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Abstract

Background: The condition onset flag (COF) variable was introduced into the hospitalization cod-
ing practice in 2008 to help distinguish between the new and pre-existing conditions. However,
Australian datasets collected prior to 2008 lack the COF, potentially leading to data waste. The aim
of this study was to determine if an algorithm to lookback across the previous admissions could
make this distinction.
Methods: All patients requiring kidney replacement therapy (KRT) identified in the Australia and
New Zealand Dialysis and Transplant Registry in New South Wales, South Australia and Tasmania
between July 2008 and December 2015 were linked with hospital admission datasets using proba-
bilistic linkage. Three different lookback periods entailing either one, two or three admissions prior
to the index admission were investigated. Conditions identified in an index admission but not in the
lookback periods were classified as a new-onset condition. Conditions identified in both the index
admission and the lookback periodwere deemed to be pre-existing. The degrees of agreementwere
determined using the kappa statistic. Conditions examined for new onset were myocardial infarc-
tion, pulmonary embolism and pneumonia. Conditions examined for prior existence were diabetes
mellitus, hypertension and kidney failure. Secondary analyses evaluated whether the conditions
identified as pre-existing using COF were captured consistently in the subsequent admissions.
Results: 11140 patients on KRT with 69 403 admissions were analysed. Lookback over a single
admission interval (Period 1) provided the highest rates of true positives with COF for all three
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new-onset conditions, ranging from 89% to 100%. The levels of agreement were almost perfect for
all conditions (k=0.94–1.00). This was consistent across the different time eras. All lookback periods
identified additional new-onset conditions that were not classified by COF: Lookback Period 1 picked
up a further 474 myocardial infarction, 84 pulmonary embolism and 1092 pneumonia episodes.
Lookback Period 1 had the highest percentage of true positives when identifying the pre-existing
conditions (64–80%). The level of agreement was moderate to strong and was similar across the
time eras. Secondary analysis showed that not all pre-existing conditions identified using COF car-
ried forward to the subsequent admission (61–82%) but increased when looking forward across >1
admission (87–95%).
Conclusion: The described algorithm using a lookback period is a pragmatic, reliable and robust
means of identifying the new-onset and pre-existing patient conditions, thereby enriching the
existing datasets predating the availability of the COF. The findings also highlight the value of
concatenating a series of hospital patient admissions to more comprehensively adjudicate the
pre-existing conditions, rather than assessing the index admission alone.

Key words: International Classification of Disease, hospital complications, comorbidity, admissions, administrative datasets

Background

Hospital admission datasets are statutory collections containing
administrative, demographic and clinical data pertaining to each
patient admission for both private and public hospitals. In Australia,
clinical information is coded by trained professionals using the Inter-
national Classification of Diseases (ICD), an international standard
diagnostic classification, and the Australian Classification of Health
Interventions (ACHI), an Australian standard classification system
for procedures and interventions [1, 2]. For each hospital admis-
sion, ICD/ACHI codes are assigned in a single linear entry, with
the first diagnosis indicating the principal admission diagnosis fol-
lowed by either new associated diagnoses arising during admission
or pre-existing diagnoses, in no particular order. As such, these
datasets contain a wealth of information that can be used for quality
assurance, service planning and research.

To maximize the potential usefulness of hospital admission
datasets for research purposes, researchers need a nuanced under-
standing of both data content and quality. The process of care
measures, such as length of stay, readmission rates, critical care
utilization and inter-hospital transfer, is relatively easy to calculate
retrospectively. In contrast, distinguishing between the new onset and
pre-existing conditions and ascertaining a complete list of comorbid
conditions is far more challenging.

Prior to 2008, differentiating new-onset conditions/diagnoses
arising during the course of a person’s admission from pre-existing
conditions/diagnoses based on a single admission’s coded diagnoses
was not possible without a manual review of medical charts as the
onset of condition was not flagged systematically in the codeset. Vali-
dating the recency of ICD diagnosis codes with medical chart reviews
is impractical in large administrative datasets, and as such the longi-
tudinal value of the datasets predating 2008 is severely limited. Since
1 July 2008, reporting a variable called condition onset flag (COF)
was mandated on a national basis in Australia [3, 4]. This variable
is used to flag each diagnosis ICD code as pre-existing, new or sta-
tus unknown. The principal diagnosis is always flagged as not arising
during the admission [3, 5]. As such, the Australian Commission on
Safety and Quality in Health Care in collaboration with the Inde-
pendent Hospital Pricing Authority utilizes this variable as one of
the many measures when assessing the quality of healthcare delivery
[3, 4]. However, this means that important historical data prior to

the availability of the COF variable (pre-2008) are potentially of less
value.

