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Abstract: Recent changes in healthcare and advances in technology have increased the use of large-volume 

national databases in surgical research. These databases have been used to develop perioperative risk stratification 

tools, assess postoperative complications, calculate costs, and investigate numerous other topics across multiple 

surgical specialties. The results of these studies contain variable information but are subject to unique limitations. 

The use of large-volume national databases is increasing in popularity, and thorough understanding of these 

databases will allow for a more sophisticated and better educated interpretation of studies that utilize such databases. 

This review will highlight the composition, strengths, and weaknesses of commonly used national databases in 

surgical research. 
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Introduction 

Surgical  procedures represent one of  the largest 
expenditures in healthcare and are projected to constitute 
over 7% of the US gross domestic product by 2025 (1). 
With the progressive shift towards bundled payments, 
heal thcare  inst i tut ions  are  increas ingly  tracking 
perioperative complications, readmissions, and overall 
costs. The enactment of the Patient Protection Affordable 
Care Act has placed an increased emphasis on institutions 
being held accountable for patient outcomes, and 
surgeon performance is now being monitored through 
various quality measures (2). This shift towards tracking 
perioperative outcomes along with the advent of “big data” 
accrual technology has led to the increased utilization of 
national clinical databases in surgical research. 

As healthcare reform continues to evolve, surgeon 
reimbursement is projected to transition toward bundled 
payment programs and pay-for-performance models. 
Inevitably there is a vested interest in quantifying the 

expected risks and benefits of a given procedure in a 
particular cohort of patients (3-5). This interest has 
spurred the use of large-volume national databases to 
assess perioperative complications, costs, and resource 
consumption for surgical procedures across multiple 
subspecialties (6). 

Large-volume databases 

Large-volume databases can include all patients or a 
predefined sample of patients from a broad (national) 
or narrow (state) geographic area, and are composed of 
patient-encounter records from more than one specialty or 
procedure. These databases should not be confused with 
smaller registries that typically collect data prospectively 
for a particular diagnosis (diabetes) or procedure (joint 
replacement) (7,8). While smaller registries often record 
disease or procedure-specific outcomes such as functional 
scores, patient-satisfaction, and radiographic reports; large-
volume databases contain more generalized information 
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such as demographics, comorbidities, cost, length of stay, as 
well as procedure and diagnosis codes. 

Large-volume databases have several unique advantages 
that have fueled their popularity amongst surgeon-
researchers. They allow for the investigation of rare disease 
states (e.g., hemophilia) and uncommon complications 
(e.g., deep venous thrombosis), which is not always 
possible with prospective clinical studies due to limitations 
in sample size, efficiency, and ethical considerations (9). 
They also facilitate studies analyzing surgical procedure 
variation by region, gender, age, ethnicity, socioeconomic 
status, comorbidities, insurance-type, and institution-
type (i.e., private versus academic, for-profit versus non-
profit). Large-volume databases are also ideal for examining 
temporal trends for the management of a specific surgical 
procedure or the utilization of a given surgical procedure. 
Several large-volume databases have also been utilized to 
develop preoperative and postoperative risk stratification 
protocols for a given procedure. The results from large 
database studies provide better evidence-based guidelines 
for decisions made regarding patient care preoperatively, 
intraoperatively, and postoperatively (10-12). 

Although databases have the ability to answer an array 
of surgical hypotheses, the information contained within 
different national databases is highly variable and, as such, 
the questions that can be answered and the conclusions 
that can be reached are limited by the extent of the 
available data. For example, some databases only track 
inpatient surgeries which may lead to a selection bias if a 
study is examining a procedure that is performed on both 

an outpatient and inpatient basis. Appropriate database 
selection mandates a complete understanding of a database’s 
composition, as this will allow for a thorough assessment of 
its strengths and limitations. 

Large-volume national databases can broadly be 
categorized as either administrative or clinical (13). These 
categorizations are mostly dependent on where the data is 
derived from (13). Examples of each of database category 
are presented in Figure 1. Administrative databases are 
generally compiled from billing information and were not 
originally created for clinical research (13). These databases 
obtain their information typically from two sources: 
requests to insurers for healthcare payments and claims for 
clinical services (13). Clinical databases, on the other hand, 
are composed of a given patient population with defined 
patient information (13). These databases were designed to 
record and track information, allowing for the investigation 
of specific clinical questions. 

