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Context. Comorbidity measures are designed to exclude complications when they
map International Classification of Diseases (ICD-9-CM) codes to diagnostic categories.
The use of data fields that indicates whether each secondary diagnosis was present at the
time of hospital admission may lead to the more accurate identification of preexisting
conditions.
Objective. To examine the rate of misclassification of ICD-9-CM codes into diag-
nostic categories by the Dartmouth–Manitoba adaptation of the Charlson index and by
the Elixhauser comorbidity algorithm.
Data Source. Analysis of 178,838 patients in the California State Inpatient Database
(CA SID) admitted in 2000 for one of seven major medical and surgical conditions. The
CA SID includes a condition present at admission (CPAA) modifier for each ICD-9-CM
code.
Study Design. The Dartmouth/Charlson index and the Elixhauser comorbidity
measure were used to map the ICD-9-CM codes into diagnostic categories for patients
in each study population. We calculated the misclassification rate for each mapping
algorithm, using information from the CPAA as the ‘‘gold standard.’’
Principal Findings. The Dartmouth/Charlson index underestimated the prevalence
of hemiplegia/paraplegia by 70 percent, cerebrovascular disease by 70 percent, myo-
cardial infarction by 65 percent, congestive heart failure (CHF) by 45 percent, and
peptic ulcer disease by 34 percent. The Elixhauser algorithm misclassified complica-
tions as preexisting conditions for 43 percent of the coagulopathies, 25 percent of the
fluid and electrolyte disorders, 18 percent of the cardiac arrhythmias, 18 percent of the
cardiac arrhythmias, and 9 percent of the cases of CHF.
Conclusion. Adding the CPAA modifier to administrative data would significantly
enhance the ability of the Dartmouth/Charlson index and of the Elixhauser algorithm to
map ICD-9-CM codes to diagnostic categories accurately.

Key Words: Comorbidity, severity of disease, benchmarking, quality measure-
ment, quality of care, health outcome assessment, report cards

231

r Health Research and Educational Trust
DOI: 10.1111/j.1475-6773.2005.00419.x



Hospital report cards have become an integral part of the evolving health care
landscape. One of the principal barriers to the widespread implementation of
health outcomes measurement is the cost of collecting the clinical data re-
quired for risk adjustment (Chassin and Galvin 1998). To circumvent this
problem, many performance-profiling systems rely on administrative rather
than clinical data. Third-party payers are making hospital report cards based
on such administrative data available to patients. ‘‘Hospital Comparison
Tools,’’ which uses administrative data to benchmark hospital performance, is
an example of a web-based service offered to members of many major health
care plans such as Blue Cross/Blue Shield and Aetna. The Institute of Med-
icine has identified the importance of these data for assessing health care
quality in Envisioning the National HealthCare Quality Report, by stating that
‘‘Administrative data, such as Medicare claims, represent one of the most
practical and cost-effective data sources on selected components of healthcare
quality available today’’ (Hurtado, Swift, and Corrigan 2001).

Hospital report cards are based on risk-adjusted mortality rates that are
calculated from administrative data. The clinical information used in risk ad-
justment is captured in the primary and secondary diagnoses coded using the
International Classification of Diseases (ICD-9-CM) system. These adminis-
trative data sets, however, fail to distinguish between conditions present at
admission (preexisting conditions) and conditions that developed subsequent
to admission (complications). This distinction is critically important because
misclassifying complications as preexisting conditions can lead to the over-
estimation of the risk of mortality, effectively giving lower quality hospitals
‘‘credit for the complications that occurred under their care’’ ( Jollis and
Romano 1998). For example, a hospital with a high postoperative myocardial
infarction rate after coronary artery bypass grafting will have an inappropri-
ately high-predicted mortality rate and, therefore, a low risk-adjusted mortality
rate if patients with postoperative myocardial infarctions are wrongly assumed
to have had their myocardial infarction prior to hospital admission. Inaccurate
risk adjustment may yield incorrect conclusions regarding hospital quality.
The inability to distinguish accurately between preexisting conditions and
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complications in administrative data may greatly reduce the face validity and
value of hospital quality report cards.

Unfortunately, ICD-9-CM codes in most administrative data sets are not
‘‘date stamped’’ to indicate whether they represent secondary diagnoses that
were present prior to hospital admission or complications that developed
subsequent to hospital admission. Only two states, California and New York,
use a ‘‘condition present at admission’’ (CPAA) field to indicate for each
recorded diagnosis as to whether or not it was present at the time of admission.
Although in theory, the information from the CPAA field should lead to fewer
errors, the extent to which complications are misclassified as preexisting con-
ditions is largely unknown.

In practice, the large number of ICD-9-CM codes——over 14,000——
makes it impossible to perform risk adjustment using administrative data
without first mapping ICD-9-CM codes to a smaller number of diagnostic
categories (i.e., congestive heart failure [CHF], myocardial infarction, renal
disease). The best-known mapping algorithms used for this purpose are the
Deyo (1992) and Dartmouth–Manitoba (Romano, Roos, and Jollis 1993) ad-
aptations of the Charlson index (Charlson et al. 1987), and the Elixhauser
comorbidity measure (Elixhauser et al. 1998). These mapping algorithms are
designed to exclude ICD-9-CM codes in a patient record that are likely to
represent complications. The Deyo and Dartmouth–Manitoba adaptations of
the Charlson index rely on the linkage of hospital data ‘‘across multiple ep-
isodes of care’’ to differentiate between preexisting conditions and compli-
cations. The Elixhauser algorithm, on the other hand, uses information only
from the current admission: by design, many ICD-9-CM codes that could
represent either complications or preexisting conditions were excluded from
the Elixhauser algorithm in an effort to avoid inadvertently identifying a
complication as a preexisting condition.

