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Introduction

One of the most efficient and commonly used approaches to investigate a ofacietical
guestions is the analysis of data that has been previously collected. This is krseworakary data
analysis. It has become a more common and popular form of study methodology, in pase beca
computerized datasets of information are more prevalent and the cost of datsoopktorage and data
retrieval has decreased. Numerous databases have been collectedd®dyarmty of health and
business organizations, research centers, hospitals, governments and internginoned.al he data
from these varied sources are available to researchers to address raulantggr of study questions.
This chapter will discuss common components of these datasets, how they can be usdthtienves
clinical questions, how to initiate research using these datasets, patfallsitl, and specific examples

of datasets.

|. Primary vs. secondary datasets:

There are significant differences between primary and secondary daf@setary datasets
contain information that has been prospectively collected for a specific purposkty as part of a
randomized clinical trif or as part of prospective cohort studies that follow groups of patients.
Examples of the latter are the Northern New England Cardiovascular ®B8ealy Group’s dataset
and longitudinal epidemiologic studies, such as the Framingham heaffstilg number of patients
included in the dataset, the variables evaluated and the quality of data@oléetdetermined by the
original investigators. Alternatively, secondary datasets are used tagatesfuestions that may be
different from the purpose for which the original data were collected. Tijpitase secondary
guestions are investigated using existing data from a variety of sources suldrge medical center’'s
APACHE benchmarking and clinical information sysféfior state hospital association encounter

dataset$’. These databases are used primarily for risk-adjustment, predicting mootalit



administrative purposes. However, because of the vast amount of diagnostic, gitygiotedural
and outcome data collected, they are useful for those who wish to explore clinicamguésnotable
example of this process was the Cleveland Health Quality Choice (CHQCohmisunity-based
outcomes assessment program was coordinated by a consortium of business, hmuspitd)cal
leaders to provide comparative public data on hospital ICU perforfiiaiibe data from this study has
been used for several secondary analyses of ICU benchmarking and hospitdt%fdafitgimilarly,
the University Health System Consortium (UHSC) maintains extensinieatlperformance datasets
from 212 academic medical centers that is available to investigators frothenmstitutions 263818
Secondary data analysis can also be carried out by combining existingsdataiba a new
dataset. For example, data frormpramary studycan be combined withdministrativedata. An example
of this is the study by Wennberg ef&lwho used the hospital outcomes from centers that participated
in large, multicenter, randomized, controlled trials of carotid endartergtbemNASCET and ACAS
studies)*** They merged these data with utilization and outcomes from the Medicare/Part A
administrative dataset (Medicare Provider Analysis and Review (MEDHARcombining these
datasets, the investigators were able to demonstrate lower mortabtjoratarotid endarterectomies
among hospitals that participated in a clinical trial as opposed to hospitalsithat ¢1.4% vs 1.8%
mortality respectivelyy. More commonly, secondary data analysis is performed with multiple clinical
and administrative datasets that are combined, such as the study of Birkmeydleagiies who
demonstrated reduced mortality rates after hospital discharge for ai@cuaodenectomies in high
versus low-volume centers (12% vs. 16% respectitelyjhese investigators analyzed surgical
utilization data to determine the number of operations performed using the MEDIR#SRItal
discharge abstract file and combined them with the long term outcome datdlaviadm other
datasets. These datasets included the National Death Index maintained bgdhal lCenter for Health

Statistics and the vital status information available from the Medicanreant dataset (the



denominator’. Another example of linking datasets to create a secondary research diasetre/
clinically relevant information uses merged Medicare claims data ardatienal Cancer Institute’s
(NCI) Surveillance, Epidemiology, and End Results (SEER) files and the PermayHealth Care

Cost Containment Council for coronary bypass suf§eBeveral studies using these merged data have
investigated the outcomes for patients with lung cancer based on insuranéé stanysications of

different cancer treatmefifsand factors influencing the use of mammography

ll. Organization and Contents of secondary datasets

A typical secondary dataset used for clinical research will contain maiaphes: (Table 1). It
will often include identification and demographic information such as social secumbers,
registration numbers, the dates of specific events such as admissions, prodésitragyes, names,
ages, gender, zip codes etc. Diagnostic, procedural and some comorbidity inforneasioppdied with
free text or using thimternational Classification of Diseases, Ninth Revision, Clinical Modification
(ICD-9-CM) codes. Finally, specific variables used to evaluate asemsair predict outcomes may be
listed.

The datasets used for secondary analysis can be categorized in a number oénvags.tRe
most fundamental is whether or not the data were collected primarilyriaratiresearch or for
administrative aims such as for billing or ‘claims’ purposes (Table 2).c@lidatasets generally contain
more detailed physiologic and diagnostic information than are found in adminetfatasets. Also, the
data are usually collected prospectively with more rigorous quality andaagcstandards and are often
used for research where adjusting for case-mix or evaluating risk factottser predictors of outcome
are required. These adjustments directly influence outcomes and are mostiajgpi@pbenchmark
performance of an individual, a hospital or a medical cént&f® In clinical datasets, the individual

patient is usually the unit of observation. Alternatively, registries maydan@ed by groups of



patients with certain disease conditions, or procedures. For example, the UmwtedkNier Organ
Sharing (UNOS) registry contains data describing patients receiving oagaplantation, while the
SEER registry contains both diagnostic and procedural information for manyofypedignancies.

Administrative datasets, on the other hand, are frequently composed of a relimtiety
amount of clinical, and no physiologic, information. In fact, many rese@&bel that ‘Administrative’
data are too vague and define data too broadly. In response, a recent consensuoseoihtbe
American Thoracic Society suggests using a more accurate claissififor secondary datasets based
on their administrative purposés These authors propose describing administrative data as either
encounter data, enrollment data, registry data, performance or surveydata.2) Enroliment data
such as found in the Medicare Beneficiary File or in the Blue Cross Blekl$laitasets, are typically
used to determine the number of patients in a population that are either eligédeive a medical
treatment or who are at risk of contracting a disease. When used in this wadmemirdatabases
supply the denominator used by researchers to calculate population-based énardkerates.

