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Objective: To identify cases of spinal cord injury or disease (SCI/D) in an Ontario database of primary care
electronic medical records (EMR).
Design: A reference standard of cases of chronic SCI/D was established via manual review of EMRs; this
reference standard was used to evaluate potential case identification algorithms for use in the same database.
Setting: Electronic Medical Records Primary Care (EMRPC) Database, Ontario, Canada.
Participants: A sample of 48,000 adult patients was randomly selected from 213,887 eligible patients in the
EMRPC database.
Interventions: N/A.
Main Outcome Measure(s): Candidate algorithms were evaluated using sensitivity, specificity, positive
predictive value (PPV), negative predictive value (NPV), and F-score.
Results: 126 cases of chronic SCI/D were identified, forming the reference standard. Of these, 57 were cases
of traumatic spinal cord injury (TSCI), and 67 were cases of non-traumatic spinal cord injury (NTSCI). The
optimal case identification algorithm used free-text keyword searches and a physician billing code, and had
70.6% sensitivity (61.9–78.4), 98.5% specificity (97.3–99.3), 89.9% PPV (82.2–95.0), 94.7% NPV (92.8–96.3),
and an F-score of 79.1.
Conclusions: Identifying cases of chronic SCI/D from a database of primary care EMRs using free-text entries
is feasible, relying on a comprehensive case definition. Identifying a cohort of patients with SCI/D will allow for
future study of the epidemiology and health service utilization of these patients.
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Spinal cord injury or disease (SCI/D) is damage to the
spinal cord resulting in neurological impairment; it can

be caused either by external injury, known as traumatic
spinal cord injury (TSCI), or by other causes such as
congenital conditions or disease processes, known as
non-traumatic spinal cord injury (NTSCI).1

Historically, health services research in the field of
“spinal cord injury” has focused only on TSCI, but
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recent efforts to classify the potential causes of NTSCI
have made it feasible to identify and include non-trau-
matic cases.2 This is important as the incidence of
NTSCI is expected to increase with an aging
population.3

Although prevalence estimates are sparse and incon-
sistent, SCI/D is typically considered a rare disorder;4

however, it has a disproportionately large impact on
healthcare utilization5 due to the many associated
impairments and co-morbidities6 experienced by patients
during the decades of life post-injury.7 Most research in
SCI/D has focused on the early experience of patients,
during acute in-hospital care and initial specialized reha-
bilitation, while their experience of the years of life post-
discharge is not well described.8–10 In recent years,
administrative datasets have been used to address this
gap;11–14 however, these data sources typically capture
only incident cases over a particular time period and
cannot be used to identify prevalent cases of chronic
SCI/D. Lack of a clear case definition for SCI/D adds
complexity; this is particularly so for NTSCI, which
comprises a wide range of rare conditions.2

Following the widespread adoption of electronic
medical records (EMR), databases of EMRs aggregated
from primary care practices have become available for
research.15,16 Methods for identifying various con-
ditions of interest within these databases have been
described, employing evidence such as disease classifi-
cation codes, specific medications, and key diagnostic
test or lab values.17–21 However, when implementing a
similar case identification method in SCI/D, the types
of evidence (such as disease codes) used in other con-
ditions may be unreliable,22,23 so that the use of
additional material from free-text fields in the EMR
may be necessary.
An advantage of using primary care rather than hos-

pital records is the possibility of identifying prevalent
cases, creating a cohort that is more representative of
the SCI/D population overall. Additionally, the
capture of mild cases of NTSCI can be improved,
since these cases may not result in hospitalization.24

Once a cohort is reliably identified, it can be linked to
other datasets and used to study the long-term experi-
ence of people living with SCI/D.
Our objectives were to (i) develop amethod for identi-

fying cases of chronic SCI/D in a primary care EMR
database using a comprehensive case definition; (ii)
conduct a detailedmanual chart review in order to estab-
lish a reference standard cohort of cases of chronic SCI/
D; and (iii) use the reference standard cohort to validate
case finding algorithms that can be used to identify all
cases of SCI/D in the EMR database.