Whether the addition of CPAA modifiers for each secondary diagnosis
leads to more accurate identification of preexisting conditions versus compli-
cations is not well understood. Previous studies have been limited by small
sample sizes and the use of narrowly defined population groups. Roos et al.
(1997) investigated the extent to which the Dartmouth–Manitoba adaptation of
the Charlson index misclassified complications in patients undergoing coronary
artery bypass grafting surgery (CABG), pacemaker, and hip fracture surgery
(n 5 7,187) using an administrative data set with date stamp information. These
investigators found that the proportion of diagnoses——myocardial infarction,
CHF, and cerebrovascular disease, etc.——that were correctly mapped, varied
between 9.5 and 100 percent. The same study showed that in a much larger
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study population based on patients undergoing 17 surgical procedures, com-
plications represented 11.1 percent of all of the diagnoses. However, in this
larger patient group, findings were not reported for specific diagnostic catego-
ries. Southern, Quan, and Ghali (2004) showed, using an administrative data set
with date stamp information, that the prevalence of specific diagnoses using the
Deyo adaptation of the Charlson index was very similar regardless of whether
or not date stamp information was used in patients with acute myocardial
infarctions (n 5 4,833). However, prevalence rates across diagnoses could be
similar if complications misclassified as preexisting diagnoses were offset by
‘‘missed diagnoses.’’1 Neither of these studies explored the potential for diag-
noses to be ‘‘missed’’ by the Charlson index——which can occur when some
ICD-9-CM codes for a preexisting condition are present only on the current
admission record, and not on a record from a previous hospitalization.

The goal of our study was to quantify the misclassification rate of the
Dartmouth–Manitoba adaptation of the Charlson index and of the Elixhauser
algorithm using date stamp information as the ‘‘gold standard.’’ Our study was
based on a cohort of 178,838 patients admitted for one of seven major surgical
procedures or medical conditions: coronary artery bypass grafting, coronary
angioplasty, carotid endarterectomy, abdominal aortic aneurysm (AAA) re-
pair, total hip replacement, acute myocardial infarction, and stroke. The
Dartmouth–Manitoba adaptation of the Charlson index and the Elixhauser
algorithm were used to map ICD-9-CM codes to diagnostic categories. We
compared the results of using these mapping algorithms with and without the
use of date stamp information. We estimated both the proportion of compli-
cations that were misclassified as preexisting conditions and the proportion of
preexisting conditions that were ‘‘missed’’ using these mapping algorithms.
This study was conducted using the California State Inpatient Database (SID)
because for each recorded diagnosis, California data indicates whether or not
it was present on admission through the use of a ‘‘CPAA’’ field.

Evaluating the importance of the datestamp is important if other states
and the Medicare program are to consider adding date stamps to their ad-
ministrative data. Currently, date-stamped diagnoses are not present in any of
the state discharge databases other than California and New York, nor are
they present in the Medicare or Medicaid databases. Adding date stamp in-
formation to hospital discharge data sets will be expensive because every
secondary diagnosis will have to be evaluated by hospital coders to determine
whether it was present on admission. However, misclassifying complications
as preexisting conditions may seriously bias quality hospital measurement and
may compromise our ability to improve health care quality in this country. If
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our findings show that the addition of ‘‘date stamp’’ information to ICD-9-CM
codes leads to more accurate identification of preexisting conditions, health
care policy makers will need to consider mandating date stamping of ICD-9-
CM codes by the states and by the federal government.

METHODS

Data

This study is based on the 1998–2000 California SID, which contains 100
percent of the state’s inpatient discharge records. The data are made available
through a Federal-State-Industry partnership sponsored by the Agency for
Healthcare Research and Quality (AHRQ) as part of the Healthcare Cost and
Utilization Project (HCUP). The California SID was chosen for this study be-
cause California is one of only two states that date stamps secondary diagnoses.

The data for the California SID were provided by the California Office
of Statewide Health Planning and Development (OSHPD) to HCUP and are
based on data abstracted from medical charts by hospital data coders. ICD-9-
CM coding slots for up to 30 diagnoses and 21 procedures are available for
each patient record in the California SID. The CPAA field——that is, date
stamp——indicates whether a diagnosis was present at admission. It is coded for
all primary and secondary diagnoses with the exception of E-codes. Coding
data quality has been found to be higher when the controlling entity that
submits the data to HCUP is a government agency, as opposed to a private
hospital association (Berthelsen 2000). The discharge data reports submitted by
individual hospitals are checked for errors using software edit tools. In addi-
tion, trend analysis is performed by analysts to detect any large unexplained
variation in the data. Discharge data reports that do not meet error tolerance
levels established by the state (see Table 1) are sent back to the reporting
institution for correction (California Patient Discharge Data Reporting Manual
2000). For discharge data reports not exceeding allowable error tolerance lev-
els, a missing value is assigned to data elements that are incorrectly coded. The
accuracy of the California discharge-based data has been previously validated
by comparing coded data and information obtained by reabstracting medical
records (Stukenborg, Wagner, and Connors 2001). However, the CPAA mod-
ifier has not been validated using reabstraction studies.