The critical first step when using a national database 
is to design a research question that can be answered 
appropriately using the specific database. Research protocols 
have been developed to facilitate studies using large-volume 
national databases (14), but these protocols do not obviate 
the need to fully understand the limitations of a database. 
The second step is to then select an appropriate database 
that can test a given hypothesis, but does not compromise 
the quality of the study by its inherent limitations. In this 
review we will highlight the composition, strengths, and 
weaknesses of the most commonly used large-volume 
national databases for surgical research that are not unique 
to any particular subspecialty (Table 1). 

National administrative databases

National Inpatient Sample (NIS)

The Healthcare Cost and Utilization Project (HCUP) is 
a federally mandated program managed by the Agency of 
Healthcare Research and Quality. The HCUP is composed 
of several regional and national databases, the largest 
of which is the NIS (15). Across all publicly available 
databases, the NIS is the largest all-payer inpatient database 
in the United States. The database aggregates information 
from over 1,000 hospitals, over 8 million discharges, and 
dates back to 1988. 

The database does not record each individual discharge 
from a given institution but rather records a 20% 
stratified systemic random sample of all discharges. Each 

Commonly used national databases 

in surgical research

 National Inpatient Sample (NIS)

 Centers for Medicare and 

Medicaid Services (CMS) 

Medicare Database

 Private analytics databases

 PearlDiver

 MarketScan

 Premier

 National Surgical Quality 

Improvement Program (NSQIP)

 National Trauma Data Bank 

Research Dataset (NTDBRDS)

Administrative Clinical

Figure 1 Classification of commonly used national databases.
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discharge can contain over 100 data points allowing for 
the stratification of variables by region, ownership (i.e., 
public versus private), location (i.e., urban versus rural), 
size, and resident educational programs. The data provided 
by NIS is unweighted, therefore when conducting studies 
investigating nationwide trends, it is important to use 
appropriate weighting variables that are provided by HCUP 
and determined by an institution’s relative contribution to 
the NIS. Stratification of patient or procedural information 
is achieved through International Classification of Diseases, 
9th edition (ICD-9) procedural and diagnostic codes. 

Significant strengths of the NIS database are founded 
in its overall number of patients and the volume of data 
recorded with each discharge. Additionally, access to the 
database is relatively affordable at $160–$350 per year 
of data requested. Currently, it is the largest national 
database composed of all payers, and is frequently used for 
nationwide analysis of a given procedure (16,17). 

There are several limitations of the NIS database that are 
important to consider in any study utilizing this database. 
First, the NIS database only records inpatient events 
and does not allow for longitudinal tracking of patients. 
Therefore, only inpatient complications may be assessed 
for a given procedure, which likely underestimates the true 
complication rate. A second major limitation is the database 
only contains pre-discharge information, making it difficult 
to distinguish comorbidities from complications (18).  
Lastly, it does not contain operative variables such as 
anesthesia type, length of surgery, or blood loss which can 
be important variables to consider in surgical research. 
Despite the limitations of the NIS database, it remains 
commonly utilized in surgical research.

Centers for Medicare and Medicaid Services (CMS) 
Medicare database

The CMS runs Medicare, a national social insurance 
program of the United States (19). The administrative 
CMS Medicare database can be utilized to conduct surgical 
research (20). The database is composed of Medicare 
enrollees—citizens of the United States who are disabled, 
have end-stage renal disease or amyotrophic lateral 
sclerosis, or are over age 65.

The administrative database is composed of information 
extracted by coders reviewing filed claims for Medicare 
patients and many datasets are available from the year 
2000 and after (9,21). This database contains information 
from various time points, allowing patients to be tracked 

longitudinally as they progress through the various phases 
of healthcare. This allows for the assessment of both pre 
and post-operative comorbidities and complications. Data 
can be stratified from inpatient hospitalizations, outpatient 
surgeries, outpatient clinic visits, physical therapy, and 
pharmaceutical consumption. A major, and perhaps 
underutilized, advantage of this CMS database is that it 
can be linked with other databases such as cancer registries 
and other payers (Medicaid). Lastly, the CMS database 
can be searched using both ICD-9 and current procedural 
terminology (CPT) codes, which can allow for more specific 
identification of diagnoses and associated procedures in 
comparison to isolated ICD-9 code stratification. 

