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Introduction 

One of the most efficient and commonly used approaches to investigate a variety of clinical 

questions is the analysis of data that has been previously collected. This is known as secondary data 

analysis. It has become a more common and popular form of study methodology, in part, because 

computerized datasets of information are more prevalent and the cost of data collection, storage and data 

retrieval has decreased. Numerous databases have been collected by a wide variety of health and 

business organizations, research centers, hospitals, governments and international agencies. The data 

from these varied sources are available to  researchers to address a larger number of study questions. 

This chapter will discuss common components of these datasets, how they can be used to investigate 

clinical questions, how to initiate research using these datasets, pitfalls to avoid, and specific examples 

of datasets. 

 

I. Primary vs. secondary datasets: 

There are significant differences between primary and secondary datasets.  Primary datasets 

contain information that has been prospectively collected for a specific purpose, usually as part of a 

randomized clinical trial55 or as part of prospective cohort studies that follow groups of patients. 

Examples of the latter are the Northern New England Cardiovascular Disease Study Group’s dataset61 

and  longitudinal epidemiologic studies, such as the Framingham heart study28.  The number of patients 

included in the dataset, the variables evaluated and the quality of data collection are determined by the 

original investigators.  Alternatively, secondary datasets are used to investigate questions that may be 

different from the purpose for which the original data were collected. Typically, these secondary 

questions are investigated using existing data from a variety of sources such as a large medical center’s 

APACHE benchmarking and clinical information system74,76 or state hospital association encounter 

datasets 21.  These databases are used primarily for risk-adjustment, predicting mortality, or 
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administrative purposes. However, because of the vast amount of diagnostic, physiologic, procedural 

and outcome data collected, they are useful for those who wish to explore clinical questions. A notable 

example of this process was the Cleveland Health Quality Choice (CHQC). This community-based 

outcomes assessment program was coordinated by a consortium of business, hospital, and medical 

leaders to provide comparative public data on hospital ICU performance83. The data from this study has 

been used for several secondary analyses of ICU benchmarking and hospital quality7,8,16,78. Similarly, 

the University Health System Consortium (UHSC) maintains extensive clinical performance datasets 

from 212 academic medical centers that is available to investigators from member institutions 2,62,63,81,86. 

 Secondary data analysis can also be carried out by combining existing databases into a new 

dataset. For example, data from a primary study can be combined with administrative data. An example 

of this is the study by Wennberg et al.88  who used the hospital outcomes from centers that participated 

in large, multicenter, randomized, controlled trials of carotid endarterectomy (the NASCET and ACAS 

studies).3,24  They merged these data with utilization and outcomes from the Medicare/Part A 

administrative dataset (Medicare Provider Analysis and Review (MEDPAR). By combining these 

datasets, the investigators were able to demonstrate lower mortality rates for carotid endarterectomies 

among hospitals that participated in a clinical trial as opposed to  hospitals that did not (1.4% vs 1.8% 

mortality respectively)15. More commonly, secondary data analysis is performed with multiple clinical 

and administrative datasets that are combined, such as the study of Birkmeyer and colleagues who 

demonstrated reduced mortality rates after hospital discharge for pancreaticoduodenectomies in high 

versus low-volume centers  (12% vs. 16% respectively)13.  These investigators analyzed surgical 

utilization data to determine the number of operations performed using the MEDPARS hospital 

discharge abstract file and combined them with the long term outcome data available from other 

datasets. These datasets included the National Death Index maintained by the National Center for Health 

Statistics and the vital status information available from the Medicare enrollment dataset (the 
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denominator)15. Another example of linking datasets to create a secondary research dataset with more 

clinically relevant information uses merged Medicare claims data and the National Cancer Institute’s 

(NCI) Surveillance, Epidemiology, and End Results (SEER) files and the Pennsylvania Health Care 

Cost Containment Council for coronary bypass surgery64. Several studies using these merged data have 

investigated the outcomes for patients with lung cancer based on insurance status67, complications of 

different cancer treatments68 and factors influencing the use of mammography57.  

 

II. Organization and Contents of secondary datasets 

A typical secondary dataset used for clinical research will contain many variables. (Table 1).  It 

will often include identification and demographic information such as social security numbers, 

registration numbers, the dates of specific events such as admissions, procedures, discharges, names, 

ages, gender, zip codes etc. Diagnostic, procedural and some comorbidity information are supplied with 

free text or using the International Classification of Diseases, Ninth Revision, Clinical Modification 

(ICD-9-CM) codes. Finally, specific variables used to evaluate associations or predict outcomes may be 

listed.  

The datasets used for secondary analysis can be categorized in a number of ways. Perhaps the 

most fundamental is whether or not the data were collected primarily for clinical research or for 

administrative aims such as for billing or ‘claims’ purposes (Table 2). Clinical datasets generally contain 

more detailed physiologic and diagnostic information than are found in administrative datasets. Also, the 

data are usually collected prospectively with more rigorous quality and accuracy standards and are often 

used for research where adjusting for case-mix or evaluating risk factors or other predictors of outcome 

are required. These adjustments directly influence outcomes and are most appropriate for benchmark 

performance of an individual, a hospital or a medical center 15,46,69. In clinical datasets, the individual 

patient is usually the unit of observation. Alternatively, registries may be organized by groups of 
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patients with certain disease conditions, or procedures. For example, the United Network for Organ 

Sharing (UNOS) registry contains data describing patients receiving organ transplantation, while the 

SEER registry contains both diagnostic and procedural information for many types of malignancies. 

Administrative datasets, on the other hand, are frequently composed of a relatively limited 

amount of clinical, and no physiologic, information. In fact, many researchers feel that ‘Administrative’ 

data are too vague and define data too broadly.  In response, a recent consensus conference of the 

American Thoracic Society suggests using a more accurate classification for secondary datasets based 

on their administrative purposes 79. These authors propose describing administrative data as either 

encounter data, enrollment data, registry data, performance or survey data. (Table 2) Enrollment data 

such as found in the Medicare Beneficiary File or in the Blue Cross Blue Shield datasets, are typically 

used to determine the number of patients in a population that are either eligible to receive a medical 

treatment or who are at risk of contracting a disease. When used in this way, enrollment databases 

supply the denominator used by researchers to calculate population-based incidence and rates.  

The other types of files found in administrative databases are those for specific encounters or 

services, e.g., when a patient is admitted to a hospital for an operation. Encounter databases are usually 

created by the payers of health care in order to keep track of utilization, reimbursement and other 

financial matters. Because these databases include information on all admissions or procedures, they 

form the basis for calculating the numerator in population-based rates when used with enrollment data. 