We conducted exploratory analyses on the CPAA modifier using the
entire CA SID between 1999 and 2000. The first goal of these analyses was to
determine the proportion of missing CPAA modifiers. We then looked at
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CPAA modifiers for ICD-9-CM codes for secondary diagnoses that most
likely represent preexisting conditions to determine what proportion were
coded as preexisting conditions. Finally, we looked at CPAA modifiers for
some ICD-9-CM codes that were likely to represent complications.

We evaluated the importance of the date stamp in seven study popu-
lations: coronary artery bypass grafting, coronary angioplasty, carotid en-
darterectomy, AAA surgery, hip replacement, myocardial infarction, and
stroke. These primary diagnoses were chosen because they represent com-
mon surgical and medical diagnoses, and are associated with significant mor-
tality. For each study population, we constructed an index data set that
included all the inpatient admissions during the 2000 calendar year that met
the ICD-9-CM coding criteria in Table 2. If a patient was admitted more than
once in 2000 with the same primary diagnosis, only the initial admission was
included in the analysis. We then created longitudinal data sets by linking
patient records in the index data sets to records from previous inpatient ad-
missions between 1998 and 2000 using encrypted social security numbers and
gender. In order to have a uniform ‘‘look back’’ period, we only included
information from prior admissions if they occurred within 2 years of the index

Table 1: Discharge Data Error Tolerance Established by the OSHPD
(California Patient Discharge Data Reporting Manual, 2000)

Data Element
Error Tolerance

Level (%)

Date of birth 0.1
Sex 0.1
Race 5.0
Zip code 5.0
Admission date 0.1
Source of admission 5.0
Type of admission 5.0
Discharge date 0.1
Principal diagnosis 0.1
Condition present at admission for principal diagnosis 0.1
Other diagnoses 0.1
Condition present at admission for other diagnoses 0.1
Principal procedure 0.1
Principal procedure date 1.0
Other procedures 0.1
Other procedures dates 1.0
Disposition of patient 1.0
Prehospital care and resuscitation 0.1
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admission. When the index admission occurred in the same month and year as
a ‘‘linked’’ admission in the longitudinal data set, we used transfer status,
discharge quarter, and live/die status to determine which admission came first.
Of note, since the CA SID is a limited data set, only the month and year of
admission are provided——exact admission dates and discharge dates are not
available. We excluded patients if the time sequence of the index admission
and the ‘‘linked’’ admission could not be determined; 10.7 percent of the
patients were excluded.

STATA 8/SE (2003) programming language was used to map ICD-9-CM
codes to the diagnostic categories in the Elixhauser algorithm (Elixhauser et al.
1998) and to the diagnostic categories in the Dartmouth–Manitoba adaptation
of the Charlson index (Dartmouth/Charlson index) (Romano, Roos, and Jollis
1993).2–4 We did not implement the DRG screen that is used by the Elixhauser
algorithm to exclude secondary diagnoses that are related to the primary
diagnosis. Elixhauser et al. assumed that other measures, such as disease stag-
ing (Gonnella, Louis, and Gozum 1994), could be used to characterize the
severity of disease of the principal diagnosis. However, in practice, most in-
vestigators use comorbidity measures to identify all secondary diagnoses, re-
gardless of whether the secondary diagnoses represent comorbidities or
conditions that characterize severity of disease.

The original versions of the Elixhauser algorithm and of the Charlson
index were developed for use with administrative data that do not contain date

Table 2: ICD-9-CM Codes for Study Populations

Number of
Patients ICD-9-CM Codes

Coronary artery bypass grafting 24,248 36.10–36.39
Coronary angioplasty 39,340 36.01, 36.02, 36.05, 36.06
Carotid endarterectomy 9,900 38.12
Abdominal aortic aneurysm repair 2,819 38.34, 38.44, 38.64
Hip replacement 23,637 81.51, 81.52
Acute myocardial infarction 43,407 410.0, 410.01, 410.1, 410.11

410.2, 410.21, 410.3, 410.31
410.4, 410.41, 410.5, 410.51
410.6, 410.61, 410.7, 410.71
410.8, 410.81, 410.9, 410.91

Stroke 35,487 433.01, 433.11, 433.21, 433.31
433.81, 433.91, 434.01, 434.11,
434.91, 436

ICD-9-CM, International Classification of Diseases.
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stamp information. We constructed two versions of each of these algorithms.
The first version ignored the presence of the date stamp associated with each
ICD-9-CM code (no date stamp version). The second version used the date
stamp associated with each ICD-9-CM code to determine whether an ICD-9-
CM code represented a preexisting condition (date stamp version). We used
these algorithms to map the ICD-9-CM codes to diagnostic categories for
patients in each study population. The two versions of the Elixhauser algo-
rithm were used to map ICD-9-CM codes in the index data set to diagnostic
categories, whereas the two versions of the Dartmouth/Charlson index were
applied to the longitudinal data set.

ANALYSIS

We defined the false-positive error rate (FPER) as the number of complica-
tions identified as preexisting conditions (false positives) divided by the total
number of cases mapped to a diagnostic category (true positives plus false
positives). A patient who is mapped to the ‘‘coagulopathy’’ diagnostic category
by the Elixhauser algorithm and for whom the CPAA modifier indicates that
this secondary diagnosis was not present at admission (i.e. a complication) is
counted as a false positive.