Although the CMS Medicare database contains both 
inpatient and outpatient information, it is limited to 
specific comorbidities and patients over 65 years old. This 
limits the generalizability of the findings obtained from 
this database. It does not contain information on patients 
with healthcare managed organization (HMO) insurance, 
private insurance or the uninsured, thereby further limiting 
the generalizability of studies utilizing this database (22). 
Additionally, it only contains information extracted from 
billable events; unbilled procedures may not be captured. 
Lastly, obtaining a comprehensive dataset can exceed 
$200,000, but individual datasets are for the most part cost-
free (23). Overall, the CMS Medicare database is a valuable 
resource for surgical research, particularly due to its ability 
for extensive and comprehensive longitudinal tracking of 
a patient through various phases of care before and after a 
given surgical procedure.

National Hospital Discharge Survey (NHDS) and 
National Hospital Care Survey (NHCS)

The NHDS was published annually from 1965 to 2010 by 
the National Center for Health Statistics at the Centers 
for Disease Control and Prevention (24). The database is 
a national probability survey from a systematic random 
sample of discharges from 438 non-federal hospitals across 
all fifty states. Data was collected through both manual and 
automated systems. Overall, the NHDS represented 1% of 
all discharges in the United States.

Data from the NHDS is currently available for years 
1970 to 2009 allowing for extensive temporal trend analysis; 
however, most sample abstracts are limited to seven 
diagnosis codes and four procedure codes. Additionally, the 
NHDS excluded hospitals from participating in the survey 
based on average length of stay, potentially resulting in a 
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disproportionate representation from short-stay facilities. 
Similar to the NIS, the NHDS only allows for analysis 
of inpatient comorbidities and complications. Lastly, the 
NHDS does not allow investigators to follow patients 
longitudinally which limits study questions applicable to 
this database. 

Currently, data collected in the NHDS has been 
integrated into the new NHCS (25). The NHCS began 
data collection in 2011 and has several advantages over 
the NHDS. First, it allows for the longitudinal tracking 
of patients through various phases of care, similar to the 
CMS Medicare database. Second, it no longer uses average 
length of stay as an exclusion criterion, thereby sampling 
a greater variety of hospitals than the NHDS. Third, it 
now utilizes electronic data collection providing more 
timely availability of research data. Fourth, healthcare 
institution characteristics are recorded, allowing for 
analysis of procedures stratified by facility characteristics. 
The NHCS also collects data from the National Hospital 
Ambulatory Medical Care Survey (NHAMCS), which is 
composed of data from the emergency, outpatient, and 
ambulatory surgery patient care settings (26). As of 2016, 
only unweighted datasets from 2013 and 2014 NHCS data 
have been available. 

Private analytics databases

The digitization of healthcare through electronic medical 
records has allowed private analytics companies to extract 
and analyze substantial amounts of data from insurance 
claims and hospital-level data sources. These companies 
have synthesized and packaged this data for commercial 
purchase. The sources from which these private companies 
obtain their data is highly variable with respect to payer, 
hospitals included, and healthcare documents analyzed. 
Some of the more commonly used private national 
databases for surgical research include PearlDiver (Pearl-
Diver Technologies, Fort Wayne, IN, USA), MarketScan 
(Truven Health Analytics, Ann Arbor, MI, USA), and 
Premier (Premier Inc., Charlotte, NC, USA). 

The PearlDiver database currently contains over  
4 billion patient records obtained from analysis of private 
insurance claims from Humana and United Healthcare, 
as well as government claims from Medicare (27). The 
MarketScan database extracts information primarily from 
administrative claims and enrollment data for patients in 
employer-sponsored health plans in the United States (28). 
The Premier Healthcare Database contains information 

from over 700 private and academic hospitals in the United 
States which corresponds to approximately 20% of all 
hospitalizations in the country (29). 

 Although these private analytics databases have resulted 
in a contribution to surgical research, they are not without 
limitations. The populations of these databases are not 
randomly sampled and thus generalizations and trend 
analysis must be interpreted with caution. Additionally, 
access to private databases can be expensive, ranging from 
$5,000–$50,000 per year or study cohort requested (23). 