The other types of files found in administrative databases are those forcspecdunters or
services, e.g., when a patient is admitted to a hospital for an operation. Encoubtesegasae usually
created by the payers of health care in order to keep track of utilization, reemtamnt and other
financial matters. Because these databases include information on alliadsn@ procedures, they
form the basis for calculating the numerator in population-based rates when tisedraliment data.
Encounter databases include the MEDPAR database, state wide hospital disatsdrgeed, private
insurance claims(e.g., Blue Cross Blue Shield) and the Veterans A¥faiy€vent Driven Record
datasets (EDRY. 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 enamantly track
specific services performed, such as surgical procedures, and constituteadttiy wiggecondary data

analyses for surgical patients 59 .



International Classification of Diseases, Ninth Revision, Clinical ModiGogICD-9-CM)

Most administrative datasets follow the format of the Uniform Hospitalharge Data Set
(UHDDS) maintained by the National Center for Health StatisticbléT3) A key feature of these and
other administrative datasets is the use of a five digit inpatient hospitakeseroding system known
as the International Classification of Diseases, Ninth Revision, Qliisdification (ICD-9-CMY®.
There is an enormous amount of data available from ICD-9-CM codes. These doees diagnostic
and clinical detail by using up to five digits, three for the primary event and tveeverity modifiers.
The ICD-9-CM codes are used to indicate both primary diagnoses (e.g., 560.0iisaindéstruction)
and secondary diagnoses that usually represent pre-existing conditions suchyseerapliver or
renal insufficiency. The ICD-9-CM system also contains code modifiers laghevo digits to indicate
additional severity of illness or complexity of primary diagnosis (e.g., 569d@adstomy and
enterostomy complications and 569.61 is infection of colostomy or enterostomyisadluéibscess).

Some administrative datasets use different coding systems for procdéoirexample, the
American Medical Association’s Current Procedural Terminology (CPdesowhich are used in the
Medicare files, provide more clinical detail and are different than the9«IM procedure codes. For
example, the ICD-9-CM code for repair of a reducible, incisional hernia 89B&0) or a strangulated
incisional hernia (CPT 49565) is the same (53.51). Other clinical information cdlied@D-9-CM
codes includes variables such as patient symptoms (e.g. abdominal pain is 789.0ral gkeysi
findings (e.g., abdominal rigidity is 789.4). Other examples of the detail in Ix¥®{CM codes are
benign hypertrophy of the prostate with/without urinary obstruction is 600.0/600.01 resiyecti
Various bone fractures can be coded e.g., 800.00 to 829.00. Laboratory and other tesanesisibshe

coded myoglobinuria is 791.3, bacteremia is 790.7, and abnormal electrolytes are 276.0- 276.9.



Two other supplemental classifications ‘V’ and ‘E’ codes, exist to desfardbers or events that
affect a person’s health but are neither diseases, nor therapeutic intes®@ntiocodes generally
indicate a variety of factors that influence health status. Examples inohgléerm mechanical
ventilator dependence (V 46.1), medication allergies such as penicillin a)\&tgy0), personal social
circumstances such as homelessness (V.60.0) and wound care interventions susimgsheeges
(V58.3). The ‘E’ classifications generally are used for external causeginf such as motor vehicle
accident (E812.0), assault with a handgun (E965.0) and medical and surgical compktetioas
accidental perforation during a medical procedure,(E870.0) and foreign ohjéctdefly (E871). The
imprecision and vagaries of ICD-9-CM coding are exemplified by these sugpial codes. For
example, some medical complications such as anesthetic overdose (968.3) are foulmjury thed
Poisoning section of the main ICD-9-CM codes but not in the E-codes that designafmisii@ngs.

Despite the richness of detail provided by ICD-9-CM codes, there are |[devdadions,
including a lack of clinical detail, non-uniform standards used to define some condittbtiedact
that codes may represent the interpretation of a medical chart by cleeksodds may be assigned
retrospectively, and there may be biased by “DRG-CREEPurther limitations may include
undercoding of secondary comorbidities and restrictions of the numbers of cateyailablé®. These
concerns will be discussed in more detail later.

Due to advances in diagnostic and medical/surgical procedures, a need to updaterthe sys
arose. In 1994, under the auspices of the World Health Organization, many counuigiagnehgland,
France, Japan, and Canada, began reporting mortality data using the reDisennéhclature, ICD-10.
This updated version of the ICD codes was vastly expanded from 5000 to 8000 categories bileunlike
ICD-9-CM, the ICD-10 version did not contain procedure codes. Instead, an entirghyotasure
nomenclature will be introduced using the ICD-10 PCShese new codes are alphanumeric with

seven characters, which will include16 possible types of basic procedureshensde@presenting organ



system, basic operation, body part, approach, technique or device used and a motliégurfmcedure.
Currently the U.S. ICD-10 implementation is awaiting updates based on studamperby the
American Hospital Association (AHA) and the American Health Infoionat¥lanagement Association
(AHIMA) *.

Secondary datasets are generally composeunidualizeddata such as age, diagnosis,
physiologic information, risk factors and outcomesaggregatedata for groups of patients such as
death rates for women with breast cancer among different age ghudipglualized data are usually
found in datasets created for specific clinical trials, hospital datasetsy administrative datasets and
even several well-known national registries such as the National Death NdpxJsually knowing
two of three identifiers such as last name, birth date and social security nuenbeffiaient to access
the individual data from many national registttes

Aggregate datasets are less commonly used because the lack of individuaizedrdases the
risk of confounding bias because groups of patients can frequently differ from eadin other
unpredictable ways. For example, the incidence of testicular cancer ajgpleargreater among
subfertile meff. But these studies do not account for the confounding effect of increased testicular
examinations that these men undergo by a urologist compared to the genepapukitor®. The
advantage of aggregate data is its availability and the ability to degadicant associations of a risk
with an outcome. These types of datasets should be used, primarily, to genavtiedes to better
focus studies using individualized patient data.

