of Central Cancer Registries (NAACCR) which consolidates data 

from every central and state cancer registry reporting.25 Since this is an aggregate of all 

registry data, it may be more accurate, but underestimation of the true national sarcoma 

burden is still highly likely and warrants further study. Oncologic guidelines and policy 

recommendations based on national databases may need to be further examined. If coding 

inaccuracies for other sarcoma centers are similar, there could be significant impact on the 

utility of NCDB and SEER data. At present, the net effect of coding errors on analysis from 

these large databases is unknown.20, 26

The process behind sarcoma coding deserves further scrutiny as coding errors and 

inaccuracies in large population databases may be amplified for sarcomas and other rare 

pathologies. First, the heterogeneity and large number of histologic subtypes of sarcomas 

(with over 70 described subtypes) render accurate characterization of these cases 

challenging.27,28 Second, the nomenclature of sarcomas can further confound accurate 

classification. For instance, GISTs were most commonly mischaracterized as GI malignancy 

rather than sarcoma by both the ICD9/10 and ICD-O-3 codes.24 This may be due in part to 

the name (“gastrointestinal”). Furthermore, for tumor registrars, GISTs cannot be classified 

as a sarcoma unless the pathology report specifically labels the tumor as “malignant GIST” 

or “gastrointestinal stromal sarcoma.” Third, most malignancies are organ-specific, and thus 

they are classified based on organ of origin. Sarcomas on the other hand can arise in almost 

any tissue. While they should be classified based on the type of malignancy, they can often 

get classified based on organ of origin instead. For instance, radiation-associated breast 

angiosarcomas were typically characterized as breast cancers as resections were often 

performed on previous breast cancer patients and the procedure codes were similar for both 

types of malignancies.24 Not surprisingly, sarcomas arising in the extremities (representing a 

larger percentage of cases performed by orthopedic oncology) were classified more 

accurately.24

Future of cancer databases

Rare diagnoses like sarcoma have the potential to benefit greatly from big data. 

Nevertheless, the challenges presented in this review emphasize the variability and vague 

nature of definitions for procedures and diseases that may lead to coding inaccuracies that 

can be propagated through various local and national datasets. Popular national datasets, 

which many researchers, including the authors, have used may not be as comprehensive as 
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expected for studying population-based outcomes for rare malignancies such as sarcomas 

which are not organ-based (Table 2). Future endeavors to improve data quality may require 

validation of codes to appropriately identify certain diagnoses. As the World Health 

Organization develops further definitions of sarcoma for future ICD10 and ICD-O-3 codes, 

there should be multidisciplinary discussions and agreements on guidelines and definitions 

to help both physicians and coders better identify these malignancies. We can also improve 

on current database architecture models to make population-based registries more clinically 

relevant. Innovative methods to construct large, time-sensitive, population-based cancer 

registries that collect clinically relevant variables need to be explored and implemented in 

order to ensure good data quality.

Moving toward Sarcoma-Specific Databases

Problems with validating data for sarcomas in large population-based oncologic databases 

call attention to the benefits of sarcoma-specific databases. In one study, a dataset compiled 

from six dedicated sarcoma centers in six countries was used to validate a nomogram that 

predicts disease free survival and survival after primary resection for retroperitoneal sarcoma 

(RPS).29 The validation of this RPS nomogram provides oncologists with a more accurate 

tool for calculating prognosis than the current AJCC classification.29 Other successful 

sarcoma-specific databases have been cited in the literature. A multidisciplinary Danish 

Sarcoma group developed a national, centralized Danish Sarcoma Database (DSD) in 2009 

and since its inception, there have been 2,000 patients registered in the database.30 All 

sarcoma patients in Denmark are referred to two high volume centers where all clinicians are 

obligated to report to the database and consent is not required for data collection and 

registration, making this a very comprehensive dataset. 30 Data for this database are entered 

by the clinicians responsible for the patient and audited by dedicated database managers who 

validate all data with medical records.30 The database allows linkage to the Danish Civil 

Registration System for mortality and demographic variables as well as other databases to 

capture gynecological sarcomas that are otherwise not included in the DSD.30 However, 

sarcoma patients in the DSD are registered using ICD codes. If sarcomas are under-coded in 

the Danish centers as they have been found in our own study, there may still be a significant 

underestimation of sarcomas in the DSD requiring further validation of coding practices.24 

Also, since a vast majority of sarcomas are treated at two nationally approved sarcoma 

centers in Denmark, data collection and aggregation is much more streamlined than in other 

countries.30 This efficient and well-organized approach is not easily generalizable. For 

instance, building a national sarcoma database in the United States may be much more time-

consuming and near impossible due to the decentralized nature of sarcoma care.

