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Abstract

Background: Administrative data are a valuable source of estimates of diabetes prevalence for groups such as
coronary heart disease (CHD) patients. The primary aim of this study was to measure concordance between
medical records and linked administrative health data for recording diabetes in CHD patients, and to assess
temporal differences in concordance. Secondary aims were to determine the optimal lookback period for
identifying diabetes in this patient group, whether concordance differed for Indigenous people, and to identify
predictors of false positives and negatives in administrative data.

Methods: A population representative sample of 3943 CHD patients hospitalized in Western Australia in 1998 and
2002–04 were selected, and designated according to the International Classification of Diseases (ICD) version in use
at the time (ICD-9 and ICD-10 respectively). Crude prevalence and concordance were compared for the two
samples. Concordance measures were estimated from administrative data comparing diabetes status recorded on
the selected CHD admission (‘index admission’) and on any hospitalization in the previous 1, 2, 5, 10 or 15 years,
against hospital medical records. Potential modifiers of agreement were determined using chi-square tests and
multivariable logistic regression models.

Results: Identification of diabetes on the index CHD admission was underestimated more in the ICD-10 than ICD-9
sample (sensitivity 81.5% versus 91.1%, underestimation 15.1% versus 4.4% respectively). Sensitivity increased to
89.6% in the ICD-10 period using at least 10 years of hospitalization history. Sensitivity was higher and specificity
lower in Indigenous patients, and followed a similar pattern of improving concordance with increasing lookback
period. Characteristics associated with false negatives for diabetes on the index CHD hospital admission were
elective admission, in-hospital death, principal diagnosis, and in the ICD-10 period only, fewer recorded
comorbidities.

Conclusions: The accuracy of identifying diabetes status in CHD patients is improved in linked administrative
health data by using at least 10 years of hospitalization history. Use of this method would reduce bias when
measuring temporal trends in diabetes prevalence in this patient group. Concordance measures are as reliable in
Indigenous as non-Indigenous patients.
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Background
Linked administrative health data provide a unique re-
source for investigating whole-population diabetes mellitus
(‘diabetes’) prevalence in different patient groups. Admi-
nistrative data systems are commonly designed to collect
resource utilisation data rather than as repositories for re-
search purposes, with recording of comorbid conditions
often not required at every hospital admission [1]. An un-
derstanding of the reliability of hospital data can assist in
accurately estimating the impact of diabetes in the high-
risk coronary heart disease (CHD) patient population [2,3].
In unlinked administrative databases where comorbidity
information is obtained from a single admission, it is im-
portant to understand the reliability of coding and which
patient groups may be under or overestimated from this
data source. Use of information from a single admission
only could underestimate diabetes prevalence and inaccu-
rately identify diabetic patients. Applying a lookback period
to identify prior admissions in which diabetes was recorded
can increase detection of diabetes status in linked datasets
[4]. Many studies identify diabetes using a lookback of less
than two years [5,6] but information is limited on the opti-
mal length of hospitalization history required and whether
this method is consistent over time.
Changes in International Classification of Disease (ICD)

versions could potentially impact the recording of condi-
tions such as diabetes. Significant changes in coding direc-
tives for diabetes were introduced in Australia in 2000 [7],
with a subsequent 20% increase in the number of diabetes-
related admissions to 2003–04 [8]. Accordingly, the na-
tional health statistics body in Australia does not measure
trends spanning the ICD-9 and ICD-10 periods for overall
diabetes-related hospitalizations [8]. Whether these coding
changes have impacted in the same manner on CHD hos-
pitalizations is unknown.
There is limited available data on the accuracy of re-

cording of diabetes in population sub-groups, including in
Indigenous Australians. The risk of diabetes in Indigenous
people is known to be many times higher than in the ge-
neral population [9], and because a high proportion of
Indigenous people reside in rural and remote areas, they
are more likely to be admitted to a non-metropolitan hos-
pital. These factors could impact on identification of dia-
betes from administrative data for these patients. With
high and increasing incidence of diabetes in this group
[9,10] it is imperative that the utility of administrative data
for identifying diabetes status is investigated.
The primary aim of this study was to measure the con-

cordance of administrative data and medical records for
the recording of diabetes in a sample of CHD patients, and
determine whether this has changed over time. Secondary
aims were to determine the optimal lookback period for
identifying diabetes in this patient group, whether concor-
dance differed for Indigenous people with CHD, and to
identify predictors of false negatives and false positives in
administrative data.

