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Abstract
Background Procedural and diagnostic codes may inaccurately identify specific patient populations within administrative
datasets.
Purpose Measure the accuracy of previously used coding algorithms using administrative data to identify patients with rectal
cancer resections (RCR).
Methods Using a previously published coding algorithm, we re-created a RCR cohort within administrative databases, limiting
the search to a single institution. The accuracy of this cohort was determined against a gold standard reference population. A
systematic review of the literature was then performed to identify studies that use similar codingmethods to identify RCR cohorts
and whether or not they comment on accuracy.
Results Over the course of the study period, there were 664,075 hospitalizations at our institution. Previously used coding
algorithms identified 1131 RCRs (administrative data incidence 1.70 per 1000 hospitalizations). The gold standard reference
population was 821 RCR over the same period (1.24 per 1000 hospitalizations). Administrative data methods yielded a RCR
cohort of moderate accuracy (sensitivity 89.5%, specificity 99.9%) and poor positive predictive value (64.9%). Literature search
identified 18 studies that utilized similar coding methods to derive a RCR cohort. Only 1/18 (5.6%) reported on the accuracy of
their study cohort.
Conclusions The use of diagnostic and procedure codes to identify RCR within administrative datasets may be subject to
misclassification bias because of low PPV. This underscores the importance of reporting on the accuracy of RCR cohorts derived
within population-based datasets.
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Introduction

With increased digitization of health care and enhanced com-
puting power, administrative data have become an increasing-
ly available resource for clinical researchers. The use of

administrative databases for health care-related research pub-
lications in surgery has risen steadily over the past decade,
with results that often report on important clinical
outcomes.1–3 Themajority of administrative database research
uses diagnostic or procedural codes to identify diseases, ex-
posures, or outcomes.4

Several problems exist regarding the use of health care-
related codes to identify patient cohorts within administrative
datasets. The accuracy of administrative data codes used to
identify different diseases varies widely.5,6 There can also be
extensive variability between studies in the numbers and types
of codes used to identify the same population.7 Additionally,
very few studies actually validate the codes (or coding algo-
rithms) they use to create datasets for analysis.4 This indicates
that the accuracy of the surrogate marker (the code) for the
entity it is supposed to represent is unknown. As such, the
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generalization of results using the code to those involving the
entity that is trying to be studied is unreliable.8

Traditional procedure codes for rectal resections include
those for anterior resections (AR), low anterior resections
(LAR), and abdominal perineal resections (APR). In order to
identify patients who have undergone rectal cancer resection
(RCR), researchers typically will combine these procedure
codes with a diagnosis code consistent with either rectal or
colorectal cancer.9 In addition to the inherent inaccuracies of
procedure and diagnostic codes, it is especially difficult to
differentiate cancer of the rectum from cancer of the sigmoid
colon by simply using these codes alone. That is, even if the
codes are accurate, they do not themselves pinpoint the loca-
tion of the tumor since they are commonly used interchange-
ably for surgical resection of both sigmoid and rectal cancers.
Therefore, accurately identifying patients with RCR and
distinguishing them from colon cancer patients within large,
population-based, administrative datasets can be problematic.
This is important because rectal cancer differs from colon
cancer with respect to workup, treatment algorithms, and
outcomes.10–13

Before we can confidently use population-based adminis-
trative datasets to study clinical outcomes for patients with
RCR, we need to be sure that the patient cohort derived from
these databases accurately reflects the patient population we
wish to study. The purpose of the present study was to mea-
sure the accuracy of a cohort of RCRs that was derived using
diagnostic and procedure codes within population-based ad-
ministrative databases and published in a peer-reviewed
journal.

Materials and Methods

Sources of Data

The Ottawa Hospital Data Warehouse (OHDW) is a relational
database containing administrative and clinical data from all
operational information systems at The Ottawa Hospital
(TOH), a tertiary care institution. Operational information sys-
tems include clinical data such as laboratory results, some
clinical notes, pathology reports, hospitalization discharge ab-
stract records, and demographic data.