Furthermore, previous studies have reported a poor agreement
between medical chart reviews and administrative datasets in adjudi-
cating the status of conditions and the comprehensiveness of comor-
bidities, but these studies were limited by small record numbers
and the fact that only the index admission was evaluated rather
than several consecutive admissions from patient data in adjudicating
comorbidities and complications [6, 7].

The aim of this study was to report an algorithm for the sec-
ondary analysis of administrative data. The algorithm uses different
lookback durations from the indexed admission to identify both
the new-onset and pre-existing conditions accurately compared with
those identified using the COF variable, thereby potentially allowing
data predating the COF variable introduction to be used for longitu-
dinal cohort investigations to evaluate the trends of hospital-acquired
complications. A secondary aim of this study was to evaluate the
consistency of pre-existing conditions using the COF variable being
carried forward to the subsequent admissions, as would be expected.

Methods

Data sources: hospital admission datasets and
Australia and New Zealand Dialysis and Transplant
Registry
The study population was derived from three health jurisdictions in
Australia. All patients in New South Wales, South Australian and
Tasmanian hospital admission datasets were identified as receiving
chronic kidney replacement therapy (KRT) by Australia and New
Zealand Dialysis and Transplant (ANZDATA) between July 2008
and December 2015. Chronic KRT was defined as chronic in-centre
dialysis, home haemodialysis, peritoneal dialysis or a functioning
kidney transplant, as identified in ANZDATA. All incident KRT
patients aged <18 years of age were excluded. ANZDATA is a clin-
ical quality registry that collects patient demographic and robust
dialysis treatment data prospectively on all incident and prevalent
dialysis patients in Australia and New Zealand and has a near 100%
participation rate [8]. Hospital admission datasets are state-based
administrative datasets that record all separations, including dis-
charges, transfers and episode of care changes from both public and
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private hospitals, with the exception of Tasmania where only public
hospital admissions are recorded. Patient demographics, referral ori-
gin, discharge destination on separation, diagnosis according to ICD
and procedures are all reported in these datasets.

Data linkage
All incident and prevalent patients on KRT were identified in ANZ-
DATA during the specified time periods and matched to individual
patient records in hospital admission datasets using probabilistic
record linkage. Probabilistic linkage uses a combination of personal
identifier variables, such as date of birth, first name and last name,
sex and address, to form probability weights for the likelihood of a
particular hospital admission being associated with one person [9].
This was undertaken by each jurisdiction’s authorized data linkage
unit, with linkage rates >95% for each jurisdiction. New SouthWales
Admitted Patient Data Collection linkage was undertaken by The
Centre for Health Record Linkage, South Australian Inpatient Hos-
pital Separations by SANT DataLink and Tasmania Public Hospital
Admitted Patient Collection by the Tasmanian Data Linkage Unit.

Selection of outcomes
The selection of outcomes was based on the clinical judgement and
detailed examination of the ICD-10 AM codebook. Prior to select-
ing the outcomes, the previously validated Multipurpose Australian
Comorbidity Scoring System for hospital admission datasets was
reviewed to ensure that none of the codes selected overlapped [10].
Myocardial infarction, pulmonary embolism and pneumonia were
selected as new-onset conditions. Diabetes mellitus, hypertension and
kidney failure were chosen as pre-existing conditions as these condi-
tions are common, have significant prognostic effects on both fatal
and non-fatal outcomes and therefore are of potentially greater inter-
est to researchers when modelling important patient outcomes. All
datasets were mapped to the ICD-10AM version at the time of sep-
aration. All possible iterations of each condition across the different
versions of ICD-10AMwere included to account for the variations in
coding (Supplementary Table 1). Further, only admissions ≥3 days
were included, as the recording of comorbidities in day-only dialysis
and day-procedure admissions are often not comprehensive.

