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Abstract

Introduction: Postoperative atrial fibrillation (POAF) is a frequent complication of cardiac surgery associated with
important morbidity, mortality, and costs. To assess the effectiveness of preventive interventions, an important
prerequisite is to have access to accurate measures of POAF incidence. The aim of this study was to develop and
validate such a measure.

Methods: A validation study was conducted at two large Canadian university health centers. First, a random
sample of 976 (10.4%) patients who had cardiac surgery at these sites between 2010 and 2016 was generated.
Then, a reference standard assessment of their medical records was performed to determine their true POAF status
on discharge (positive/negative). The accuracy of various algorithms combining diagnostic and procedure codes
from: 1) the current hospitalization, and 2) hospitalizations up to 6 years before the current hospitalization was
assessed in comparison with the reference standard. Overall and site-specific estimates of sensitivity, specificity,
positive (PPV), and negative (NPV) predictive values were generated, along with their 95%CIs.

Results: Upon manual review, 324 (33.2%) patients were POAF-positive. Our best-performing algorithm combining
data from both sites used a look-back window of 6 years to exclude patients previously known for AF. This algorithm
achieved 70.4% sensitivity (95%CI: 65.1–75.3), 86.0% specificity (95%CI: 83.1–88.6), 71.5% PPV (95%CI: 66.2–76.4), and
85.4% NPV (95%CI: 82.5–88.0). However, significant site-specific differences in sensitivity and NPV were observed.

Conclusion: An algorithm based on administrative data can identify POAF patients with moderate accuracy. However,
site-specific variations in coding practices have significant impact on accuracy.

Keywords: Validation study, Administrative databases, Postoperative atrial fibrillation, Cardiac surgery, Canadian version
of the international classification of diseases.
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Introduction
New onset of atrial fibrillation following cardiac surgery, re-
ferred to as postoperative atrial fibrillation (POAF), is a com-
mon complication, occurring in approximately 20 to 60% of
patients depending on the type of surgical interventions per-
formed [1]. Prior studies have shown that POAF is associated
with important morbidity, mortality, and costs [1–5]. Specif-
ically, POAF markedly increases the risk of embolic events
(e.g., stroke, thromboembolism), cardiac complications (e.g.
heart failure, myocardial infarction, cardiac arrest), as well as
renal and respiratory failure [1, 2, 5]. Moreover, POAF dou-
bles the risk of both 30-day and 6-month mortality [1]. In
addition, it increases the length of intensive care unit (ICU)
and hospital stays by 12 to 24 h and by 2 to 5 days, respect-
ively. Ultimately, longer ICU and hospital stays further in-
crease the cost of a hospitalization [1]. Given these figures,
there is a pressing need to better understand the risk factors
associated with POAF incidence and to assess the effective-
ness of preventive interventions [6]. However, an important
prerequisite for meeting these requirements is to have access
to an accurate and efficient measure of POAF incidence.
Although manual chart review is the reference standard

for identifying adverse events such as POAF [7–11], it is
time-consuming, resource-intensive, and costly [12–14].
Other alternatives, such as prevalence surveys or incident
reporting systems, similarly lack efficiency and scalability and
are well-known for under-reporting issues [12, 15]. For these
reasons, there is increasing interest in identifying more effi-
cient and cost-effective methods for monitoring and report-
ing on adverse events [16].
Among the potential alternatives, administrative data,

which are composed of discharge diagnostic and procedure
codes, have the advantage of being readily available for large
populations of patients, relatively easy to use, and inexpensive
[17, 18]. Moreover, several studies have reported that these
codes can accurately identify several adverse events, including
prevalent cases of AF [2, 7]. However, much less research at-
tention has been given to the development and validation of

algorithms for detecting incident cases of AF, such as POAF
[19, 20]. Accurately identifying POAF is of particular interest
because incident outcomes are more useful than prevalent
conditions when conducting surveillance for adverse events
or quality improvement initiatives [7]. Moreover, with the
growing emphasis on benchmarking and public reporting of
adverse events data, detection methods must not only be ac-
curate, they must also allow for valid inter-institutional com-
parisons [21, 22]. To the best of our knowledge, whether the
accuracy of POAF detection algorithms based on administra-
tive data varies across hospitals has never been assessed.

Methods
Objectives
The objectives of this multicenter study were to: a) as-
sess the accuracy of an algorithm based on administra-
tive data for identifying patients with incident POAF
following cardiac surgery, and; b) determine whether the
accuracy of this algorithm varies across sites.

Study design and population
A validation study was conducted at two large university
health centers (UHC) located in the Canadian province
of Quebec. A random sample of 986 (10.4%) adult pa-
tients aged 18 years and older was selected among 9403
patients who received a cardiac surgery between January
1st, 2010 and December 31st, 2016 at these UHCs (see
additional file 1 for more details). Eligible cardiac surger-
ies are listed in Table 1. These surgeries were selected
since they are the most frequent procedures performed,
and because they are those of interest for quality / per-
formance assessments in cardiac surgery [23–25]. The
eligible surgeries were identified from administrative
data using Canadian Classification of Health Interven-
tions (CCI) procedure codes (Table 1) [23]. CCI is a
mandatory classification of health-related interventions
performed across the care continuum in Canada and is
used for physician reimbursement purposes [26].