A common source of data for secondary analysis that often contains both individaalized
group information is from one of many health registries. These registiiest information about the
incidence, effect, and extent of disease, as well as the types of ieatpaient with the disease may
have received. These data may be reported to a central registry sucBBEERhdatabase that collects

information from various medical facilities, hospitals, physicians' cffiteerapeutic radiation facilities,



freestanding surgical centers, and pathology laboratories. U.S. tumariesgisport information on
approximately 26% of the U.S. population to the SEER registry.

Data in registries are critical for programs focused on riske@llaghaviors (e.g., tobacco use
and exposure to the sun and their effect on cancer prevalence) or on environmerietionské.g.,
radiation and chemical exposures and their effect on cancer prevalence). Sunhtioh is also
essential for identifying when and where disease screening efioakide enhanced and for
monitoring the treatment provided to patients with the disease. In addition, redigisiey data are
fundamental to a variety of research efforts, including those aimed aatnglthe effectiveness of
disease prevention, control, and treatment programs. There are comprehensiveopapglatries
(SEER) and there are voluntary registries such as the Society of Th8uagery cardiac surgery
database. The latter clinical datasets consist of information sent atlhyarticipating center
performing cardiac surgery. There are many other registries ofletmtlinical trials that may be
explored to answer, or study, other health questions such as those found in the various dirémehes
National Institutes of Health (NIH).

Finally, other datasets may contain collections of clinically reles@entific articles and
images. The latter types of data are usually stored in some form of iemtiedror natural language
documents such as the National Library of Medicine’s Medline and Pubmed databa&skoal and
scientific publication®, the Cochrane Database of Systematic Revfesvshe National Clinical

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

lll. Meta analysis
Some forms of secondary data analysis use the data reported in published ptanMgben a
‘literature review’ incorporates transparent, uniform, and completeiarfte locating all relevant

literature on a subject, and the articles are filtered through appropriasencand exclusion criteria,
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such as a similar patient population that is exposed to similar treatmersissarithin a logical time
period, the result is known asgstematic reviewl hese types of secondary data analysis are frequently
carried out when clinical trials demonstrate negative results which areyusaiadled by small sample
sizes. Occasionally meta-analyses are also performed when the estistiieg were from single
hospitals or medical centers and thus their generalizability may bedingt/stematically identifying all
relevant studies for a clinical problem and applying statistical ardtyshe aggregate pool of subjects
can help clarify whether an association exists when previous individual studigsaubiom few

patients to demonstrate an effééf. If the association is very strong, the meta analysis may even
support the causal relationship of a treatment or risk factor to an outcome. iFrptesXaodgers et al
demonstrated a 30% reduced mortality associated with patients who recenetbsm of spinal or
epidural anesthesia, either with or without general anesthesia, for ty wdmeajor operations only after
a quantitative review of 191 smaller randomized studies that yielded a total 3&5@sda Many
datasets of medical literature including MEDLINE, OLDMEDLINE, Curreahténts, CANCERLIT,
EMBASE , AIDSLINE, and The Cochrane Registries of Controlled Trials ani®@gsic Reviews are
the primary source for finding articles on smaller clinical triafS.

Efforts to contact primary authors and search for unpublished reports an@pdstant when
doing thorough systematic reviews. A major risk to validity for meta-aisak/being certain that all
relevant studies have been included. Publication bias, where articles with\eepmsgitome are
published more often than negative studies, is the major risk to the validity of amabsiss.

To perform a meta-analysis, the appropriate studies are first culled feogealist of potential
studies. Quantitative methods are then used to create an estimate of theyseff@ctaeither relative
risk or pooled odds ratios) with confidence intervals. The summary effect isiabgant average effect
from each study weighted by its sample iz&/hen undertaking a meta-analysis, one must first

determine whether the studies are clinically different from each othemis tof populations,
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treatments, and outcomes. If obvious clinical differences are not apparehpfehsrogeneity using a
form of the chi-square test to determine whether the results of one studyrdifieanother is

performed and is reported as a ‘Q-statistic’ with a p-Valul the test of heterogeneity suggests that the
data within an individual study differs significantly from data in each of tindiest, it is inappropriate to
combine the studies. Several statisticians also suggest that the only sypeied to use for meta-
analyses are randomized controlled trials because the cause-eftemtsbip is the strongest using this
study design. Finally, many medical journals now require authors to use a rarfiects rebdel because

it is considered more conservative. Random effects models are less likiellglta statistically

significant result because when heterogeneity exists, they tend to reswlencamfidence intervals

than fixed-effects modef§**

IV. Ancillary studies

Occasionally, additional information is extremely useful when added to thingxilata in a
secondary dataset. New questions can be better addressed when these additibies| are added to
the existing dataset i.e. ancillary study Ancillary studies may be especially relevant to surgical
patients if one pursues novel analyses of the stored serum, tissue and DNA daahplesihcreasingly
obtained as part of clinical tridfs As an example, stored serum was used to investigate the role of
inflammatory cytokines in response to mechanical ventilator changes imtpatith Adult Respiratory
Distress Syndrome or ARD% These samples currently exist at the data coordination centers of the
primary study site and conceivably could be used to analyze novel molecular biplegimns as
newer methods of analysis emerge. Similarly, tissue samples such asshiapsiether 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 besadgaiely
available for analysis, avoiding the months to years required to collect dapegtively. (Table 4) For
example, the authors evaluated the predictors of readmissions to the intensivet targuerying their
institution’s clinical data center which had been collecting an enormous amouniczl @nd
diagnostic APACHE information for each patient admitted to the Intensixee\@at (ICU) during each
day of their ICU sta¥/. 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 deatateg@nd
analysis. Similarly, the authors have recently begun obtaining specific patieratpmpdata from this
institution’s perioperative information system that contains all the physiadiaga recorded during a
patient’s operatiohi. 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 cmrgssed with
performing a prospective clinical trial. Unfortunately, some secondaryetiai@® easier (and less
expensive) to obtain than others. The Healthcare Cost and Utilization Projextt,psdvides state
inpatient discharge datasets (starting at $20 per year) and the Natidmpatient Sample ($200 per
year), are very inexpensive. On the other hand, the Medicare files or propiegtasets such as the
MediQual data files may be expensive and difficult to obtain and may require coagpéments for
how the data will be used and presented. Finally, the complexity of Medicare ancaibeatdta files
usually require that the investigator have additional funding for analysigrastdtistician support.