Data extraction
New-onset condition
The index record was identified by the presence of the relevant con-
dition (vide supra). Of note, a single condition may be coded by >1
ICD code and therefore all variations of an ICD code representing the
condition of interest were considered (Supplementary Table 1). Con-
ditions identified in an index admission but not in a set number of
previous admission/admissions (also referred to as lookback period)
were classified as a new-onset condition. Three different lookback
periods were evaluated. Lookback Period 1 examined the previous
admission only, Lookback Period 2 extended to the previous 2 admis-
sions and Lookback Period 3 evaluated the previous 3 admissions
(see Figure 1).

Pre-existing condition
Lookback. Similarly, the pre-existing conditions were identified by
the presence of the condition in the indexed admission, as well as in
each of the lookback periods.

Look forward. To investigate if concatenation of multiple coded
admissions could more comprehensively identify the pre-existing
conditions, the look forward algorithm examined if a condition iden-
tified as pre-existing using the COF variable in the index admission
was also coded in a subsequent admission (Look Forward 1). For
Look Forward 3, the algorithm examined whether a condition iden-
tified as pre-existing using the COF variable in the index admission
was coded in any of the following 3 admissions.

Statistical methods
Three different lookback periods preceding the indexed admission
were evaluated to best identify the optimum lookback period for
ascertaining the percentage of true positives for each outcome. True-
positive was present if an event was determined to be a new-onset
condition arising in-hospital as adjudicated using the various look-
back periods and was also deemed to be of new-onset using the
COF variable as a reference standard. Agreement was also assessed
using Landis and Koch’s qualitative assessment of the kappa statis-
tic (k) [11]. The possibility that events were missed by the three
different lookback periods due to the absence of previous hospital
separations to compare with were mitigated by restricting analyses

Figure 1 Lookback and look forward periods.
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to records where a lookback was possible (effective sample size).
This also minimized bias towards patients with a limited history of
comorbidity, as it can happen in first-time admissions. The median
time and interquartile range (IQR) between hospital admissions was
calculated. Subgroup analysis of true-positive percentages and agree-
ment (kappa statistic) between the lookback periods and COF was
also assessed over three different time periods to assess for varia-
tion over time: July 2008 to July 2011 (Era 1), August 2011 to
July 2013 (Era 2) and August 2013 to December 2015 (Era 3).
Principal diagnoses were excluded as these conditions are always clas-
sified as pre-existing on admission. Admissions with no admission or
separation date were also excluded.

Secondary analysis was also undertaken to investigate if a con-
catenation of multiple coded admissions couldmore comprehensively
identify the pre-existing conditions. Thus, for conditions identified
as pre-existing using COF = the admission/admissions following the
indexed admission will be reviewed and assessedassessed if the pres-
ence of the condition was coded again in two different look forward
periods. Look Forward 1 evaluated if the condition was recorded
in the very next admission; Look Forward 3 evaluated if the condi-
tion was recorded in any 1 of the 3 admissions following the indexed
admission (See Figure 1). Analyses were restricted to records where
a look forward was possible. This analysis was also conducted over
the different time eras (Era 1–3) to examine the variation in cod-
ing practices. A one-way analysis of variance was used to determine
if the percentages of pre-existing conditions carried forward to the
subsequent admission were different between jurisdictions. Statistical
analysis was undertaken with Stata version 14.2.

Ethics approval
Ethics approvals were received from New South Wales (HREC/
17/CIPHS/41), South Australia (HREC/17/SAH/115), South Aus-
tralia Aboriginal Health and Research Council (HREC 04-17-746)
and Tasmania (H0017537).

Results

There were 12 490 patients identified as receiving KRT in the
three jurisdictions between July 2008 and December 2015. These
patients were matched with 2 846173 hospital separations; 7085
records had missing dates. After excluding admissions <3 days,
11 140 patients with 69 403 hospital admissions remained for eval-
uation. The median time between admissions for each patient was
86 (IQR 23–244) days. The median age of the patients on admission
was 62.6 (50.1–73.4) years with 58% being identified as males and
mostly of Caucasian ethnicity (84%) (Figure 2).

Outcomes
Primary analyses
New-onset conditions. From July 2008 to December 2015, ICD
codes identifying a myocardial infarction were recorded in 1052 hos-
pital separations, of which 309 (29%) were classified as being of
new-onset by the COF variable. Pulmonary embolism was recorded
in 133 occasions, with 15 (11%) cases being categorized as a new
condition, and pneumonia was recorded in 2087 episodes of care
with 442 (21%) deemed to have arisen newly during a hospital
admission.