However, well-curated single institutional or multi-institutional sarcoma databases may be as 

informative and significant as national databases. Sarcoma-specific databases in the United 

States have been largely limited to a single institution or consortiums. The Sarcoma Alliance 

for Research through Collaboration (SARC), a non-profit organization, collects and pools 

prospective data from SARC institutions to create multiple datasets such as the SARC 

Clinical Data Repository which includes 12 clinical trials.31 Large single institution 

databases from high-volume centers have also demonstrated substantial merit in sarcoma 

research. The Memorial Sloan-Kettering Cancer Center manages a prospectively collected 
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sarcoma database that was started in 1982 and as of 2013, 10,000 patients were entered in 

the database.32 While it only includes one institution, the large number of patients in the 

registry allow for the development of disease-specific nomograms and predictive analytics 

that are typically limited to large, population-based databases.

Sarcoma-specific databases may also beneficial since it can include genomic data as well as 

biospecimen banking, critical to understanding the basic science behind sarcoma occurrence 

and cure. In the Cancer Moonshot Initiative, one of the priorities listed was the development 

of a Premalignant Cancer Atlas (PMCA) that would allow for linkage of genomic data with 

clinical information.1 Currently, the National Institute of Health (NIH) houses The Cancer 

Genome Atlas Project (TCGA) which, to date, has identified a multitude of molecular 

alterations in 206 cases of adult soft tissue sarcomas.33 Similarly, the benefits of genomic 

data and precision medicine has been seen on individual patients or a small select group of 

cases but expanding these advancements on a large-scale has not yet been done and has been 

proven to be challenging. High-volume sarcoma centers may benefit from a collaborate 

effort to create a multidisciplinary and comprehensive sarcoma-specific database that allows 

for linkage of specimens with genomic and clinical data.

Benefits of Real World Evidence

Challenges of using existing large population-based cancer databases for sarcoma research 

can be addressed with a unified effort to improve sarcoma database design and data 

collection. Whether it is a single institution, consortium, or nationally led effort, the 

formation of large sarcoma databases with meaningful clinical variables is imperative to 

future research initiatives. Registries are more valuable when there are uniform standards for 

data quality, efficient and automated data collection methods, and allowance for data linkage 

across databases.34,35 The rise of the electronic health record (EHR) has provided 

researchers with the opportunity to leverage tehcnology for more efficient and automated 

data extraction. The American Society of Clinical Oncology (ASCO) recently released a 

position statement stating the significance of observational data and its role in representing a 

more realistic and generalizable view of patient care and treatment patterns.36,37 Clinically 

relevant data from EHRs may fill gaps left behind by administrative databases. Furthermore, 

the collection of real world evidence (RWE), which can represent an accurate picture of 

actual clinical practice, can supplement data acquired in strictly controlled clinical trial 

settings.38 Some practical examples of successful utilization of EHR data for quality 

improvement and research include the Veteran’s Affairs (VA) inpatient evaluation center and 

the MIMIC (Multiparameter Intelligent Monitoring in Intensive Care) II databases; the VA 

inpatient evaluation center collected inpatient data from the VA patient records from over 

100 hospitals and the MIMIC II database collected physiologic data for over 30,000 

intensive care unit patients at Beth Israel Deaconness Medical Center over an 8 year period.
19,39–41 These initial successes highlight the great potential of using real world evidence to 

complete databases and validate existing administrative data.

Currently, there are widespread efforts led by both academic and industry leaders to improve 

oncologic data quality using RWE. The most notable is the recent American Society of 

Clinical Oncology (ASCO) led effort called the Cancer Learning Intelligence Network for 
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Quality (CancerLinQ).41 CancerLinQ, a nonprofit subsidiary of ASCO, captures and 

aggregates data from EHRs via direct feeds and automatically enters the information in to a 

series of cloud-based databases.42,43 The database stores a combination of structured data 

that are automatically captured and unstructured data retrieved through manual data 

abstraction. Currently, the data are mainly utilized to track quality improvement metrics.44 

CancerLinQ is a massive undertaking by ASCO with the potential to provide providers and 

researchers with access to real world data from a variety of practice types representing 

thousands of oncologists across the country.45

A similar industry approach has been taken on by Flatiron Health, a for-profit company that 

was recently acquired by Roche, that is curating EHR data from more than 200 US cancer 

centers including oncology clinics and academic medical centers. Similarly to CancerLinQ, 