Table 1 Cardiac surgeries of interest

Type of surgery Intervention codesa

Coronary artery bypass graft 1.IJ.76.^^: Bypass, coronary arteries

Valve or annulus procedures 1.HS.80.^^: Repair, tricuspid valve

1.HS.90.^^: Total excision with reconstruction, tricuspid valve

1.HT.80.^^: Repair, pulmonary valve

1.HT.90.^^: Total excision with reconstruction, pulmonary valve

1.HU.80.^^: Repair, mitral valve

1.HU.90.^^: Total excision with reconstruction, mitral valve

1.HV.80.^^: Repair, aortic valve

1.HV.90.^^: Total excision with reconstruction, aortic valve

1.HW.^^.^^: Therapeutic interventions on the annulus
aCodes are from the Canadian Classification of Health Interventions (CCI) [23].
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Data sources
Depersonalized data were extracted from the MedEcho Dis-
charge Abstract Database (DAD) at the participating sites,
which is used for hospital reimbursement purposes and con-
tains mandatory clinical and administrative data on all hospi-
talizations since April 1, 1976 [27]. For each eligible surgery,
we requested DAD data for both the index hospitalization
(cardiac surgery) as well as for any prior hospitalizations that
occurred at the participating sites in the previous 6 years (see
next section for details). For each of these hospitalizations,
which were linked using a unique patient identifier (medical
record number), DAD provided patient demographics (e.g.,
age, sex) and clinical characteristics (e.g., principal and sec-
ondary diagnoses, surgical procedures performed), and rele-
vant dates (i.e., admission, cardiac surgery, discharge, death).
Discharge diagnoses are coded in the Canadian version of the
International Classification of Diseases, 10th edition (ICD-10-
CA), whereas procedures are coded using the CCI [23]. While
both CCI and ICD-10-CA codes are periodically updated, no
significant changes were noted during the study period.

Reference standard development and validation
For each of the randomly selected patients, a reference
standard assessment of their medical chart was performed
to determine their true POAF status (positive or negative)
on hospital discharge. POAF-positive patients were those
with: 1) documented evidence of persistent or paroxysmal
AF in the period starting immediately after their cardiac
surgery and ending on hospital discharge (patients were
not followed beyond discharge), 2) no documented evi-
dence of AF in the period starting on hospital admission
and ending at the time of the cardiac surgery of interest,
and 3) no past medical history of AF as documented in
the physicians’ admission notes or any subsequent notes
prior to surgery. Patients with transient POAF were con-
sidered POAF-negative as were those not meeting the
aforementioned criteria. As suggested by Jensen et al. [7],
eligible data sources for determining patient true POAF
status included, for all patients: 1) discharge summaries, 2)
progress notes, 3) electrocardiogram reports, 4) telemetry
surveillance reports, and 5) consultants’ notes.
Manual chart review was performed by four blinded med-

ical chart abstractors (MCAs), including three registered
nurses with extensive work experience in coronary or surgi-
cal intensive care units (JBL, CV, MD) and one postgraduate
medical resident (PGY5) in cardiology (ML). Before initiating
chart review, MCAs received extensive training and were
provided with a standardized data collection tool which was
created with the input of a senior cardiologist (PF). The data
collection tool was an investigator-developed and password-
protected Excel spreadsheet containing: 1) selected patient
information to allow for the accurate identification of the
sampled charts and hospitalizations (i.e., medical record and
hospital visit numbers, hospital admission and discharge

dates, patient age and sex); 2) one column for documenting
the presence of atrial fibrillation before surgery (yes/no), and;
3) one column for documenting the presence of atrial fibril-
lation after surgery (yes/no). Each MCA had a distinct list of
medical charts to review. Last, to ensure inter-coder agree-
ment, a random sample of 49 (5.0%) charts was rereviewed by
a distinct MCA and inter-coder reliability was assessed using
Cohen’s Kappa statistics [28]. During chart review, any uncer-
tainties about patients’ true POAF status were discussed
among MCAs and resolved through consensus. When neces-
sary, the input of a senior cardiologist (PF) was requested.

Algorithm development and validation
To develop the POAF detection algorithms, we used dis-
charge diagnostic and procedure codes from the selected
cardiac surgery hospitalization as well as from all hospi-
talizations that occurred at the participating sites in the
previous 6 years. A total of six alternative algorithms
were developed and tested. While all algorithms in-
cluded the diagnostic codes listed in Table 2 to flag pa-
tients suspected of having POAF, they varied according
to: 1) whether the procedure code listed in Table 2 was
included or not in the algorithm, and 2) the length of
the look-back window used for identifying patients with
a history of AF (i.e., 1, 3 or 6 years).
Specifically, to be considered POAF-positive, patients

needed to have: 1) ICD codes I48.0, I48.1, I48.9 or
I48.90 in the discharge abstract of their current
hospitalization (in sensitivity analyses, we further exam-
ined whether excluding codes I48.9 and I48.90 signifi-
cantly influenced accuracy), and; 2) no evidence of ICD
codes I48.0, I48.1, I48.2, I48.9 or I48.90 is the discharge
abstracts of their previous hospitalizations (Table 2).
Based on previous studies [29–31], three different look-

back windows were used to identify previous hospitalizations
(i.e., 1, 3 and 6 years) and their impact on accuracy was
tested in three distinct algorithms. For each of these look-
back windows, we further examined (using distinct algo-
rithms) whether having a concomitant maze procedure (i.e.,

Table 2 Discharge diagnostic and procedure codes used in the
POAF detection algorithms

Discharge diagnostic
codesa

I48.0: Paroxysmal atrial fibrillation

I48.1: Persistent atrial fibrillation

I48.2: Chronic atrial fibrillationb

I48.9: Atrial fibrillation and atrial flutter,
unspecified

I.48.90: Atrial fibrillation, unspecified

Procedure codes 1.HH.59: Maze procedure
aDischarge diagnostic codes are from the Canadian version of the
International Classification of Diseases, 10th edition (ICD-10-CA), whereas
procedures are from the Canadian Classification of Health Interventions
(CCI) [23].
bCode I48.2 was only used to identify patients with a history of AF and not to
suggest the presence of POAF.
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the surgical ablation of chronic AF) at the time of the cardiac
surgery of interest influenced accuracy (Table 2). Specifically,
patients who concomitantly received a maze procedure were
assumed to have a history of chronic AF and were thus
coded/recoded as POAF-negatives (even if their discharge
diagnostic codes suggested the presence of POAF).

Patient and hospitalization characteristics
Patient’s age and sex were obtained from discharge ab-
stracts. Comorbidities were measured with the Charlson
Comorbidity Index, a weighted index of 17 comorbidities
associated with an increased risk of death [32]. Severity of
cardiac illness was measured by the Hospital Episode Stat-
istic (HES) score, a prognostic score of both early and one-
year mortality based on patient characteristics, comorbidi-
ties and prior resource utilization patterns [33]. Last, sev-
eral characteristics of the current hospitalization were also
measured for descriptive purposes from discharge abstract
data, including the: 1) type of hospital admission (i.e., elect-
ive, semi-urgent, urgent), 2) type of cardiac surgery per-
formed (i.e., coronary artery bypass graft, valvular
intervention or both), and; 3) length of hospital stay.