The Institute for Clinical and Evaluative Sciences (ICES)
provides linked access to several provincial, population-based
administrative datasets. The present study used ICES to obtain
patient records from the Canadian Institute for Health
Information Discharge Abstract Database (CIHI-DAD; cap-
tures administrative, clinical, and demographic information
for all hospital discharges, including deaths, in the province
of Ontario), the Registered Persons Database (RPD; contains
demographic data for all people with an Ontario Health Card
Number), and the Ontario Cancer Registry (OCR; includes

information on all newly diagnosed cases of invasive neopla-
sia in Ontario).

Rectal Cancer Cohort

Using previously published methods,14 we identified all pa-
tients with RCR at a tertiary care facility between April 1st,
2002 and December 31st, 2010. These methods utilized text-
search of pathology reports which were shown to be 100%
sensitive and 98.6% specific.14 In brief, all pathology reports
were manually reviewed by RM to identify potential clauses
and phrases that were repeated frequently and could be used in
a text search algorithm to identify other, similar pathology
reports of RCRs. Using SAS statistical software, version 9.2
(SAS Institute Inc., Cary NC), we applied these phrases to a
coding macro that analyzes text for clauses of interest with or
without preceding or following specified qualifiers and ap-
plied this macro to all pathology reports at TOH over the
course of the study period. False positive records identified
through text-search methods were later excluded through
manual chart review to identify all relevant cases. The resul-
tant patient cohort was used as the gold standard population of
all RCRs performed at The Ottawa Hospital over the course of
the study period. Therefore, all patients who were not in this
rectal cancer cohort were deemed not to have had surgically
resected rectal cancer.

Study Cohort

We previously published a study on RCRs within ICES
databases that meets criteria for the literature search de-
scribed above.9 In this study, all inpatient encounters per-
formed in the province of Ontario between April 1st 2002
and December 31st, 2010 were identified within CIHI-
DAD (Fig. Fig. 1a). Using a unique patient identifier, this
cohort was linked to the Ontario Cancer Registry to iden-
tify the patients with a pathological diagnosis of colorec-
tal cancer in OCR within 1 year before or 28 days after
the hospital encounter date (Fig. Fig. 1b). Canadian
Classification of Health Intervention (CCI) procedure
codes were then used to determine which of these patients
had an anterior resection, low anterior resection, or
abdominal-perineal resection (Fig. Fig. 1c) (Appendix
Table 3). The resultant cohort was thought to represent
all patients in the province of Ontario with RCR between
April 1st, 2002 and December 31st, 2010 (Fig. Fig. 1d).

The above coding algorithm was repeated in an identical
manner, with results limited to a single, tertiary-care institu-
tion and tested for its overall accuracy. Accuracy statistics for
the coding algorithm were calculated using the rectal cancer
cohort as the reference standard. All statistics will be compiled
and analyzed using SAS statistical software, version 9.2 (SAS
Inc., Cary, North Carolina).
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Literature Search

We performed a literature review by searchingMEDLINE and
EMBASE databases for all studies from 2007 onwards that
used administrative data to identify patients with RCR.
Specific search terms as well as the search strategy are
outlined in Appendix Table 4. Studies were included if they
used a combination of diagnosis and procedure codes to iden-
tify their patient cohort within a population-based, administra-
tive dataset. Studies were excluded if they used a cancer reg-
istry as the sole source of data collection, used a prospectively
collected dataset, or did not differentiate between colon and
rectal resections within the results. For all included studies, we
recorded the clinical outcomes reported by the paper and
whether or not the authors commented on the validity of the
codes used to identify their cohort, or the accuracy of the
cohort itself within the text of the paper.