Methods
Study setting
The current study was performed in the state of Western
Australia (WA) which is representative of the major
sociodemographic and health economic indicators for
Australia [11]. The population of WA in 2004, the latter
period of the study, was 1.99 million, with 75% residing in
the capital city, Perth [12]. Indigenous people comprise
3.5% of the WA population [13], with around 65% living
in regional, rural or remote areas [14]. Data was sourced
from the population-based electronic linked health data-
base (WA Data Linkage System) which is managed by the
Department of Health WA and has been used extensively
for health-related research [15]. The current study used
two of the system’s core databases - the Hospital Morbi-
dity Data Collection (HMDC) and the Mortality register.
Statutory requirements mean that all hospitalizations and
deaths in WA are recorded within these collections. The
datasets are linked by probabilistic matching based on
name, date of birth, gender and address, with manual cle-
rical checking of uncertain links, and are regularly audited
for quality [16]. Hospital discharge diagnoses are coded in
the HMDC by trained coders using the prevailing ICD
version and relevant modifications (ICD-9 from 1978, and
ICD-10 from July 1, 1999).

Study sample
The study sample was selected from two existing projects:
Monitoring CHD in the Modern Era (Study 1), and More
Informed Action to Improve Aboriginal Heart Health in
WA (Study 2). The sampling frames for these studies have
been described elsewhere [17]. A stratified sample of pa-
tients aged 35–79 years with a hospital discharge diagnosis
of any cardiac condition or chest pain in 1998 or 2003,
admitted to a major public or private metropolitan hos-
pital, was identified from a linked dataset containing all
cardiovascular (CVD) morbidity and mortality records.
The second study similarly identified all Indigenous pa-
tients and a sample of non-Indigenous patients, aged
25–79 years, admitted to any metropolitan or rural hospi-
tals in 2002–04. Hospital record review for these samples
was undertaken and information collected and stored in a
medical records database. Because of the overlap in time
period between the 2003 sample in Study 1 and the Study
2 sample (2002–04), 134 patients appeared in both sam-
pling frames. These were included only once in the med-
ical records database.
Patients in the medical records database were included

in the current study if they had a principal discharge
diagnosis of CHD recorded in the HMDC (ICD-9-CM
410–414, ICD-10-AM I20-I25), because of the high
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recording accuracy of CHD in the principal compared
with secondary diagnosis fields [18]. The first CHD ad-
mission for each patient in each time period was defined
as the ‘index admission’ and selected for inclusion in the
study. The administrative data for the CHD patients
were linked to the medical records database via a unique
identification number assigned to every hospital admis-
sion in WA. Because of known underestimation of iden-
tification of Indigenous status in hospital discharge data
[19], a patient was included as Indigenous if 25% or
more of all of their HMDC records since 1980 were
recorded as Indigenous.
Medical record review
Trained research assistants collected data from medical
records. Thirty-nine admissions could not be reviewed
due to missing medical notes. Data were obtained from
admission notes from the emergency department and
inpatient medical records, and each comorbidity docu-
mented as present, absent, or not recorded. Treatment
of diabetes with insulin or oral hypoglycaemic drugs was
identified from inpatient and discharge drug records for
the admission under investigation. Patients were classi-
fied as having diabetes if it was documented as ‘present’
in the medical notes or if drug treatment for diabetes
was identified. Patients with ‘not recorded’ as their dia-
betes status and no diabetic drugs recorded (n = 66)
were classified in the no diabetes group, and a sensitivity
analysis with these patients removed showed minimal
difference in all concordance measures across the two
samples.
Data quality was initially assessed by review of three