Another advantage of secondary data analysis is the ability to investigaiemgiesth as the
associations of risk and outcomes, or patterns of disease, by using exteegejydtient populations.
These datasets incorporate data from wide geographic ranges such aPtaREdata, the National
Death Index or many state and national datasets based on the Uniform Hospltatgziataset

(UHDDS). Using these types of datasets, studies with large samgddrsim a variety of medical or
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health care centers offer ‘real-world’ representative populations. Thustigaters avoid the problems
of single center studies, and the selection bias inherent when using data fy@oasi@dmic or referral
centers™® A large population-based dataset increases the statistical power anclettzizgbility of

a study. This is especially true with administrative datasets that tesminélude several hundred
thousand to several million patients. A recent example of this aspect of secondayalgsis is a
study of over 750 million hospitalizations in the United States using the Nationatdd&igcharge
Survey (Figure 1, Section Ill) to determine the causes and outcomes of se@sisld.3 million
patients®. Also large datasets, especially registries such as the SEER¢allerefor studying rare
conditions that would otherwise be difficult for an investigator to collectceiffi numbers of patients
in a single (or even multiple) medical center.

Another unique advantage of secondary databases is the ability to use encountesliamehénr
datasets from the same population to calculate and analyze population-basefdstatgsal utilization
and outcom®. 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-basetsdaknally,
secondary datasets are sometimes easier to obtain and use becauselibeptained less obtrusively
and because the data is already collected and de-identified, informed conseallysnesved and no

patient contact is required.

Pitfalls of analyzing secondary datasets accuracy of classiyowgedure, comorbidities, diagnosis,

complications risk adjustment saturated diagnoses fields

The primary disadvantage of using secondary datasets is that the data availabte contain
the exact variables that would best answer a question. One does not have the sanoyepnthait
data have been collected or are available. Moreover, there are oftemgroissicorrect values, coding

inaccuracies and predictor variables or outcomes that were not méasuted
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Perhaps the greatest threat to the validity of a clinical study usinthdataas already been
collected is the influence of bias and confoun@finghe primary weakness of any non-randomized
prospective study is the systematic errors in the design and/or conducttofitheas well as the
influence of unmeasured variables that can be associated with the odtcoB@amon forms of bias in
these studies include; 1) selection bias, 2) measurement bias, 3) misal@ssibias, 4) lead-time bias,
5) recall bias and 6) publication bias. Selection bias occurs when differena@reused to select a
sample of patients or variables in creating a secondary dataset. Foreexammtudy of cognitive
outcomes following coronary bypass surgery, it may be inappropriate to cooypenenes from a
sample of patients who were enrolled in a clinical study of cerebral pootéatiowing bypass surgery
to patients culled from a National Institute on Aging dataset. These two greupgsebr different in
other significant ways that may influence the incidence of antecederiticeglecline. Similarly, if the
methods to detect, measure and classify cognitive decline in the two grospmédreantly different,
misclassification bias may also threaten the validity of the study. @benpbpulations may not be
available in some datasets. MEDPARS, for example, only has information foemtimission.

Thus, patients admitted after an operation are included and ambulatory patients, whe gm lloen
same day of surgery, are not incluthf Also, studies using a secondary data set may be more
susceptible to recall bias if new data are added retrospectively. Thgealy true if the data are from
individuals surveyed after an event has occlfredther biases can result when the researchers must
decide what variables to use when the outcomes are known.

Biases are especially prevalent with administrative datasetsjagpetien ICD-9-CM codes
are used? Not only are the codes entered by medical record clerks, who try to pick aperopdas
from non-standardized and often confusing medical records, but the number of codes allowed t
describe a clinical situation are limited and may lead to bias if theysargiaked in a non-standardized

fashiort’. Moreover, Jencks et & demonstrated that, by limiting the slots available for diagnostic
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codes in the ICD-9-CM system, patients with more severe comorbidites distong their diagnoses
had lower mortality rates. They found, paradoxically, that patients admittediiabetes, angina,
ischemic heart disease and/or hypertension had lower mortality feem gimary diagnosis than
patients admitted with the same diagnosis but with none of these comorbiditiesinVessgators
found that patients who died had a higher likelihood of having aibateconditions listed on their
ICD-9-CM codes. This would have the effect of making patients who died appear to harvetieanic
illnesses and comorbidities. These findings led to the modern UB-92 coding forng hanerdiagnostic
codes (one principle and eight other diagnoses) and six procedure codes. Because tnly a fixed
number of diagnostic slots available, there may be some degree of under-codinghass tgdes of
data set€ and the ability to develop comorbidity scores or case-mix adjustments using tasstsda
limited®>*

Another potential source of error may occur when new codes are developed withistiabe
are different from similar procedures or diagnoses. Coders and researché¢nemiaave difficulty
finding and combining similar codes such as laparoscopy hernia repair arabtapée lysis of
adhesions. Another significant limitation of ICD-9-CM procedure codes is thaofte: describe what
was done (e.g., nephrectomy, ICD-9-CM 55.53) but do not indicate how the operation wasguerform
i.e. open laparotomy or laparoscopicAi}