Encounter databases include the MEDPAR database, state wide hospital discharge databases, private 

insurance claims(e.g., Blue Cross Blue Shield) and the Veterans Affairs (VA) Event Driven Record 

datasets (EDR) 46. The EDR tracks all hospital admissions, clinic visits and surgical procedures 

performed in one of the hundreds of VA centers in the United States. These encounter records track 

specific services performed, such as surgical procedures, and constitute the majority of secondary data 

analyses for surgical patients 59 . 
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International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) 

Most administrative datasets follow the format of  the Uniform Hospital Discharge Data Set 

(UHDDS) maintained by the National Center for Health Statistics.(Table 3) A key feature of these and 

other administrative datasets is the use of  a five digit inpatient hospital services coding system known 

as the International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM)58. 

There is an enormous amount of data available from ICD-9-CM codes. These codes achieve diagnostic 

and clinical detail by using up to five digits, three for the primary event and two for severity modifiers. 

The ICD-9-CM codes are used to indicate both primary diagnoses (e.g., 560.0 is intestinal obstruction) 

and secondary diagnoses that usually represent pre-existing conditions such as emphysema, liver or 

renal insufficiency. The ICD-9-CM system also contains code modifiers in the last two digits to indicate 

additional severity of illness or complexity of primary diagnosis (e.g., 569.6 is colostomy and 

enterostomy complications and 569.61 is infection of colostomy or enterostomy cellulitis or abscess). 

 Some administrative datasets use different coding systems for procedures.  For example, the 

American Medical Association’s Current Procedural Terminology (CPT) codes, which are used in the 

Medicare files, provide more clinical detail and are different than the ICD-9-CM procedure codes. For 

example, the ICD-9-CM code for repair of a reducible, incisional hernia (CPT 49560) or a strangulated 

incisional hernia (CPT 49565) is the same (53.51).  Other clinical information collected in ICD-9-CM 

codes includes variables such as patient symptoms (e.g. abdominal pain is 789.0) or physical exam 

findings (e.g., abdominal rigidity is 789.4). Other examples of the detail in the ICD-9-CM codes are 

benign hypertrophy of the prostate with/without urinary obstruction is 600.0/600.01 respectively. 

Various bone fractures can be coded e.g., 800.00 to 829.00. Laboratory and other test results can also be 

coded myoglobinuria is 791.3, bacteremia is 790.7, and abnormal electrolytes are 276.0- 276.9. 
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Two other supplemental classifications ‘V’ and ‘E’ codes, exist to describe factors or events that 

affect a person’s health but are neither diseases, nor therapeutic interventions 58. V codes generally 

indicate a variety of factors that influence health status. Examples include long term mechanical 

ventilator dependence (V 46.1), medication allergies such as penicillin allergy (V14.0), personal social 

circumstances such as homelessness (V.60.0) and wound care interventions such as dressing changes 

(V58.3). The ‘E’ classifications generally are used for external causes of injury such as motor vehicle 

accident (E812.0), assault with a handgun (E965.0) and medical and surgical complications such as 

accidental perforation during a medical procedure,(E870.0) and foreign object left in body (E871). The 

imprecision and vagaries of ICD-9-CM coding are exemplified by these supplemental codes. For 

example, some medical complications such as anesthetic overdose (968.3) are found in the Injury and 

Poisoning section of the main ICD-9-CM codes but not in the E-codes that designate other poisonings. 

Despite the richness of detail provided by ICD-9-CM codes, there are several limitations, 

including a lack of clinical detail, non-uniform standards used to define some conditions and the fact 

that codes may represent the interpretation of a medical chart by clerks. The codes may be assigned 

retrospectively, and there may be biased by “DRG-CREEP”82. Further limitations may include 

undercoding of secondary comorbidities and restrictions of the numbers of categories available46. These 

concerns will be discussed in more detail later. 

Due to advances in diagnostic and medical/surgical procedures, a need to update the system 

arose. In 1994, under the auspices of the World Health Organization, many countries including England, 

France, Japan, and Canada, began reporting mortality data using the revised ICD nomenclature, ICD-10. 

This updated version of the ICD codes was vastly expanded from 5000 to 8000 categories but unlike the 

ICD-9-CM, the ICD-10 version did not contain procedure codes. Instead, an entirely new procedure 

nomenclature will be introduced using the ICD-10 PCS. 5  These new codes are alphanumeric with 

seven characters, which will include16 possible types of basic procedures, and others representing organ 
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system, basic operation, body part, approach, technique or device used and a modifier for the procedure. 

Currently the U.S. ICD-10 implementation is awaiting updates based on studies performed by the 

American Hospital Association (AHA) and the American Health Information Management Association 

(AHIMA) 1. 

Secondary datasets are generally composed of individualized data such as age, diagnosis, 

physiologic information, risk factors and outcomes, or aggregate data for groups of patients such as 

death rates for women with breast cancer among different age groups. Individualized data are usually 

found in datasets created for specific clinical trials, hospital datasets, many administrative datasets and 

even several well-known national registries such as the National Death Index (NDI). Usually knowing 

two of three identifiers such as last name, birth date and social security number are sufficient to access 

the individual data from many national registries15. 

Aggregate datasets are less commonly used because the lack of individualized data increases the 

risk of confounding bias because groups of patients can frequently differ from each other in 

unpredictable ways. For example, the incidence of testicular cancer appears to be greater among 

subfertile men60.  But these studies do not account for the confounding effect of increased testicular 

examinations that these men undergo by a urologist compared to the general male population75. The 

advantage of aggregate data is its availability and the ability to detect significant associations of a risk 

with an outcome. These types of datasets should be used, primarily, to generate hypotheses to better 

focus studies using individualized patient data. 

A common source of data for secondary analysis that often contains both individualized and 

group information is from one of many health registries. These registries collect information about the 

incidence, effect, and extent of disease, as well as the types of treatment a patient with the disease may 

have received.  These data may be reported to a central registry such as the SEER database that collects 

information from various medical facilities, hospitals, physicians' offices, therapeutic radiation facilities, 
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freestanding surgical centers, and pathology laboratories. U.S. tumor registries report information on 

approximately 26% of the U.S. population to the SEER registry. 

