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Abstract

Analysis of data from large administrative databases and patient registries is increasingly being 

used to study childhood cancer care, although the value of these data sources remains unclear to 

many clinicians. Interpretation of large databases requires a thorough understanding of how the 

dataset was designed, how data were collected, and how to assess data quality. This review will 

detail the role of administrative databases and registry databases for the study of childhood cancer, 

tools to maximize information from these datasets, and recommendations to improve the use of 

these databases for the study of pediatric oncology.
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INTRODUCTION

Data from national cooperative study groups, such as the Children’s Oncology Group 

(COG) in the U.S. or the International Society for Pediatric Oncology (SIOP) in Europe, 

have helped define much of the evidence to guide pediatric cancer treatment [1,2]. Despite 

the value of cooperative study groups, there are several limitations to use of their data for 

research, including a high administrative burden, lack of detailed cost data, and difficulty 

performing comparative effectiveness research beyond the primary clinical trial question [3]. 

Although COG operates the Children’s Cancer Research Network registry [4], data from 

cooperative groups have limited application to the study of population-based cancer 

incidence, as they tend to focus on patients from participating centers following enrollment 

in individual trials [5–8].

The use of administrative databases and patient cancer and surgical registries provide 

alternative approaches to the study of childhood cancer. Administrative databases are often 

referred to as “secondary data,” because they are collected primarily for non-research 
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purposes. Although these databases are not focused on the study of cancer, they do include 

important outcomes such as length of stay, charges and/or costs, and some adverse events 

[3]. In general, administrative databases tend to be good at providing broad overviews of 

healthcare practices, such as variation in practice patterns, outcome–volume relationships, or 

care trends over time [9].

Patient registries focus on a particular disease or intervention, often include extended 

follow-up [10]. Although registries can be used to study a wide range of outcomes 

(including ideas that were not conceived during initial registry design), they may suffer from 

a lack of standardized data elements, difficulty assessing trends in care, or lack of control 

groups. In general, registry studies tend to be most successful when analyzing a specific 

research question for the population for which they were initially designed.

With the increasing use of administrative databases and patient registries to study pediatric 

cancer care, there is some skepticism about the value of these sources, in particular about 

overreaching conclusions or inappropriate analytic methods [9,11]. These are legitimate 

concerns, as interpretation of these datasets requires a thorough understanding of database 

design, data quality, and how outcomes of interest were recorded. This review will describe 

commonly used administrative databases and registries, tools to manage information from 

these datasets, and a list of recommendations to improve the use of these databases for 

pediatric cancer research. This report is not an exhaustive or systematic review of all 

available datasets, rather a “how-to” guide to assist the pediatric clinician with 

understanding of available tools. As well, although beyond the scope of this review, the use 

of “big data” to understand the biology of cancer such as through the National Cancer 

Genome Atlas is rapidly becoming part of personalized cancer care for children.

ADMINISTRATIVE DATABASES

Healthcare Cost and Utilization Project

The Healthcare Cost and Utilization Project (HCUP) is a family of databases sponsored by 

the Agency for Healthcare Research and Quality (Table I) representing the largest collection 

of hospital data in the U.S. [12]. These databases are particularly useful for the study of 

treatment complications, in-hospital mortality, length of stay, practice patterns, health care 

disparities, and costs.

State Inpatient, Emergency, and Ambulatory Databases

The State Inpatient Databases (SID) and the State Ambulatory Surgery Databases (SASD) 

are complementary HCUP datasets which allow the comparison of outcomes from inpatient 

or outpatient settings, respectively [13,14]. Currently, 47 states provide discharge data to 

SID, capturing approximately over 95% of all U.S. hospital discharges; 33 states contribute 

out-patient data to SASD. SID and SASD data are re-coded by HCUP into a consistent 

format that allows intra- and inter-state comparisons. Importantly, most states abstract SID 

and SASD data as per-encounter events, not per-patient events; however, some states allow 

researchers to track patients longitudinally. This allows researchers to assess important 

oncologic outcomes such as unplanned readmissions or emergency department visits.

Rice et al. Page 2

Pediatr Blood Cancer. Author manuscript; available in PMC 2016 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



National (Nationwide) Inpatient Sample

The National (Nationwide) Inpatient Sample (NIS) is a derivative dataset developed by 

HCUP using SID data, and is the largest publicly available all-payer inpatient health care 

database in the U.S. It contains data from more than 7 million pediatric and adult admissions 

annually from over 1,000 hospitals, representing ~20% of discharges in participating states 

[15]. NIS is ideally suited for investigating trends in care utilization or healthcare costs, 

variation in practice, or diffusion of new technologies. Advantages of NIS include its 

population-based design, consistency over time, large size, and detailed cost data.