We defined the false negative error rate (FNER) as the number of
‘‘missed’’ diagnoses (false negatives) divided by the total number of diagnoses
(false negatives plus true positives).

In order to avoid coding complications as preexisting conditions, the
Dartmouth/Charlson index will only map some ICD-9-CM codes to a diag-
nostic category if they are present on a prior hospital record. Thus, a false
negative may occur when an ICD-9-CM code present on the index admission
is not present on a prior hospital record. For example, a patient with a history
of myocardial infarction 3 months prior to admission would not be mapped to
the ‘‘myocardial infarction’’ diagnostic category by the Dartmouth/Charlson
index if his most recent previous hospital admission was 6 months prior to the
index admission. Since, by construction, the Elixhauser algorithm does not
use information from prior hospitalizations, the FNER for the Elixhauser al-
gorithm must be zero. It is probable that the Elixhauser algorithm also un-
derestimates the prevalence of some of the diagnostic categories by excluding
ICD-9-CM codes that are likely to represent complications (a problem that
is exacerbated when using the DRG screen). Expanding the Elixhauser
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algorithm to include such codes, and thus quantitate the ‘‘true’’ FNER for the
Elixhauser algorithm, was beyond the scope of this present study.

The formulas for the FPER and for the FNER are shown below:

FPER ¼ false positive
false positiveþ true positive

¼ 1� positive predictive value

where false positive is when a patient is classified as having a condition (i.e.,
CHF) by the no date stamp version and not by the date stamp version and true
positive is when a patient is classified as having a condition by both the date
stamp and the no date stamp versions

FNER ¼ false negative
false negativeþ true positive

¼ 1� sensitivity

where false negative is when a patient is classified as having a condition (i.e.,
CHF) by the date stamp version and not by the no date stamp version and true
positive is when a patient is classified as having a condition by both the date
stamp and the no date stamp version.

We calculated the FPER and the FNER of the ‘‘no date stamp’’ version
of the Dartmouth/Charlson index using the ‘‘date stamp’’ version as the ‘‘gold
standard.’’ We calculated the FPER and the FNER for each of the 16 diag-
nostic categories in the Dartmouth/Charlson index (we excluded AIDS since
HIV status is not coded in the CA SID). These calculations were first per-
formed for each of the seven patient groups separately, and then for all of the
patients together. We repeated this analysis for the Elixhauser algorithm.

RESULTS

After excluding E-codes, which are not coded with the CPAA modifier, out of
over 55 million ICD-9-CM codes, 92.99 percent of CPAA modifiers indicated
that the corresponding ICD-9-CM codes designated diagnoses present at the
time of admission and 6.48 percent conditions that developed following hos-
pital admission. The percent of missing CPAA modifiers was 0.54 percent.

To examine the face validity of the date stamp, we first examined its
distribution with respect to diagnoses types——that is, diagnoses that are likely to
be preexisting conditions and those that are likely to be complications. For ICD-
9-CM codes that are very likely to represent preexisting conditions (ectopic
pregnancy, old myocardial infarction, chronic ischemic heart disease, etc.),
the CPAA fields indicated that these secondary diagnoses were present at
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admission 98 to 99 percent of the time (Table 3). On the other hand, for ICD-9-
CM codes that designate secondary diagnoses very likely to represent com-
plications, the CPAA fields indicated that these secondary diagnoses were not
present at admission between 69 and 80 percent of the time (Table 3). The
likely explanation why this latter percentage was not higher is that some of
these patients were re-admitted with complications that had occurred during a
previous admission. These data suggest that the date stamp in the CA data set
is meaningful and could potentially be used to improve the accuracy of the
Elixhauser algorithm and of the Charlson index.

The FNER——preexisting conditions that were ‘‘missed’’ by the Dart-
mouth/Charlson index——ranged between 0 and 70 percent in the combined
data set (all patient populations). The prevalence of myocardial infarctions was
underestimated by 65 percent, CHF by 45 percent, cerebrovascular disease by
70 percent, peptic ulcer disease by 34 percent, and hemiplegia/paraplegia by
70 percent. The FPER——complications that were misclassified as preexisting
conditions——ranged between 0 and 11 percent. Three percent of the myocar-
dial infarctions, 11 percent of the cases of renal disease, and 7 percent of the
cases of moderate-to-severe liver disease were misclassified as preexisting

Table 3: Selected Conditions and the Proportion Which Are Coded by the
CPAA Modifier as Present at Admission or Not Present at Admission

Condition ICD-9-CM
Present at

Admission, %
Not Present

at Admission, %
Missing

(%)

Chronic conditions
Ectopic pregnancy 633x 99.63 0.18 0.18
Old myocardial infarction 412 99.26 0.30 0.43
Chronic ischemic heart disease 414x 99.42 0.22 0.36
DM, without mention of complications 250.0x 99.14 0.50 0.37
Hereditary hemolytic anemia 282.x 99.38 0.39 0.24
Chronic pulmonary heart disease 416.x 97.54 1.88 0.59
Simple chronic bronchitis 491 99.06 0.50 0.44
Obstructive chronic bronchitis 491.20 99.26 0.43 0.32
Chronic renal failure 585 98.96 0.69 0.35
Chronic glomerulonephritis 582.x 98.17 0.47 1.37
Chronic pyelonephritis 590.x 98.44 1.26 0.30

Complications
Respiratory complications 997.3 23.20 76.46 0.34
Cardiac complications 997.1 19.27 80.40 0.32
Postoperative shock 998.0 24.49 74.91 0.60
Renal complications 997.5 30.23 69.15 0.62

ICD-9-CM, International Classification of Diseases; CPAA, condition present at admission.
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conditions. These results are shown in Table 4. For some of the diagnostic
conditions, there is considerable variability across different patient popula-
tions (Table 5). For example, although the FPER for renal disease was only 11
percent overall, it was 70 percent for patients undergoing AAA repair and 32
percent in patients undergoing CABG. Similarly, although the FPER for
myocardial infarction was only 3 percent overall, it was 23 percent in AAA
patients.