Data in registries are critical for programs focused on risk-related behaviors (e.g., tobacco use 

and exposure to the sun and their effect on cancer prevalence) or on environmental risk factors (e.g., 

radiation and chemical exposures and their effect on cancer prevalence). Such information is also 

essential for identifying when and where disease screening efforts should be enhanced and for 

monitoring the treatment provided to patients with the disease. In addition, reliable registry data are 

fundamental to a variety of research efforts, including those aimed at evaluating the effectiveness of 

disease prevention, control, and treatment programs. There are comprehensive population registries 

(SEER) and there are voluntary registries such as the Society of Thoracic Surgery cardiac surgery 

database.  The latter clinical datasets consist of information sent in by each participating center 

performing cardiac surgery. There are many other registries of completed clinical trials that may be 

explored to answer, or study, other health questions such as those found in the various branches of the 

National Institutes of Health (NIH). 

Finally, other datasets may contain collections of clinically relevant scientific articles and 

images. The latter types of data are usually stored in some form of text-oriented or natural language 

documents such as the National Library of Medicine’s Medline and Pubmed database of medical and 

scientific publications43, the Cochrane Database of Systematic Reviews38 or the National Clinical 

Guideline Clearinghouse39 from the Agency for Healthcare Research and Quality (AHRQ).  

 

III. Meta analysis 

Some forms of secondary data analysis use the data reported in published manuscripts. When a 

‘literature review’ incorporates transparent, uniform, and complete criteria for locating all relevant 

literature on a subject, and the articles are filtered through appropriate inclusion and exclusion criteria, 
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such as a similar patient population that is exposed to similar treatments or risks within a logical time 

period, the result is known as a systematic review. These types of secondary data analysis are frequently 

carried out when clinical trials demonstrate negative results which are usually caused by small sample 

sizes. Occasionally meta-analyses are also performed when the existing studies were from single 

hospitals or medical centers and thus their generalizability may be limited. Systematically identifying all 

relevant studies for a clinical problem and applying statistical analysis to the aggregate pool of subjects 

can help clarify whether an association exists when previous individual studies have had too few 

patients to demonstrate an effect43,44. If the association is very strong, the meta analysis may even 

support the causal relationship of a treatment or risk factor to an outcome. For example, Rodgers et al 

demonstrated a 30% reduced mortality associated with patients who received some form of spinal or 

epidural anesthesia, either with or without general anesthesia, for a variety of major operations only after 

a quantitative review of 191 smaller randomized studies that yielded a total 9559 patients71.   Many 

datasets of medical literature including MEDLINE, OLDMEDLINE, Current Contents, CANCERLIT, 

EMBASE , AIDSLINE, and The Cochrane Registries of Controlled Trials and Systematic Reviews are 

the primary source for finding articles on smaller clinical trials 34,45.  

Efforts to contact primary authors and search for unpublished reports are also important when 

doing thorough systematic reviews.  A major risk to validity for meta-analysis is being certain that all 

relevant studies have been included. Publication bias, where articles with a positive outcome are 

published more often than negative studies, is the major risk to the validity of a meta-analysis43.  

To perform a meta-analysis, the appropriate studies are first culled from a larger list of potential 

studies. Quantitative methods are then used to create an estimate of the summary effect, (either relative 

risk or pooled odds ratios) with confidence intervals. The summary effect is essentially an average effect 

from each study weighted by its sample size42. When undertaking a meta-analysis, one must first 

determine whether the studies are clinically different from each other in terms of populations, 



 12 

treatments, and outcomes. If obvious clinical differences are not apparent, a test of heterogeneity using a 

form of the chi-square test to determine whether the results of one study differ from another is 

performed and is reported as a ‘Q-statistic’ with a p-value35.  If the test of heterogeneity suggests that the 

data within an individual study differs significantly from data in each of the studies, it is inappropriate to 

combine the studies. Several statisticians also suggest that the only type of studies to use for meta-

analyses are randomized controlled trials because the cause-effect relationship is the strongest using this 

study design. Finally, many medical journals now require authors to use a random effects model because 

it is considered more conservative. Random effects models are less likely to yield a statistically 

significant result because when heterogeneity exists, they tend to result in wider confidence intervals 

than fixed-effects models 43,44. 

 

IV. Ancillary studies 

Occasionally, additional information is extremely useful when added to the existing data in a 

secondary dataset. New questions can be better addressed when these additional variables are added to 

the existing dataset i.e. an ancillary study. Ancillary studies may be especially relevant to surgical 

patients if one pursues novel analyses of the stored serum, tissue and DNA samples that are increasingly 

obtained as part of  clinical trials42.  As an example, stored serum was used to investigate the role of 

inflammatory cytokines in response to mechanical ventilator changes for patients with Adult Respiratory 

Distress Syndrome or ARDS40. These samples currently exist at the data coordination centers of the 

primary study site and conceivably could be used to analyze novel molecular biologic questions as 

newer methods of analysis emerge. Similarly, tissue samples such as biopsies from other studies may 

also be available to use in combination with existing clinic data. 

 

V. Advantages and Pitfalls of Secondary Data Analysis 
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Using data that has already been collected has the primary advantage of being immediately 

available for analysis, avoiding the months to years required to collect data prospectively. (Table 4) For 

example, the authors evaluated the predictors of readmissions to the intensive care unit by querying their 

institution’s clinical data center which had been collecting an enormous amount of clinical and 

diagnostic APACHE information for each patient admitted to the Intensive Care Unit (ICU) during each 

day of their ICU stay77. In two weeks the authors had obtained data for over 5000 consecutive 

admissions to an ICU over a 4-year period and were then able to begin working on data cleaning and 

analysis. Similarly, the authors have recently begun obtaining specific patient population data from this 

institution’s perioperative information system that contains all the physiologic data recorded during a 

patient’s operation85. These data can be used to investigate a number of clinical questions related to 

anesthetic technique and patient outcome.  

Many existing secondary datasets are less expensive to obtain, or to access, compared with 

performing a prospective clinical trial. Unfortunately, some secondary datasets are easier (and less 

expensive) to obtain than others. The Healthcare Cost and Utilization Project, which provides state 

inpatient discharge datasets (starting at $20 per year) and the Nationwide Inpatient Sample ($200 per 

year), are very inexpensive. On the other hand, the Medicare files or proprietary datasets such as the 

MediQual data files may be expensive and difficult to obtain and may require complex agreements for 

how the data will be used and presented. Finally, the complexity of Medicare and other large data files 

usually require that the investigator have additional funding for analysis and/or statistician support.  

Another advantage of secondary data analysis is the ability to investigate questions such as the 

associations of risk and outcomes, or patterns of disease, by using extremely large patient populations. 