National clinical databases

National Surgical Quality Improvement Program (NSQIP)

The NSQIP database has its origins in the Veterans Affairs 
(VA) healthcare system (30). In the 1980s, the United States 
government developed the Veterans Affairs Surgical Quality 
Improvement Program (VASQIP) after noticing high rates 
of morbidity and mortality following surgical procedures in 
VA patients (31). After the noted success of the VASQIP in 
decreasing perioperative complications, its methods were 
implemented in private sector hospitals and found to be 
similarly effective (32). The current NSQIP database was 
developed by the American College of Surgeons to improve 
the quality of surgical care. It is a nationally validated 
database, and studies have demonstrated the ability of the 
NSQIP to improve surgical outcomes (33-35). 

The NSQIP database is peer-controlled and collects 
information on patients who undergo elective and select 
trauma surgical procedures. Most high energy mechanisms 
of trauma such as motorcycle accidents or gunshot injuries 
are excluded. Contributing institutions are located both 
within the United States [680] and abroad [81] (36). The 
database records a wide array of clinical information in 
addition to surgery-specific variables such as operative time, 
blood transfusion, anesthesia type, and estimated blood 
loss. The data recorded in the NSQIP database dates back 
to 2006. A major strength of the database is that data is 
abstracted by thoroughly trained “nurse reviewers” who 
use a standardized set of definitions, and inclusion and 
exclusion criteria. These reviewers may track greater than 
135 data points for a given patient undergoing a surgical 
procedure. The inter-rater reliability of data extraction by 
these reviewers proves to be consistent (37). 

The primary limitation of the NSQIP database is 
it only tracks 30-day morbidity and mortality after a 
surgical procedure. The database also does not provide 
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specific information regarding severity of comorbidities, 
indications for surgery, or specific outcomes related to 
a given procedure. Lastly, free access to the database is 
limited to contributing institutions, and the infrastructure 
to contribute to the NSQIP may exceed $100,000 as a full-
time “nurse reviewer” is needed. This high cost has led 
to a disproportionate contribution to the NSQIP from 
large teaching hospitals (38). Aside from its limitations, the 
NSQIP database is widely believed to be the most precise 
and accurate database available for measuring patient 
outcomes after surgery given its high rate of complete 
data sets, operative data points, validation, and inter-rater 
reliability (39).

National Trauma Data Bank (NTDB) Research Dataset 
(RDS)

The NTDB RDS is a national database that was created 
by the American College of Surgeons in 1997 (40). The 
database is structured as a national probability sample from 
both level I and II trauma centers in the United States. It 
currently contains over five million cases from over 900 
contributing trauma centers, and current datasets date back 
to 2002. 

A major strength of the National Trauma Data Bank 
Research Dataset (NTDBRDS) is the ability to analyze 
trauma-specific outcomes such as mechanism of injury and 
injury severity score in a large number of patients from all 
payers. Operative variables are also searchable, and data 
is collected based on established definitions by a trained 
data abstractor. The database also contains demographic 
parameters, discharge status, and ICD-9 procedure and 
diagnosis codes. The cost to obtain NTDBRDS is $300 per 
dataset requested. 

Similar to the NIS database, the NTDBRDS only 
contains inpatient data limited to the index hospitalization, 
and stratification by CPT codes is not available. Others 
have criticized the distribution of contributing institutions 
to the NTDBRDS, stating participating hospitals may not 
be representative of the national population (41). Lastly, 
individuals treated for traumatic injuries at trauma centers 
of level III, IV, or V designation are excluded from the 
database.

Limitations of national databases in surgical 
research

Although national databases have contributed significantly 

to surgical research over the past decade, the data 
used to obtain these results is subject to many of the 
aforementioned limitations that must be recognized by all 
parties interpreting the results. A common limitation shared 
by the majority of these databases is that they are dependent 
on ICD-9 and/or CPT coding to isolate comorbidities, 
diagnoses, procedures, and complications. These codes were 
not originally developed for research purposes and their 
use may only be valid for certain diagnoses, procedures, 
or complications (42,43). Furthermore, the extraction of 
these CPT and ICD-9 codes often comes from insurance 
claims or hospital-level records which may be influenced 
by reimbursement strategies or coded by non-medical team 
members. Two recent studies demonstrated higher rates 
of postoperative complications in the NIS database when 
compared to the NSQIP database for the same procedures, 
despite NIS only capturing inpatient complications while 
NSQIP captures morbidity and mortality up to 30 days 
after the index procedure (44,45). As stated before, the NIS 
database uses billing records as a component of its data 
extraction while the NSQIP data is collected by a trained 
reviewer using established definitions.