Flatiron Health created an automated collection and aggregation system to extract structured 

data that are then de-identified and entered in to a standard data model. The database is 

supplemented by the collection of unstructured data by human staff trained in chart 

abstraction; inter and intra-abstractor agreement is continuously monitored in order to 

maintain data quality.38 The major advantage of this particular database is its ability to be 

linked to other important oncologic databases such as the Foundation Medicine laboratory’s 

genomic database and mortality data from the National Death Index (NDI).38,46 Linkage to 

the NDI permitted the validation of mortality data available in EHRs that was collected by 

Flatiron Health, creating a more comprehensive resource.46 For sarcoma researchers and 

oncologists who choose to participate in their initiative, the Flatiron Health database can 

provide high-quality, real world, longitudinal, and genomic data to advance sarcoma care 

and drug development. Sarcoma research, which is often limited by small numbers 

accompanied by the challenges of using large population-based databases, can benefit 

greatly from the development of the CancerLinQ and Flatiron Health databases that present 

researchers with access to a larger patient population linked to high quality clinical and 

genomic data.

Nevertheless, there are many limitations with the current derivation of RWE-based databases 

that warrants further scrutiny. While clinical trial data are produced from adherence to strict 

conditions such as eligibility criteria, certain diagnostic and treatment regiments, EHR data 

is not confined to such limitations. While some view this as a benefit as it allows observation 

and monitoring of the real-world patterns of oncologic treatment patterns and management, 

it can also lead to poor data quality due to the heterogeneous nature of EHR utilization, 

differences in workflows, or incomplete recording of data in discrete fields.37 Inappropriate 

data collection is exacerbated by the expansion of large EHR systems that were 

fundamentally designed to assist with billing rather than to provide clinical decision support 

or facilitate research.47 Unstructured data captured in EHRs remains a major limitation of 

RWE; data existing outside of structured or discrete fields are difficult to capture and require 

manual chart abstraction by experienced curators. This process is often slow, expensive, and 

lack appropriate quality control. 47 Yet, structured data as it currently exists has its own set 

of challenges. Requiring physicians to spend more time clicking through structured data 

fields, which is often slower than free text documentation, may lead to increased 

administrative burden and burnout. Natural language processing solutions are showing 

promise to help automate the conversion of free text data to structured data for research.48
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Moreover, data standards for oncology have not been widely adopted and despite attempts to 

compensate for widespread differences in data models and ontologies across specialties, it is 

still difficult to collect complete and uniform data from many institutions. ASCO recently 

issued a position statement calling for legislation to mandate interoperability of EHRs 

amongst hospital systems and oncology practices.49 The Office of the National Coordination 

for Health Information Technology (ONC-HIT) has addressed ASCO’s requests with a ten 

year roadmap that predicts the expansion of interoperable health information technology and 

the development of a learning health system enabled by nationwide interoperability by 

2024.50 Finally, the ability to scale technology driven data collection methods globally must 

be considered as a significant limitation. As of 2015, 57 out of 125 (46%) countries reported 

having any kind of national EHR system.51 For low and middle income class countries with 

limited or no EHR systems, RWE-based data collection may not feasible or very difficult to 

implement. Although electronic information systems are being increasingly adopted by 

developing countries,51 particularly with the support of outside funding and donors, the 

scalability and feasibility of RWE-based databases will remain a challenge for many 

countries. Given all of these limitations, RWE-based databases may require further 

development and validation prior to widespread use for sarcoma research.

Conclusion:

Sarcoma accounts for less than 1% of new adult cancer cases annually. While recent 

data52–54 show that patients who present in a specialized sarcoma center have better 

outcomes (fairly common in Europe), many sarcoma patients in the US continue to present 

to both low and high volume centers alike making the consolidation of sarcoma data from a 

few centers nearly impossible. Consequently, large population-based databases have been 

increasingly utilized to perform highly powered sarcoma research. Nevertheless, the various 

limitations of population-based databases for sarcoma research have stunted more 

widespread adoption. For example, sarcoma remains one of the least studied types of cancer 

using the NCDB.14

The question remains then, what is the best approach to collect, aggregate, and share 

sarcoma data? Some high volume sarcoma centers mentioned in our review have attempted 

to answer this by creating single institution or consortium based sarcoma-specific registries. 