Figure 2 Patient flow chart of linkage process and inclusion into analyses.
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Agreement of new-onset conditions identified using the different
lookback periods with events identified using the COF variable as the
reference standard

The percentage of true positives was highest for all three outcomes
in Lookback Period 1: 100% for pulmonary embolism (k=1.00),
93% for myocardial infarction (k=0.96) and 89% for pneumonia
(k=0.94). True positives were lowest in Lookback Period 3: 79% for
pneumonia (k=0.96), 86% for myocardial infarction (k=0.92) and
100% for pulmonary embolism (k=1.00) (Table 1 and Table 2).
Regardless of the lookback period, the level of agreement was almost
perfect (k >0.90) for all three conditions. Importantly, the Look-
back Period 1 identified potentially additional new-onset conditions
including 474 episodes of myocardial infarction, 84 pulmonary
embolism occurrences and 1092 cases of pneumonia that were not
identified using the COF variable.

Further analyses demonstrated that the level of agreement
remained almost perfect for all three new-onset conditions across the
three different eras in Lookback Period 1. This was a similar find-
ing in Lookback Period 2 with an exception of pneumonia where the
level of agreement was lower in Era 1 but remained strong. Table 2
presents the number of true positives and the agreement for each
outcome over the different time eras.

Pre-existing conditions. As expected, kidney failure was the most fre-
quently identified comorbidity using COF, followed by hypertension
and diabetes mellitus. The analyses demonstrated that pre-existing
conditions were not consistently coded across admissions (Table 3).
Thus, while a pre-existing diagnosis of kidney failure was identified
in 18 075 index admissions using the COF variable, it was not coded
at all in 1015 admissions immediately preceding the index admission
(Lookback Period 1).

Agreement between pre-existing conditions identified using the
different lookback periods and those identified using the COF vari-
able as the reference standard

The percentage of true positives was highest in Lookback Period
1 and lowest in Lookback Period 3 (80% vs. 56% for diabetes melli-
tus, 64% vs. 31% for hypertension and 75% vs. 49% for kidney
failure, respectively). The level for agreement was strong for dia-
betes mellitus (k=0.86) and moderate for hypertension (k=0.71)
and kidney failure (k=0.79) for Lookback Period 1, whereas agree-
ment was moderate to weak in Lookback Period 3. Table 3 presents
the percentage of agreement for each pre-existing condition. Further
analysis demonstrated that the level of agreement remained strong
for diabetes mellitus and moderate for both hypertension and kidney
failure in Lookback Period 1 across the different eras Table 4.

Secondary analyses
Secondary analysis also revealed that the conditions identified as pre-
existing using the COF in an index admission were variably carried
forward to subsequent admissions as shown in Table 5. Furthermore,
concatenation of successive admissions improved the identification
of pre-existing (chronic) conditions. Thus, diabetes mellitus was the
condition that was recorded most consistently in both Look For-
ward 1 and Look Forward 3 (82% and 95%, respectively), followed
by kidney failure (75% and 94%, respectively) and hypertension
(61% and 87%, respectively). Compared to Look Forward 1, all
three conditions had a higher rate of being coded again in Look For-
ward 3 across the different eras. There was a statistically significant
difference in the consistency of coding the pre-existing conditions
between jurisdictions in Look Forward 1, but not in Look Forward 3
(Table 5). Ta
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Table 2 True positives (%) and agreement of new-onset conditions across eras

Era 1 Era 2 Era 3

July 2008–July 2011 August 2011–July 2013 August 2013–December 2015 Overall
Total admissions 25 502 19407 24494 69403
Median days between admissions [IQR] 74 [21–216] 96 [26–294] 89 [24–277] 86 [23–244]

Lookback Period 1 (% true positives with 95% CI)
Myocardial infarction 92% (85–98) 89% (82–97) 97% (93–100) 93% (90–96)
Agreement (k) 0.96 Almost perfect 0.94 Almost perfect 0.98 Almost perfect 0.96 Almost perfect
Pulmonary embolism 0a 100% 100% 100%
Agreement (k) a 1.00 Almost perfect 1.00 Almost perfect 1.00 Almost perfect
Pneumonia 84% (75–93) 90% (85–96) 90% (86–94) 89% (86–92)
Agreement (k) 0.91 Almost perfect 0.95 Almost perfect 0.95 Almost perfect 0.94 Almost perfect