Results

Rectal Cancer Cohort

A total of 664,075 hospitalizations occurred at our institution
between April 1st, 2002 and December 31st, 2010 (inclusive).
A total of 821 patients had a RCR during the study period and

were successfully linked to administrative records at the
Institute for Clinical and Evaluative Sciences (ICES) servers.
Sixty-five records failed to link and were excluded from anal-
ysis because of missing patient unique identifiers, missing or
invalid admission dates, or missing records in the Discharge
Abstract Database (DAD) (Fig. 2). This represents a RCR
incidence of 1.24 per 1000 hospitalizations.

Study Cohort Validation

A total of 664,075 records were identified through the DAD in
ICES for patients 18 years or older who were admitted to The
Ottawa Hospital (TOH) between April 1st, 2002 and
December 31st, 2010 (the same time period of the rectal can-
cer cohort). A total of 22,180 of these patients (3.34%) had a
diagnostic code for colorectal cancer in the Ontario Cancer
Registry between 1 year prior to, or up to 28 days after, their
admission date. A total of 1131 of these patients (5.1%) had at
least one CCI procedure code in a DAD record that matched
those listed in Appendix Table 3. This resulted in a study
cohort of 1131 RCRs identified through ICES datasets using
previously described methods (incidence of 1.70 per 1000
hospitalizations).

Using the rectal cancer cohort as the reference standard,
sensitivity and specificity of the study cohort were 89.5% and
99.9%, respectively (Table 1). The prevalence of true rectal

Fig. 1 Flow diagram illustrating
methodology used in previously
published studies to identify rectal
cancer resections through
administrative databases (re-
created with permission from the
authors15). TOH= The Ottawa
Hospital; CIHI-DAD =Canadian
Institute for Health Information,
Discharge Abstract Database;
CCI = Canadian Classification of
Health Interventions; OCR =
Ontario Cancer Registry; RPD =
Registered Persons Database
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cancer resections in this population was very low at 0.124% of
admissions, resulting in a positive likelihood ratio (LR+) of
1499.44. There were 396 false positives captured through the
study cohort resulting in a positive predictive value (PPV) of
the algorithm was 64.9% (Table 1).

Literature Search

We identified 1570 journal articles using the search strategy
outlined in Appendix Table 4. From these, 1321 were exclud-
ed based on review of abstracts by RM and a further 231 were
excluded after review of full text manuscripts for various rea-
sons. The final result was 18 studies that used a combination
of diagnostic and procedure codes to identify patients who had
surgical resection for rectal cancer within population-based
administrative datasets (Fig. 3).9,16–32

These studies used two primary methods for identifying their
patient cohort. Five of the 18 studies (27.8%) used diagnostic
codes within a dedicated, population-based cancer registry to
confirm a diagnosis of either rectal or colorectal cancer and
linked this cohort to a population-based administrative dataset
to capture information on hospitalizations, including surgical pro-
cedures (Table 2). The remaining 13 studies (72.2%) used diag-
nostic and procedure codes within a single, population-based,
administrative dataset to identify RCRs (Table 2). In both cases,
an index rectal resection was identified using procedure codes.
This index procedure was subsequently defined as an RCR if an
associated diagnostic code for rectal or colorectal cancer was
present within a specified time-frame of the index procedure.

One out of 18 studies (5.6%) validated their patient cohort
through manual chart review. Of the remaining 17 studies, none
commented on the overall accuracy of the patient cohort, while 2/
17 (11.7%) commented on the overall accuracy of the codes used
within their coding algorithm.Outcomes reported in these studies
included utilization rates for laparoscopic surgery, rates of

Fig. 2 Flow diagram representing
the linkage of the gold standard
validation cohort onto ICES
servers for comparison with the
study cohort. IKN = ICES Key
Number. ICES = Institute for
Clinical and Evaluative Sciences.
DAD =Discharge Abstract
Database

Table 1 2 × 2 table demonstrating sensitivity, specificity, PPV, and
NPV of previously published coding algorithm for identifying rectal
cancer resections in ICES when compared to a validation cohort (N =
664,075)