medical records by all research assistants within two weeks
of commencing data collection. Medical records of a total
of 11 patients were subsequently assessed by all data col-
lectors in each study. The observed agreement between
data collectors in Study 1 was high for selected medical
history (92%) and drugs (100%) and similarly for Study 2
(93% and 87% respectively).
Identification of diabetes status from hospital
discharge data
ICD-9-CM was in use in WA at the time of the 1998
admissions, and ICD-10-AM at the time of the 2002–04
sample. Diabetes (Type 1, Type 2, other specified or
unspecified diabetes mellitus) was identified in hospital
discharge data for the CHD sample if coded in any of
21 diagnosis fields (ICD-9/ICD-9-CM 250, ICD-10-AM
E10-E14), using a range of lookback periods for each
individual patient – index CHD admission only, and 1,
2, 5, 10 and 15 years prior to the CHD admission.
Approval for this study was obtained from the Ethics

Committees of The University of Western Australia and
the Department of Health WA, and from the Western
Australian Aboriginal Health Ethics Committee.
Statistical analysis
The crude prevalence of diabetes in the CHD patient sam-
ple was calculated for the index admission and each
lookback period using the administrative data, and from
the medical records database. Observed agreement, sensi-
tivity, specificity, positive predictive value (PPV), negative
predictive value (NPV) and Kappa were used as measures
of concordance between administrative and medical re-
cords data, with the latter designated the reference stand-
ard. Concordance measures were calculated for each
lookback period and also for sub-group and supplementary
analyses. The percentage of under or overestimation of dia-
betes recording in hospital discharge data was calculated
by (Sensitivity/PPV - 1) ×100 [17]. All analyses were strati-
fied by period, with the 1998 sample corresponding to
ICD-9, and the 2002–04 sample to ICD-10. Differences in
prevalence between medical records and administrative
data were tested using McNemar’s test, and concordance
measures between the two ICD samples were tested using
a Pearson chi-square or z-test (for under/overestimation).
Because of the possible impact of sociodemographic

and clinical factors on concordance, and the potential
for changing criteria for admission to hospital for CHD,
variables derived from the administrative data on the
index CHD admission were examined for their associ-
ation with false positives and false negatives, separately
for the ICD-9 and ICD-10 samples. Univariable associa-
tions were analysed using the Pearson chi-square test
(or Fisher’s exact test where cell counts were small).
The variables tested were length of stay (1–2, 3–5,
≥6 days), age group (25–50, 51–65, 66–79 years), gen-
der, admission type (elective versus emergency), Indi-
genous status, Charlson Comorbidity Index (excluding
diabetes; 0, 1– 4, ≥5), number of comorbidities on the
index admission (excluding diabetes; 0–3, 4–7, ≥8),
hospitalization in the previous 90 days, hospital location
(metropolitan versus rural), hospital type (public versus
private), transfer in or out on index CHD admission,
in-hospital death, principal diagnosis (myocardial infarction,
unstable angina, other CHD), and first-ever versus recur-
rent CHD admission. First-ever CHD admission was identi-
fied where there was no CHD admission in the previous
15 years. Variables were tested using binary values unless
otherwise indicated and all analyses undertaken separately
for each ICD period. Significant univariable variables in
each period were entered into a multivariable logistic re-
gression model and odds ratios with 95% confidence
intervals (CI) were calculated. All data analyses were
undertaken using SAS (version 9.3, Cary, NC, USA) and
statistical significance for all analyses was set at p < 0.05.
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Results
The final study sample comprised 3943 index CHD ad-
missions, with 24 patients having an admission in both
periods. Table 1 shows the clinical and demographic
characteristics of the sample. There were 1685 patients
in the ICD-9 sample, and 2258 in the ICD-10 sample,
with Indigenous patients comprising 23.2% of the latter
sample. The majority of cases (94.1%) were admitted for
acute coronary syndromes (myocardial infarction or
unstable angina).