ASCO and Flatiron Health have been more innovative and have leveraged EHRs to create 

large, prospective databases to capture real world evidence along with important clinical 

variables often not captured with structured data fields. Unfortunately, all of these solutions 

are accompanied by unique limitations that make it impossible to safely draw definitive 

conclusions about sarcoma incidence, diagnostic and treatment methods, and prognosis from 

just one source. It is essential that when utilizing any large database, queries must be 

appropriate for the types of data that are available and data elements should be studied 

carefully to prevent introducing significant biases to the analyses. A checklist providing the 

strengths and limitations of widely used datasets was recently published with an aim to 

provide a guide for all researchers wishing to use large databases.55 Specifically, for those 

using the NCDB, the published guide on this particular dataset should be reviewed carefully 

to understand both the benefits and challenges for sarcoma research.56
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Consequently, what this review emphasizes is the importance of breaking down data silos 

and fostering a collaborative environment to answer important questions for sarcoma 

patients. This is particularly important as technology enabled data collection exponentially 

grows without the capability to harness the ever-increasing volume of the data to our 

advantage. To put this in perspective, more than 90% of the existing digital data across all 

fields, including medicine, were collected in the past 2 years and only 1% has been 

analyzed.1,57 Therefore, efforts to pool resources to collect and analyze oncologic data 

should be encouraged, if not mandated. The advantages of the varying cancer initiatives and 

programs including the large population-based databases, CancerLinQ, Flatiron Health, and 

single institution efforts can be merged together to establish a more effective national cancer 

data ecosystem1,58 and alleviate the limitations of current databases and registries. 

Collaboration and multidisciplinary efforts to create these databases will require extensive 

resources, not just from stakeholders but from policy-makers and future oncologists and data 

scientists. Building well-defined and appropriately structured sarcoma databases will not be 

possible without Center for Medicare and Medicaid Services (CMS) involvement to develop 

policies that mandate interoperability and data-sharing across providers and health systems. 

High-volume sarcoma centers that already have well-established comprehensive databases 

must collaborate to expand outside of the single institution model. Moreover, formal training 

in clinical informatics should be encouraged for sarcoma oncologists interested in database 

work should be encouraged to help data scientists create a clinically relevant sarcoma 

database. Since sarcoma is not only a difficult disease to treat, but also to study 

comprehensively, researchers and physicians must push for increased collaboration and 

multidisciplinary efforts to create high-value oncology data sources.
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Table 1:

Summary of the Large National Databases Currently Available for Sarcoma Research

Database Name Description/purpose Method of 
Data 

Collection

Accessibility Linkage to 
other 

databases

No. of 
publications

Years of 
data 

currently 
available

Surveillance, 
Epidemiology, and 

End Results 
Program Database 

(SEER)

Develop and report 
national estimates of 
cancer incidence and 

mortality
Monitoring annual 

cancer incidence trends
Providing continuous 

information on trends in 
therapy and changes in 

patient survival

Manual chart 
abstraction by 

trained 
registrars

Deidentified data 
are publicly 

available

Medicare 
database
Medicare 

Health 
Outcomes 

Sruvey
Consumer 

Assessment of 
Healthcare 

Providers and 
Systems

302 1975–2015

National Program 
of Cancer 

Registries (NPCR)

Same purpose as SEER 
but in different states 

with separate submission 
dates

Manual chart 
abstraction by 

trained 
registrars

Deidentified data 
are publicly 

available

Same as SEER 5 2001–2015

National Cancer 
Database (NCDB)

Analyze and track 
treatments and outcomes 
for patients with cancer 

diagnoses
Provide performance 

metrics for participating 
centers

Manual chart 
abstraction by 

trained 
registrars

Investigators in 
participating 
organizations 
must apply for 

deidentified 
participant user 

files

Claims data 25 2003–2014
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Table 2:

Challenges and Opportunities for Big Data in Sarcoma Research

Challenge Opportunity

Dependence on administrative/billing data that 
may not have high clinical accuracy

Improve data quality by validating codes to appropriately identify key diagnoses

Difficulty validating initial coding process based 
on preexisting documented diagnosis codes

Multidisciplinary discussions and agreements on data elements, such as ICD10 and ICD-
O-3 codes, prior to submission to large databases
Reduce variability in sarcoma nomenclature and cancer classification

Errors in large databases may be amplified for 
rare diseases, such as Sarcoma

Improve on current database architecture models to make population-based registries 
more clinically relevant
Utilization of sarcoma-specific databases with more granular, clinically relevant data

Data silos created due to lack of information 
sharing amongst multiple institutions and 
databases

Automated aggregation of real world data (both structure) supplemented by NLP-assisted 
manual curation of unstructured clinical documentation such as the ASCO CancerLinQ 
initiative and Flatiron Health’s database.
Linkage to administrative databases to validate information in real world evidence based 
datasets.
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