However, NIS has several disadvantages for the study of pediatric cancer. As with most 

administrative datasets, there is limited collection of cancer-specific variables, such as tumor 

staging, grade, and pathology. Unlike state databases, there is no longitudinal follow-up of 

individual patients and no outpatient data. As well, although NIS does provide some data to 

estimate disease incidence and cancer-specific-mortality, it is overall limited for these uses. 

Finally, NIS (like most administrative datasets) tends to both underestimate mortality and 

overestimate morbidity, as these outcomes are only measured at discharge. For example, 

Ambekar et al. [16] have shown in children with spinal meningioma who were disabled 

before surgery were more likely to get discharged to a facility regardless of the effect of 

surgery, thus overestimating the morbidity of surgery.

Kids Inpatient Database

The Kids Inpatient Database (KID) is a derivative dataset compiled by HCUP that is an 

enriched sample of inpatient data for children under 21 years old. KID is based on a triennial 

systematic sample of discharges from over 5,000 hospitals across the U.S., including short-

term, non-Federal, general and specialty hospitals [17]. KID is often used for development 

of national hospitalization requirements, resource utilization, or factors associated with 

specific diagnoses or procedures. For example, one ideal use of KID for the study of 

pediatric cancer was by Chu et al. [18], who identified factors associated with radical 

nephrectomy or nephron-sparing surgery for children with renal cancer.

Similar sampling strata are used by NIS and KID, with addition of a stratifier in KID that 

identifies pediatric hospitals. The addition of this modifier facilitates studies of variations in 

clinical outcomes and resource utilization between pediatric and non-pediatric hospitals 

[19]. However, as with NIS, KID uses hospital admissions as the primary unit of data; thus 

repeat admissions cannot be accounted for. Similarly, diagnoses and procedures are 

restricted to billing codes.

OTHER ADMINISTRATIVE DATABASES

Pediatric Health Information System

The Pediatric Health Information System (PHIS) is a privately administered database that 

contains data from inpatient admissions, ambulatory and short-stay encounters, and 

emergency rooms from over 40 children’s hospitals in the U.S. PHIS provides greater 

granularity than the HCUP databases. Particularly for surgical care, PHIS has been used to 

study practice variability and health care utilization [20]. PHIS can be used to follow a child 
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over encounters using unique identifiers, although not all outpatient encounters are captured. 

Because of this longitudinal capacity, PHIS is a popular database for research in pediatric 

care, although with all private datasets additional costs are required.

Similar to most administrative databases, PHIS is limited by its use of International 

Classification of Diseases, 9th edition (ICD-9) diagnosis codes and risk of coding errors, 

which have been shown to range from 2% to 4% in a nested chart review of children with 

renal cancer [20]. To overcome this challenge, Desai et al. developed an algorithm (using 

ICD-9 codes, exclusion criteria, and manual review of chemotherapy billing data) to 

assemble a high-risk neuroblastoma cohort at a single institution [21]. Similarly, Kavcic et 

al. [22] confirmed an algorithm to identify children using PHIS with acute myeloid leukemia 

(AML) based on ICD-9 diagnosis and manual review of chemotherapy.

As researchers and clinicians prepare for the transition from ICD-9 to ICD-10 over the next 

several years, the impact on use of PHIS and other datasets is unclear. This transition will 

increase the specificity but also complexity of billing code-derived data, potentially 

increasing the risk of coding errors. For instance, while ICD-9 contains 14,000+ diagnostic 

codes, ICD-10 will contain 90,000+ codes with built in flexibility for adding new codes. For 

experienced researchers, this transition will hopefully allow for increased sophistication in 

analysis of specific questions using administrative datasets.

Insurer-Specific Datasets

Many large insurers collect claims data to help manage their programs. These datasets (e.g., 

MarketScan, i3 Innovus, Harvard Pilgrim, Kaiser, etc.) provide high-quality patient-level 

data from commercial, Medicare supplemental, and Medicaid populations. These datasets 

provide “real-world” treatment patterns, and are most useful for cost analyses, including 

longitudinal analysis. However, these data sets are proprietary, and access can be 

prohibitively expensive for many researchers. For children’s cancer care, additional 

disadvantages are that small populations within a single insurer may not be nationally 

representative; patients may pay out of pocket and not file a claim; and patients may switch 

insurance companies, limiting longitudinal follow-up [9].