Prevalence of diabetes in CHD patients
In the ICD-9 sample, there was a small but significant dif-
ference between diabetes prevalence from medical records
(22.5%) and index administrative data (21.5%, p < 0.0001)
(Table 2). The difference was also significant (p < 0.0001)
in the ICD-10 sample (34.9% from medical records com-
pared with 29.7% from the administrative data), but preva-
lence increased to 34.2% using all previous hospital
admissions to 15 years. There was a similar pattern in the
Indigenous sample, although absolute prevalence levels
were higher in this patient group.
Table 1 Characteristics of the study sample

ICD-9 ICD-10 Whole sample

(n = 1685) (n = 2258) (n = 3943)

Mean age, years (SD) 64.1 (10.8) 61.1 (12.3) 62.4 (11.8)

Males 1154 (68.5) 1530 (67.8) 2684 (68.1)

Indigenous people 25 (1.5) 525 (23.2) 550 (13.9)

Principal diagnosis

MI 860 (51.0) 1061 (47.0) 1921 (48.7)

UA 737 (43.7) 1052 (46.6) 1789 (45.4)

Other CHD 88 (5.2) 145 (6.4) 233 (5.9)

Length of stay, days

1-2 284 (16.8) 635 (28.1) 919 (23.3)

3-5 714 (42.4) 1011 (44.8) 1725 (43.8)

≥6 687 (40.8) 612 (27.1) 1299 (32.9)

Charlson index

0 777 (46.1) 1163 (51.5) 1940 (49.2)

1-4 807 (47.9) 963 (42.6) 1770 (44.9)

≥5 101 (6.0) 132 (5.8) 233 (5.9)

Comorbidities

0-3 507 (30.1) 1155 (51.1) 1662 (42.1)

4-7 868 (51.5) 862 (38.2) 1730 (43.9)

≥8 310 (18.4) 241 (10.7) 551 (14.0)

Hospital location, rural 22 (1.3) 741 (32.8) 763 (19.3)

Hospital type, private 434 (25.8) 386 (17.1) 820 (20.8)

Booked admission 224 (13.3) 198 (8.8) 422 (10.7)

All figures shown as numbers (percentages) except where indicated. ICD,
International Classification of Diseases; MI, myocardial infarction; UA, unstable
angina; CHD, coronary heart disease.
Concordance measures
Observed agreement was high and Kappa very good in
both samples and across all lookback periods for the re-
cording of diabetes in the two data sources (Table 3).
Sensitivity was significantly lower in the ICD-10 com-
pared with ICD-9 sample from the index admission
(81.5% versus 91.1%, p < 0.0001), but improved to 89.6%
using 10 years of hospitalization history. NPV was sig-
nificantly higher in the ICD-9 than ICD-10 sample (p <
0.0001 for all lookback periods), although the difference
diminished with increasing lookback. Specificity was
high in both samples, with a small decrease as lookback
period increased. PPV declined with use of an increased
lookback period, but there was no statistical difference
between the two time periods. Diabetes status was un-
derestimated by 15% from the hospital discharge index
admission in the ICD-10 sample, which reduced to 2.2%
using a 10-year lookback period (Table 3).
Because of the oversampling of Indigenous patients in

Study 2, the ICD-10 sample was stratified to compare
concordance for the ICD-10 patients from Study 1 only
with the total ICD-10 sample (Study 1 plus Study 2) (see
Additional file 1). There was little difference between
the restricted and full sample for all concordance mea-
sures, with a similar pattern of increasing sensitivity and
a small drop in PPV with increasing lookback period.
Concordance measures in Indigenous patients
Sensitivity was higher in Indigenous compared with non-
Indigenous people for every lookback period, although the
difference was only significant for lookback periods of two
years or more (Table 4). Maximal sensitivity was achieved
with 10 years lookback in Indigenous patients (93.6%).
Specificity was lower in Indigenous than non-Indigenous
patients, with an increasing differential with increasing
lookback period (p < 0.05). Diabetes status was under-
estimated from the hospital discharge index admission in
Indigenous people by 13.3% reducing to 0.3% using a
10-year lookback period.
False negatives and false positives
Significant univariable predictors in both periods for false
negatives were elective admission, in-hospital death, and
non-acute CHD principal diagnosis (Table 5). These re-
mained significant after multivariable adjustment in both
periods. A lower number of comorbidites (0–3) were asso-
ciated with higher odds of a false negative in the ICD-10
but not the ICD-9 period. The level of false positives was
low in both the ICD-9 (n = 22, 1.3%) and ICD-10 (n = 40,
1.8%) samples, with no significant univariable association
with any of the variables tested, and therefore no multiva-
riable analyses were undertaken.