Lookback Period 2 (% true positives with 95% CI)
Myocardial infarction 87% (77–97) 90% (82–98) 96% (92–100) 92% (87–96)
Agreement (k) 0.93 Almost perfect 0.95 Almost perfect 0.98 Almost perfect 0.96 Almost perfect
Pulmonary embolism 0a 0a 100% 100%
Agreement (k) a a 1.00 Almost perfect 1.00 Almost perfect
Pneumonia 73% (60–87) 87% (79–95) 87% (82–92) 85% (81–89)
Agreement (k) 0.84 Strong 0.93 Almost perfect 0.93 Almost perfect 0.92 Almost perfect

Lookback Period 3 (% true positives with 95% CI)
Myocardial infarction 72% (53–88) 86% (76–96) 91% (85–97) 86% (80–92)
Agreement (k) 0.83 Strong 0.92 Almost perfect 0.95 Almost perfect 0.92 Almost perfect
Pulmonary embolism 0a 0a 100% 100%
Agreement (k) a a 1.00 Almost perfect 1.00 Almost perfect
Pneumonia 72% (53–88) 86% (76–96) 80% (73–87) 79% (73–84)
Agreement (k) 0.86 Strong 0.87 Strong 0.89 Strong 0.88 Strong

aNo events identified using the COF variable.

Table 3 Comparison of true-positive rates of the pre-existing conditions using three different lookback periods (Overall)

Lookback Period 1 Lookback Period 2 Lookback Period 3

Events iden-
tified
by COF
(Effective
sample
size)

Events
identi-
fied using
Lookback
Period 1

True pos-
itives
(%)

Events iden-
tified
by COF
(Effective
sample
size)

Events
identi-
fied using
Lookback
Period 2

True pos-
itives
(%)

Events iden-
tified
by COF
(Effective
sample
size)

Events
identi-
fied using
Lookback
Period 3

True pos-
itives
(%)

Diabetes
mellitus

12 248 11775 9822/12 248
(80)

9915 7709 6589/9915
(67)

7913 5106 4462/7913
(56)

Hypertension 13 834 10747 8784/13 834
(64)

10 843 5611 4699/10 843
(43)

8424 3009 2571/8424
(31)

Kidney
failure

18 075 17060 13554/18 075
(75)

14 417 10591 8592/14 417
(60)

11 318 6715 5530/11 318
(49)

Discussion

Statement of principal findings
The accurate measurement of in-hospital complications and patient
comorbidities is necessary to assess both the quality of care delivered
and the health burden on society. Administrative datasets routinely
collect clinical data, which if categorized and classified judiciously
can be a powerful means of providing valuable information for
researchers, clinicians and health administrators. This report high-
lights two key findings. Firstly, the almost perfect agreement demon-
strated in the analysis suggests that using an algorithm to lookback
across successive coded admissions is a pragmatic, reliable and robust
means of identifying both new-onset and pre-existing conditions,
thereby enhancing the value of datasets predating the availability
of COF (pre-2008). Secondly, pre-existing conditions are not con-

sistently reported in subsequent admissions, introducing a risk of
misclassification if a single coded admission is chosen at random. The
latter finding underscores the importance of concatenating a series
of patient hospital admissions to reliably determine the pre-existing
conditions, rather than evaluating the index admission alone.

Lookback Period 1 had the highest percentage of true positives as
well as almost perfect agreement with new-onset conditions identified
using the COF variable. These findings were also observed across
the three different eras. The lookback periods also identified addi-
tional new-onset conditions that may have been correctly coded and
misclassified by the COF.

The percentage of true-positives and level of agreement in identi-
fying the pre-existing conditions decreased with increasing lookback
periods, with the highest agreement observed in Lookback Period 1.
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Table 4 True positives (%) and agreement of the pre-existing conditions across eras

Era 1 Era 2 Era 3

July 2008–July 2011 August 2011–July 2013 August 2013–December 2015 Overall
Total admissions 25 502 19407 24494 69403
Median days between admissions [IQR] 74 [21–216] 96 [26–294] 89 [24–277] 86 [23–244]