These datasets incorporate data from wide geographic ranges such as the MEDPARS data, the National 

Death Index or many state and national datasets based on the Uniform Hospital Discharge Dataset 

(UHDDS).  Using these types of datasets, studies with large sample sizes from a variety of medical or 
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health care centers offer ‘real-world’ representative populations. Thus, investigators avoid the problems 

of single center studies, and the selection bias inherent when using data from only academic or referral 

centers 15,69.  A large population-based dataset increases the statistical power and the generalizability of 

a study. This is especially true with administrative datasets that can often include several hundred 

thousand to several million patients. A recent example of this aspect of secondary data analysis is a 

study of over 750 million hospitalizations in the United States using the National Hospital Discharge 

Survey (Figure 1, Section III) to determine the causes and outcomes of sepsis among 10.3 million 

patients56. Also large datasets, especially registries such as the SEER, are excellent for studying rare 

conditions that would otherwise be difficult for an investigator to collect sufficient numbers of patients 

in a single (or even multiple) medical center.  

Another unique advantage of secondary databases is the ability to use encounter and enrollment 

datasets from the same population to calculate and analyze population-based rates of surgical utilization 

and outcome15. Trends in both surgical procedure and volume over time and across geographic areas, 

known as small-area analysis, can also be studied with large population-based datasets.   Finally, 

secondary datasets are sometimes easier to obtain and use because they can be obtained less obtrusively 

and because the data is already collected and de-identified, informed consent is usually waived and no 

patient contact is required. 

  

Pitfalls of analyzing secondary datasets accuracy of classifying procedure, comorbidities, diagnosis, 

complications risk adjustment saturated diagnoses fields 

The primary disadvantage of using secondary datasets is that the data available may not contain 

the exact variables that would best answer a question. One does not have the same control over what 

data have been collected or are available. Moreover, there are often missing or incorrect values, coding 

inaccuracies and predictor variables or outcomes that were not measured15,42,73. 
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Perhaps the greatest threat to the validity of a clinical study using data that has already been 

collected is the influence of bias and confounding66. The primary weakness of any non-randomized 

prospective study is the systematic errors in the design and/or conduct of the study, as well as the 

influence of unmeasured variables that can be associated with the outcomes75.  Common forms of bias in 

these studies include; 1) selection bias, 2) measurement bias, 3) misclassification bias, 4) lead-time bias, 

5) recall bias and 6) publication bias. Selection bias occurs when different criteria are used to select a 

sample of patients or variables in creating a secondary dataset. For example, in a study of cognitive 

outcomes following coronary bypass surgery, it may be inappropriate to compare outcomes from a 

sample of patients who were enrolled in a clinical study of cerebral protection following bypass surgery 

to patients culled from a National Institute on Aging dataset. These two groups are likely different in 

other significant ways that may influence the incidence of antecedent cognitive decline. Similarly, if the 

methods to detect, measure and classify cognitive decline in the two groups are significantly different, 

misclassification bias may also threaten the validity of the study. Complete populations may not be 

available in some datasets.  MEDPARS, for example, only has information for inpatient admission. 

Thus, patients admitted after an operation are included and ambulatory patients, who go home on the 

same day of surgery, are not included15,46. Also, studies using a secondary data set may be more 

susceptible to recall bias if new data are added retrospectively. This is especially true if the data are from 

individuals surveyed after an event has occurred80. Other biases can result when the researchers must 

decide what variables to use when the outcomes are known. 

Biases are especially prevalent with administrative datasets, especially when ICD-9-CM codes 

are used 72. Not only are the codes entered by medical record clerks, who try to pick appropriate codes 

from non-standardized and often confusing medical records, but the number of codes allowed to 

describe a clinical situation are limited and may lead to bias if they are also picked in a non-standardized 

fashion47. Moreover, Jencks et al.48 demonstrated that, by limiting the slots available for diagnostic 
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codes in the ICD-9-CM system, patients with more severe comorbidities listed among their diagnoses 

had lower mortality rates. They found, paradoxically, that patients admitted with diabetes, angina, 

ischemic heart disease and/or hypertension had lower mortality for a given primary diagnosis than 

patients admitted with the same diagnosis but with none of these comorbidities. These investigators 

found that patients who died had a higher likelihood of having other, acute conditions listed on their 

ICD-9-CM codes. This would have the effect of making patients who died appear to have fewer chronic 

illnesses and comorbidities. These findings led to the modern UB-92 coding form having nine diagnostic 

codes (one principle and eight other diagnoses) and six procedure codes. Because there are only a fixed 

number of diagnostic slots available, there may be some degree of under-coding bias in these types of 

data sets46 and the ability to develop comorbidity scores or case-mix adjustments using these datasets is 

limited23,90. 

Another potential source of error may occur when new codes are developed with numbers that 

are different from similar procedures or diagnoses. Coders and researchers may then have difficulty 

finding and combining similar codes such as laparoscopy hernia repair and laparoscopic lysis of 

adhesions. Another significant limitation of ICD-9-CM procedure codes is that they often describe what 

was done (e.g., nephrectomy, ICD-9-CM 55.53) but do not indicate how the operation was performed 

i.e. open laparotomy or laparoscopically46,58.  

In addition to the influence of bias, properly detecting and adjusting for confounding is another 

important risk of using secondary data sets.  Confounding occurs when a differential distribution of 

unmeasured variables exists among the samples of patients used to create a secondary dataset. Along 

with the known, measured variables, these confounding variables are also associated with the outcome 

and are linked to the risk factors being studied. They can cause associations to exist when in reality there 

are none and vice versa.  This problem is often encountered in datasets where under-coding occurs. For 

example, in a study of outcomes following high risk operations such as pancreaticoduodenectomy, 



 17 

Birkmeyer and colleagues found that hospitals with high surgical volumes had almost fourfold lower 

mortality rates 12. However, it is possible that some of the difference in mortality could be attributed to 

sicker patients having surgery at low volume hospitals. As in this study, multivariate statistical models 

are often used to adjust for confounding by any measured variables. But even the most sophisticated 

techniques cannot adjust for unmeasured variables, and the possibility of residual confounding still 

exists.  