Table 2 Prevalence of diabetes in coronary heart disease patients from medical records and hospital discharge data,
stratified by lookback period

Whole sample Indigenous people*

ICD-9, n (%) ICD-10, n (%) ICD-10, n (%)

(n = 1685) (n = 2258) (n = 525)

Lookback
period

Medical
records

Hospital discharge
data

Medical
records

Hospital discharge
data

Medical
records

Hospital discharge
data

Index admission 380 (22.5) 363 (21.5) ‡ 789 (34.9) 670 (29.7) ‡ 295 (56.2) 256 (48.8) ‡

1 year 373 (22.1) 721 (31.9) ‡ 274 (52.2) ‡

2 years 377 (22.4) 737 (32.6) ‡ 280 (53.3) ‡

5 years 381 (22.6) 765 (33.9) ‡ 290 (55.2) ‡

10 years 383 (22.7) 772 (34.2) ‡ 294 (56.0)

15 years 385 (22.8)† 773 (34.2) ‡ 294 (56.0)

*Indigenous patient sample from the ICD-10 sample only.
P-values are comparing prevalence from medical records with hospital discharge data, separately for ICD-9, ICD-10, and Indigenous sample. †p < 0.05; ‡p < 0.0001.
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Discussion
This study found that identification of diabetes status from
linked administrative health data using the index CHD ad-
mission underestimated the prevalence of diabetes in
CHD patients to a greater degree in the ICD-10 period,
with a correspondingly lower sensitivity and NPV. Sensi-
tivity improved from 81.5% to 89.6% using a 10 year
lookback in the ICD-10 period, with marginal improve-
ment in any measures with a longer lookback period out
to 15 years. Sensitivity was higher and specificity lower for
Indigenous compared with non-Indigenous CHD patients
at the index admission and with an increasing lookback
period. In-hospital death, elective admission type, and a
non-acute CHD principal diagnosis were significantly
associated with false negatives on the index CHD ad-
mission in both periods. The level of false positives was
low in both periods.
Our results highlight the potential for changes in the ac-

curacy of administrative data over time. Although specifi-
city was high in both periods, sensitivity was significantly
Table 3 Concordance measures for the recording of diabetes
records, in the sample of coronary heart disease patients

