Identifying cases of congestive heart failure from
administrative data: a validation study using primary care

patient records

S. E. Schultz, MA, MSc (1); D. M. Rothwell, MSc (2); Z. Chen, MD (1); K. Tu, MD (1, 3,4)

This article has been peer reviewed.

Abstract

Introduction: To determine if using a combination of hospital administrative data and
ambulatory care physician billings can accurately identify patients with congestive heart
failure (CHF), we tested 9 algorithms for identifying individuals with CHF from
administrative data.

Methods: The validation cohort against which the 9 algorithms were tested combined
data from a random sample of adult patients from EMRALD, an electronic medical
record database of primary care physicians in Ontario, Canada, and data collected in
2004/05 from a random sample of primary care patients for a study of hypertension.
Algorithms were evaluated on sensitivity, specificity, positive predictive value, area
under the curve on the ROC graph and the combination of likelihood ratio positive and
negative.

Results: We found that that one hospital record or one physician billing followed by a
second record from either source within one year had the best result, with a sensitivity of
84.8% and a specificity of 97.0%.

Conclusion: Population prevalence of CHF can be accurately measured using combined
administrative data from hospitalization and ambulatory care.

Keywords: congestive heart failure, validation studies, epidemiologic methods, population
prevalence

Introduction

Hospital discharge abstracts'* have tradi-
tionally been used to identify those
patients with congestive heart failure
(CHF) who present to hospital or who
are hospitalized for other conditions but
have CHF listed as a co-morbidity. In their
recent systematic review of validation
studies of algorithms to identify CHF from
administrative data, Saczynski et al.’
found this to be true for 25 of 35 studies
listed.

Compared with hospital records, the use of
hospital discharge abstracts to identify
patients with CHF has been found to be
highly accurate.** However, with improve-
ments in treatment and decreases in
hospital resources, more patients with
heart failure are being successfully mana-
ged in the community. As a result, they
may never show up in the hospital dis-
charge data or else not until their disease is
in the advanced stages. Thus, using hospi-
tal data alone will probably underestimate
the incidence and prevalence of CHF.

Validated algorithms using combinations
of physician billing data and hospital
discharge abstracts have been developed
to identify patients with chronic disease
conditions that do not necessarily require
hospitalization, for example, hyperten-
sion, diabetes, ischemic heart disease
and asthma.®® However, of the 35 studies
listed in the systematic review conducted
by Saczynski et al.,? only 9 used data from
both hospital discharges and ambulatory
claims data, and only 2 were also popula-
tion-based, although the population was
still limited to patients enrolled in a large
managed-care organization.'%!!

The purpose of our study was to deter-
mine the most suitable algorithm of
administrative data to identify patients
with CHF in Ontario, Canada. We used
information within primary care physician
outpatient electronic medical records
(EMRs) and fee-for-service primary care
physician charts to assess the validity and
reliability of various combinations of
physician billing data and hospital dis-
charge data.

Methods
Data sources

Validation cohort

The validation cohort used in this study
comprised data from two sources. The
first was collected through the Canadian
Cardiovascular Outcomes Research Team
(CCORT) from 17 physicians using
Practice Solutions® Electronic Medical
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Records (EMR) that contributed their
patient records into the Electronic
Medical Record Administrative data

Linked Database (EMRALD). Physicians
participating in this study had to have
been using the EMR for a minimum of 2
years in order to have an EMR populated
with a full practice of patients. Data from
the EMR were extracted from June to
December of 2007, anonymized,
encrypted and then transferred electroni-
cally to the Institute for Clinical Evaluative
Sciences (ICES) in a secure fashion. ICES
is a prescribed entity under the Ontario
Personal Health Information Protection
Act, which means the organization can
receive and use health information, with-
out consent, for analysis and to compile
statistical information about the Ontario
health care system. Data can be collected
from a variety of sources, including the
Ministry of Health and Long-Term Care,
hospitals and physicians, provided ICES
has in place policies, practices and proce-
dures that have been audited and
approved by the Information and Privacy
Commissioner of Ontario. The data used
in this study were handled as per ICES’
standard operating procedures to preserve
patient privacy and confidentiality.