Statistical analyses
Descriptive statistics were performed to summarize patient
and hospitalization characteristics as well as patients’ true
POAF status on hospital discharge. The accuracy of each al-
ternative algorithm was assessed in comparison with the ref-
erence standard. For each algorithm, estimates of sensitivity,
specificity, positive (PPV) and negative (NPV) predictive
values were generated, along with their 95% confidence in-
tervals (95%CI) [34–37]. To determine whether any of the al-
gorithms reached statistically significant higher accuracy,
McNemar’s test was used to compare their sensitivities and
specificities, and Leisenring et al.’s extension of McNemar’s
test was employed for comparing their PPVs and NPVs [38].
The threshold of statistical significance for these analyses
was fixed at α ≤ 0.05, and Bonferroni’s correction was applied
to account for multiple testing. To assess whether accuracy
varied across UHCs, in sensitivity analyses, the algorithm
with the highest overall sensitivity (i.e., which maximizes case
finding) and the one with the highest overall PPV (i.e., which
maximizes algorithms’ utility for comparative effectiveness
research or benchmarking purposes) were selected. These al-
gorithms were then applied to data from each UHC indi-
vidually, and their accuracy assessed, as described above. The
significance of inter-site differences in accuracy was assessed
using McNemar’s test and its extension. All statistical ana-
lyses were performed in SAS, version 9.4.

Results
Patient characteristics
A total of 986 patients were randomly selected, of which 483
(49.0%) were from UHC A and 503 (51.0%) from UHC B

(see Additional file 1). Of these, six patients were excluded
since their medical charts were unavailable despite several re-
quests and one because he/she did not receive a surgical pro-
cedure of interest (i.e., transcutaneous aortic valve insertion).
We further excluded three patients because they died during
surgery (and were therefore never at risk for POAF). This re-
sulted in a final sample of 976 patients (479 [49.0%] from
UHC A and 497 [51.0%] from UHC B) (see Additional file 1).
The characteristics of these patients are listed in Table 3.
Several differences in patient characteristics were

noted across the two UHCs particularly regarding sex,
comorbidity burden, type of hospital admission, type of
surgical procedure performed, and length of hospital
stay (Table 3). Only 31 (3.2%) patients, equally distrib-
uted across the two UHCs, received a maze procedure
(Table 3). Upon manual chart review, 324 (33.2%) pa-
tients were identified as POAF-positives. The incidence
of POAF varied across UHCs, both overall (36.3% vs.
30.2%) and per type of surgical procedures (Table 3).
Inter-coder reliability regarding patients’ true POAF sta-
tus was excellent (κ = 1.0). The median length of hospital
stay was 11 days (range: 2–217) and 48 patients (4.6%)
died during the postoperative period (Table 3). Com-
pared to UHC B, fewer patients died at UHC A and their
median length of hospital stay was longer (Table 3).

Accuracy of POAF detection algorithms
Table 4 shows the accuracy estimates for each of the six
algorithms tested. In summary, using longer look-back
windows for excluding patients with a previous history of
AF had no impact on sensitivity and marginally increased
PPV and specificity (Table 4, Algorithms 1, 3, and 5).
Similar patterns were noted when the CCI code for the
maze procedure was included in the algorithm (Table 4,
Algorithms 2, 4, and 6). However, none of these differ-
ences were statistically significant at the 5% threshold.
Last, no patient in our sample received ICD code I48.9
“Atrial fibrillation and atrial flutter, unspecified”. Hence,
we could not assess whether including this code in the al-
gorithm significantly influenced its accuracy or not.
To assess whether the accuracy of the algorithms var-

ied across UHCs, we first applied the one that achieved
the highest overall PPV (Algorithm 6, Table 4) to data
from each site individually. In this analysis, both sensitiv-
ity and negative predictive value were significantly lower
at UHC A, whereas specificity and PPV did not differ be-
tween sites (Table 5, Panel A). Similar patterns were ob-
served when applying the algorithm that achieved the
highest overall sensitivity (Algorithm 5, Table 4) to data
from each site individually (Table 5, Panel B).

Discussion
POAF is the most frequent complication following car-
diac surgery and has major impacts on patient outcomes
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and healthcare costs. Accurately measuring POAF inci-
dence is important for better understanding its risk fac-
tors and for determining the effectiveness of preventive
interventions, which are still suboptimal [6]. However,
few well-validated and efficient measures of POAF inci-
dence are currently available [7]. The objectives of this
study were to develop and validate such a measure using
administrative data. In addition, we sought to determine
whether the accuracy of this measure was stable across

hospitals, which is an important prerequisite for valid
benchmarking and comparative effectiveness studies.
We found that patients with POAF can be identified with

a reasonable degree of accuracy using an algorithm based on
administrative data. Moreover, we noted that the accuracy of
this algorithm was not significantly increased by the length
of the look-back window (i.e., 1, 3 or 6 years) used for ex-
cluding patients with a history of AF from the case definition.
This suggests that hospitalizations occurring in the year prior

Table 3 Patient characteristics and outcomes

Patient characteristics UHC A (n = 479) UHC B (n = 497) Total (n = 976)

Age in years – M (SD) 68.4 (9.2) 68.6 (10.7) 68.5 (10.0)

Male sex – n (%) 363 (75.8) 328 (66.0) 691 (70.8)

Charlson score – M (SD) 0.76 (1.21) 1.70 (1.65) 1.24 (1.52)

HES score – M (SD) 4.6 (6.4) 4.6 (7.2) 4.6 (6.8)

Admission type – n (%)

Elective 256 (53.4) 69 (13.9) 325 (33.3)

Semi-urgent 35 (7.3) 314 (63.2) 349 (35.8)

Urgent 188 (39.3) 114 (22.9) 302 (30.9)