Validation cohorta Totals

+ –

Study cohortb + A
735

B
396

1131

– C
86

D
662,858

662,944

Totals 821 663,254 664,075

Sensitivity = A/A = C = 735/821 = 89.5%

Specificity = D/B +D = 662,858/663,254 = 99.9%

PPV =A/A + B = 735/1131 = 64.9%

NPV =D/C +D = 662,858/662,944 = 99.9%
aValidation cohort refers to the validated cohort of rectal cancer patients
derived and validated through manual chart review in a prior study
b Study cohort refers to the rectal cancer resections identified through
previously published coding algorithms mining ICES databases

PPV positive predictive value, NPV negative predictive value, ICES
Institute for Clinical and Evaluative Sciences
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abdominoperineal resections (APR), in-hospital morbidity and
mortality, cancer-specific survival, and overall survival (Table 2).

Discussion

We previously reported on RCR trends on a population level,
defining the RCR cohort using diagnostic in procedure
codes.9 In the present study, we tested the accuracy of our
methods against a validated patient cohort of RCRs and found
adequate sensitivity and specificity, but a low PPV. Our results
are therefore susceptible to bias due to patient misclassifica-
tion since roughly 35% of patients in the denominator did not
have the entity being studied.

In a systematic review of the literature, we identified 18 stud-
ies that used a similar combination of diagnostic and procedure
codes to identify patients with RCR within large, population-
based administrative datasets. Many of these studies reported
on important clinic outcomes and were published in high-
impact surgical journals. However, very few commented on the
validity of the codes used to define the RCR cohort, or the overall
accuracy of the cohort itself. As a result, they may be susceptible
to similar mis-classification bias.

PPV varies depending on disease prevalence. In our study,
only 821 of 664,075 hospitalizations were for RCR, yielding a
disease prevalence of 0.12%. With such a low pre-test probabil-
ity, an inadequate PPV can occur despite adequate sensitivity and
specificity. The nature of population-based administrative data
research is such that a relatively small number of specific disease
processes or outcomes of interest are extracted from hundreds of
thousands, and sometimes millions, of health-care encounters.
By default, almost any entity being studied will have a low
prevalence within these datasets. Therefore, even if the codes
used to extract these data have adequate accuracy statistics, it is
still possible for the overall coding algorithm to have a low PPV.
This underscores the importance of validating the methods used
to define patient cohorts within these large datasets.

The accuracy of coding algorithms to identify patient cohorts
using administrative data varies widely among studies and dis-
ease sites. Widdifield et al. tested over 100 coding algorithms
used to identify patients with rheumatoid arthritis and found that
the PPV ranged between 51 and 83%.33 Another study that used
procedure codes to identify patients from the CIHI discharge
abstract database (DAD) in Canada demonstrated PPVs of
95%, 96%, and 98% for percutaneous coronary intervention
(PCI), cardiac catheterization, and coronary artery bypass graft

Fig. 3 Flow diagram illustrating
literature review of MEDLINE
and EMBASE databases resulting
in 18 included studies
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(CABG) surgery, respectively.34 It is unclear what is the accept-
able level for PPV when deriving patient cohorts. For example,
Tu et al. used a coding algorithm with a PPVof 71% to identify
patients with atrial fibrillation35.While the authors recognize that
this is on the low end for PPV, they still use the cohort tomeasure
percentage of people receiving anticoagulation.

Little has been reported on the accuracy of administrative
datasets for identifying patients who have undergone rectal can-
cer surgery. Goldsbury et al. reported the accuracy for identifying
rectal cancer surgery within a population-based cancer registry in
New South Wales, Australia. They demonstrated a sensitivity
and specificity of 85% and 96%, respectively, which are similar
to our results.36 However, this study collected those data from a
prospectively collected cancer registry whose sole purpose is to
record demographic, treatment, and outcomes data for cancer
patients within a population. Such a registry is distinctly different
from administrative data, which is defined as data collected and
abstracted for administrative, and not clinical, purposes.37 Li and
colleagues reported an algorithm for identifying rectal cancer
surgeries in administrative datasets with a PPV of 93%, much
higher than our results.38 However, this was also from a provin-
cial cancer registry, which carries a much higher pre-test proba-
bility for rectal cancer than other, population-based datasets.