Medicaid Analytic Extract (MAX)

Each state’s Medicaid or Children’s Health Insurance Program (CHIP) data are collected 

nationally by the Medicaid and CHIP Statistical Information System (MSIS). CMS operates 

the Medicaid Analytic Extract (MAX) dataset, which accounts for people enrolled after 

retroactive corrections have been applied and after state-specific data elements have been 

transformed into a consistent format. The claims in MAX can identify a broad picture of 

clinical services rendered and the cost of services after adjustments. These data are most 

helpful to summarize financial data, service utilization, and care expenditures for a 

particular diagnosis or procedure.
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CANCER AND SURGICAL REGISTRIES

Surveillance, Epidemiology, and End Results Database

The Surveillance, Epidemiology and End Results (SEER) database is a population-based 

cancer registry that compiles data from hospital and state cancer registries. SEER covers 

over 25% of the U.S. population, and captures demographic and cancer-specific variables, 

including disease incidence, histology, staging, radiation dosing, surgical extent, and cancer-

specific mortality [23]. One particular role for this dataset is the identification of a 

population-based cohort of children with cancer, which allows for identification of factors 

which affect outcomes. For example, Potonski et al. showed that SEER can be used to 

identify a cohort of adolescent and young adult children with various cancers to identify 

factors associated with appropriate treatment [24].

SEER, along with the National Cancer Data Base and the National Program of Cancer 

Registries (detailed below), operates through similar coding procedures as described in the 

Facility Oncology Registry Data Standards (FORDS) manual. However, as these groups’ 

data is based on American Joint Commission on Cancer (AJCC) staging, their value is 

limited for pediatric cancers that use other staging systems, such as neuroblastoma and 

rhabdomyosarcoma. In addition, chemotherapy, comorbidity data, and other clinical factors 

beyond first-line therapy have limited availability.

National Cancer Data Base

The National Cancer Data Base (NCDB) is a national cancer registry administered by the 

Commission on Cancer (CoC) of the American College of Surgeons and the American 

Cancer Society. With a catchment from over 1,500 centers who participate in the CoC, 

NCDB has data from over 30 million patients, with a focus on adults with site-specific 

cancers, such as those of the breast, colon, and lung. For children, NCDB data has been 

increasingly used to identify patters of disease incidence and survival for pediatric cancers 

[25].

There are several limitations to the NCDB for the study of pediatric cancer. First, it is based 

on convenience sampling from participating centers, and it is not ideal for examining disease 

trends over time. Second, similar to SEER, many pediatric disease specific variables are not 

collected (e.g., N-MYC amplification for neuroblastoma). Finally, many freestanding 

children’s hospitals are not members of the CoC, and data from these children are not 

included. However, these limitations are recognized by the leadership of the NCDB and 

SEER, with ongoing revisions in progress to incorporate contemporary staging, treatment, 

and histology variables for pediatric cancer.

National Program of Cancer Registries

The National Program of Cancer Registries (NPCR) is a program operated by the Centers 

for Disease Control (CDC) to support state cancer registries with data management. In line 

with the public health goals of the CDC, several NPCR reports are compiled annually of 

national cancer surveillance data, including the United States Cancer Statistics (USCS): 

Incidence and Mortality report of official federal government statistics for new cancer cases 
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and deaths, the Interactive Cancer Atlas (http://apps.nccd.cdc.gov/DCPC_INCA/

DCPC_INCA.aspx), the CDC WONDER online query system for age-adjusted and crude 

cancer rates (http://wonder.cdc.gov/cancer.html), and the U.S. County Cancer Incidence 

Dataset of aggregate cancer incidence rates for select U.S. counties.

For the study of children’s cancer, similarities in coding between SEER and the NPCR allow 

for complementary study of large populations, particularly for epidemiologic analysis. For 

example, Siegel et al. analyzed data from the NPDS and SEER to capture statewide 

registries representing 94.2% of the US population to identify the rates of various cancers in 

children [26]. Limitations of the NPCR, similar to SEER, include that treatment type is 

limited to first course and even then, some chemotherapy data is missing, limited 

information on co-morbidities, and outcome data is generally limited to survival, making 

other important outcomes such a tumor recurrence difficult to track [27]. Finally, duplication 

or cross-over of subjects between cancer registries is difficult to identify, limited the ability 

to merge data.

Children’s Cancer Research Network

The Childhood Cancer Research Network (CCRN) registry was established by COG in 2008 

to increase registry data at COG centers. The CCRN enrolls children with cancer who are 

treated at a COG institution in the U.S. and Canada through an additional informed consent 

process [4]. Although the research experience with the CCRN remains limited to date, it 

does offer a centralized resource for many areas of cancer research.