The total eligible EMR patient population
consisted of 19 376 active adult patients
aged 20 years or more. ‘““Active” was
defined as rostered to the participating
physician, having at least 2 visits in the
last 3 years and a valid Ontario Health
Insurance Plan (OHIP) card. Data were
abstracted from a 5% random sample of
patient charts (n=969) by three trained
abstractors. Inter-observer reliability cal-
culated on global agreement on the pre-
sence or absence of CHF was very good
(kappa score [«] >0.80).

The second data source was a random
sample of patient charts abstracted from
76 fee-for-service family physician prac-
tices between December 2004 and August
2005 for validation of an administrative
data-based algorithm to detect cases of
hypertension.® In this study, charts were
abstracted from a random sample of all
eligible patients (n=2472). Eligible
patients were aged 38 years or more,
regular and current patients of the practice
with at least 2 visits during the previous 3

years and an OHIP health card number.
Two abstractors abstracted the charts,
once again with very good inter-observer
reliability, and again calculated on the
overall status of the presence or absence
of CHF (x> 0.80).

We identified patients with CHF from both
data sources in a similar manner: the
trained chart abstractors reviewed all
available entries in the EMR or in the
previous three years in the patient charts.
Each entry was scored as to whether it
indicated “‘definite’” CHF, “‘possible’” CHF,
a family history of CHF or no CHF. A
“definite” CHF entry meant there was
explicit physician documentation stating
that the patient had CHF or one or more of
the following synonyms: biventricular
failure, cardiac decompensation, cardiac
failure, heart failure (right or left), pump
failure, ventricular failure or wet lungs.
Diagnostic test findings consistent with
CHF were classified as ““possible” CHF. If
there was no mention of CHF or any of its
synonyms, patients were considered as
having no CHF. The resulting abstraction
classification for each patient was tabu-
lated and patients were considered to have
CHF only if one or more entries denoted
definite CHF.

To ensure consistency between the two
data sources, only individuals from the
EMR cohort aged 38 years or more were
included. We did not expect this to
introduce any bias as the EMR sample
was a simple random sample from each
physician practice. To enable analysis of
these data, each patient’s health card
number was encrypted, yielding a unique
identification number that could be linked
to the Ontario administrative data hold-
ings housed at ICES.

Administrative data sources

The administrative data sources used to
detect cases of CHF in the population
included the hospital discharge abstract
database (DAD) and the same-day surgery
database (SDS), maintained by the
Canadian Institute for Health Information
(CIHI), and the OHIP database of physi-
cian fee-for-service billings or shadow-
billings. The DAD and SDS classify pre-
2002 diagnoses using codes from the
International Classification of Diseases,

9" Revision (ICD-9) and later ones using
the 10th Revision (ICD-10); the OHIP
database uses a modified version of ICD-
8. The OHIP physician billing data records
over 95% of office-based primary care
physician encounters for Ontario resi-
dents. A diagnostic code for CHF in the
OHIP physician billing database or in the
CIHI hospitalization databases (DAD or
SDS) was the most responsible diagnosis;
otherwise, a co-morbid condition was
taken as positively indicating CHF.

Diagnostic codes used to define CHF

The diagnostic codes used to define CHF
vary considerably. In the ICD-9 schema,
CHF is most often defined as ICD-9 428.
Lee et al.* validated ICD-9 428 against two
sets of clinical criteria using information
from patients’ hospital records and found
it to be highly predictive. In turn,
Vermeulen et al.'”®> compared the perfor-
mance of ICD-9 428 and ICD-10 I50 and
found them to be comparable. These two
results address the question, “Do ICD-9
428 or ICD-10 I50 correctly identify cases
of heart failure?”” However, they do not
speak to the issue of whether these codes
are sufficient to detect all cases of CHF.
Studies from other jurisdictions>'*'* have
used a broader range of diagnostic codes
to identify cases of CHF from adminis-
trative data. We decided to compare two
CHF definitions: a narrow definition that
uses only ICD-9 428 and ICD-10 1500, 1501
and 1509, and a broader definition that
also includes the codes for cardiomyopa-
thy (ICD-9 425; ICD-10 142) and pulmon-
ary edema (ICD-9 514, 518.4; ICD-10 J81).