For the Elixhauser algorithm, the proportion of complications misclas-
sified as preexisting conditions ranged between 0 and 43 percent. The results
are shown in Table 6. Nine percent of the cases of CHF, 18 percent of the
cardiac arrhythmias, 8 percent of the ‘‘other’’ neurologic diseases, 43 percent
of the coagulopathies, 25 percent of the fluid and electrolyte disorders, 20
percent of the cases of weight loss, 13 percent of blood loss anemia, and 16
percent of the cases of deficiency anemia represented complications and not
preexisting conditions. As discussed in the Methods section, the FNER for the
Elixhauser algorithm was zero by construction. As with the Charlson index,

Table 4: FNER, FPER, Sensitivity, Specificity, PPV, and NPV of the
‘‘No Date Stamp’’ Version of the Dartmouth–Manitoba Adaptation of the
Charlson Index in the Combined Study Population

Charlson Index Diagnostic Category N FNER FPER Sens Spec PPV NPV

Myocardial infarction 28,873 0.65 0.03 0.35 0.99 0.97 0.65
Congestive heart failure 20,577 0.45 0.00 0.55 1.00 1.00 0.89
Peripheral vascular disease 17,281 0.00 0.01 1.00 1.00 0.99 1.00
Cerebrovascular disease 16,487 0.70 0.00 0.30 1.00 1.00 0.77
Dementia 7,105 0.00 0.00 1.00 1.00 1.00 1.00
COPD 32,931 0.00 0.01 1.00 1.00 0.99 1.00
Rheumatologic disease 3,466 0.00 0.00 1.00 1.00 1.00 1.00
Peptic ulcer disease 3,448 0.34 0.00 0.66 1.00 1.00 0.99
Mild liver disease 858 0.01 0.00 0.99 1.00 1.00 1.00
Diabetes (mild-to-moderate) 45,336 0.00 0.00 1.00 1.00 1.00 1.00
Diabetes (with chronic complications) 11,735 0.00 0.00 1.00 1.00 1.00 1.00
Hemiplegia or paraplegia 5,208 0.70 0.00 0.30 1.00 1.00 0.93
Renal disease 5,725 0.00 0.11 1.00 1.00 0.89 1.00
Any malignancy 7,289 0.00 0.00 1.00 1.00 1.00 1.00
Moderate-to-severe liver disease 412 0.00 0.07 1.00 1.00 0.93 1.00
Metastatic solid tumor 1,912 0.00 0.01 1.00 1.00 0.99 1.00

FNER, false negative error rate; FPER, false positive error rate; PPV, positive predictive value;
NPV, negative predictive value; n, number of patients mapped to a diagnostic category by ‘‘no
date stamp’’ version. The FNER represents the proportion of preexisting conditions that were
‘‘missed’’ by the ‘‘no date stamp’’ version. The FPER represents the proportion of complications
that were misclassified by the ‘‘no date stamp’’ version as pre-existing conditions.
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there was also considerable variability across different patient populations
(Table 7). Although the FPER for CHF was 9 percent overall, it was increased
to 40 percent in AAA patients and 18 percent in CABG patients. Similarly, the
FPER for paralysis was only 4 percent overall, but was found to be 65 percent
in the AAA group and 67 percent in the CABG group.

Table 6: FNER, FPER, Sensitivity, Specificity, PPV, and NPV of the ‘‘No
Date Stamp’’ Version of the Elixhauser Algorithm in the Combined Study
Population