Similar to the NCDB, limitations of CCRN include bias from convenience sampling, as 

children are only enrolled after diagnosis at a COG institution, as well as gaps in 

ascertainment of subgroups based on age, diagnosis, sex, race/ethnicity, or geographic 

region [4]. Despite these concerns, Musselman et al. demonstrated a high rate of catchment 

in the CCRN by comparison with expected number of cases from SEER and U.S. Census 

data [28]. Overall, 42% of predicted children with cancer at participating institutions were 

registered in the CCRN, with some malignancies better represented (leukemia, 59%; renal 

tumors, 67%) than others (retinoblastoma, 34%).

National Surgical Quality Improvement Program-Pediatric

The National Surgical Quality Improvement Program-Pediatric (NSQIP-Ped) is a pediatric 

surgical registry operated by the American College of Surgeons. This program collects 

standardized perioperative (30-day) outcome data from centers across the U.S. The program 

provides risk-adjusted outcomes and comparison to other institutions back to participating 

centers to promote quality improvement initiatives, and de-identified datasets are available 

to participating centers to promote clinical research. However, NSQIP-Ped is limited for the 

study of pediatric cancer by its lack of staging information, cancer-specific outcomes (e.g., 

surgical margins, nodal harvest, disease recurrence), and longitudinal follow-up.
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TOOLS TO ENHANCE LARGE DATASET ANALYSIS

Merging Datasets

One approach that is gaining interest among pediatric researchers is the use of merged 

datasets. This approach leverages the strengths of multiple data sources to overcome the 

limitations of each. For example, registries often contain detailed disease-specific 

information but lack data concerning resource utilization. Administrative databases tend to 

excel at capturing data on resource utilization, but often do not contain disease-specific 

information. There are several limitations to the merging of datasets. For example, although 

some datasets collect patient identifiers, these are not routinely distributed to researchers or 

made publicly available because of privacy concerns. Other limitations include the high 

administrative burden and complexity of algorithms to merge cohorts.

Several pediatric groups have recently described innovative methods to link datasets. Aplenc 

et al. detailed an approach for merging COG clinical data with PHIS data for children with 

AML [3]. Pasquali et al. [29] described linkage of data for children with congenital heart 

disease from The Society of Thoracic Surgeons Congenital Heart Surgery Database with 

PHIS using indirect identifiers and probabilistic matching. Deans et al. [30] validated a 

similar algorithm using indirect identifiers to link data from NSQIP-Peds and PHIS to 

investigate healthcare utilization during the first post-operative year.

Clinical Classification Software (CCS)

As administrative datasets generally rely on discharge diagnosis and billing codes, these 

datasets pose challenges for studying cancer in which multiple diagnoses and codes are often 

pertinent for a single care encounter. To address this limitation, HCUP developed Clinical 

Classification Software (CCS), a tool which groups thousands of ICD-9 codes into 260 

diagnostic groups and 231 procedure groups [31,32]. For the study of childhood cancer, 

CCS provides an organized categorization scheme that collapses multiple ICD-9-CM codes 

into a smaller number of clinically meaningful categories.

Russell et al. [33] described use of CCS to classify cancer-related admissions from the KID 

dataset into categories that reflect real-world clinical practice. This group used a multistep 

process for stratifying cancer-related admissions into four categories: chemotherapy-related, 

procedure-related, infection-related, or toxicity-related. Similarly, Mueller et al. described 

the use of CCS to describe the reasons for emergency department visits among pediatric 

cancer patients, including risk factors for admission to the hospital [34].

Comorbidity Tools

In contrast to clinical trials, when using data from administrative databases, the effect of 

preexisting conditions (comorbidities) may be difficult to control, leading to difficulty with 

non-random treatment selection. In general, comorbidities have been handled analytically in 

these settings by: (1) stratifying patients into groups-those with a comorbidity and those 

without; (2) using separate binary indicators for discrete conditions; or (3) summarizing 

comorbidity information into a score that provides a single parameter for measuring multiple 

comorbidities [35].
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Several methods are available to assist with managing comorbidities in large administrative 

datasets. Comorbidity Software is a tool developed by HCUP to help address these issues, as 

it assigns variables for comorbidities in discharge records using ICD-9-CM codes [35]. This 

software has been shown to increase the identification of comorbidities and separate them 

from the primary reason for hospitalization [36].