Methods
EMR data were extracted from the Electronic Medical
Record Primary Care (EMRPC) database (formerly
known as EMRALD). EMRPC aggregates data from
the EMR systems of participating family physicians
across Ontario, Canada, a province with a population
of approximately 14.5 million and a single-payer health-
care system. Data were collected semi-annually from
primary care clinics that volunteer to participate. At
the time of data extraction for this study (December
31, 2016), EMRPC comprised 376 family physicians
(approximately 3% of the family physicians in Ontario)
in 43 clinics, and 443,038 patients. EMRPC is among
the largest EMR databases in the world (those represent-
ing more than 1% of their reference population)25 and is
unusual in that it contains large amounts of free-text
data.16 EMRPC contains all clinically relevant infor-
mation aggregated from EMRs (see Table 1).
EMRPC is maintained by ICES, an independent,

non-profit research institute funded by an annual
grant from the Ontario Ministry of Health (MOH)
and the Ministry of Long-Term Care (MLTC).26 As a
prescribed entity under Ontario’s privacy legislation,
ICES is authorized to collect and use health care data
for the purposes of health system analysis, evaluation
and decision support. Secure access to these data is gov-
erned by policies and procedures that are approved by
the Information and Privacy Commissioner of
Ontario. The use of the data in this project is authorized
under section 45 of Ontario’s Personal Health
Information Protection Act (PHIPA) and does not
require review by a Research Ethics Board.
The study cohort included patients who had a valid

date of birth and a valid health insurance number,
were assigned to an active primary care physician, and
were more than 14 years old as of the date of the data
extraction. We excluded the pediatric population to
facilitate chart review, with the age cut-off of 14 years
chosen to align with other major studies of this popu-
lation.3,4 Patients were excluded if they had less than
one year of entries in the EMR, or if their physician
had been using the EMR for less than 2 years before
data extraction, in order to ensure accuracy and com-
pleteness of data. After application of the inclusion
and exclusion criteria, 213,887 patients comprised the
study cohort. A random sample of 48,000 patients
was selected from the study cohort to generate a feasible
number of charts for manual review. The study was
conducted and reported according to recommended
guidelines for reporting of case definition validation
studies.17
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Keyword search strategy
A preliminary keyword search was used to identify
potential cases of SCI/D for manual review from the
48,000 patient study sample. Care was taken to ensure
that the keyword search strategy was inclusive of all
potential cases. Previous studies employing the same
database to identify other conditions of interest used a
similar keyword search approach.18,27,28

A list of 17 search terms related to SCI/D including
associated impairments and syndromes (Table 2) was
developed in consultation with a primary care physician
(with expertise in treating SCI/D patients) and used to
conduct an initial keyword search in certain free-text
components of patient records: the cumulative patient
profile (CPP), progress notes (PN), and consultation
letters (CONS). Within the CPP, the problem list and
medical history sections were considered.
It was hypothesized that these terms would risk

missing some NTSCI cases because primary care phys-
icians may identify them by the etiology rather than the
impairment; this was confirmed when a preliminary
review of 100 patients identified using a list of
NTSCI-related etiologies revealed 5 possible cases.
Therefore, in order to maximize capture of potential
NTSCI cases, an exhaustive list of NTSCI-related

keywords including etiologies was compiled using
authoritative sources of NTSCI-related terms.2,29 The
inclusion of an additional 126 search terms in the
CPP problem list was considered warranted as
problem lists maintained by primary care physicians
have been shown to be well-maintained and accu-
rate.30–32

For the list of terms in the keyword search strategy,
see Supplemental Table 1.

Case definition
A comprehensive case definition for identifying chronic
SCI/D for chart review was developed (Table 3), based
on prior work to characterize TSCI and the diagnostic
criteria for NTSCI.22,24

This definition was designed to be maximally com-
prehensive, and includes spina bifida, which is some-
times treated as a separate entity.4 All cases of
multiple sclerosis were excluded.