In addition to the influence of bias, properly detecting and adjusting for confoundmgiliea
important risk of using secondary data sets. Confounding occurs when a differemiialtiba of
unmeasured variables exists among the samples of patients used to @eatelarg dataset. Along
with the known, measured variables, these confounding variables are also assaitidteloutcome
and are linked to the risk factors being studied. They can cause associaériss When in reality there
are none and vice versa. This problem is often encountered in datasets where ungerecadsn For

example, in a study of outcomes following high risk operations such as pancreateroetiocy,
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Birkmeyer and colleagues found that hospitals with high surgical volumes had almfugt fmuver
mortality rates>. However, it is possible that some of the difference in mortality could bieugsiri to
sicker patients having surgery at low volume hospitals. As in this study, maitesatatistical models
are often used to adjust for confounding by any measured variables. But even thepimestated
techniques cannot adjust for unmeasured variables, and the possibility of residual cagfetiihdi
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-fédieprospectively collected
data from a clinical trial. Some authors have suggested that, because ergdatastds are used for
billing purposes, the financial incentives to code accurately may improve théyalfithese
dataset¥"®® The Office of the Inspector General (OIG) of the U.S. Department dftHead Human
Services has conducted several studies of the accuracy of coding for D@Betsted Groups (DRG)
assignment by sampling Medicare admissions data and re-abstractBigifoRnation from the
medical record¥*® These studies demonstrate coding errors, primarily due to misclagsificat
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 casedakes (CMI) that
reflect the average effect of DRGs assigned to hospitalized patremégsed coding volume 32% in the
first year after the CMI was introduc®dThis increase in the use of more codes, reflecting higher
severity or complexity, has been referred to as either DRG ‘Creep’ amiaption’. The increase in
the CMI therefore may reflect purposeful financial manipulation of the codingloapeappropriate
and accurate precision in coding practices. Regardless, when analyzindesgatatasets, one must be
aware of changes in coding practices over time and across geograpims.reg

Variables that require special training or equipment to be accuratelymedasd collected may

differ from site to site and therefore a larger registry may contaanadatifferent quality even though
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they purportedly measured the same thing. Similarly, data that is subjetetrpyetation, or for which
different descriptions are possible, such as diagnostic and procedural cantiggides, may be

different between centers or geographic regions or have changed over time. Rowgrdation of the
secondary data set is not uncommon and requires a great deal of data ‘cleasttrgni€lformats for
how the data is stored may be incompatible with other data that one would like tomeege
secondary dataset. Occasionally, the raw data are no longer available exidtthg data may have
been modified (such as average blood pressure or highest or worst physidisggageorded) limiting
the secondary analysis. It is important that any variables that can idepttient be removed from a
dataset when it is ready for analysis. This is important for a secondargtdatesarcher to ensure that it
is done. However, it can cause a problem if the investigator wishes to meagatselatasets. Finally,
the regulatory hurdles that would otherwise increase the workload of the inverstigjaty secondary
datasets are fewer when dealing with data that have already beetedottmwvever, 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 searckdafs
data. Figure 1 shows several general sources from which one can find existiseigtitat are readily
available for research. Table 5 provides internet addresses to accessthesg and/or obtain more
information. The most commonly used datasets include state hospital dischasgesg®HDS,
MEDPAR, SEER and the VA’ PTF and NSQIP. There are other large consodfugsearch groups
that have, and are conducting, large multicenter clinical trials that alsbergood sources of data,
especially after the primary studies have been published. A good starting poiettoimgetvhat
clinical studies are ongoing, and may be the source of future data, is through thelMiegs$ trials

summary site located at www.ClinicalTrials.gov. Perhaps the most dige is to collaborate with
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local investigators who have conducted research in the areas of interestn@ismearch the medical
literature to find investigators who have published in the areas of interest and tuetato 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 regzocablne
exception is the data from private sources such as insurance firms and othe(aiger, Blue Cross
Blue Shield (BCBS), AETNA). These are not generally available unless/astigator is working in
collaboration with that group. When the data are available, they are often provided on COWROM
“deidentified” data for all admissions to acute care hospitals for a spgedr. Usually, the
investigators must sign a data use agreement (DUA) stating that thagptvattempt to identify
individual patients using the data. Such identification is generally not a probless antery rare
medical condition is being studied.

Before using the data, one should obtain approval from the Institutional Review BRRyd (
Many times, with “deidentified” administrative datasets, the projectimeagxempt from review or will
be expedited by an IRB because there are no risks to patients. But itichacking with the IRB and
having a letter on file that documents the exemption. Also, it is important to noterteatrfe
administrative datasets such as the Medicare files, which are not “diggdinthe data use agreements
limit how the data can be used and the IRB must review and approve the project. Trosadditel 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, secondanyadigsis
relies on electronic data that are retrievable and in a digitized fofimadata on CD-ROMS will
usually come as a number of cryptic text files that may be difficult tasac@le data will need to be

imported, in part or in total, to a database management or statistical softwaagegydthe mainstay of
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secondary data analysis is a data matrix of variables listed in such hawaiatistical software such as
Microsoft Excel, STATA, SPSS or SAS can be used to explore and ‘clean’ the datsarszent and
ultimately do statistical analyses. In some cases, the necessardicec#ofis for the computer) is
included for the most commonly used statistical and data management softwasearpte, the HCUP
datasets are provided with the ‘code’ necessary to import the text filesgiatistical programs, SAS
and SPSS. These programs will import the data, create variable names,exatedabels for the
variables. A common starting point is to select an appropriate study populatioror@nseable to
guery the database, the appropriate population must be selected. In a clinitahoy giudy dataset,
the patients of interest are usually defined by variables in diagnoses atyescdn administrative
datasets, patients are selected using ICD-9 diagnostic or procedurelaosielect patients who had an
operation, the ICD-9 procedure codes should be determined. Because the codes tihesbe daudy
population, it is important to use the right ones. An easy way to ensure that one haztheata
codes is to identify such codes found in previous relevant publications that have focuseithon sim
predictors and outcomes as these of the proposed study. Another valuable method tbheenetnect
ICD-9-CM or CPT codes are being used from a larger data query is to reflectd 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 progragxémple SAS or SPSS)
beginning with identification and demographic variables, followed by other clioiaiscriptive
variables and finally outcome variables (Table 1.) It is advisable fromaheiph and initiation phases
of a study to have a statistician as part of the research team in ordeuss @isd advise on how the
data will be delivered, stored and analyzed to be sure that all variables aréygrapdled during data
compiling, cleaning and analysis. If the primary researcher does not haWeaiy statistical methods