Elixhauser Diagnostic Category n FNER FPER Sens Spec PPV NPV

Congestive heart failure 30,243 0.00 0.09 1.00 0.98 0.91 1
Cardiac arrhythmias 35,778 0.00 0.18 1.00 0.96 0.82 1
Valvular disease 12,760 0.00 0.01 1.00 1.00 0.99 1
Pulmonary circulation 1,923 0.00 0.04 1.00 1.00 0.96 1
Peripheral vascular disease 14,336 0.00 0.01 1.00 1.00 0.99 1
HTN, uncomplicated 91,243 0.00 0.00 1.00 1.00 1.00 1
HTN, complicated 4,304 0.00 0.00 1.00 1.00 1.00 1
Paralysis 14,161 0.00 0.04 1.00 1.00 0.96 1
Other neurological disease 10,360 0.00 0.08 1.00 1.00 0.92 1
Chronic pulmonary disease 25,712 0.00 0.02 1.00 1.00 0.98 1
Diabetes, uncomplicated 39,140 0.00 0.01 1.00 1.00 0.99 1
Diabetes, complicated 6,859 0.00 0.01 1.00 1.00 0.99 1
Hypothyroidism 13,612 0.00 0.00 1.00 1.00 1.00 1
Renal failure 6,660 0.00 0.03 1.00 1.00 0.97 1
Liver disease 1,179 0.00 0.01 1.00 1.00 0.99 1
Peptic ulcer disease, without bleeding 3,234 0.00 0.01 1.00 1.00 0.99 1
Lymphoma 907 0.00 0.00 1.00 1.00 1.00 1
Metastatic cancer 1,200 0.00 0.01 1.00 1.00 0.99 1
Solid tumor without metastasis 13,177 0.00 0.00 1.00 1.00 1.00 1
Collagen vascular disease 3,332 0.00 0.00 1.00 1.00 1.00 1
Coagulopathy 4,002 0.00 0.43 1.00 0.99 0.57 1
Obesity 11,108 0.00 0.00 1.00 1.00 1.00 1
Weight loss 1,693 0.00 0.20 1.00 1.00 0.80 1
Fluid and electrolyte disorder 17,271 0.00 0.25 1.00 0.97 0.75 1
Blood loss anemia 2,762 0.00 0.13 1.00 1.00 0.87 1
Deficiency anemia 18,460 0.00 0.16 1.00 0.98 0.84 1
Alcohol abuse 3,307 0.00 0.01 1.00 1.00 0.99 1
Drug abuse 19,894 0.00 0.01 1.00 1.00 0.99 1
Psychoses 1,998 0.00 0.11 1.00 1.00 0.89 1
Depression 5,549 0.00 0.04 1.00 1.00 0.96 1

FNER, false negative error rate; FPER, false positive error rate; PPV, positive predictive value,
NPV, negative predictive value; HTN, hypertension; n , number of patients mapped to a diag-
nostic category by ‘‘no date stamp’’ version. The FNER represents the proportion of preexisting
conditions that were ‘‘missed’’ by the ‘‘no date stamp’’ version. The FPER represents the pro-
portion of complications that were misclassified by the ‘‘no date stamp’’ version as preexisting
conditions.
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DISCUSSION

In a recent study, the Institute of Medicine emphasized the critical role that
‘‘comparative quality data’’ can play in promoting health care quality
(Corrigan, Eden, and Smith 2002). The goal of quality reporting is ‘‘[drawing]

Table 7: FPER for the Elixhauser Algorithm in the Separate Study Popu-
lations

Patient Population

Combined AAA AMI CABG CEA CVA PTCA THR

Congestive heart failure 0.09 0.40 0.06 0.18 0.13 0.04 0.1 0.13
Cardiac arrhythmias 0.18 0.42 0.11 0.52 0.14 0.03 0.11 0.11
Valvular disease 0.01 0.01 0.01 0.02 0.01 0.01 0.02 0.01
Pulmonary circulation 0.04 0.09 0.03 0.08 0.03 0.01 0.03 0.06
PVD 0.01 0.01 0.01 0.01 0.00 0.01 0.01 0.00
HTN, uncomplicated 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00
HTN, complicated 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.01
Paralysis 0.04 0.65 0.26 0.67 0.36 0.01 0.36 0.30
Other neurological disease 0.08 0.52 0.13 0.53 0.23 0.01 0.20 0.09
Chronic pulmonary disease 0.02 0.03 0.01 0.04 0.01 0.01 0.01 0.01
Diabetes, uncomplicated 0.01 0.03 0.00 0.01 0.01 0.00 0.00 0.01
Diabetes, complicated 0.01 0.00 0.00 0.02 0.00 0.00 0.00 0.01
Hypothyroidism 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00
Renal failure 0.03 0.12 0.02 0.06 0.03 0.02 0.03 0.02
Liver disease 0.01 0.00 0.02 0.01 0.00 0.01 0.01 0.00
PVD without bleeding 0.01 0.04 0.01 0.02 0.02 0.02 0.01 0.01
Lymphoma 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.01
Metastatic cancer 0.01 0.00 0.01 0.07 0.00 0.01 0.02 0.01
Solid tumor without metastasis 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00
Collagen vascular disease 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Coagulopathy 0.43 0.61 0.33 0.65 0.36 0.13 0.45 0.23
Obesity 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Weight loss 0.20 0.43 0.17 0.42 0.32 0.10 0.27 0.20
Fluid and electrolyte disorder 0.25 0.63 0.15 0.61 0.38 0.09 0.28 0.30
Blood loss anemia 0.13 0.28 0.07 0.27 0.10 0.02 0.17 0.28
Deficiency anemia 0.16 0.29 0.08 0.33 0.17 0.03 0.12 0.24
Alcohol abuse 0.01 0.02 0.01 0.01 0.00 0.00 0.01 0.00
Drug abuse 0.01 0.05 0.01 0.02 0.00 0.00 0.01 0.06
Psychoses 0.11 0.56 0.09 0.36 0.17 0.03 0.09 0.14
Depression 0.04 0.19 0.03 0.11 0.06 0.03 0.02 0.02