Chart review
During the preliminary chart review process, the
reliability of different chart components was noted. A
mention of a keyword in the CPP problem list was
more likely to identify a case accurately than a
mention in progress notes (PN), which contained
varied information and were therefore more likely to
generate spurious keyword matches resulting from, for
example, queries, differential diagnoses, and family his-
tories. The use of diagnostic terms in consultation
letters (CONS) tended to be clear and unambiguous,
and consultation letters from certain specialties such
as neurosurgery, neurology, and physiatry often con-
tained additional evidence to validate the diagnosis,
including reports of neurological examinations.
Consultation letters from urology often clearly docu-
mented neurogenic bladder. The chart review process
was designed to take these observations into account

Table 2 Initial search terms.

spinal cord injury
paraplegia/-paresis,
tetraplegia/-paresis,
quadriplegia/-paresis
quadraplegia/-paresis (common misspellings)
hemiparaplegia
anterior cord syndrome
central cord syndrome
posterior cord syndrome
conus medullaris syndrome
brown sequard syndrome
neurogenic bladder
neurogenic bowel

Table 1 Components of EMRPC database.
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in the evidentiary value accorded to different EMR
components.
EMRPC chart data was reviewed via a custom online

abstraction platform which has previously been used in
similar studies.27,33 The chart review process is shown in
Fig. 1.
All charts were reviewed by a principal reviewer (JS),

while a secondary reviewer (JC) validated a random
sample of 10% of the charts, and reviewed all cases
rated “possible” by the first reviewer, reclassifying
them where possible. Cohen’s kappa for the 10% vali-
dation sample indicated strong agreement at 87.37%.
Complex cases were referred to a senior clinical expert
(CC) for adjudication.

Algorithm development
The reference standard cohort contained all definite
cases of chronic SCI/D in the 48,000-patient study
sample. In order to identify cases of chronic SCI/D
in the larger study cohort, algorithms were developed,

and their performance was evaluated using the refer-
ence standard. These algorithms were composed of
text strings (keywords, names of medications) and phys-
ician billing codes that, if found when searching the
EMRPC database, could accurately identify cases of
SCI/D.
Given the different significance and evidentiary value

of keywords depending on where they appeared in the
chart, these were considered separately in the CPP
and in the PN and CONS. In both cases, to determine
the value of each keyword for case identification, occur-
rences in the reference standard charts were analyzed.
Based on this analysis, keyword lists were constructed
for use in algorithm development.
In order to identify medications commonly used in

the SCI/D population, we consulted the available lit-
erature on pharmacological use in SCI/D.34–38

However, this was of limited value due to the non-
specific nature of most medications commonly used in
this population, such as bowel agents, analgesics,

Table 3 Case definition: criteria for chronic TSCI and NTSCI case identification.

Criterion TSCI NTSCI NTSCI (due to degeneration)

Type of neurological
impairment

Any of motor, sensory, bowel
or bladder impairment

Motor or sensory impairment AND bowel or
bladder impairment

Only motor impairment (subject
to review)

Duration of
impairment

Any duration

Injury site Spinal cord and cauda equina (but not nerve roots)

Cause/etiology External physical force Etiologies as identified by New2: congenital,
genetic, and acquired (non-degenerative)

Etiologies as identified by
New2: acquired degenerative

Point of maximal
impairment

Typically immediately following
surgery/hospitalization

Variable Often immediately preceding
surgery/hospitalization

Figure 1 Chart review process.
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antidepressants, and antibiotics. As a second step, a
database of indication-medication pairs39 was con-
sulted to determine which drugs were most commonly
prescribed for SCI/D. Of these, the reverse pairs (medi-
cation-indication) were then examined to determine
which drugs were prescribed more commonly for
SCI/D than for other indications. From this analysis,
three medications were included as an algorithm com-
ponent: oxybutynin, baclofen, and dantrolene (the
brand names Ditropan, Lioresal, and Dantrium were
also included).
ICD-9 disease classification codes related to SCI/D