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

For purposes of organization, available clinical datasets have been divided intodhcke br
categories. (Figure 1.) The first consists of specific healthcareadamlfSection I, Figure 1). These
contain data from specific clinical trials or from individual physician dé&sasepatients they have cared
for. This category also includes hospital datasets from medical recordtama, specific clinical
departmental databases, and hospital clinical benchmarking/quality datasexamyple of this type of
dataset is the clinical and case-mix (diagnosis, demographics) datanedniaan ICU benchmarking
system such as the APACHE sc8rer the Mortality Prediction Model component of the IMPACT ICU
modeP*. Another source of datasets is the multitude of registries and surveillansetatatablished
by medical societies such as the American Thoracic Society’s caulgger\s database, or larger
registries of multiple datasets such as the SEER. (Figure 1, Sectamally, there are numerous state
and federal governmental and administrative datasets that are often useshdaseanalyses such as

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

Prospectively acquired clinical and outcome datasets

A good example of a secondary dataset that contains prospectively acquireal, atidic
outcome data is the type found in a clinical information system such as the APKICH isk-
adjustment system. A hospital that has this, or a related type of systemwveifithang the most
clinically valid data and the most precise outcome measures available.ddtasets not only contain
demographic and diagnostic information, they generally also contain a numberiofq@igvariables
such as worst recorded values for vital signs, laboratory values, presemase@fessor or inotropic
support, fluid balances and outcome dét®ue to the precise collection of variables in an intensive
care unit, the evaluation of predictors of outcome is most likely to be valid. Gatssets are limited to

patients admitted to a particular area of the hospital, such as the ICU, wheeel d&tamation is
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collected. Furthermore, ICUs that collect these kinds of data are usualigdon fairly large hospitals
so that the information obtained may not be applicable to smaller hospitals, outpatjeat patients,
and procedures where patients are usually not admitted to an ICU postvepberati

State Administrative Databases

Data collected by states have resulted in several influential dustiidées, but the data have
been limited by the inconsistencies in how states collect clinical infanmdator example, only 31
states report data on State Medicaid beneficiaries and several studigthase datasets have
encountered significant inconsistencies in how populations are defined, how vaaralbtesled, and
limited diagnoses fields availaB?e® Most notably, state data have provided insights into the volume-
outcome effect for high-risk procedures and allowed the study of geographitove in the utilization
of new surgical technologi®s Many statewide databases can be obtained for a low price directly from
state hospital associations. Alternatively, the Agency for HealthcaeaRd 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 datab®s@ The investigators demonstrated a large difference in
mortality rates between high and low volume hospitals for pancreaticioeséabm 1988 to 1993 there
were 502 patients who underwent Whipple procedures, with a mortality rate of 2.2% $orgle high-
volume provider compared to 13.5% at the 38 remaining Maryland hospitals. Several add#tenal st
and national datasets have confirmed these findings. As a result, thenerantly several groups, most
visibly the Leapfrog group, advocating selective referral of patieqisining pancreatic resection to
high volume providerg®

Another useful attribute of state databases is the ability to study charfyespital referral
patterns within an area. For instance, in a second study in Maryland, the marketf stlgpancreatic

resections in the state was found to increase from 21% to 59% at the only high-voluns despthe
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study period. These studies highlight the ability of administrative data to cemp@omes across a
broad range of hospitafs

Dissemination of new surgical technology can also be investigated usmgditainistrative
datasets. Often, less-invasive new technology can lower the threshold fegntiter and increase
utilization rates for the procedures. With this in mind, a study combining admaiivistdatasets for
Vermont, New Hampshire, and Massachusetts looked at the rate of surgeryrimesgghageal reflux
diseas#. The population-based rate of anti-reflux surgery more than doubled over five \@38<d
1998) from 4.8 to 11.7 per 100,000. During the same time period, laparoscopic anti-reflux susgery wa
found to increase more than 6-fold (1.2 to 8.9 per 100,000). In addition to the change over time, the rate
of surgery varied across geographic regions. During the most recentawsq3@97-1998), rates of
anti-reflux surgery varied nearly 5-fold (5.4 to 24.5 per 100,000) across hospitall refgioas.

The principal disadvantage of using state databases is the lack of exadidigl. \States may
have unique hospital referral patterns that make a comparison with other dreals. dibr instance, in
the above studies on pancreatic resection, Maryland had only a single high-volurderffr@ther
factors may also make it hard to generalize from one state to another. Nostatehas the same size
population, demographic composition, or rates of disease.

National Administrative Databases

Datasets that are representative of all United States hospitals antaaous when a researcher
wishes to generalize their findings to the broadest patient population possiblevéetipiere is
currently no dataset that contains 100% of all patient discharges in the U.S. Tthatddtaexist are
subsets of hospital data (e.g., Nationwide Inpatient Sample) or patients @dgeaid inpatient
database for acute care hospitalizations.). The datasets that are sdrnpfgstals are chosen so they
represent all US hospitals by containing discharge ‘weights’ that carpbedao their sample in order

to extrapolate to the entire nation. For instance, the Nationwide InpatiepteS@fs) is a stratified
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random sample of 20% of U.S. hospitals. For the NIS, hospital and discharge “warghtalculated

so they represent the universe of hospitals in the American Hospital AssofstiA) survey. The
“weight” is inversely proportional to the probability of being selected indngpge. It is important to

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

trends in utilization or outcomes. There are special “survey” commands thabenused with statistical
software to obtain correct estimates of the standard error and otheicstatistn using datasets that are
stratified samples.

With the emergence of new surgical techniques there is potential fopifpesichanges in the
utilization rates. For instance, recently, less invasive laparoscopic techihoiadesity surgery has
been introduced. Using the NIS database, the rate of obesity surgery from 1990 to 1997 was found t
more than double from 2.7 to 6.3 per 100,000 aduliss previously mentioned, evaluating specific
operations using administrative data can be limited by the use of ICD-9 codesstence, there is no
specific code for the laparoscopic approach in obesity sufg@hus, changes in the approach to
surgery cannot be directly tested. It is important to consider the limitatiaghe 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 Natiowcal Ca
Institute®®(Figure 1. section I1.) contains cancer incidence and survival rates in theel (Sétegrom
14 population-based cancer registries and three supplemental registrié@sgcapproximately 26
percent of the U.S. population. The SEER registry also includes information on more thigan3m
situ and invasive cancers with approximately 170,000 new cases added each yS&ER@ogram
routinely collects data on patient demographics, primary tumor site, morpholagy as@diagnosis, first

course of treatment, and follow-up for vital status. The SEER program is the orgyet@mmsive source
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of population-based information in the United States that includes stage of cahestirae of
diagnosis and also includes survival rates within each stage. The maldgdityeported by SEER are
provided by the NCHS.