Secondly, the dependence on ICD-9 and CPT codes 
results in less reproducible and less reliable surgical 
research due to their high variability. Variations in coding 
may be due to clerical errors or various interpretations of 
discharge summaries, operative records, or other healthcare 
documentation. Variation in coding can also be due to 
annual updates of ICD-9 and CPT codes, in which the 
definition of a particular code may change. For example, 
in 2009 the ICD-9 code for deep venous thrombosis 
changed to differentiate acute and chronic deep venous 
thrombosis events (9). Additional codes may also be added 
to more thoroughly describe new procedures as seen with 
hip arthroscopy. The replacement of ICD-9 with ICD-10 
coding will cause initial confusion, but will eventually allow 
for the isolation of more specific diagnoses and procedures, 
particularly with regards to laterality.

With regard to patient sampling, differing strategies 
across different databases can inevitably contribute to 
differing results for similar patient cohorts undergoing 
the same procedure. A single database may also change 
its own sampling strategy, such as the NIS in 2012 and 
NTDB in 2006, further complicating studies that analyze 
temporal trends. Additionally, databases may define 
certain complications or comorbidities differently. The 
heterogeneity of these databases due to the aforementioned 
reasons cannot be overstated. A recent meta-analysis found 
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that database study results can change from statistical 
significance in one direction to the opposite direction 
depending on the database utilized (46). 

The establishment of statistically significant differences 
is likely when analysis is performed on such a large 
sample size. However, statistical significance does not 
equivocate clinical significance. Authors must clearly 
define a meaningful clinically significant difference in their 
methodology prior to conducting the analysis.

Lastly, the use of databases to analyze and compare the 
cost of certain surgical procedures can lead to improved 
efficiency and resource utilization. However, many of the 
databases used in surgical research report the billed amount 
on the insurance claim as the “cost”. The amount billed 
is highly variable and is dependent on a given institution’s 
charge master which is not readily available or transparent. 
In most cases the billed amount will not reflect the 
reimbursement actually paid to the hospital or provider. 
Reimbursement rates are highly variable based on region 
and insurance-type, therefore studies reporting cost may be 
inaccurate.

Future directions

The recent advent of database research has advanced 
the study of both common and rare procedures across 
numerous surgical subspecialties. National databases 
provide a relatively cost-effective and efficient resource 
to conduct potentially well-executed studies. As these 
databases continue to evolve and amass more data, further 
studies are needed to validate their findings by comparing 
them to internal chart reviews, prospective studies, and 
other independent databases. 

As health informatics continues to improve, the 
exchange and extraction of data should become more 
efficient, allowing for a greater number of more accurately 
recorded clinical variables to be analyzed. Additionally, 
the integration of electronic medical records into national 
databases may allow for superior longitudinal tracking of 
patients, thereby providing a better understanding of factors 
contributing to post-surgical outcomes and complications. 
The creation of more multidisciplinary databases that 
factor in elements of primary care, anesthesiology, and 
rehabilitative medicine would increase the quality of 
research possible through national databases. Lastly, 
national databases need to place an increased emphasis on 
recording procedure-specific outcomes (such as weight-
loss after bariatric surgery or functional outcome scores 

after joint replacement) to enhance the application of such 
database studies in clinical practice. 

Conclusions

The use of national databases for surgical research has 
allowed for a better understanding of perioperative 
complications, temporal trends, risk stratification, and cost-
analysis. As national databases continue to expand and 
include more accurate and procedure-specific information, 
database-driven surgical research will continue to improve 
in quality and clinical meaningfulness. However, a 
thorough understanding of a database’s structure, sampling 
methodology, and inherent limitations will be needed to 
ensure accurate and reproducible results as well as retain a 
sophisticated interpretation of study results. 
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