were identified in the literature22,23 and were used as
another algorithm component. The three ICD-9 codes
(344, 806, and 952) that corresponded to physician
billing codes in EMRPC were used.
Using the reference standard cohort as the criterion,

confusion matrix values (true positives, true negatives,
false positives, false negatives) were tabulated for each
algorithm component, and the sensitivity, specificity,
PPV, NPV, and F-scores were calculated using
Microsoft SQL and Excel. Individual algorithm com-
ponents were then combined in various permutations
to create case identification algorithms, and the per-
formance of these combination algorithms was simi-
larly evaluated. For this study, sensitivity and PPV
were considered to be primary outcomes (to select

algorithms able to identify all cases of SCI/D, i.e. sen-
sitivity, and only cases of SCI/D, i.e. PPV). F-score, the
harmonic mean of sensitivity and PPV, was included as
a single summary metric of performance. Performance
metrics for all algorithms (including specificity and
NPV) are reported in Supplemental Table 2.

Results
Chart review and case identification
Through the manual review of electronic medical
records, this study identified 126 cases of chronic
SCI/D. Using this cohort as a reference standard,
case identification algorithms were developed and eval-
uated. The overall process is depicted, and key results
summarized, in Fig. 2. The 126 validated SCI/D
cases in the shaded box became the reference standard
cohort (RSC).
The demographic characteristics of the RSC com-

pared with the study cohort are presented in Table 4;
results are shown for the RSC as a whole, and for
TSCI and NTSCI cases separately (two cases could
not be classified as either TSCI or NTSCI).

Algorithm development
Keyword analysis
The case identification algorithms developed made use
of different types of information in the EMR database.

Figure 2 Flowchart for SCI/D case identification.
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The CPP component identified charts with a keyword
match in the CPP (specifically in the problem list and
medical history portions). Similarly, the P/C com-
ponent identified charts with a keyword match in the
progress notes (PN) or consultation letters (CONS).
In order to determine which keywords to use in these

algorithm components, the occurrence of keywords in
the charts of the RSC was analyzed. Because a given
keyword (or keyword phrase) can occur at most once in
the CPP, it was possible to calculate the sensitivity and
PPVof each individual CPP keyword. This information,
shown in Fig. 3, was used to construct keyword lists for
use in case identification algorithms. The first list of
CPP keyword terms, called CPP1, contains eight

keywords all of which have a PPV of 100%, meaning
that these keywords appeared only in the CPP of true
positive cases. The next two lists added further terms in
descending order of PPV, using 70% as a breakpoint;
grouping the terms in this way facilitated the evaluation
of different algorithm permutations with respect to the
tradeoff between sensitivity and predictive value.
In the case of keywords occurring in the P/C com-

ponents, it was possible for a given keyword to occur
multiple times in the same record, making it infeasible
to use the same analysis as with CPP keywords.
Rather, the total numbers of keyword occurrences were
tabulated, and the occurrences in cases were compared
with those in non-cases to determine the value of each

Table 4 Demographic characteristics.

RSC-Total (n = 126) RSC-TSCI (n = 57) RSC-NTSCI (n = 67) Study cohort (n = 213,887)

Sex
Female, n (%) 50 (39.7) 16 (28.1) 34 (50.7) 124,776 (58.3)
Male, n (%) 76 (60.3) 41 (71.9) 33 (49.3) 89,111 (41.7)

Age
Mean age, years (sd) 55.1 (17.0) 55.6 (13.8) 54.3 (19.2) 50.8 (19.1)

Age 14–34, n (%) 16 (12.7) 5 (8.8) 11 (16.4) 50,357 (23.5)
Age 35–64, n (%) 74 (58.7) 39 (68.4) 34 (50.7) 108,946 (50.9)
Age ≥65, n (%) 36 (28.6) 13 (22.8) 22 (32.8) 54,584 (25.5)

Figure 3 CPP keyword analysis.
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keyword for case identification. This algorithm com-
ponent could specify either a certain number of unique
terms from the list of keywords (e.g. three different
terms) or a certain number of occurrences of any of the
terms from the list (e.g. three occurrences of any term,
including multiple occurrences of the same term).
The complete lists of inclusion and exclusion terms

for CPP and P/C are provided in Table 5.