Surgery type – n (%)

CABG 201 (42.0) 256 (51.5) 457 (46.8)

Valvular 149 (31.1) 143 (28.8) 292 (29.9)

Mixed CABG-valvular 129 (27.0) 98 (19.7) 227 (23.3)

Maze procedure – n (%) 15 (3.1) 16 (3.2) 31 (3.2)

POAF – n (%)

CABG 59 (29.4) 81 (31.6) 140 (30.6)

Valvular 52 (34.9) 37 (25.9) 89 (30.5)

Mixed CABG-valvular 63 (48.8) 32 (32.7) 95 (41.9)

Total 174 (36.3) 150 (30.2) 324 (33.2)

In-hospital death – n (%) 22 (4.6) 26 (5.23) 48 (4.9)

Length of hospital stay in days - Md (Range) 12 (3–127) 9 (2–217) 11 (2–217)

Number of hospitalizations in the previous 12 months - Md (Range) 0 (0–4) 0 (0–4) 0 (0–4)

Number of ER visits in the previous 12months - Md (Range) 0 (0–20) 0 (0–4) 0 (0–20)

Abbreviations: AF: Atrial fibrillation, CABG Coronary artery bypass graft, ER Emergency room, HES Hospital Episode Statistic score, M Means, Md Median, SD
Standard deviation

Table 4 Accuracy of different algorithms to detect POAF

Sensitivity % (95% CI) Specificity % (95% CI) PPV % (95% CI) NPV % (95% CI)

Algorithm 1a 70.4 (65.1–75.3) 84.4 (81.3–87.1) 69.1 (63.8–74.0) 85.1 (82.2–87.8)

Algorithm 2b 69.4 (64.1–74.4) 85.7 (82.8–88.3) 70.8 (65.4–75.7) 85.0 (82.0–87.6)

Algorithm 3 70.4 (65.1–75.3) 85.4 (82.5–88.1) 70.6 (65.3–75.5) 85.3 (82.4–87.9)

Algorithm 4 69.4 (64.1–74.4) 86.7 (83.8–89.2) 72.1 (66.8–77.0) 85.1 (82.2–87.7)

Algorithm 5 70.4 (65.1–75.3) 86.0 (83.1–88.6) 71.5 (66.2–76.4) 85.4 (82.5–88.0)

Algorithm 6 69.4 (64.1–74.4) 87.3 (84.5–89.7) 73.1 (67.8–77.9) 85.2 (82.3–87.8)

Abbreviations: AF Atrial fibrillation, NPV Negative predictive value, PPV Positive predictive value, 95% CI 95% confidence interval
aAlgorithm 1, 3, and 5 all included ICD codes I48.0, I48.1 and I48.90 to identify possible cases of POAF. They differed on the look-back window used to exclude
patients with a history of AF: 1 year, 3 years, and 6 years for Algorithm 1, 3, and 5, respectively.
bAlgorithm 2, 4, and 6 all included ICD codes I48.0, I48.1 and I48.90 to identify possible cases of POAF. They differed on the look-back window used to exclude
patients with a history of AF: 1 year, 3 years, and 6 years for Algorithm 2, 4, and 6. In these algorithms, all patients who received a maze procedure at the time of
their cardiac surgery were considered POAF-negatives.
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to a cardiac surgery are enough to establish patient baseline
status with regards to AF (e.g., presence or absence of
chronic AF). In addition, we noted that the accuracy of our
algorithms was not significantly enhanced by recoding as
POAF-negative all patients who received a concomitant
maze procedure at the time of their cardiac surgery and that
would have otherwise been identified as POAF-positives
based solely on their discharge diagnostic codes. This finding
could be attributable to the fact that maze procedures were
rarely performed across our study sites.
Indeed, the Canadian Cardiovascular Society Atrial Fib-

rillation Guidelines recommends that maze procedures
should be performed only in patients for which its success
is deemed to be high and where additional risks are esti-
mated to be low [39]. Moreover, institutional experience
must also be taken into account in the decision to perform
this procedure or not [40]. As such, patient characteristics
or physician preferences may contribute to explain the in-
frequent usage of maze procedures at our study sites. By
extension, it is reasonable to expect that the impact of in-
cluding maze procedure codes on algorithm’s accuracy
will likely be significant only for very specific subsets of
patients or in selected institutions; a hypothesis that
should be verified in future studies.
To the best of our knowledge, the algorithms developed

and validated in this study are the first specifically targeted at
identifying POAF incidence among cardiac surgery patients
using administrative data. Moreover, their accuracy com-
pares favorably to that of similar algorithms designed for
identifying the incidence of AF among various non-surgical
patient populations [19, 20]. Indeed, in a population-based
cohort study designed to estimate the incidence and risk fac-
tors of AF among whites and African Americans, Alonso
et al. reported a PPV of 62% when detecting the incidence of
AF using solely discharge diagnostic codes [20]. Likewise, in
a case-control study of health maintenance organization
enrollees designed to assess compliance rates with antith-
rombic guidelines and patterns of warfarin use, Glazer et al
reported a PPV of 76.8% for a similar detection algorithm
[19]. However, none of these studies reported on the sensi-
tivity or specificity of their algorithms. Moreover, both were
conducted among non-surgical patients and relied on ICD-
9-CM discharge diagnostic codes [7].