Algorithms tested

We tested 9 algorithms, which varied
according to the data sources used and
the length of time of follow-up. The
performance of the various administrative
data algorithms was evaluated against the
manually abstracted CHF status from the
patient’s chart/EMR. These algorithms
can be broadly divided into 3 groups.
The first, algorithms 1 to 3, require only
one record for a diagnosis of CHF but test
the wuse of different data sources.
Algorithms 4 to 6 require either one
inpatient record or one ambulatory care
record plus an additional record from
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either source within a specific time period
that varies between 1, 2 or 3 years. The
third group, algorithms 7 to 9, are similar
to 4 to 6 but use only ambulatory care data
and require two ambulatory care records
within 1, 2 or 3 years of follow-up (see
Table 1).

We evaluated each algorithm with respect
to its sensitivity, specificity and positive
predictive value (PPV) and calculated
95% confidence intervals (CIs) using the
binomial approximation method. All ana-
lyses were conducted using SAS version
9.2 (SAS Institute, Cary, NC, US).

We also estimated two summary mea-
sures, the receiver operating characteris-
tics (ROC) curve and the likelihood ratio
positive and negative (LR+ and LR—) to
provide additional diagnostics. The ROC
curve, originally developed to evaluate
signal detection by radar operators, plots
sensitivity (true positives) against 1 minus
specificity (false positives). The closer the
area under the curve (AUC) is to 1.00, the
better the test.

The likelihood ratio graph plots the LR+,
which is the ratio of sensitivity (the true
positive rate) to 1 minus specificity (the
false positive rate), against the LR—,
which is the ratio of the false negative
rate (1 — sensitivity) to the true negative
rate (specificity).'® The LR+ measures the
ability of the test to include those who
have the condition while the LR— mea-
sures the ability to rule out those without
the condition. Using the cut points first
suggested by Jaeschke et al.,'” tests with

an LR+ greater than 10 and an LR— less
than 0.1 are considered very useful, those
with an LR+ between 5 and 10 and an LR—
between 0.1 and 0.2 are considered
moderately useful and those with an LR+
between 2 and 5 and an LR— between 0.2
and 0.5 are only somewhat useful. Tests
with an LR+ less than 2 and an LR— more
than 0.5 are of no use.

Results

The combined validation cohort com-
prised 2338 patients, with 99 definite for
CHF according to their chart or EMR and
2239 without the condition (prevalence =
4.2%).

The age and gender distribution of
patients in the validation cohort was
similar to that of the 2006 Ontario
population'® aged 38 years and older with
a slight over-representation of women
(56% in the cohort compared with 52%
in the general population) and of indivi-
duals aged 65 years and older (32% in the
cohort as opposed to 26% in the Ontario
population aged 38 years and older). This
was to be expected as our validation
cohort was composed of individuals who
make regular visits to a family physician,
and both women and seniors are known to
be more likely to visit a physician.!® The
average age of our active adult cohort was
57.9 years, slightly higher than the aver-
age age (56.1 years) of Ontarian adults
aged 38 years or older.

Taking a broad look across the three
groups of algorithms (see Table 2), two

TABLE 1
Administrative data algorithms tested against manually abstracted CHF status from the
patient’s chart or EMR

Algorithm Description

1 hospital record
1 ambulatory care record

1 hospital or ambulatory care record

2 ambulatory care records in 1 year

2 ambulatory care records in 2 years

© ©® N O v A W N =

2 ambulatory care records in 3 years

1 hospital record alone OR 1 ambulatory care record followed by another record in 1 year
1 hospital record alone OR 1 ambulatory care record followed by another record in 2 years

1 hospital record alone or 1 ambulatory care record followed by another record in 3 years

Abbreviations: EMR, electronic medical record; CHF, congestive heart failure.
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things become evident. The first is that
follow-up time makes very little differ-
ence. The results for algorithms 4, 5 and 6
are nearly identical, and there is also very
little difference in the performance of 7, 8
and 9. What appears to make more of a
difference is the choice of data sources.
For example, the sensitivity of algorithms
4, 5 or 6, which use both hospitalization
and ambulatory care data, is at least 10
percentage points higher than that of
algorithms 7, 8 or 9, which use only
ambulatory care data, and 20 percentage
points higher than hospital data alone.