Analytic methods to account for non-random treatment selection include propensity score 

analysis, inverse probability weighting and logistic regression, among others. In particular, 

propensity score analysis is increasingly being applied to the study of pediatric cancer. Seif 

et al. [37] used propensity scoring to estimate the secondary AML risk in children receiving 

dexrazoxane after anthracycline exposure using the PHIS. Wilson et al. [38] used propensity 

score analysis to determine the attributable cost and length of stay of central line-associated 

bloodstream infections in children with cancer while controlling for covariates.

LIMITATIONS OF REGISTRIES AND ADMINISTRATIVE DATABASES

Cancer outcomes can only be understood using large datasets if there is accurate coding of 

diagnoses and procedures [39]. The most typical types of error are: (1) overlooking of 

diagnoses; (2) incorrect or skipped induction; (3) indexing errors; (4) violation of ICD rules 

and external regulations [39]. These errors generally result from mistakes in the primary 

documentation, insufficient knowledge of the encoders and registrars (different steps of the 

coding process require different kind of knowledge), and internal inconsistency among 

multiple codes. Coding validation is performed in several administrative datasets and patient 

registries, but is not universally practiced.

One particular limitation of administrative datasets relevant for the study of pediatric cancer 

is difficulty with tracking of adverse events. As administrative datasets tend to focus on 

inpatient data, they may underestimate the long-term risk of adverse events, as many cancer-

related adverse events occur after discharge (e.g., surgical site infections or pulmonary 

emboli) [40]. Linkage of clinical datasets to administrative datasets may offer the greatest 

potential to improve the accuracy of adverse events tracking in pediatric cancer.

SUMMARY AND RECOMMENDATIONS

In summary, the use of administrative databases and patient registries offers tremendous 

opportunities to enhance our understanding of pediatric cancer care through the systematic 

study of large numbers of patients. Used correctly, these resources can help us better 

understand cancer treatment outcomes, quality of care, resource utilization, and clinical 

management.

For the novice in use of these datasets, several steps are helpful to facilitate the study of 

pediatric cancer. Researchers using registries and administrative databases must remember 

that the data they are using was not collected in order to answer their specific research 

question. The first step in designing a study is to determine whether a specific question can 

be adequately answered by a given database. A good tactic to address this issue is to 

collaborate with an experienced team who has previously used that specific database. 

Clinicians should work closely with biostatisticians, informaticians, and programmers to 
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confirm that their analyses are showing what they think they are showing. Secondly, prior to 

collection of data, the research team should ensure that the underlying research questions are 

important, that the dataset is appropriate to address these issues, and that the statistical 

methods are valid to answer the particular research questions [9].

To improve the use of administrative datasets and patient registries for the study of pediatric 

cancer, we offer the following recommendations:

1. One advantage of administrative databases is that they capture economic data well. 

However, use of these datasets to define the costs of pediatric cancer care remains 

largely ignored. Improved study of key economic information, such as direct and 

indirect costs of care, resource utilization, as well as opportunity costs of delayed or 

absent care is essential to guide policy development.

2. Specific to pediatric cancer, patient and tumor-specific variables (e.g., N-MYC 

status for neuroblastoma) should be better integrated into national cancer registries. 

Pediatric cancer registries would greatly benefit from inclusion of contemporary 

disease-specific staging, pathology, and outcomes, as is currently being developed 

for the NCDB and SEER through the FORDS revision project. As well, large 

pediatric hospitals who are not in the Commission on Cancer (and therefore do not 

participate in the NCDB) should more actively participate in these efforts.

3. Collaboration between the leadership of cooperative study groups and 

administrative databases to work toward a single high-quality national cancer 

database system may best facilitate the study of pediatric cancer for outcomes 

research [27]. Federal and organizational support will be required for such an 

comprehensive effort, as private insurers and other groups do not have the 

resources or motivation to work toward this overarching goal.

4. To minimize coding errors, validation studies should be performed whenever 

possible to verify that data are coded accurately and that observed trends are real. 

Alternatively, it can be useful to ask the same research question of different 

databases in order to verify that the results are consistent, as has been tested in 

pediatric renal cancer [20]. Put differently, researchers should make sure that they 

are detecting signal, not noise.

5. Journal editors and reviewers have an increasing responsibility to ensure the 

validity of analyses using large datasets. Development of guidelines for secondary 

data analysis should address standards for data quality, content, analytic methods, 

standardization, and interpretation. Similar guidelines have become an integral part 

of the clinical research process, such as advocated by the Consolidated Standards of 

Reporting Trials (CONSORT) statement (www.consort-statement.org) [41].
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