Observed
agreement,%

Kappa,% Sensitivity,% Speci

Lookback period ICD-9 ICD-10 ICD-9 ICD-10 ICD-9 ICD-10 ICD-9

Index admission 97.0 92.3 91.2 82.5 91.1 81.5‡ 98.7

1 year 96.6 93.4 90.2 85.3 91.6 86.3† 98.1

2 years 96.6 93.4 90.3 85.4 92.1 87.3† 97.9

5 years 96.5 93.6 90.0 85.9 92.4 89.3 97.7

10 years 96.5 93.5 90.0 85.6 92.6 89.6 97.6

15 years 96.4 93.4 89.7 85.5 92.6 89.6 97.5

* Calculated from (Sensitivity/PPV – 1) x 100. Negative values represent the percent
diabetes recording in hospital discharge data compared with medical records.
P-values are from comparison of ICD-9 and ICD-10 for each lookback period. †p < 0
ICD, International Classification of Diseases.
lower in the ICD-10 period. A study of myocardial infarc-
tion patients also found that following the change from
ICD-9 to ICD-10, sensitivity reduced from 80% to 66% for
diabetes with complications using hospitalization data [20].
In contrast, Chen et al. [21] found no impact of this change
on the validity of diabetes and other comorbidities, possibly
because of the use of multiple data sources (hospitalization
and physician claims data). Our results suggest that al-
though diabetes is reasonably accurately recorded in
administrative data compared with other comorbidities
[6,22-24], use of data from the index admission only would
attenuate likely upwards trends in diabetes prevalence in
this population of CHD patients because of the lower sen-
sitivity and NPV in the more recent ICD-10 period. Use of
prior hospitalization history would reduce this difference.
For example, a 10 year lookback period would increase
sensitivity from 81.5% to 89.6% and NPV from 90.8% to
94.5%, with little loss of specificity and still maintaining a
high PPV (91.9%) in the ICD-10 sample, and provide simi-
lar levels of concordance to that of the ICD-9 sample.
in hospital discharge data compared with medical

ficity,% Positive predictive
value,%

Negative
predictive value,%

Underestimation (−)
/ overestimation (+)*

ICD-10 ICD-9 ICD-10 ICD-9 ICD-10 ICD-9 ICD-10

98.2 95.3 96.0 97.4 90.8‡ −4.4 −15.1†

97.3 93.3 94.4 97.6 93.0‡ −1.8 −8.6†

96.7 92.8 93.5 97.8 93.4‡ −0.7 −6.6†

95.9† 92.1 92.2 97.8 94.4‡ +0.3 −3.1†

95.6† 91.9 91.6 97.8 94.5‡ +0.8 −2.2†

95.5† 91.4 91.5 97.8 94.5‡ +1.3 −2.1†

age underestimation and positive values the percentage overestimation of

.05. ‡p < 0.0001.



Table 4 Concordance measures for the recording of diabetes in hospital discharge data compared with medical
records in Indigenous (n = 525) and non-Indigenous (n = 1733) coronary heart disease patients