The validity of secondary data has been the source of much debate, which centers on the 

accuracy of coding as compared to the ‘gold-standard’ of a chart-review29 or prospectively collected 

data from a clinical trial. Some authors have suggested that, because encounter datasets are used for 

billing purposes, the financial incentives to code accurately  may improve the validity of these 

datasets59,69. The Office of the Inspector General (OIG) of the U.S. Department of Health and Human 

Services has conducted several studies of the accuracy of coding for Diagnostic Related Groups (DRG) 

assignment by sampling Medicare admissions data and re-abstracting DRG information from the 

medical records37,46. These studies demonstrate coding errors, primarily due to misclassifications, 

ranging from 21% in 1988 to 15% in 1992. An indication of how diagnostic information coded for 

DRGs may be biased is the finding that the introduction of  Medicare case-mix indexes (CMI) that 

reflect the average effect of DRGs assigned to hospitalized patients, increased coding volume 32% in the 

first year after the CMI was introduced46. This increase in the use of more codes, reflecting higher 

severity or complexity, has been referred to as either DRG ‘Creep’ or ‘optimization’.  The increase in 

the CMI therefore may reflect purposeful financial manipulation of the coding or perhaps appropriate 

and accurate precision in coding practices. Regardless, when analyzing secondary datasets, one must be 

aware of changes in coding practices over time and across geographic regions.  

Variables that require special training or equipment to be accurately measured and collected may 

differ from site to site and therefore a larger registry may contain data of different quality even though 
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they purportedly measured the same thing. Similarly, data that is subject to interpretation, or for which 

different descriptions are possible, such as diagnostic and procedural codes/descriptions, may be 

different between centers or geographic regions or have changed over time. Poor documentation of the 

secondary data set is not uncommon and requires a great deal of data ‘cleaning’. Electronic formats for 

how the data is stored may be incompatible with other data that one would like to merge into a 

secondary dataset. Occasionally, the raw data are no longer available and the existing data may have 

been modified (such as average blood pressure or highest or worst physiologic values recorded) limiting 

the secondary analysis.  It is important that any variables that can identify a patient be removed from a 

dataset when it is ready for analysis. This is important for a secondary dataset researcher to ensure that it 

is done. However, it can cause a problem if the investigator wishes to merge separate datasets. Finally, 

the regulatory hurdles that would otherwise increase the workload of the investigator using secondary 

datasets are fewer when dealing with data that have already been collected. However, there are still costs 

that can be encountered and sometimes extensive documentation may be required. 

 

V.  How to get started 

Once an appropriate study question has been chosen, the researcher should search for sources of 

data. Figure 1 shows several general sources from which one can find existing datasets that are readily 

available for research. Table 5 provides internet addresses to access these sources and/or obtain more 

information. The most commonly used datasets include state hospital discharge datasets, NHDS, 

MEDPAR, SEER and the VA’ PTF and NSQIP. There are other large consortiums of research groups 

that have, and are conducting, large multicenter clinical trials that also may be good sources of data, 

especially after the primary studies have been published.  A good starting point to determine what 

clinical studies are ongoing, and may be the source of future data, is through the NIH’s clinical trials 

summary site located at www.ClinicalTrials.gov. Perhaps the most direct route is to collaborate with 



 19 

local investigators who have conducted research in the areas of interest. One can also search the medical 

literature to find investigators who have published in the areas of interest and contact them to determine 

if they have datasets that may be useful in a collaborative study.  

Once a dataset has been located, it may be obtained for free or for a reasonable price. One 

exception is the data from private sources such as insurance firms and other payers (Kaiser, Blue Cross 

Blue Shield (BCBS), AETNA). These are not generally available unless an investigator is working in 

collaboration with that group. When the data are available, they are often provided on CD-ROMs with 

“deidentified” data for all admissions to acute care hospitals for a specific year. Usually, the 

investigators must sign a data use agreement (DUA) stating that they will not attempt to identify 

individual patients using the data. Such identification is generally not a problem unless a very rare 

medical condition is being studied. 

Before using the data, one should obtain approval from the Institutional Review Board (IRB). 

Many times, with “deidentified” administrative datasets, the project may be exempt from review or will 

be expedited by an IRB because there are no risks to patients. But it is worth checking with the IRB and 

having a letter on file that documents the exemption. Also, it is important to note that for some 

administrative datasets such as the Medicare files, which are not “deidentified”, the data use agreements 

limit how the data can be used and the IRB must review and approve the project. This additional level of 

approval is also necessary for many other secondary data sources.  

 

Organizing and analyzing the data 

Data can be collected and stored in a variety of methods, but ultimately, secondary data analysis 

relies on electronic data that are retrievable and in a digitized format. The data on CD-ROMS will 

usually come as a number of cryptic text files that may be difficult to access. The data will need to be 

imported, in part or in total, to a database management or statistical software package. The mainstay of 
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secondary data analysis is a data matrix of variables listed in such a way that statistical software such as 

Microsoft Excel, STATA, SPSS or SAS can be used to explore and ‘clean’ the data, summarize it and 

ultimately do statistical analyses.  In some cases, the necessary code (directions for the computer) is 

included for the most commonly used statistical and data management software. For example, the HCUP 

datasets are provided with the ‘code’ necessary to import the text files into two statistical programs, SAS 

and SPSS. These programs will import the data, create variable names, and generate labels for the 

variables. A common starting point is to select an appropriate study population. Once one is able to 

query the database, the appropriate population must be selected. In a clinical or primary study dataset, 

the patients of interest are usually defined by variables in diagnoses or procedures. In administrative 

datasets, patients are selected using ICD-9 diagnostic or procedure codes. To select patients who had an 

operation, the ICD-9 procedure codes should be determined. Because the codes chosen define the study 

population, it is important to use the right ones. An easy way to ensure that one has the correct data 

codes is to identify such codes found in previous relevant publications that have focused on similar 

predictors and outcomes as these of the proposed study. Another valuable method to ensure the correct 

ICD-9-CM or CPT codes are being used from a larger data query is to refer to a local hospital-billing 

database for a sample of patients who are known to have had the operation of interest.  