An alternative to using codes within administrative databases
is text-searchmethodology that utilizes natural language process-
ing (NLP) or artificial intelligence (AI) to study clinical records
such as pathology reports, radiology reports, or clinic notes.
These techniques have demonstrated potential for improved dis-
crimination within clinical reports, which may become more
relevant with the widespread adoption of electronic medical re-
cords (EMR).39 Using advanced technology, however, may
come with increased costs and longer timeframes. Regardless
of the methods used to identify patient cohorts within large,
population-based datasets, determining and reporting the accura-
cy of your study cohort are important prior drawing any clinically
relevant conclusions.

There are several limitations to our study. First, we used a
single institution to validate the previously described coding al-
gorithm. The algorithm that we tested attempted to identify all
rectal cancer resections in the province of Ontario using admin-
istrative datasets available through ICES.9 While the present
study validated the accuracy of this algorithm, we did so using
a gold standard cohort from only one institution within the prov-
ince. This can limit the generalizability of the results. Other in-
stitutions that perform rectal cancer surgery in Ontario may have
more or less reliable data entry methods into administrative
datasets such as CIHI. A more complete validation study would
therefore utilize at least a sample of rectal cancer surgery cases
from multiple institutions around the province, thereby making
the results more generalizable.

Second, we only validated the RCR from a single study to
obtain accuracy statistics of the methods used to derive the
patient cohort. Although we were able to identify 18 other

studies in the literature that use similar methods, we did not
have access to the exact coding algorithm used in these papers.
The overall accuracy of these patient cohorts may be more or
less accurate than the one validated in the present study.
Despite this limitation, we maintain that our results demon-
strate the need to report on the accuracy of RCR cohorts de-
rived using administrative data, which is rarely done.

Conversely, a strength of our study is that it validates the
complete methodology used to create the patient cohort, rather
than just the codes themselves. The CCI codes used in ICES
databases, specifically CIHI-DAD, to identify colorectal surgical
resections have been validated against chart extraction, and were
found to be very reliable with a sensitivity of 94% and a PPVof
90%.15 However, simply using validated procedure or diagnostic
codes does not necessarily ensure that an entire algorithm used to
extract data from large, administrative datasets is also valid, or
that the final cohort will be accurate. The present study examines
the actual accuracy of the cohort that was created, providing a
probability that a patient identified actually has the disease in
question. This has a much more practical application for re-
searchers who use administrative data, providing a reliable meth-
od for identifying a specific patient cohort.

In summary, when trying to identify patients with RCR
within population-based, administrative datasets, traditional
diagnostic and procedure codes yield adequate sensitivity
and specificity, but potentially low positive predictive value.
This is primarily due to the low pre-test probability of having
the disease in question that is inherent to population-based
data. This study confirms the importance of validating coding
algorithms used to derive RCR cohorts and outcomes within
administrative datasets. Future research should focus on min-
imizing the misclassification bias in administrative database
research by validating and improving the accuracy of these
large patient cohorts.
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Appendix

Table 3 CCI codes used to define
cohort Code Description

1NQ87DF Excision partial, rectum using laparoscopic approach with enterocolostomy

1NQ89GV Excision total, rectum using combined laparoscopic with perineal approach with coloanal or
ileoanal anastomosis

1NQ87PB Excision partial, rectum using open approach with colorectal anastamosis

1NQ87RD Excision partial, rectum using open approach with colorectal or coloanal anastamosis

1NQ89KZ Excision total, rectum using open abdominoperineal approach

1NQ89KZXX Excision total, rectum using abdominoperineal approach pouch formation with ileoanal
anastamosis