The impact of data source on algorithm
performance becomes particularly evident
in the results for algorithms 1, 2 and 3.
Algorithm 3, which requires only one
record from any source for a diagnosis of
CHF, had the highest sensitivity at 89.9%
but the lowest specificity (93.5%) and the
poorest PPV (38.0%). Inpatient data alone
(algorithm 1) was the least sensitive,
detecting only 60.6% of CHF cases, but it
also had the highest specificity at 98.6%
and the highest PPV (65.9%; Table 2).
Negative predictive value (data not
shown) was uniformly high, ranging from
99.6% for algorithm 3 to 98.2% for
algorithm 1.

Turning to the results of the summary
measures, it is interesting to note that the
most useful algorithms are again those
that use both ambulatory and hospitaliza-
tion data. All the algorithms that use only
one type of data, be it hospital or
ambulatory care, are lower on the ROC
curve or in the “‘somewhat useful”” area of
the LR graph (Figure 1). Looking at the
ROC curve (Figure 2), the performances of
algorithm 3 followed by 4, 5 and 6 are the
best of the nine. The AUC for algorithm 3
was 0.917 and for 4, 5 and 6 was 0.909.
When comparing the LR results
(Figure 2), algorithms 3, 4, 5, 6 and 2 all
fall within the ‘“moderately useful” sec-
tion of the graph, with algorithm 3 closest
to the ““very useful”” section and algorithm
2 the furthest.

Selecting the best algorithm
The final choice for the best algorithm to

identify CHF cases is between algorithms 3
and 4 (5 and 6 having been dropped from




TABLE 2

Sensitivity, specificity and PPV of nine different algorithms used to estimate CHF status from manually abstracted primary care physician data

and administrative data

Algorithm
number

Sensitivity,
% (95% CI)

Specificity,
% (95% CI)

PPV,
% (95% CI)

1

Description CHF
definition
1 CIHI record Narrow
Broad
1 OHIP claim Narrow
Broad
1 CIHI or OHIP claim Narrow
Broad
1 CIHI or 1 OHIP + 2nd claim (any source) in 1 year Narrow
Broad
1 CIHI or 1 OHIP + 2nd claim (any source) in 2 years Narrow
Broad
1 CIHI or 1 OHIP + 2nd claim (any source) in 3 years Narrow
Broad
2 OHIP/ NACRS claims in 1 year Narrow
Broad
2 OHIP/ NACRS claims in 2 years Narrow
Broad
2 OHIP/ NACRS claims in 3 years Narrow
Broad

60.6 (50.8, 70.4)
60.6 (50.8, 70.4)
82.8 (75.3, 90.4)
82.8 (75.3, 90.4)
89.9 (83.9, 95.9)
90.9 (85.1, 96.7)
84.8 (77.7, 92.0)
84.8 (77.7, 92.0)
84.8 (77.7, 92.0)
84.8 (77.7, 92.0)
84.8 (77.7, 92.0)
84.8 (77.7, 92.0)
72.7 (63.8, 81.7)
72.7 (63.8, 81.7)
74.8 (66.0, 83.5)
74.8 (66.0, 83.5)
75.8 (67.2, 84.4)
75.8 (67.2, 84.4)

98.6 (98.1, 99.1)
98.3 (97.8, 98.8)
95.8 (94.9, 96.6)
95.8 (94.9, 96.6)
93.5 (92.5, 94.5)
93.3 (92.3, 94.4)
97.0 (96.3, 97.7)
96.8 (96.1, 97.5)
97.0 (96.1, 97.5)
96.7 (96.0, 97.5)
96.9 (96.2, 97.6)
96.7 (96.0, 97.4)
97.8 (97.2, 98.4)
97.8 (97.2, 98.4)
97.8 (97.2, 98.4)
97.8 (97.2, 98.4)
97.8 (97.2, 98.4)
97.8 (97.2, 98.4)