The variables are then organized into a statistical software program (for example SAS or SPSS) 

beginning with identification and demographic variables, followed by other clinical or descriptive 

variables and finally outcome variables (Table 1.) It is advisable from the planning and initiation phases 

of a study to have a statistician as part of the research team in order to discuss and advise on how the 

data will be delivered, stored and analyzed to be sure that all variables are properly handled during data 

compiling, cleaning and analysis. If the primary researcher does not have significant statistical methods 

training, analysts or programmers are essential to the success of the study. 
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VI. Examples of Specific Datasets 

For purposes of organization, available clinical datasets have been divided into three broad 

categories. (Figure 1.) The first consists of specific healthcare databases (Section I, Figure 1).  These 

contain data from specific clinical trials or from individual physician datasets of patients they have cared 

for. This category also includes hospital datasets from medical records departments, specific clinical 

departmental databases, and hospital clinical benchmarking/quality datasets. An example of this type of 

dataset is the clinical and case-mix (diagnosis, demographics) data contained in an ICU benchmarking 

system such as the APACHE score76 or the Mortality Prediction Model component of the IMPACT ICU 

model54. Another source of datasets is the multitude of registries and surveillance data sets established 

by medical societies such as the American Thoracic Society’s cardiac surgery database, or larger 

registries of multiple datasets such as the SEER.  (Figure 1, Section II) Finally, there are numerous state 

and federal governmental and administrative datasets that are often used in secondary analyses such as 

the MEDPARS, NHDS, NDI, and NSQIP. (Figure 1, section III) 

 

Prospectively acquired clinical and outcome datasets 

A good example of a secondary dataset that contains prospectively acquired, clinical and 

outcome data is the type found in a clinical information system such as the APACHE ICU risk-

adjustment system. A hospital that has this, or a related type of system, will have among the most 

clinically valid data and the most precise outcome measures available. These datasets not only contain 

demographic and diagnostic information, they generally also contain a number of physiologic variables 

such as worst recorded values for vital signs, laboratory values, presence of vasopressor or inotropic 

support, fluid balances and outcome data 76. Due to the precise collection of variables in an intensive 

care unit, the evaluation of predictors of outcome is most likely to be valid. These datasets are limited to 

patients admitted to a particular area of the hospital, such as the ICU, where detailed information is 
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collected. Furthermore, ICUs that collect these kinds of data are usually located in fairly large hospitals 

so that the information obtained may not be applicable to smaller hospitals, outpatient surgical patients, 

and procedures where patients are usually not admitted to an ICU post-operatively. 

State Administrative Databases 

 Data collected by states have resulted in several influential surgical studies, but the data have 

been limited by the inconsistencies in how states collect clinical information. For example, only 31 

states report data on State Medicaid beneficiaries and several studies using these datasets have 

encountered significant inconsistencies in how populations are defined, how variables are coded, and 

limited diagnoses fields available46,53.  Most notably, state data have provided insights into the volume-

outcome effect for high-risk procedures and allowed the study of geographic variations in the utilization 

of new surgical technologies21. Many statewide databases can be obtained for a low price directly from 

state hospital associations. Alternatively, the Agency for Healthcare Research and Quality (AHRQ) 

makes available several state databases through its website.  

One of the most highly cited studies of the volume-outcome effect was published using the 

Maryland state administrative database22,30. The investigators demonstrated a large difference in 

mortality rates between high and low volume hospitals for pancreatic resection. From 1988 to 1993 there 

were 502 patients who underwent Whipple procedures, with a mortality rate of 2.2% for the single high-

volume provider compared to 13.5% at the 38 remaining Maryland hospitals. Several additional state 

and national datasets have confirmed these findings. As a result, there are currently several groups, most 

visibly the Leapfrog group, advocating selective referral of patients requiring pancreatic resection to 

high volume providers 33. 

Another useful attribute of state databases is the ability to study changes in hospital referral 

patterns within an area. For instance, in a second study in Maryland, the market share of all pancreatic 

resections in the state was found to increase from 21% to 59% at the only high-volume hospital over the 
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study period. These studies highlight the ability of administrative data to compare outcomes across a 

broad range of hospitals22. 

 Dissemination of new surgical technology can also be investigated using state administrative 

datasets. Often, less-invasive new technology can lower the threshold for intervention and increase 

utilization rates for the procedures. With this in mind, a study combining administrative datasets for 

Vermont, New Hampshire, and Massachusetts looked at the rate of surgery for gastroesophageal reflux 

disease27. The population-based rate of anti-reflux surgery more than doubled over five years (1993 to 

1998) from 4.8 to 11.7 per 100,000. During the same time period, laparoscopic anti-reflux surgery was 

found to increase more than 6-fold (1.2 to 8.9 per 100,000). In addition to the change over time, the rates 

of surgery varied across geographic regions.  During the most recent two years (1997-1998), rates of 

anti-reflux surgery varied nearly 5-fold (5.4 to 24.5 per 100,000) across hospital referral regions.  

 The principal disadvantage of using state databases is the lack of external validity. States may 

have unique hospital referral patterns that make a comparison with other areas difficult. For instance, in 

the above studies on pancreatic resection, Maryland had only a single high-volume provider30. Other 

factors may also make it hard to generalize from one state to another. Not every state has the same size 

population, demographic composition, or rates of disease.  

National Administrative Databases 

 Datasets that are representative of all United States hospitals are advantageous when a researcher 

wishes to generalize their findings to the broadest patient population possible. However, there is 

currently no dataset that contains 100% of all patient discharges in the U.S. The data that do exist are 

subsets of hospital data (e.g., Nationwide Inpatient Sample) or patients (e.g., Medicare inpatient 

database for acute care hospitalizations.). The datasets that are samples of hospitals are chosen so they 

represent all US hospitals by containing discharge ‘weights’ that can be applied to their sample in order 

to extrapolate to the entire nation. For instance, the Nationwide Inpatient Sample (NIS) is a stratified 



 24 

random sample of 20% of U.S.  hospitals. For the NIS, hospital and discharge “weights” are calculated 

so they represent the universe of hospitals in the American Hospital Association (AHA) survey. The 

“weight” is inversely proportional to the probability of being selected in the sample. It is important to 

use these weights correctly when using the NIS, or other hospital samples, when studying national 

trends in utilization or outcomes. There are special “survey” commands that must be used with statistical 

software to obtain correct estimates of the standard error and other statistics when using datasets that are 

stratified samples. 

With the emergence of new surgical techniques there is potential for precipitous changes in the 

utilization rates. For instance, recently, less invasive laparoscopic technology for obesity surgery has 

been introduced. Using the NIS database, the rate of obesity surgery from 1990 to 1997 was found to 

more than double from 2.7 to 6.3 per 100,000 adults 65. As previously mentioned, evaluating specific 

operations using administrative data can be limited by the use of ICD-9 codes. For instance, there is no 

specific code for the laparoscopic approach in obesity surgery58. Thus, changes in the approach to 

surgery cannot be directly tested. It is important to consider the limitations of the ICD-9 coding system 

when interpreting the results of any study using this source of data. 