1NQ89SF Excision total, recum using open approach with bypass technique

1NQ89SFXXG Excision total, rectum abdominal approach and pouch formation

1NQ90LAXXG Excision total with reconstruction, rectum using open approach with ileoanal anastamosis

1NQ87DE Excision partial, rectum using laparoscopic approach with colorectal anastamosis

1NQ89LH Excision total, rectum using open abdominoperineal approach

1NQ89LHXXG Excision total, rectum using abdominoperineal approach and continent ileostomy formation

1NQ89RS Excision total, rectum using open anterior approach with terminal colostomy

1NQ89RSXXG Excision total, rectum using abdominal approach and continent ileostomy formation

1NQ89AB Excision total, rectum using combined approach, laparoscopic, stoma formation with distal
closure

1NQ87DX Excision partial, rectum using laparoscopic approach, stoma formation and distal closure

1NQ87TF Excision partial, rectum using open approach, stoma formation and distal closure

CCI Canadian Classification of health Interventions
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Table 4 Search strategy used for
MEDLINE and EMBASE
literature search

Database: Ovid MEDLINE(R) Epub Ahead of Print, In-Process & Other Non-Indexed Citations, Ovid
MEDLINE(R) Daily and Ovid MEDLINE(R) < 1946 to Present>

Search strategy:

1 BInternational Classification of Diseases^/ (6977)

2 Binternational classification of disease^.tw. (1159)

3 (icd9* or icd10* or icd).tw. (29130)

4 REGISTRIES/ (72746)

5 (registry or registries).tw. (97633)

6 exp Medical Records/ or (EHR or EMR or EPR).tw. (156879)

7 (utili?ation data* or claims data* or managed care data* or billing data* or hospitali?ation data* or linked
data*:).tw. (14572)

8 ((health or patient or medical) adj2 record*).tw. (115001)

9 (physician* adj2 claim*).tw. (683)

10 ((clinic* or patient) adj2 (code or coding)).tw. (928)

11 (admin* adj2 bill*).tw. (137)

12 Databases, Factual/ (63561)

13 (admin* adj3 data*).tw. (18324)

14 or/1–13 (475430)

15 exp Rectal Neoplasms/su [Surgery] (17965)

16 ((rectal or colorectal or colo-rectal) adj2 (cancer or neoplasm* or lesion* or adenocarcinoma* or tumor* or
tumour*) adj4 (surg* or resection*)).tw. (11672)

17 15 or 16 (25310)

18 14 and 17 (1147)

19 limit 18 to yr = B2007 -Current^ (866)

Database: Embase Classic + Embase < 1947 to 2018 March 02>

Search strategy:

1 *"International Classification of Diseases^/ (1794)

2 Binternational classification of disease^.tw. (1837)

3 (icd9* or icd10* or icd).tw. (62918)

4 *register/ (24500)

5 (registry or registries).tw. (160923)

6 *medical record/ (33913)

7 (utili?ation data* or claims data* or managed care data* or billing data* or hospitali?ation data* or linked
data*:).tw. (25037)

8 ((health or patient or medical) adj2 record*).tw. (183779)

9 (physician* adj2 claim*).tw. (980)

10 ((clinic* or patient) adj2 (code or coding)).tw. (1587)

11 (admin* adj2 bill*).tw. (244)

12 *factual database/ (5952)

13 (admin* adj3 data*).tw. (27334)

14 or/1–13 (465823)

15 exp *rectum cancer/ and cancer surgery/ (13203)

16 ((rectal or colorectal or colo-rectal) adj2 (cancer or neoplasm* or lesion* or adenocarcinoma* or tumor* or
tumour*) adj4 (surg* or resection*)).tw. (17782)

17 15 or 16 (26093)

18 14 and 17 (1318)

19 limit 18 to yr = B2007 -Current^ (1145)
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