Lookback Period 1 true positives (95% CI)
Diabetes mellitus 75% (73–77) 73% (71–74) 86% (85–87) 80% (79–81)
Agreement (k) 0.84 Strong 0.80 Strong 0.88 Strong 0.86 Strong
Hypertension 60% (58–61) 61% (59–62) 67% (66–68) 64% (63–64)
Agreement (k) 0.71 Moderate 0.67 Moderate 0.76 Moderate 0.71 Moderate
End-stage kidney failure 74% (73–76) 74% (73–75) 76% (75–77) 75% (74–76)
Agreement (k) 0.82 Strong 0.77 Moderate 0.75 Moderate 0.79 Moderate

Lookback Period 2 true positives (95% CI)
Diabetes mellitus 59% (56–61) 56% (54–58) 74% (73–75) 67% (66–68)
Agreement (k) 0.72 Moderate 0.67 Moderate 0.79 Moderate 0.76 Moderate
Hypertension 40% (36–44) 39% (37–41) 48% (47–49) 43% (42–44)
Agreement (k) 0.52 Weak 0.48 Weak 0.55 Weak 0.54 Weak
Kidney failure 59% (58–61) 58% (57–60) 61% (60–62) 60% (59–60)
Agreement (k) 0.71 Moderate 0.65 Moderate 0.63 Weak 0.67 Weak

Lookback Period 3 true positives (95% CI)
Diabetes mellitus 48% (44–51) 43% (45–47) 64% (63–65) 56% (55–58)
Agreement (k) 0.63 Moderate 0.57 Weak 0.72 Moderate 0.68 Moderate
Hypertension 25% (23–27) 26% (24–27) 35% (34–37) 31% (30–32)
Agreement (k) 0.38 Minimal 0.35 Minimal 0.44 Weak 0.42 Weak
Kidney failure 48% (46–50) 47% (45–49) 50% (49–52) 49% (48–50)
Agreement (k) 0.62 Moderate 0.56 Weak 0.56 Weak 0.59 Weak

Table 5 Percentage of the pre-existing conditions identified using COF that are carried forward to the subsequent admissions

Look Forward 1 admission (95% CI)

July 2008–July 2011 August 2011–July 2013 August 2013–December 2015 Overall (95% CI) two-tailed P value*

Diabetes mellitus 1294/1887 69% (66–71) 1884/2295 82% (81–84) 4443/5004 89% (88–90) 9343/11 364 82% (81–83) P=0.039
Hypertension 1276/2289 56% (54–58) 1944/3009 65% (63–66) 3272/5325 61% (60–63) 8230/13 556 61% (60–62) P=0.002
Kidney failure 2263/3092 73% (72–75) 2814/3769 75% (73–76) 5013/6394 78% (77–79) 12 760/16 913 75% (74–76) P=0.197

Look Forward 3 admissions (95% CI)
Diabetes mellitus 718/786 91% (89–93) 786/819 96% (95–97) 2044/2090 98% (97–98) 6183/6477 95% (95–96) P=0.623
Hypertension 722/854 85% (82–87) 958/1065 90% (88–92) 1977/2267 87% (86–89) 6702/7705 87% (86–88) P=0.988
Kidney failure 1072/1153 93% (91–94) 1256/1344 93% (92–95) 2413/2529 95% (95–96) 8898/9511 94% (93–94) P=0.506

*Two-tailed P value for one-way analysis of variance between the three different jurisdictions.

The level of agreement remained moderate to strong in Lookback
Period 1, and this was a consistent finding across the three eras.

Secondary analysis showed that the pre-existing conditions iden-
tified using COF were not consistently coded in subsequent admis-
sions even when there was no possibility of the condition having
resolved. For example, hypertension was only recorded again in
61% of cases. This in part may explain why pre-existing condi-
tions/comorbidities are underreported in research using administra-
tive datasets (vide infra). However, a much higher percentage of
conditions were coded again in any of the following 3 admissions
(87% for hypertension and 95% for diabetes mellitus). This sug-
gests that the evaluation of a single coded admission has a substantial
likelihood of missing chronic pre-existing conditions and that, when
available, multiple consecutive admissions should be examined to
ensure comprehensive and reliable ascertainment of pre-existing con-
ditions. Sole reliance on the COF variable does not mitigate this risk
as the condition must be coded prior to assignment of the COF. Fur-
thermore, the differences observed in coding between jurisdictions is
likely to be due to the inherent biases in local coding practices and

the potential impact this may have on diagnosis-related group codes
for each admission, which in turn affect hospital funding as some
health jurisdictions are funded by the number and complexity of the
patients treated.