 

The Surveillance, Epidemiology, and End Results (SEER) 

The Surveillance, Epidemiology, and End Results (SEER) Program of the National Cancer 

Institute 68(Figure 1. section II.) contains cancer incidence and survival rates in the United States from 

14 population-based cancer registries and three supplemental registries covering approximately 26 

percent of the U.S. population. The SEER registry also includes information on more than 3 million in 

situ and invasive cancers with approximately 170,000 new cases added each year. The SEER program 

routinely collects data on patient demographics, primary tumor site, morphology, stage at diagnosis, first 

course of treatment, and follow-up for vital status. The SEER program is the only comprehensive source 
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of population-based information in the United States that includes stage of cancer at the time of 

diagnosis and also includes survival rates within each stage. The mortality data reported by SEER are 

provided by the NCHS. 

Reportable records for a patient are sent from pathology laboratories, doctors’ offices, and 

hospitals to the SEER where a patient set is either created or modified. Variables are collected from 

three sources: Health Records, Supplemental Records, and other non-health information sources. A 

health record contains medical information, such as an autopsy, cytology, hematology, oncology, 

pathology, radiology, and radiotherapy reports. Hospital discharge files and the disease index, surgery 

logs, death certificates, obituaries, and other similar sources are also included. Supplemental records are 

those in which related data are contained but which hold no health information. Supplemental data are 

used to verify personal data and follow-up information, and may include department of motor vehicle 

records, insurance demographic data, Internal Revenue Service records, state birth records, and voter 

registration information. Non-health information sources are limited to census tract information and a 

name list for race and ethnicity. When the patient set is finalized, it is submitted to the SEER database at 

the NCI. The SEER database is updated annually. Registry data are submitted electronically without 

personal identifiers biannually. 

SEER data are available for public use and are free of charge. The SEER 1973-2001 Public-Use 

data are available in the binary format required by the SEER*Stat software and in an ASCII text format 

which can be analyzed with an investigator’s own statistical software. A signed SEER Public-Use Data 

Agreement is required to access the data. Any publications resulting from the use of SEER data requires 

a citation for each database provided by SEER and should include information about the data 

submission and release date.  

The data and SEER*Stat software are available using three methods. The most common method 

for accessing the SEER Public-Use Data is to use the SEER*Stat to access the data through the 
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investigator’s Internet connection (SEER*Stat's client-server mode). Alternatively, an investigator may 

have CDs containing the data and SEER*Stat software shipped to him/her. These CDs include the 

binary and text versions of the data. Finally, investigators may download two compressed files 

containing the CD images, SEER*Stat, the binary data, as well as the text data. The data are constantly 

checked for quality and completeness of data reported. Populations covered are comparable to the 

general U.S. population with regard to measures of poverty and education. A disadvantage of the SEER 

may be the lack of applicability to some settings since the SEER populations tend to be somewhat more 

urban and have a higher proportion of foreign-born persons than the general U.S. population. 

Recent uses of the SEER registry data can be found in articles discussing the treatment of ductal 

carcinoma in situ of the breast9, valvular dysfunction and carotid, subclavian, and coronary artery 

disease in survivors of Hodgkin’s lymphoma treated with radiation therapy41, and morbidity after radical 

prostatectomy10. 

 

Medicare Provider Analysis and Review MEDPAR 

Perhaps the most frequently used secondary dataset in the surgical literature has been the 

Medicare Provider Analysis and Review (MEDPAR) File (Figure 1, section III). MEDPAR is a limited 

data set (LDS) which contains inpatient hospital and skilled nursing facilities (SNF) records for services 

provided to Medicare beneficiaries admitted to Medicare-certified hospitals and SNFs14. National 

MEDPAR Data Base consists of approximately 14 million records representing Medicare beneficiaries.  

About 12 million records are from hospitals and two million records are from SNF. There is also a 

subset of the national MEDPAR LDS that has hospitals abstracted by the state of residence of the 

Medicare beneficiary.1  Data are available in 500-character, fixed-length record format for fiscal and 

calendar years from 1987 to the present1. MEDPAR files have individual hospital stay records coded in 

ascending order by health insurance claim number, along with the admission date, and provider number 
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so that the beneficiaries’ records can be linked to inpatient histories. Specific information for each 

record includes the designated health insurance claim number, as well as the provider number. Other 

information comprises beneficiary demographic characteristics (age, gender, race), admission data, 

diagnosis and surgery information, hospital or SNF resources used, detailed charge data, days of care 

and entitlement data1 (Table 3). The layout of a MEDPAR record including coding dictionary can be 

found at http://www.cms.hhs.gov/data/purchase/Medpar.  

The MEDPAR datasets are a valuable tool to health care researchers who require beneficiary or 

facility-specific information. MEDPAR continues to be upgraded to permit an increasing level of detail 

on claims submitted. MEDPAR includes critical data on accommodations, services, and costs associated 

with each inpatient and SFN stay. These data allow researchers to follow patterns and outcomes of care 

provided to Medicare beneficiaries1. The collection of information on 14 million beneficiaries allows 

great generalizability using the MEDPAR data. In MEDPAR, co-morbidity information is limited and 

other key determinants of outcomes, such as provider caseload, are not available46. Other limitations 

include those of any administrative database which has been previously discussed. 

Access to MEDPAR is restricted because it contains patient identifiers.  The Expanded Modified 

MEDPAR-Hospital File (National) is available to persons qualifying under the terms of the Routine Use 

Act as outlined in the December 24, 1984 Federal Register and amended in the one of July 2, 1985. This 

file consists of approximately seven 3490E cartridges. The cost to eligible investigators is $3,655 per 

year. The Expanded Modified MEDPA-Hospital File (State), abstracted by provider state or beneficiary 

state of residence, consists of one 3940E cartridge and the cost to eligible investigators is $1,080 per 

year1. 

Recent articles in which the MEDPAR File has been used include studies of outcomes of 

surgeon volume and operative mortality rate,14 coronary stent outcomes in a Medicare population70, and 

hospital cost of endovascular repair compared with open repair of aortic aneurysms84. 
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The National Hospital Discharge Survey (NHDS) 

The National Hospital Discharge Survey (NHDS) (Figure 1, section II) is an annual survey 

developed by the National Center for Health Statistics (NCHS) in 1965. It samples hospital and 

discharge records for medical and demographic data.  In particular, institutions from which the records 

are sampled are non-Federal short-stay hospitals that have average lengths of stay less than 30 days for 

all patients. The NHDS contains approximately 270,000 inpatient records taken from a U.S. sample of 

approximately 500 hospitals. The NHDS is used for calculating statistics on hospital utilization and on 

the nature and treatment of illness among the hospitalized population84. “The database uses a national, 

stratified multi-stage probability sample in which patient records are selected at random and weighted to 

represent more than 30,000,000 hospitalizations that occur annually”31.  NHDS data comprise age, sex, 

race, ethnicity, marital status, and expected sources of payment. Admission and discharge dates and 

discharge status are also collected. Coding using the ICD-9 classification permits collection of patient 

diagnoses and procedures84. 