The FPER represents the proportion of complications that were misclassified by the ‘‘no date stamp’’
version as preexisting conditions. AAA, abdominal aortic aneurysm repair; AMI, acute myocardial
infarction; CABG, coronary artery bypass grafting; CEA, carotid endarterectomy; CVA, stroke;
PTCA, coronary angioplasty; THR, hip replacement, PVD, peripheral vascular disease; COPD,
chronic obstructive pulmonary disease; HTN, hypertension; Combined, all patient groups combined.
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attention to best practices in the hope of driving patient volume to the higher-
quality performers, and spurring action on the part of poor and average per-
formers to enhance their knowledge and skills or limit their scope of practice’’
(Corrigan, Eden, and Smith 2002). Aside from some notable exceptions like
the VA National Surgical Quality Improvement Program (NSQIP) (Khuri,
Daley, and Henderson 2002) and the New York State Cardiac Surgery Re-
porting System (Hannan et al. 1994), current efforts to measure health care
quality are still dependent on ‘‘20th century measurement technology . . .[for
the] culling of information from administrative data sets’’ (Corrigan, Eden, and
Smith 2002). Although clinical data are clearly preferable to administrative
data for performing the risk adjustment required for quality measurement,
they are still largely unavailable for the vast majority of patients. Until the
necessary infrastructure for collecting computerized clinical data becomes
widespread, we must continue to rely on administrative data for risk adjust-
ment. Two states, California and New York, have created enhanced admin-
istrative data sets that include a date stamp to signify whether a secondary
diagnosis was present at the time of hospital admission. This enhancement
may help to mitigate one of the major drawbacks to using administrative data
sets for performance profiling: the difficulty of distinguishing between preex-
isting conditions and complications. The goal of this study was to determine
whether the addition of date stamp information to administrative data im-
proves the ability of two well-known mapping algorithms to accurately iden-
tify preexisting conditions.

This study shows that applying the Dartmouth–Manitoba adaptation of
the Charlson index to administrative data severely underestimates the prev-
alence of myocardial infarction, CHF, cerebrovascular disease, peptic ulcer
disease, and hemiplegia/paraplegia: between 34 and 70 percent of the patients
with these conditions were ‘‘missed.’’ The rate at which complications are
misclassified as preexisting conditions was much lower: 3 percent for myo-
cardial infarctions, 0 percent for CHF, 11 percent for renal disease, and 7
percent for moderate-to-severe liver disease. The high incidence of ‘‘false
negatives’’——missed diagnoses——is a function of how this algorithm is con-
structed. The Dartmouth–Manitoba adaptation of the Charlson index uses
information from prior hospital records to avoid misclassifying complications
as preexisting conditions: ICD-9-CM codes that could represent either pre-
existing conditions or complications must be present on a prior admission
(and not just on the current admission) before they can be mapped to a di-
agnostic category. Thus, a patient who experiences CHF 6 weeks before ad-
mission will not be considered to have CHF as a preexisting condition if his
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prior hospitalization(s) did not include an ICD-9-CM code for CHF. This
approach to excluding complications has a major impact on the ability of the
Dartmouth–Manitoba adaptation of the Charlson index to accurately identify
preexisting conditions. Adding the CPAA modifier to administrative data
would significantly enhance the ability of the Dartmouth–Manitoba adapta-
tion of the Charlson index to accurately map ICD-9-CM codes to diagnostic
categories.

The Elixhauser algorithm, on the other hand, does not use information
from prior hospitalizations to distinguish between complications and preex-
isting conditions. Not surprisingly, we found a much higher misclassification
rate for complications using the Elixhauser algorithm as compared with the
Dartmouth–Manitoba adaptation of the Charlson index. For example, 18
percent of the cardiac arrhythmias and 43 percent of the coagulopathies
identified as preexisting conditions were in fact complications that developed
subsequent to hospital admission. In some study populations, the misclassi-
fication rate was much higher. Forty percent of the cases of CHF in AAA
patients and 18 percent of the cases of CHF in CABG patients identified as
preexisting conditions were in fact complications. Similarly, over 65 percent of
the cases of ‘‘paralysis’’ identified as a preexisting condition using the Elixha-
user algorithm in patients undergoing AAA or CABG turned out to be com-
plications.

Since the Elixhauser algorithm, was designed to be used only with data
from the current hospital record, ICD-9-CM codes that were likely to rep-
resent complications were excluded from the mapping methodology in order
to avoid classifying complications as preexisting conditions. Our study did not
assess the extent to which the Elixhauser algorithm underestimates the prev-
alence of the diagnostic categories. However, our study does demonstrate that
the addition of CPAA modifiers to administrative data would significantly
reduce the misclassification of complications as preexisting conditions for
some of the diagnostic categories in the Elixhauser algorithm.

Our analysis has several strengths. First, it is the single largest study——
178,838 patients with one of seven primary diagnoses——designed to analyze
the potential for misclassifying secondary diagnoses using two widely recog-
nized ICD-9-CM mapping algorithms. The large sample size made it possible
to assess the extent of misclassification of secondary diagnoses across specific
primary diagnoses. Second, this study was population based and, in contrast to
many studies based on the Medicare database, was not limited to patients over
the age of 65. Third, the California SID includes 30 slots for diagnosis codes,
compared with the Medicare database, which only has coding slots for up to
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nine discharge diagnoses. Limiting the number of coding slots can potentially
cause some chronic diagnoses to be truncated from the administrative record
(Iezzoni 2003).

Several potential limitations and caveats are noteworthy. First, this study
assumes that the date stamp provides accurate information on whether an
ICD-9-CM code represents a condition present at the time of admission to the
hospital. The accuracy of the date stamp has not been previously validated in
any study using chart reabstraction or clinical data. However, the fact that the
date stamp identified chronic conditions (ectopic pregnancy, old myocardial
infarction, chronic ischemic heart disease, etc.) as present on admission 498
percent of the time suggests that the CPAA modifier has face validity.