Interpretation within the context of wider literature
Administrative datasets can be imperfect and variable when assess-
ing the outcomes from an indexed admission. This study showed
that concatenating a series of hospital admissions for each person
is necessary to determine the conditions that may have varied in their
recency and duration, whereas previous studies frequently evaluated
coding in the index admission only. This may have been due to var-
ious reasons, including restricted data access, lack of understanding
of administrative datasets or convenience. Using longitudinal data to
evaluate the outcomes has the added advantage of more accurately
determining incidence rates by minimizing the prevalent pool effect
caused by the erroneous inclusion of prevalent cases. The fact that
100% agreement was not achieved with the various lookback periods
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may be explained by the limitations of using the COF variable itself.
Firstly, COF has been inconsistent in its uptake across jurisdictions
and institutions. For instance, reporting of COFs was 74% in public
hospitals in 2009–2010 and had only risen to 81% in 2011–2012,
whilst the rates in private hospitals were even lower [3]. Similarly,
higher rates of reporting were observed in larger hospitals compared
to smaller sub-acute health services [3–5]. Secondly, auditing of COF
accuracy is not routinely reported across jurisdictions. In fact, some
datasets do not undertake quality assurance audits to validate the
accuracy of COF reporting at all. In those that do, reported error
rates are up to 21% in public hospitals and up to 49% in the private
sector [5, 12]. Thirdly, complications arising after surgery between
admissions or conditions that are managed in the outpatient setting
may be omitted when estimating surgical complications, as subse-
quent admissions would not identify them as being pre-existing. This
would also explain why more events were identified using the various
lookback periods. Fourthly, clinical information is coded by trained
professionals, and not clinical experts. The Australian Coding Stan-
dards Condition Onset Flag guidelines stipulate that in situations
where there is ambiguity about the recency of a condition, coders
are advised to default that condition as being pre-existing [3]. Fur-
ther, coders are time limited and therefore it is impractical for them
to review multiple previous admissions to verify recency of the condi-
tions. Nevertheless, not infrequently, clinical coders clarify ambiguity
in in-hospital discharge data with clinicians. Finally, besides cleri-
cal errors, inadequate medical documentation can make identifying
the new and pre-existing conditions difficult. Notwithstanding these
limitations, the lack of subgroup specification detail in ICD diagno-
sis and procedure codes does not allow for more granular coding
of clinical information. Subsequent revisions are more comprehen-
sive. For instance, ICD-9 had approximately 17 000 codes, whereas
ICD-10 has now incorporated more than 1 55 000 codes, permit-
ting increased specificity for describing a diagnosis. Importantly,
researchers need to acknowledge that transitions between different
versions of the ICD coding schema may also result in disruption in
the observed trends [13].

Strengths and limitations
Amajor strength of our study was both the large numbers of patients
(n=11140) and matched records (n=69403) for analysis. The
patients in this study also spanned across multiple jurisdictions,
including both large metropolitan and regional hospitals. A limi-
tation of this study was that it only involved patients with kidney
failure receiving chronic KRT. In addition, due to the large numbers
of admissions involved, it was not possible to evaluate the observed
discrepancies in reporting by reviewing medical records. Previous
studies have demonstrated suboptimal accuracy of coding compli-
cations in administrative datasets when compared to clinical chart
reviews, and in fact, have concluded that there is a systematic under-
reporting of new and pre-existing conditions [6, 7]. Interestingly,
Reilly et al. also demonstrated poor inter-rater agreement between
anaesthetists in identifying postoperative complications in their retro-
spective chart review of 482 patients undergoing surgery, suggesting
that this approach itself has shortcomings. Notably, these studies are
limited by small numbers.

Conclusion

The findings of this study highlight the value of concatenating
longitudinal patient data to improve the reliability of coding of pre-
existing conditions, rather than using coding information from the

index admission only. The pragmatic algorithm described herein pro-
vides a reliable and robust approach to identifying the recency of
conditions in health datasets predating the availability of the COF
variable, thereby improving patient-orientated research, enriching
existing datasets and minimizing data waste. These findings have
important implications for future researchers using administrative
databases to quantify new-onset and pre-existing conditions when
modelling important patient outcomes.
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