In 1985 the system for data collection by NHDS was redesigned to improve efficiency and 

analytic capabilities of the survey by adding discharge data available in electronic form and linking the 

NHDS to the design of the NCHS’s National Health Interview Survey20.�NHDS data are available in 

publications on public-use data tapes, data diskettes, CD-ROMs and files that can be downloaded from 

the internet. Individual year public use data files can be downloaded directly from the NCHS at 

http://www.cdc.gov/nchs/about/major/hdasd/nhds.htm. Multiyear data files for analysis of trends may be 

obtained on CD-ROM at a current cost between $305 and $454 depending on the year. These and other 

products are available at the NCHS Data Dissemination Branch at 301-458-INFO or by email at 

NCHSquery@cdc.gov. 
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Recent uses of the NHDS can be found in articles discussing rates of lower extremity amputation 

and arterial reconstruction25, health economic benefits in supplemental calcium for the prevention of hip 

fractures11,  trends in prostatectomy among black and white men91, abdominal aortic aneurysm repair84, 

and patterns of inpatient surgeries for cancers of the lung, female breast, prostate, and the colon and 

rectum89. 

 

National Surgical Quality Improvement Program 

In 1986 the U.S. Congress passed a law requiring Veterans Affairs (VA) hospitals to track the 

outcomes of surgical patients. The National Surgical Quality Improvement Program (NSQIP) (Figure 1, 

section III) is a national, validated, outcome-based, risk-adjusted program for the measurement and 

enhancement of the quality of surgical care. Currently, the NSQIP incorporates 128 Veterans Affairs 

Medical Centers (VAMCs) and 10 beta sites in the private sector. The program compares the quality of 

surgical care among all 132 VA hospitals in the U.S.51 The NSQIP models for risk adjustment for 30-

day morbidity and 30-day mortality after major surgery in eight non-cardiac surgical specialties. Similar 

models were developed for cardiac surgery by the VA’s Continuous Improvement in Cardiac Surgery 

Program (CICSP). Based on the results of the NVASRS and the CICSP, the VA established the NSQIP 

in 1994 in all the VA medical centers performing major surgery 50.   

In addition to reporting results, the NSQIP was designed to provide feedback to the individual 

institutions for quality improvement. An NSQIP nurse at each center oversees the prospective collection 

of data and its electronic transmission for analysis at one of two data coordinating centers. Feedback to 

the providers and managers is aimed at achieving continuous quality improvement. It consists of (1) 

comparative, site-specific, and outcome-based annual reports; (2) periodic assessment of performance; 

(3) self-assessment tools; (4) structured site visits; and (5) dissemination of best practices.  Since the 
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NSQIP began collecting data, there has been a 27% reduction in the 30-day mortality rate and a 45% 

reduction in the 30-day morbidity rate in VA hospitals49.  

 Besides providing reports on hospital performance and feedback for quality improvement, the 

NSQIP provides a rich resource for secondary data analysis. Unlike administrative databases, the NSQIP 

has detailed clinical data. Information on preoperative patient characteristics, intra-operative variables, 

and postoperative complications are available for each patient. To further ensure the quality of data 

collection, each center receives an audit with repeated data abstraction and estimates of inter-rater 

reliability. 

With the large number of patients and rich clinical detail, many investigators have used the data 

source for research purposes. 4,17,36,87. Several published studies have focused on the validity of the 

NSQIP methods 19,19,52. Other reports have been focused on the risk of adverse outcomes for particular 

procedures32. For example, one recent study investigated the frequency of stroke after non-carotid 

vascular surgery6. Given the low stroke rate (<0.6%), single institution studies would not provide 

meaningful findings. However, using the NSQIP, there were 2,551 abdominal aneurysm repairs, 2,616 

aortobifemoral bypass operations, 6,866 lower extremity bypasses, and 7,442 major lower extremity 

amputations51. Using this large dataset the authors were able to demonstrate several risk factors for 

stroke, i.e., mechanical ventilation, previous stroke, and return to the operating room. Other recent uses 

of the NSQIP can be found in articles discussing a demonstration project of NSQIP in non-Veterans 

Administration hospitals33 in which the following was studied: surgeon volume and operative mortality, 

outcomes in transthoracic versus transhiatal esophagectomy, pancreaticoduodenectomy for 

periampullary cancer33 and appendicitis49,50.   

Despite the clear advantages of the NSQIP compared to administrative databases, there are some 

problems with it. First, the external validity is questionable. Patients in VA hospitals tend to be older 

males and don’t represent the entire US population. Second, the data are harder to obtain. Currently, the 
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database may be accessed only by VA investigators and their institutional partners, such as non-federal 

academic centers (Emory University, the University of Kentucky, and the University of Michigan) as 

well as a recent private sector initiative with the American College of Surgeons involving 11 additional 

university hospitals26. The NSQIP provides an infrastructure for VA investigators to query the database 

and produce scientific presentations and publications. The NSQIP executive board must approve the use 

of the data through a formal review process. Forms can be requested from the NSQIP and a standard 

proposal is submitted. Both university and VA hospital IRB approval is also required for the release of 

data to investigators. Recently, the NSQIP approach has been expanded into the private sector, with data 

from more than 50,000 operations from more than a dozen hospitals now available18,26. This additional 

data will be an added resource that may help to overcome the problems with external validity. So far, 

however, most of the medical centers are large academic centers and the data are therefore not yet 

applicable to all U.S. hospitals. 

 

Conclusions 

 Secondary data analysis is a commonly used study methodology in the surgical literature. 

Because of the expanding use and number of clinical and administrative datasets, it is likely that more 

research pertaining to surgical patients will be done in this manner. The strengths of large relatively easy 

to obtain datasets must be tempered by the limited clinical and diagnostic precision found in many of 

them. In the future, merging administrative data with more clinically granular data will likely improve 

prognostication, quality improvement efforts (such as by the NSQIP) and cost-effective analyses. It is 

also possible that in the future regulatory agencies and payers of health care will demand these kinds of 

data to support continued patient referrals or care.  Medicare and managed care organizations may be 

among the first to require these data. 
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