Although the general approach to categorizing arrhyth-
mias has not changed from ICD-9 to ICD-10 classifica-
tions [7], and even if comparative studies have reported
that both classifications generally have similar validity [7,
41], any differences in PPV across studies should nonethe-
less be interpreted with caution. Indeed, heterogenous pa-
tient populations may have different disease prevalence
which may influence the PPV of the algorithms tested.
Moreover, differences in the characteristics of these algo-
rithms (e.g., number and type of diagnostic codes consid-
ered for case definition) and heterogeneity in the
reference standards used (e.g., number and type of data
sources consulted to determine patient true POAF status)
may also contribute to explain differences in PPV (and po-
tentially sensitivity and specificity) across studies [7, 35].
Despite the good overall accuracy of our algorithms,

there are important practical implications associated with
their performance characteristics. Indeed, our six algo-
rithms achieved moderate sensitivity that ranged from
69.4 to 70.4%. These figures imply false negative fractions
of 29.6 to 30.6%, which suggest that the algorithms may
miss several cases of POAF. Similarly, among patients
with discharge diagnostic codes suggesting the presence of
POAF, the observed PPVs imply that between 26.9 and
30.9% of the patients identified as POAF-positive by the
algorithms will in fact be disease-free. While such per-
formance metrics may not be appropriate for diagnostic
purposes – which is not the intended purpose of the algo-
rithms developed and validated in this study –, they may
nonetheless provide useful insights to hospitals interested
in following trends and patterns in POAF incidence over
time or in monitoring the effectiveness of preventive inter-
ventions. The main advantage of these algorithms, over
manual chart review, being their high efficiency: they have
the ability to scan large amounts of patient records rapidly
and at a low cost [42]. However, the results of our sensi-
tivity analyses revealed that hospitals should evaluate their
performance characteristics locally prior to using them.
Indeed, we found statistically significant inter-hospital dif-

ferences in sensitivity and NPV when the algorithms that
achieved the highest overall sensitivity (Algorithm 5) or PPV
(Algorithm 6) were separately applied to data from UHC A
and B. Similar variations in accuracy have been previously

Table 5 Site-specific accuracy of the best-performing algorithms

Study sites Sensitivity % (95% CI) Specificity % (95% CI) PPV % (95% CI) NPV % (95% CI)

Panel A – Site-specific accuracy of the algorithm achieving the highest overall PPV (Algorithm 6)

UHC A 61.5 (54.3–68.7) 88.9 (85.3–92.4) 75.9 (68.8–83.0) 80.2 (75.9–84.4)

UHC B 78.7 (72.1–85.2) 85.9 (82.2–89.5) 70.7 (63.8–77.6) 90.3 (87.1–93.5)

Panel B – Site-specific accuracy of the algorithm achieving highest overall sensitivity (Algorithm 5)

UHC A 62.6 (55.5–69.8) 87.9 (84.2–91.5) 74.6 (67.6–81.7) 80.5 (76.2–84.7)

UHC B 79.3 (72.9–85.8) 84.4 (80.6–88.3) 68.8 (61.9–75.7) 90.4 (87.2–93.6)

Abbreviations: CI Confidence interval, PPV Positive predictive value, NPV Negative predictive value
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observed for algorithms designed to identify various types of
adverse events from administrative data [12, 43, 44]. For the
most part, these variations have been attributed to differ-
ences in reporting and coding practices across institutions
[45]. For instance, in some institutions, physicians may more
consistently report all cases of adverse events, whereas in
others, only unstable cases that required specific treatments
and interventions may be documented in the medical chart.
Similarly, the degree of thoroughness with which diagnoses
are coded may vary between hospitals, and some may code
with the objective of maximizing reimbursement instead of
reflecting the actual care delivered [46, 47]. All these sources
of variations will ultimately influence the performance met-
rics of an algorithm relying exclusively on administrative
data. While several major improvements have been made to
coding rules over the years (e.g., higher number of coding
fields available, introduction of present-on-admission indica-
tors in certain jurisdictions), our results provide evidence that
there is still room for improvement.
To circumvent the limitations of administrative data and

increase accuracy, recent studies have used natural language
processing (NLP) techniques to supplement adverse event
detection algorithms relying on administrative data with add-
itional clinical information only available in narrative format
(e.g., progress notes, electrocardiogram reports) [18, 48].
While some of these studies have provided evidence that this
approach can significantly increase the accuracy with which
prevalent cases of AF are identified [49], clinical narratives
and ECG reports were not available to us in an electronic
format at the time of this study. Therefore, we could not as-
sess whether including such data increases the accuracy of
POAF detection. With the growing availability of clinical
narratives in an electronic format, this represents an interest-
ing avenue for further research.
This study has several important strengths, including the

use of a large random sample of cardiac surgery patients
from two university health centers, the establishment of a
reference standard by trained medical chart reviewer who
were selected among experienced nursing and medical pro-
fessionals working in cardiac surgery settings, and the
achievement of a high degree of inter-coder agreement
which provided a reliable reference standard. Moreover,
chart review was performed using a standardized protocol,
designed according to the recommendations of prior studies,
which suggested that patients’ true POAF status should be
determined not solely from 12-lead ECGs, but also from in-
formation retrieved across the entire medical chart (e.g., pro-
gress notes, reports from consultants) [7]. High inter-coder
agreement and the fact that the incidence of POAF observed
in our study compares to that reported in previous investiga-
tions suggest that few true POAF-positive patients were
missed during chart review [4, 28]. Last, examining and
reporting on site-specific differences in algorithm’s accuracy
represents another strength of this study.

Despite these strengths, our study also has some limita-
tions. First, although it was a multicenter investigation, our
two UHCs were sampled in the same jurisdiction (Quebec,
Canada). While procedure and discharge diagnostic codes
are standard across Canada, they may differ in other jurisdic-
tions, which may reduce the generalizability of our findings.
We therefore recommend that our proposed approach be
validated in other jurisdictions prior to its use for research or
other purposes. Second, although we used several distinct
sources of information to document patient true POAF sta-
tus and define our reference standard, the accuracy of our al-
gorithms is nonetheless contingent on the quality of
administrative data, which might be influenced by incom-
plete or inaccurate documentation of patient POAF status
by physicians and/or medical archivists. In addition, it is un-
known whether the accuracy/completeness of our reference
standard would have been different if we had access to med-
ical records from other hospitals/clinics visited by the se-
lected patients during the 6-year look-back window (and,
ultimately, the impact of accessing this data on our algo-
rithm’s accuracy). Further research is required to assess the
value-added of accessing this information. Third, time and fi-
nancial constraints prevented us from having each of the
sampled charts reviewed by two independent reviewers,
which is the recommended best practice [50, 51]. However,
we observed a very high degree of inter-coder agreement on
a 5% random sample of the reviewed charts, which suggest
that coding errors are probably minimal. Forth, there is a
possibility that higher accuracy could have been achieved if
we had supplemented our algorithms with NLP-extracted
data from clinical narratives [52]. Although we did not have
access to such data, it is also important to emphasize that
the programmatic resources required to implement NLP
techniques are typically not available at most health care in-
stitutions, especially in smaller non-academic centers. For
these reasons, the approach used in this study represents
what is likely achievable at most institutions. Last, although
our sensitivity analyses revealed significant differences in al-
gorithms’ sensitivity and NPV across sites, wide confidence
intervals suggest that these analyses were underpowered.
Therefore, we can’t exclude that significant differences in
specificity and PPV would have also been observed if we had
access to a larger sample of patients for these analyses.