65.9 (56.0, 75.9)
61.2 (51.4, 71.0)
46.3 (51.4, 71.0)
46.3 (38.9, 53.7)
38.0 (31.8, 44.3)
37.7 (31.5, 43.8)
55.6 (47.6, 63.6)
53.8 (45.9, 61.8)
55.3 (47.3, 63.3)
53.5 (45.6, 61.4)
54.9 (46.9, 62.9)
53.2 (45.0, 61.0)
59.5 (50.6, 68.4)
59.5 (50.6, 68.4)
60.2 (51.4, 68.9)
60.2 (51.4, 68.9)
60.0 (51.3, 68.7)
60.0 (51.3, 68.7)

Abbreviations: ClI, confidence interval; CHF, congestive heart failure; CIHI, Canadian Institute for Health Information; NACRS, National Ambulatory Care Reporting System; OHIP, Ontario

Health Insurance Plan; PPV, positive predictive value.

FIGURE 1
Results for nine algorithms to detect
congestive heart failure (CHF) cases from
administrative data using two CHF diagnostic
code definitions plotted as on an ROC curve
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Abbreviations: CHF, congestive heart failure; ROC, receiver
operating characteristics.

consideration because their additional
follow-up time is unnecessary). Based on
the results of the summary measures,
algorithm 3 appears superior. What’s
more, if this test were being used in a
clinical setting it usually would be the
best, primarily because its high sensitivity
minimizes the number of cases that would
be missed. However, for population-based
reporting the false positive rate is a more
important consideration. Because this
algorithm will be used for an entire
population, not just self-selected patients
visiting a physician, and because the
condition is relatively rare, even a small
drop in specificity can translate into a
large number of false positive cases. False
positives, in turn, lead to research results
that are biased to the null. As a result,
algorithm 3 is ruled out by its relatively
low specificity and LR+. The best algo-
rithm for identifying cases of CHF is
therefore algorithm 4.

In addition to testing the different algo-
rithms, we also tested two different
definitions of CHF. In most cases there

was little difference in the results. Where
there was a difference, the narrow defini-
tion performed better, mainly because the
broader definition tended to increase the
number of false positives (Table 3).

Discussion

In this study, we tested nine different
administrative data algorithms, which
varied according to the number of records
needed for a CHF diagnosis, the length of
follow-up time allowed and the data
sources used. We also tested two different
sets of diagnostic codes used for identify-
ing individuals with CHF in administrative
data.

Previous studies that compared information
in hospital charts with discharge data have
found the coding of CHF diagnoses to be
very accurate when tested against clinical
criteria such as Framingham or Boston.*®
However, we found that using hospital
data alone to estimate CHF prevalence is
insufficient and may fail to capture 40% of
positive cases. This suggests that a sub-
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FIGURE 2

Likelihood ratios (LR) for nine algorithms to detect congestive heart failure (CHF) cases from administrative data using two CHF diagnostic

code definitions
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stantial proportion of Ontarians with CHF
are being diagnosed and managed outside
of hospital.

Another general finding is that basing a
CHF diagnosis on only a single record with
a CHF diagnostic code can successfully

TABLE 3

identify individuals with the condition
provided both hospitalization and ambu-
latory care data are used. However, this

Comparison of congestive heart failure status from manually abstracted primary care physician data and administrative data using nine

different algorithms (counts)

Algorithm Description CHF True False True False
definition positive, N positive, N negative, N negative, N
1 1 CIHI record Narrow 60 31 2208 39
Broad 60 38 2201 39
2 1 OHIP claim Narrow 82 95 2144 17
Broad 82 95 2144 17
3 1 CIHI or OHIP claim Narrow 89 145 2094 10
Broad 90 149 2090 9
4 1 CIHI or 1 OHIP + 2nd claim (any source) in 1 year Narrow 84 67 2172 15
Broad 84 72 2167 15
5 1 CIHI or 1 OHIP + 2nd claim (any source) in 2 years Narrow 84 68 2171 15
Broad 84 73 2166 15
6 1 CIHI or 1 OHIP + 2nd claim (any source) in 3 years Narrow 84 69 2170 15
Broad 84 74 2165 15
7 2 OHIP/ NACRS claims in 1 year Narrow 72 49 2190 27
Broad 72 49 2190 27
8 2 OHIP/ NACRS claims in 2 years Narrow 74 49 2190 25
Broad 74 49 2190 25
9 2 OHIP/ NACRS claims in 3 years Narrow 75 50 2189 24
Broad 75 50 2189 24