Lookback
period

Observed
Agreement,%

Kappa,% Sensitivity,% Specificity,% Positive
predictive value,%

Negative
predictive value,%

Underestimation (−) /
overestimation (+) (%)*

Index
admission

Indigenous 90.3 80.6 84.7 97.4 97.7 83.3‡ −13.3

Non-
Indigenous

93.0 81.4 79.6 98.3 94.9 92.3 −16.1

1 year Indigenous 91.4 82.8 88.8 94.8† 95.6 86.8‡ −7.1

Non-
Indigenous

94.1 85.0 84.8 97.8 93.7 94.2 −9.5

2 years Indigenous 92.2 84.2 90.5† 94.3† 95.4 88.6‡ −5.1

Non-
Indigenous

93.8 84.5 85.4 97.2 92.3 94.4 −7.5

5 years Indigenous 92.9 85.7 92.9† 93.0† 94.5 91.1† −1.7

Non-
Indigenous

93.8 84.7 87.2 96.4 90.7 95.0 −3.9

10 years Indigenous 92.9 85.7 93.6† 92.2† 93.9 91.8 −0.3

Non-
Indigenous

93.6 84.3 87.2 96.2 90.2 95.0 −3.3

15 years Indigenous 92.9 85.7 93.6† 92.2† 93.9 91.8 −0.3

Non-
Indigenous

93.6 84.1 87.2 96.1 90.0 95.0 −3.1

Concordance measures calculated using the ICD-10 sample only.
*Calculated from (Sensitivity/PPV – 1) x 100. Negative values represent the percentage underestimation and positive values the percentage overestimation of
diabetes recording in hospital discharge data compared with medical records.
P-values are from comparisons between Indigenous and non-Indigenous patients for each lookback period. †p < 0.05, ‡p < 0.0001.
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Published comparisons for the accuracy of recording of
diabetes in administrative data for Indigenous people are
limited. A Canadian study found that sensitivity was
higher (91.1% versus 86%) and specificity lower (92.8%
versus 97%) for identifying prevalent diabetes cases in the
Aboriginal compared with non-Aboriginal population
[25]. Our results are consistent with this pattern. The like-
lihood of diabetes being recorded at index admission may
be higher in Indigenous patients because diabetes is more
actively diagnosed and treated during hospitalization due
to the known high burden in this population. The signifi-
cantly lower NPV in Indigenous people at index admission
may result from the higher prevalence of diabetes in this
group. However, despite an increased risk of CHD recur-
rence in Indigenous people [26], similar length of lookback
periods (five to 10 years) optimized concordance measures
between Indigenous and non-Indigenous people. Because
the use of hospitalization history draws on all hospital ad-
missions, not just those for CHD, this potentially reflects
the higher hospitalization rates in all diabetics compared
with the general population [27].
Whilst hospital morbidity data may underestimate

population-level diabetes prevalence [28,29], our results
demonstrate that use of a lookback period can provide an
accurate measure of diabetes prevalence in a defined popu-
lation such as hospitalized CHD patients. Comorbidities
used in the Charlson Comorbidity Index identified from
the index hospitalization are underestimated by 46% dur-
ing the ICD-9 period [22], although there is some evidence
that the use of the index admission only provides optimal
model discrimination in mortality outcome studies [24,30].
Use of additional data sources such as claims data, where
available, to identify diabetic status in this sample of pa-
tients may reduce the need for longer lookback periods.
However, our results suggest that ICD-9 administrative
data are reasonably accurate for identifying diabetic and
non-diabetic cases but that the index admission alone may
not correctly identify prevalent diabetic patients in the
ICD-10 era, which is important information for jurisdic-
tions where multiple data sources are not available.
The period differences shown in this study may relate to

changes in coding practices. In many administrative health
databases, conditions secondary to the principal reasons
for admission to hospital are only coded if actively treated
or investigated during the hospital stay [1]. However, du-
ring the 1990s in Australia, diabetes was required to be
coded irrespective of documented intervention [1] which
would contribute to the high levels of concordance be-
tween the two data sources in the ICD-9 period. Coding
standards implemented with the introduction of ICD-10
reversed this requirement [7]. Further directives regarding
coding of diabetic complications have apparently led to a
marked increase in hospitalizations for complications of
diabetes. This highlights the need to understand local



Table 5 Characteristics associated with false negatives in administrative data on index admission

ICD-9 ICD-10

Variable False negatives, n (%)*

(n = 34)
Multivariable model, odds ratio

(95% CI)*
False negatives, n (%)*

n = 146
Multivariable model, odds ratio

(95% CI)*

Admission Type

Booked 12 (25.5)† 3.35 (1.36, 8.28) 22 (29.8) † 1.96 (1.12, 3.44)

Emergency 22 (6.6) - 124 (17.3) -

In-hospital death

Yes 8 (19.5)† 2.61 (0.97, 7.02) 15 (34.9) † 3.70 (1.74, 7.85)

No 26 (7.7) - 131 (17.6) -

Length of stay
(days)

1-2 4 (7.3)† 0.47 (0.14, 1.56) 57 (27.3)† 1.66 (0.99, 2.77)

3-5 11 (5.3) 0.50 (0.21, 1.19) 62 (14.9) 0.91 (0.55, 1.49)

≥6 19 (16.4) - 27 (16.6) -

Principal
diagnosis

MI 16 (8.3)‡ 0.29 (0.09, 0.86) 61 (16.4) † 0.32 (0.16, 0.61)

UA 9 (5.6) 0.24 (0.07, 0.76) 66 (18.0) 0.34 (0.18, 0.66)

Other CHD 9 (33.3) - 19 (36.5) -

Comorbidities

0-3 4 (5.3) - 71 (23.4)‡ 2.41 (1.20, 4.81)

4-7 15 (7.5) 58 (16.5) 1.78 (0.92, 3.45)