Conclusion
POAF can be detected with a reasonable degree of accuracy
using an algorithm based on administrative data. Site-specific
differences in sensitivity suggest that its performance metrics
should be reassessed locally prior to using it as a case-finding
tool. However, stable PPVs indicate that the algorithm may
prove useful in comparative effectiveness studies or for
benchmarking purposes. Future studies should assess
whether supplementing this algorithm with NLP-extracted
clinical information increases POAF detection accuracy.

Bourgon Labelle et al. BMC Medical Research Methodology           (2020) 20:75 Page 7 of 9



Supplementary information
Supplementary information accompanies this paper at https://doi.org/10.
1186/s12874-020-00953-9.

Additional file 1. Flow Diagram of patients included in the study.

Abbreviations
AF: Atrial fibrillation; CCI: Canadian Classification of Health Interventions;
HES: Hospital episode statistic; ICD-10-CA: Canadian version of the
International Classification of Diseases, 10th edition; ICU: Intensive care Unit;
MCA: Medical chart abstractors; NLP: Natural language processing;
NPV: Negative predictive value; POAF: Postoperative atrial fibrillation;
PPV: Positive predictive value; UHC: University health center

Acknowledgements
Not applicable.

Authors’ contributions
This study was conceived and conducted as part of the requirements for the
Master’s thesis in Nursing of JBL, which was conducted under the
supervision of PF and CR. Data were collected by JBL, CV, MD and ML under
the supervision of CR and PF. Data were analyzed by JBL and CR. All listed
authors have been involved in drafting the manuscript or revising it critically
for important intellectual content, have given final approval of the version to
be published, and agree to be accountable for all aspects of the work in
ensuring that questions related to the accuracy or integrity of any part of
the work are appropriately investigated or resolved.

Funding
Funding for this project was provided by the Canadian Institutes of Health
Research (CIHR) grant MOP-130499 (Dr. Rochefort, principal investigator). Dr.
Rochefort also holds a career award from CIHR. M. Bourgon Labelle holds
master’s degree scholarships from the CIHR, the University of Sherbrooke
and the Réseau de Recherche en Intervention en Sciences Infirmières du
Québec (RRISIQ). These funding sources were not involved in study concep-
tion and design, data acquisition, analysis, and interpretation, or in the final
decision to summit this manuscript for publication.

Availability of data and materials
The data supporting the findings of this study were collected at the Centre
hospitalier universitaire de Sherbrooke (CHUS) and at the McGill University
Health Centre, but restrictions apply to the availability of this data, which
were obtained following research ethics and institutional approval at these
sites. The data are therefore not publicly available.

Ethics approval and consent to participate
This study received research ethics approval at the Centre de recherche du
CHUS (MP-31-2017-1547) and the need to obtain patient consent was
waived at each of the participating sites.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1Division of Cardiology, Centre Hospitalier Universitaire de Sherbrooke,
Sherbrooke, Quebec, Canada. 2Faculty of Medicine and Health Sciences,
Université de Sherbrooke, Sherbrooke, Quebec, Canada. 3Research Center,
Centre Hospitalier Universitaire de Sherbrooke, Sherbrooke, Quebec, Canada.
4Research Center, Charles-Lemoyne-Saguenay-Lac-Saint-Jean sur les
innovations en santé, Longueuil, Quebec, Canada.

Received: 28 August 2019 Accepted: 16 March 2020

References
1. Greenberg JW, Lancaster TS, Schuessler RB, Melby SJ. Postoperative atrial

fibrillation following cardiac surgery: a persistent complication. Eur J Cardio-
Thoracic Surg. 2017;52:665–72.

2. Tu K, Nieuwlaat R, Cheng SY, Wing L, Ivers N, Atzema CL, et al. Identifying patients
with atrial fibrillation in administrative data. Can J Cardiol. 2016;32:1561–5.

3. Sigurdsson MI, Longford NT, Heydarpour M, Saddic L, Chang T-W, Fox AA,
et al. Duration of postoperative atrial fibrillation after cardiac surgery is
associated with worsened long-term survival. Ann Thorac Surg. 2016;102:
2018–26.

4. Mitchell LB. CCS atrial fibrillation guidelines committee. Canadian
cardiovascular society atrial fibrillation guidelines 2010: prevention and
treatment of atrial fibrillation following cardiac surgery. Can J Cardiol. 2011;
27:91–7. https://doi.org/10.1016/j.cjca.2010.11.005.

5. Staerk L, Sherer JA, Ko D, Benjamin EJ, Helm RH. Atrial Fibrillation. Circ Res.
2017;120:1501–17.

6. Yamashita K, Hu N, Ranjan R, Selzman C, Dosdall D. Clinical risk factors for
postoperative atrial fibrillation among patients after cardiac surgery. Thorac
Cardiovasc Surg. 2019;67:107–16.

7. Jensen PN, Johnson K, Floyd J, Heckbert SR, Carnahan R, Dublin S. A
systematic review of validated methods for identifying atrial fibrillation
using administrative data. Pharmacoepidemiol Drug Saf. 2012;21(0 1):141–7.

8. Johansson L, Norberg J, Jansson J-H, Bäckström S. Estimating the prevalence
of atrial fibrillation in a general population using validated electronic health
data. Clin Epidemiol. 2013;5:475.

9. Schmutz M, Beer-Borst S, Meiltz A, Urban P, Gaspoz JM, Costanza MC, et al.
Low prevalence of atrial fibrillation in asymptomatic adults in Geneva.
Switzerland Europace. 2010;12:475–81.