Abbreviations: CHF, congestive heart failure; CIHI, Canadian Institute for Health Information; NACRS, National Ambulatory Care Reporting System; OHIP, Ontario Health Insurance Plan.
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results in an unacceptably high number of
false positives. It is possible that physi-
cians may code CHF when ruling out CHF
and a second diagnostic code would then
be necessary to confirm that this is a true
case of CHF.

We found the best algorithm for identifying
cases of CHF to be one hospitalization
record alone or one ambulatory care record
if it is followed by a second record from any
source within one year; this successfully
identifies approximately 85% of patients
with CHF, while keeping the false positive
rate to the relatively low level of about 3%.
This finding is similar to those in studies of
other chronic conditions, such as diabetes,’
hypertension® and ischemic heart disease,®
and in previous validation studies of the
use of administrative data to identify CHF
cases.'*!!

The fact that length of follow-up time to
the second CHF record made little or no
difference was somewhat surprising and
differs from the results of similar studies
for hypertension and diabetes.®” The
explanation for this may lie with the fact
that most people with true CHF are on
medication and likely visiting a physician
every few months. As a result, one year of
follow-up is sufficient for our algorithm to
detect CHF cases even if patients are not
hospitalized. Hypertension and diabetes,
on the other hand, may be initially
managed without medication, which may
lead to individuals going longer between
visits to their physician, which in turn
means that a longer follow-up time is
required to pick up the second record.

The PPV for all algorithms seem somewhat
low, ranging from 37.7 to 65.9. This is due
to the fact that PPV is strongly related to
prevalence: the lower the prevalence, the
lower the PPV. CHF was relatively rare in
our population, with a prevalence of only
4.3%; hence the low PPVs.

CHF is strongly age-related: extremely rare
among those aged less than 40 years and
rare among those aged between 40 and 65
years, it is increasingly prevalent after age
65 years. This prompts us to recommend
that the algorithm not be used for popula-
tions where CHF is known to be very rare
(i.e. among those aged less than 40 years).

The algorithm can be expected to perform
very well among the elderly, particularly
those aged over 75 years.

With respect to the ICD-9 and ICD-10
codes used to define CHF, we found no
evidence that using an expanded list of
diagnostic codes performed any better
than the narrow definition of ICD-9 428
and ICD-10 1500, 1501 and I509.

Limitations

The limitations to this study are mostly
related to the fact that much of the data
being used were collected for administrative
purposes, not for research. A major limita-
tion of the OHIP data is that only one
diagnosis code is listed per billing. If CHF is
not the patient’s main reason for visiting a
physician, it may not be recorded. Offsetting
this limitation is the fact that Ontarians visit
their physicians quite frequently, especially
if they are aged over 65 years, thus
providing a physician a number of chances
to record CHF on a billing during a year.
This is evident in the fact that length of
follow-up made no difference in the ability
of our algorithms to detect CHF cases.

While we recognize that we were unable
to apply New York Heart Association
(NYHA) diagnostic criteria for CHF to
determine the presence of heart failure,
our study used ‘‘real world”’ data based on
physicians diagnosing and managing
patients according to their own diagnostic
acumen. While this may or may not fit
into formal structured criteria, we would
argue that if a physician is treating a
patient as having CHF, it is reasonable to
consider the patient as having the condi-
tion for incidence and prevalence report-
ing in a large population.

Conclusion

This study has shown that cases of CHF
can be identified with a high degree of
accuracy from administrative data, pro-
vided both ambulatory and hospitalization
records are used. An algorithm of one
hospitalization record, or one ambulatory
record followed by a second record from
either source within one year, with a
diagnostic code definition of ICD-9 428
and ICD-10 1500, 1501, 1509, will identify

CHF patients with a sensitivity of 84.8%
and a specificity of 97.0%.
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