≥8 15 (14.3) 17 (12.7) -

*Percentage is the proportion of false negatives within each category for each variable (FN / FN + TP in each category). Multivariable models are adjusted for all
variables which are significant univariable predictors of false negatives in each period, and all are included in the models as categorical variables. Comorbidities
was not included in the multivariable model for the ICD-9 sample. †p < 0.05, ‡p < 0.0001.
ICD, International Classification of Diseases; CI, confidence interval; MI, myocardial infarction; UA, unstable angina; CHD, coronary heart disease; FN, false negative;
TP, true positive.
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coding directives and changes to standards which are rele-
vant to the condition being investigated. Our results show
that despite the incongruent effect of these coding
changes, the use of specified lookback periods would allow
for continuity in trends of diabetes prevalence in CHD
patients.
In contrast to other studies, we found no significant as-

sociation of increasing age or recent hospitalization with
false negatives, and also no association of sex [31,32]. Dif-
fering and potentially changing impacts of age and sex
mean that they are important variables for stratification in
epidemiological studies of CHD trends [33] and our re-
sults show that such studies would not be biased across
age and sex groupings. The only difference ascertained
between time periods was an association of fewer comor-
bidities being recorded in the ICD-10 sample. This has im-
portant implications, as diabetes is more likely to be
coded as a secondary than primary diagnosis [7]. It is
unlikely that this finding is due to the number of avail-
able coding fields [21], as up to 21 diagnosis fields are
available to researchers. Additional analysis of all CHD
and CVD admissions in WA showed a small significant
decrease in the number of comorbidities coded on admissions
during the period of this study (data not shown), indi-
cating a trend towards recording lower numbers of
comorbidities during the more recent time period. A sen-
sitivity analysis was undertaken where variables reaching
significance at the p < 0.1 level in univariable analyses were
included in the multivariable models. There were no dif-
ferences in the significance levels of the existing variables
in the models, which confirmed their significant associ-
ation with false negatives as shown in the main analysis.

Limitations
The generalizability of our results to other hospitalized
conditions, particularly non-cardiac conditions, is uncer-
tain because concordance has been specifically measured
in a sample of CHD patients. However, within a restricted
population hospitalized with CHD, administrative data ap-
pear to reliably detect diabetes status. Although we have
used recording of diabetes status in the medical records as
a reference standard, there are potential limitations in this
data source. Patients with less severe diabetes who are
treated with diet alone may be less likely to be recorded in
medical records as diabetic. There is also the possibility of
inaccurate transfer of comorbid conditions to the discharge
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summary, but review of the whole medical record inclu-
ding drug charts limits the impact of this on identifying
diabetic patients. Our results may not be generalizable to
patients aged over 80 years due to the age range selected in
our sample. However, the lack of significant association
between increasing age and under-recording of diabetes
suggests that any difference in concordance measures in
the very elderly may be small. The differences between the
study samples could conceivably contribute to the diffe-
rences in concordance measures demonstrated in our
results, however, stratification by Indigenous status and by
study source clearly demonstrate a similar pattern as seen
in the main results. We were unable to demonstrate
whether concordance measures have remained consistent
since the latter period of our study.

Conclusion
This study has identified a temporal difference in con-
cordance between medical records and administrative
health data for the identification of diabetes in CHD pa-
tients. In linked administrative data, using up to ten
years of hospitalization history to identify diabetes status
reduces the temporal difference, improving concordance
levels in the later ICD-10 period to those of the ICD-9
period. The use of unlinked administrative data to iden-
tify diabetes status would still provide reasonably high
levels of accuracy however trends over time would be
biased and prevalence of diabetes underestimated in the
later period. Importantly, the level of concordance was
as high in Indigenous as non-Indigenous patients in this
setting, supporting the use of administrative data to
identify diabetic status in this population group where
diabetes and CHD impose a significant burden.

Additional file

Additional file 1: Concordance measures for the recording of
diabetes in hospital discharge data with medical records,
comparing a restricted ICD-10 sample (Study 1 only, n = 1099) and
the whole ICD-10 sample (Study 1 plus 2, n = 2258), stratified by
lookback period.
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