10. Andersson P, Löndahl M, Abdon N-J, Terent A. The prevalence of atrial
fibrillation in a geographically well-defined population in northern Sweden:
implications for anticoagulation prophylaxis. J Intern Med. 2012;272:170–6.

11. Wilke T, Groth A, Mueller S, Pfannkuche M, Verheyen F, Linder R, et al.
Incidence and prevalence of atrial fibrillation: an analysis based on 8.3
million patients. Europace. 2013;15:486–93.

12. Govindan M, Van Citters AD, Nelson EC, Kelly-Cummings J, Suresh G.
Automated detection of harm in healthcare with information technology: a
systematic review. BMJ Qual Saf. 2010;19:e11.

13. Klompas M, Yokoe DS. Automated surveillance of health care–associated
infections. Clin Infect Dis. 2009;48:1268–75.

14. Murff HJ, Patel VL, Hripcsak G, Bates DW. Detecting adverse events for
patient safety research: a review of current methodologies. J Biomed
Inform. 2003;36:131–43.

15. Freeman R, Moore LSP, García Álvarez L, Charlett A, Holmes A. Advances in
electronic surveillance for healthcare-associated infections in the 21st
century: a systematic review. J Hosp Infect. 2013;84:106–19.

16. Navar-Boggan AM, Rymer JA, Piccini JP, Shatila W, Ring L, Stafford JA, et al.
Accuracy and validation of an automated electronic algorithm to identify
patients with atrial fibrillation at risk for stroke. Am Heart J. 2015;169:39–44.e2.

17. Wang SV, Rogers JR, Jin Y, Bates DW, Fischer MA. Use of electronic
healthcare records to identify complex patients with atrial fibrillation for
targeted intervention. J Am Med Inform Assoc. 2016;24:339–44.

18. Rochefort CM, Buckeridge DL, Tanguay A, Biron A, D’Aragon F, Wang S,
et al. Accuracy and generalizability of using automated methods for
identifying adverse events from electronic health record data: a validation
study protocol. BMC Health Serv Res. 2017;17:147. https://doi.org/10.1186/
s12913-017-2069-7.

19. Glazer NL. Newly detected atrial fibrillation and compliance with
antithrombotic guidelines. Arch Intern Med. 2007;167:246.

20. Alonso A, Agarwal SK, Soliman EZ, Ambrose M, Chamberlain AM, Prineas RJ,
et al. Incidence of atrial fibrillation in whites and African-Americans: the
atherosclerosis risk in communities (ARIC) study. Am Heart J. 2009;158:111–7.

21. Thonon F, Watson J, Saghatchian M. Benchmarking facilities providing care:
an international overview of initiatives. SAGE Open Med. 2015;3. https://doi.
org/10.1177/2050312115601692.

22. Talbot TR. Public reporting of health care–associated surveillance data:
recommendations from the healthcare infection control practices advisory
committee. Ann Intern Med. 2013;159:631–5.

Bourgon Labelle et al. BMC Medical Research Methodology           (2020) 20:75 Page 8 of 9

https://doi.org/10.1186/s12874-020-00953-9
https://doi.org/10.1186/s12874-020-00953-9
https://doi.org/10.1016/j.cjca.2010.11.005
https://doi.org/10.1186/s12913-017-2069-7
https://doi.org/10.1186/s12913-017-2069-7
https://doi.org/10.1177/2050312115601692
https://doi.org/10.1177/2050312115601692


23. Canadian Institute for Health Information. Canadian Coding Standards for
ICD-10-CA and CCI. 2019. https://secure.cihi.ca/estore/productSeries.
htm?pc=PCC189. Accessed 20 May 2019.

24. Société canadienne de cardiologie. Catalogue électronique d’indicateurs de
qualité de la société canadienne de cardiologie: Indicateurs de qualité sur la
chirurgie cardiaque. 2015. https://www.ccs.ca/images/Health_Polcy_Fr/
Programs_and_initiatives_Fr/Indicator_CS_FR.pdf. Accessed 3 Jan 2020.

25. The Society of Thoracic Surgeons. Performance Measures. 2020. https://
www.sts.org/quality-safety/performance-measures. Accessed 3 Jan 2020.

26. Canadian Institute for Health Information. A Guide to Intervention Code
Assignment. 2018. https://www.cihi.ca/sites/default/files/document/cci-
guide-en.pdf. Accessed 3 Jan 2020.

27. Gouvernement du Québec. Sources de données et métadonnées: MED-
ECHO. 2020. https://www.msss.gouv.qc.ca/professionnels/documentation-
sources-de-donnees-et-indicateurs/sources-de-donnees-et-metadonnees/
med-echo/. Accessed 13 Jan 2020.

28. McHugh ML. Interrater reliability: the kappa statistic. Biochem medica. 2012;
22:276–82.

29. Czwikla J, Jobski K, Schink T. The impact of the lookback period and
definition of confirmatory events on the identification of incident cancer
cases in administrative data. BMC Med Res Methodol. 2017;17:122.

30. Sulo G, Igland J, Vollset SE, Nygård O, Egeland GM, Ebbing M, et al. Effect of
the Lookback Period’s length used to identify incident acute myocardial
infarction on the observed trends on incidence rates and survival. Circ
Cardiovasc Qual Outcomes. 2015;8:376–82.

31. Metcalfe D, Masters J, Delmestri A, Judge A, Perry D, Zogg C, et al. Coding
algorithms for defining Charlson and Elixhauser co-morbidities in read-
coded databases. BMC Med Res Methodol. 2019;19:115.

32. Sundararajan V, Henderson T, Perry C, Muggivan A, Quan H, Ghali WA. New
ICD-10 version of the Charlson comorbidity index predicted in-hospital
mortality. J Clin Epidemiol. 2004;57:1288–94.

33. Aktuerk D, McNulty D, Ray D, Begaj I, Howell N, Freemantle N, et al. National
administrative data produces an accurate and stable risk prediction model for short-
term and 1-year mortality following cardiac surgery. Int J Cardiol. 2016;203:196–203.