Reportable records for a patient are sent from pathology laboratories, doffioes, and
hospitals to the SEER where a patient set is either created or modifieabl®aare collected from
three sources: Health Records, Supplemental Records, and other non-health infoouetes A
health record contains medical information, such as an autopsy, cytology, hemaiotagjogy,
pathology, radiology, and radiotherapy reports. Hospital discharge files andehsalindex, surgery
logs, death certificates, obituaries, and other similar sources are dlgtechcSupplemental records are
those in which related data are contained but which hold no health information. Supplentaraed da
used to verify personal data and follow-up information, and may include department o¥atotbe
records, insurance demographic data, Internal Revenue Service recordsitbtegednds, and voter
registration information. Non-health information sources are limited to cerstignformation and a
name list for race and ethnicity. When the patient set is finalized, it istsedbno the SEER database at
the NCI. The SEER database is updated annually. Registry data are subledtenically without
personal identifiers biannually.

SEER data are available for public use and are free of charge. The SEER 1978{@0Wd2
data are available in the binary format required by the SEER*Stat sefandrin an ASCII text format
which can be analyzed with an investigator's own statistical softwargnadsSEER Public-Use Data
Agreement is required to access the data. Any publications resulting from WfeSEER 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. Themrasincmethod

for accessing the SEER Public-Use Data is to use the SEER*Stat tothecdat through the
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investigator’s Internet connection (SEER*Stat's client-server métteynatively, an investigator may
have CDs containing the data and SEER*Stat software shipped to him/her. Thasel@iasthe
binary and text versions of the data. Finally, investigators may download twoessagifiles
containing the CD images, SEER*Stat, the binary data, as well as the texXtidatiata are constantly
checked for quality and completeness of data reported. Populations coverau aeabde to the
general U.S. population with regard to measures of poverty and education. A disaalohthaegSEER
may be the lack of applicability to some settings since the SEER populations tenddamewhat 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 discusdiagtiment of ductal
carcinoman situ of the breast valvular dysfunction and carotid, subclavian, and coronary artery
disease in survivors of Hodgkin’s lymphoma treated with radiation th&ramd morbidity after radical

prostatectomyy.

Medicare Provider Analysis and RevidEDPAR

Perhaps the most frequently used secondary dataset in the surgicalditbest been the
Medicare Provider Analysis and Review (MEDPAR) File (Figure 1, settiotMEDPAR is a limited
data set (LDS) which contains inpatient hospital and skilled nursing facfiés) records for services
provided to Medicare beneficiaries admitted to Medicare-certified hospitdlSNFY’. National
MEDPAR Data Base consists of approximately 14 million records repnegénédicare beneficiaries.
About 12 million records are from hospitals and two million records are from SNF. Shaseia
subset of the national MEDPAR LDS that has hospitals abstracted by thef sestielence of the
Medicare beneficiary. Data are available in 500-character, fixed-length record format for fiscal
calendar years from 1987 to the preSeMEDPAR files have individual hospital stay records coded in

ascending order by health insurance claim number, along with the admissiomdateg\ader number
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so that the beneficiaries’ records can be linked to inpatient histories. Sjp&aifimation for each
record includes the designated health insurance claim number, as well as ttierprowiber. Other
information comprises beneficiary demographic characteristics ¢a@gder, race), admission data,
diagnosis and surgery information, hospital or SNF resources used, detailed ctegrdaydeof care
and entitlement datgTable 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 researchergjuih® beneficiary or
facility-specific information. MEDPAR continues to be upgraded to permit arasurg level of detail
on claims submitted. MEDPAR includes critical data on accommodations, seandesosts associated
with each inpatient and SFN stay. These data allow researchers to folempand outcomes of care
provided to Medicare beneficiarfe§ he collection of information on 14 million beneficiaries allows
great generalizability using the MEDPAR data. In MEDPAR, co-monpidibrmation is limited and
other key determinants of outcomes, such as provider caseload, are not &%aDahée limitations
include those of any administrative database which has been previously discussed.

Access to MEDPAR is restricted because it contains patient identifieessExpanded Modified
MEDPAR-Hospital File (National) is available to persons qualifying utideterms of the Routine Use
Act as outlined in the December 24, 1984 Federal Register and amended in the on2,dfQRBy This
file consists of approximately seven 3490E cartridges. The cost to eligielstigators is $3,655 per
year. The Expanded Modified MEDPA-Hospital File (State), abstractedobvyder state or beneficiary
state of residence, consists of one 3940E cartridge and the cost to eligibtgatves is $1,080 per
year.

Recent articles in which the MEDPAR File has been used include studies of ouafomes
surgeon volume and operative mortality rdtepronary stent outcomes in a Medicare populdli@nd

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

The National Hospital Discharge Survey (NHDS) (Figure 1, section dif @nnual survey
developed by the National Center for Health Statistics (NCHS) in 1965. plesihmospital and
discharge records for medical and demographic data. In particular, inastérom which the records
are sampled are non-Federal short-stay hospitals that have averalge ¢térsgy less than 30 days for
all patients. The NHDS contains approximately 270,000 inpatient records taken fromsarop® of
approximately 500 hospitals. The NHDS is used for calculating statistics omdhasiization and on
the nature and treatment of illness among the hospitalized poptfatitine database uses a national,
stratified multi-stage probability sample in which patient recordsalected at random and weighted to
represent more than 30,000,000 hospitalizations that occur anftiaMiDS data comprise age, sex,
race, ethnicity, marital status, and expected sources of payment. Admissionchadyéislates and
discharge status are also collected. Coding using the ICD-9 clagsifipatmits collection of patient
diagnoses and procedufés