Second, because of the limitations of the data set, we were forced to
exclude some patients with a previous admission in the same year and month
as the index admission. It is likely that the Dartmouth/Charlson index would
have underestimated the prevalence of preexisting conditions to a lesser ex-
tent if these patients had not been excluded.5 However, excluding these pa-
tients would not be expected to decrease the error rate of the Dartmouth/
Charlson index for classifying complications.6 Since the Elixhauser algorithm
is applied only to the index admission, the excluded patients would not be
expected to have an effect on the study results.

Third, our study could be criticized for using comorbidity measures to
identify all preexisting conditions, as opposed to identifying only comorbidi-
ties and ignoring conditions related to disease severity. We believe that for the
purpose of creating prediction models, the distinction between secondary
diagnoses that represent comorbidities versus those that describe severity of
disease is arbitrary. That is, whether a secondary diagnosis is a comorbidity or
a measure of disease severity makes no difference in risk adjustment. This lack
of distinction between comorbidities and disease severity is underscored by
the fact that comorbidity measures are widely used to identify all diagnostic
conditions regardless of whether or not they relate to the principal diagnosis.

Fourth, in order to include all preexisting conditions, we did not im-
plement an integral component of the Elixhauser algorithm——the DRG
screen. Our study design increased the rate at which the Elixhauser algorithm
identified complications as preexisting conditions. The purpose of this study,
however, was not to identify the ‘‘limitations’’ of the Dartmouth/Charlson
index and of the Elixhauser algorithm, but rather to better understand the
extent to which the clinical content derived by applying these mapping
algorithms to administrative data could be enhanced by the addition of
date stamp information. Finally, this study does not examine the effect of
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misclassifying secondary diagnoses on hospital performance ranking. The
impact of date stamping on the identification of hospital quality outliers will be
the subject of future investigations.

Adding date stamp information to administrative data will substantially
improve the ability of the Dartmouth–Manitoba adaptation of the Charlson
index and of the Elixhauser algorithm to accurately identify preexisting con-
ditions in administrative data. This has important health policy implications.
First, health outcomes report cards are only as good as the data on which they
are based. This study demonstrates that ICD-9-CM codes are often mapped
inaccurately into diagnostic categories when date stamp information is not
available. A priori, it is reasonable to assume that poor data quality will lead to
inaccurate report cards. Second, most health care outcomes studies based on
administrative data use the Charlson index as a measure of the intensity of
patient disease. Some of these observational studies have become important
‘‘drivers’’ in the effort to reform health care. For example, the Leapfrog In-
itiative (Birkmeyer, Finlayson, and Birkmeyer 2001), which seeks to use mar-
ket forces to regionalize health care for high-risk surgery to high-volume
centers, illustrates the potential of health policy research to shape health care
policy. This initiative is grounded in the large body of research showing that
higher volumes lead to lower mortality. Most of the studies examining the
volume–outcome association are based on administrative data (Halm, Lee,
and Chassin 2002). The largest, and possibly most influential study to examine
the impact of hospital and surgeon volume on mortality was based on the
Medicare data set and used the Charlson index to adjust for patient severity of
disease (Birkmeyer et al. 2002, 2003). Thus, the drive to institute ‘‘selective
referral’’ of patients undergoing high-risk surgery to high-volume centers
(Dudley et al. 2000) may be based largely on studies with imperfect risk
adjustment due, in part, to the absence of date stamp information.

CONCLUSION

Our findings suggest that adding date stamp information to administrative
data will lead to more accurate mapping of ICD-9-CM codes to diagnostic
categories. This study provides significant insights into the potential risk of
relying on conventional administrative data that are not date stamped for the
construction of hospital report cards. Future studies investigating the impact of
using date stamp information on the evaluation of hospital quality are nec-
essary. It is possible that a relatively simple addition to administrative data
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sets——the CPAA modifier——may greatly improve risk adjustment. The find-
ings of this study may prove useful to health care policy makers exploring the
value and feasibility of instituting date stamping of ICD-9-CM codes in the
other 48 states and in the Medicare/Medicaid programs.
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NOTES

1. Example: 100 patients in the ‘‘date stamp’’ group could be identified as having the
diagnosis of myocardial infarction (MI). In the ‘‘no date stamp’’ group, of the 100
patients identified with the diagnosis of MI, 25 of these could be complications, and
25 of the patients with a ‘‘true’’ history of MI may have been missed in the ‘‘no date
stamp’’ group.

2. We incorporated the additional codes for hypertensive heart and renal disease with
congestive heart failure listed in the footnote in the Romano et al. (1993) descrip-
tion of the Dartmouth–Manitoba adaptation of the Charlson index.

3. We also considered uncomplicated and uncomplicated hypertension as two sep-
arate diagnostic categories.

4. We included the ICD-9-CM code for tobacco abuse in the Elixhauser diagnostic
category for drug abuse.

5. Preexisting conditions are ‘‘missed’’ by the Dartmouth/Charlson index when the
ICD-9-CM codes that are mapped to a diagnostic category must be present on a
previous admission. Prior admissions that are closer in time to the index admission
are more likely to code for an ‘‘acute’’ condition.

6. Complications are incorrectly classified as preexisting conditions by the Dart-
mouth/Charlson index when the ICD-9-CM codes can be mapped to a diagnostic
category if they are present either on the index admission or on a previous ad-
mission.
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