34. Okeh U, Okoro C. Evaluating measures of indicators of diagnostic test
performance: fundamental meanings and Formulars. J Biom Biostat. 2012;03.
https://doi.org/10.4172/2155-6180.1000132.

35. Trevethan R. Sensitivity, specificity, and predictive values: foundations,
Pliabilities, and pitfalls in research and practice. Front Public Health. 2017;5.
https://doi.org/10.3389/fpubh.2017.00307.

36. Wong HB, Lim GH. Measures of diagnostic accuracy: sensitivity, specificity,
PPV and NPV. Proc Singapore Healthc. 2011;20:316–8.

37. Deeks JJ, Altman DG. Sensitivity and specificity and their confidence
intervals cannot exceed 100%. Br Med J. 1999;318:193–4.

38. Leisenring W, Alonzo T, Pepe MS. Comparisons of predictive values of binary
medical diagnostic tests for paired designs. Biometrics. 2000;56:345–51.

39. Macle L, Cairns J, Leblanc K, Tsang T, Skanes A, Cox JL, et al. 2016 focused
update of the Canadian cardiovascular society guidelines for the
Management of Atrial Fibrillation. Can J Cardiol. 2016;32:1170–85.

40. Henry L, Ad N. Performance of the Cox maze procedure-a large surgical
ablation center’s experience. Ann Cardiothorac Surg. 2014;3:62–9.

41. Quan H, Li B, Saunders LD, Parsons GA, Nilsson CI, Alibhai A, et al. Assessing
validity of ICD-9-CM and ICD-10 administrative data in recording clinical
conditions in a unique dually coded database. Health Serv Res. 2008;43:1424–41.

42. van Mourik MSM, van Duijn PJ, Moons KGM, Bonten MJM, Lee GM.
Accuracy of administrative data for surveillance of healthcare-associated
infections: a systematic review. BMJ Open. 2015;5. https://doi.org/10.1136/
bmjopen-2015-008424.

43. Farmer SA, Black B, Bonow RO. Tension between quality measurement,
public quality reporting, and pay for performance. JAMA. 2013;309:349–50.

44. Goto M, Ohl ME, Schweizer ML, Perencevich EN. Accuracy of administrative
code data for the surveillance of healthcare-associated infections: a
systematic review and meta-analysis. Clin Infect Dis. 2014;58:688–96.

45. Hennessy DA, Quan H, Faris PD, Beck CA. Do coder characteristics influence
validity of ICD-10 hospital discharge data? BMC Health Serv Res. 2010;10:99.
https://doi.org/10.1186/1472-6963-10-99.

46. Were MC, Li X, Kesterson J, Cadwallader J, Asirwa C, Khan B, et al. Adequacy
of hospital discharge summaries in documenting tests with pending results
and outpatient follow-up providers. J Gen Intern Med. 2009;24:1002–6.

47. Callen J, McIntosh J, Li J. Accuracy of medication documentation in hospital
discharge summaries: a retrospective analysis of medication transcription

errors in manual and electronic discharge summaries. Int J Med Inform.
2010;79:58–64.

48. Rochefort CM, Buckeridge DL, Abrahamowicz M. Improving patient safety
by optimizing the use of nursing human resources. Implement Sci. 2015;10:
89. https://doi.org/10.1186/s13012-015-0278-1.

49. Khurshid S, Keaney J, Ellinor PT, Lubitz SA. A simple and portable algorithm
for identifying atrial fibrillation in the electronic medical record. Am J
Cardiol. 2016;117:221–5.

50. Brennan TA, Leape LL, Laird NM, Hebert L, Localio AR, Lawthers AG, et al.
Incidence of adverse events and negligence in hospitalized patients. N Engl
J Med. 1991;324:370–6.

51. Baker GR. The Canadian adverse events study: the incidence of adverse
events among hospital patients in Canada. Can Med Assoc J. 2004;170:
1678–86.

52. Collier R. National Physician Survey: EMR use at 75%. Can Med Assoc J.
2015;187:E17–8..

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Bourgon Labelle et al. BMC Medical Research Methodology           (2020) 20:75 Page 9 of 9

https://secure.cihi.ca/estore/productSeries.htm?pc=PCC189
https://secure.cihi.ca/estore/productSeries.htm?pc=PCC189
https://www.ccs.ca/images/Health_Polcy_Fr/Programs_and_initiatives_Fr/Indicator_CS_FR.pdf
https://www.ccs.ca/images/Health_Polcy_Fr/Programs_and_initiatives_Fr/Indicator_CS_FR.pdf
https://www.sts.org/quality-safety/performance-measures
https://www.sts.org/quality-safety/performance-measures
https://www.cihi.ca/sites/default/files/document/cci-guide-en.pdf
https://www.cihi.ca/sites/default/files/document/cci-guide-en.pdf
https://www.msss.gouv.qc.ca/professionnels/documentation-sources-de-donnees-et-indicateurs/sources-de-donnees-et-metadonnees/med-echo/
https://www.msss.gouv.qc.ca/professionnels/documentation-sources-de-donnees-et-indicateurs/sources-de-donnees-et-metadonnees/med-echo/
https://www.msss.gouv.qc.ca/professionnels/documentation-sources-de-donnees-et-indicateurs/sources-de-donnees-et-metadonnees/med-echo/
https://doi.org/10.4172/2155-6180.1000132
https://doi.org/10.3389/fpubh.2017.00307
https://doi.org/10.1136/bmjopen-2015-008424
https://doi.org/10.1136/bmjopen-2015-008424
https://doi.org/10.1186/1472-6963-10-99
https://doi.org/10.1186/s13012-015-0278-1

	Abstract
	Introduction
	Methods
	Results
	Conclusion

	Introduction
	Methods
	Objectives
	Study design and population
	Data sources
	Reference standard development and validation
	Algorithm development and validation
	Patient and hospitalization characteristics
	Statistical analyses

	Results
	Patient characteristics
	Accuracy of POAF detection algorithms

	Discussion
	Conclusion
	Supplementary information
	Abbreviations
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