In 1985 the system for data collection by NHDS was redesigned to improvenefficied
analytic capabilities of the survey by adding discharge data availab&etroeic form and linking the
NHDS to the design of the NCHS'’s National Health Interview Suf/&§HDS data are available in
publications on public-use data tapes, data diskettes, CD-ROMs and files that camloadied from
the internet. Individual year public use data files can be downloaded directttie NCHS at

http://www.cdc.gov/nchs/about/major/hdasd/nhds.¥tualtiyear 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 othe
products are available at the NCHS Data Dissemination Branch at 301-B&BeifNoy email at

NCHSquery@cdc.gov.
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Recent uses of the NHDS can be found in articles discussing rates of lowsnitgxdraputation
and arterial reconstructidh health economic benefits in supplemental calcium for the prevention of hip
fractures®, trends in prostatectomy among black and white’abdominal aortic aneurysm repjr
and patterns of inpatient surgeries for cancers of the lung, female bresttgrand the colon and

rectuny®.

National Surgical Quality Improvement Program

In 1986 the U.S. Congress passed a law requiring Veterans Affairs (VAjdisspitrack the
outcomes of surgical patients. The National Surgical Quality Improvelfregtam (NSQIP) (Figure 1,
section Ill) is a national, validated, outcome-based, risk-adjusted prdgraine measurement and
enhancement of the quality of surgical care. Currently, the NSQIP incorporategete?&ng Affairs
Medical Centers (VAMCs) and 10 beta sites in the private sector. The progrgraresrthe quality of
surgical care among all 132 VA hospitals in the &.Bhe NSQIP models for risk adjustment for 30-
day morbidity and 30-day mortality after major surgery in eight non-cardigicalispecialties. Similar
models were developed for cardiac surgery by the VA’s Continuous ImprovememtliadCaurgery
Program (CICSP). Based on the results of the NVASRS and the CICSP, théatdksbed the NSQIP
in 1994 in all the VA medical centers performing major surgery

In addition to reporting results, the NSQIP was designed to provide feedback to vivaddi
institutions for quality improvement. An NSQIP nurse at each center oversgasspective collection
of data and its electronic transmission for analysis at one of two data comglicetiers. Feedback to
the providers and managers is aimed at achieving continuous quality improveroemsidts of (1)
comparative, site-specific, and outcome-based annual reports; (2) pagsdgsment of performance;

(3) self-assessment tools; (4) structured site visits; and (5) dissiemiofbest practices. Since the
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NSQIP began collecting data, there has been a 27% reduction in the 30-dayymatéatind a 45%
reduction in the 30-day morbidity rate in VA hospitals

Besides providing reports on hospital performance and feedback for quality impnbytrae
NSQIP provides a rich resource for secondary data analysis. Unlike adativestiatabases, the NSQIP
has detailed clinical data. Information on preoperative patient chasticigrintra-operative variables,
and postoperative complications are available for each patient. To furtiee éms quality of data
collection, each center receives an audit with repeated data abstractestianades of inter-rater
reliability.

With the large number of patients and rich clinical detail, many investigagoesused the data
source for research purpos&$*¢#” Several published studies have focused on the validity of the
NSQIP method$’°2 Other reports have been focused on the risk of adverse outcomes for particular
procedure¥. For example, one recent study investigated the frequency of stroke after otih-car
vascular surgefy Given the low stroke rate (<0.6%), single institution studies would not provide
meaningful findings. However, using the NSQIP, there were 2,551 abdominal aneyrgss) 25616
aortobifemoral bypass operations, 6,866 lower extremity bypasses, and 7,442 maj@xioamity
amputationd-. Using this large dataset the authors were able to demonstrate sevesaitoiskfbr
stroke, i.e., mechanical ventilation, previous stroke, and return to the operating roomeCGtheuses
of the NSQIP can be found in articles discussing a demonstration project ¢ NS@n-Veterans
Administration hospitaf§ in which the following was studied: surgeon volume and operative mortality,
outcomes in transthoracic versus transhiatal esophagectomy, pancreaticodonadefac
periampullary cancétand appendicit§*°

Despite the clear advantages of the NSQIP compared to administrativesdatdbere are some
problems with it. First, the external validity is questionable. Patients in VAtatsfend to be older

males and don’t represent the entire US population. Second, the data are harder.tGCwi&atly, the
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database may be accessed only by VA investigators and their institutidnakrgasuch as non-federal
academic centers (Emory University, the University of Kentucky, andineersity of Michigan) as
well as a recent private sector initiative with the American Colle@uodgeons involving 11 additional
university hospitaf$. The NSQIP provides an infrastructure for VA investigators to query thbadsta
and produce scientific presentations and publications. The NSQIP executive boardprast the use
of the data through a formal review process. Forms can be requested from tiRead8@ standard
proposal is submitted. Both university and VA hospital IRB approval is also requird feelease of
data to investigators. Recently, the NSQIP approach has been expanded into thegrteat with data
from more than 50,000 operations from more than a dozen hospitals now atfifablds additional
data will be an added resource that may help to overcome the problems with esxdigdlitgl So far,
however, most of the medical centers are large academic centers and tre tladeefore not yet

applicable to all U.S. hospitals.

Conclusions

Secondary data analysis is a commonly used study methodology in the surgatatdter
Because of the expanding use and number of clinical and administrative datastksly that more
research pertaining to surgical patients will be done in this manner. Thelsérehtgrge relatively easy
to obtain datasets must be tempered by the limited clinical and diagnosistgoréound in many of
them. In the future, merging administrative data with more clinicallywdaa data will likely improve
prognostication, quality improvement efforts (such as by the NSQIP) andffausive analyses. It is
also possible that in the future regulatory agencies and payers of healthllcdeenand these kinds of
data to support continued patient referrals or care. Medicare and managedj@aaizations may be

among the first to require these data.
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Figure 1. Legend
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