Algorithm component evaluation
Algorithm components using the three CPP keyword
lists illustrate the tradeoff between sensitivity and
PPV. The best overall CPP algorithm component is
CPP2 with an F-score of 67.4%. This component has

an excellent PPV of 94.3% but the sensitivity of 52.4%
is inadequate.
Algorithm components using keywords found in pro-

gress notes and consultation letters demonstrated a
similar tradeoff between sensitivity and PPV. Overall,
the best-performing of these achieved F-scores compar-
able to the best-performing CPP algorithm com-
ponents, which is a significant result since this method
(using keywords from progress notes and consultation
letters in case identification algorithms) has not been
documented in previous studies.
The performance of algorithm components using

medication names and physician billing codes was
also evaluated. The medication name algorithm

Table 5 Terms included in algorithm components.

Component Description Terms included Terms excluded

CPP1 Keywords in CPP (8) brown sequard
central cord
syndrome
meningocele
neurogenic bowel
quadrapare*
spinal cord injury
tetrapare*
tetraplegi*

cerebral palsy
CP
guillain barre
MS
(MS cases identified using EMRPC MS
algorithm)

CPP2 Keywords in CPP (12) CPP1+
cervical myelopathy
paraplegi*
quadraplegi*
quadriplegi*

cerebral palsy
CP
guillain barre
MS
(MS cases identified using EMRPC MS
algorithm)

CPP3 Keywords in CPP (23) CPP2+
arnold chiari
cauda equina
cervical myelopathy
epidural abscess
myelitis
myelopathy
neurogenic bladder
quadripare*
spina bifida
syringomyelia
tethered cord
transverse myelitis

cerebral palsy
CP
guillain barre
MS
(MS cases identified using EMRPC MS
algorithm)
occulta
osteomyelitis

P/C Keywords in progress notes and consultation
letters (13)

brown sequard
central cord
syndrome
hemiparaplegia
neurogenic bowel
parapare*
paraplegi*
quadrapare*
quadraplegi*
quadripare*
quadriplegi*
spinal cord injury
tetrapare*
tetraplegi*

n/a

Note: “*” indicates a wildcard character.
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component performed poorly, with a sensitivity of only
29.4% and PPV of 47.4%. Occurrences of physician
billing codes were analyzed using the same method as
in other studies: looking for single or multiple (“x2,”
“x3,” etc.) occurrences, and also looking for multiple
occurrences in a single year (“x2in1”). The only ICD-
9 code that identified a significant number of cases
was 806 (“fracture of vertebral column with spinal
cord injury”), with 20 true positives and 0 false posi-
tives. Since there were no false positives, there was no
improvement in performance from requiring multiple
occurrences.
The other code that identified SCI/D cases was 344

(“other paralytic syndromes”), with three true positives
and zero false positives; however, all three of the true
positive cases also used the 806 code, so there was no
incremental value in using both rather than using 806
alone. For the sake of parsimony ICD-9 code 344 was
dismissed in further analysis. ICD-9 code 952 (“spinal
cord injury without evidence of spinal bone injury”)
did not identify any true positive cases and was dis-
missed in further analysis.

Algorithm performance evaluation
Using various permutations of the algorithm com-
ponents, 125 candidate algorithms were created, and
their performance evaluated. By combining algorithm
components, a synergistic improvement in performance
was obtained, increasing true positives and hence sensi-
tivity without commensurately increasing false nega-
tives and diminishing PPV. While the highest F-score
of any single component is 68.1%, an optimal combi-
nation of components can yield an F-score as high as
79.1%.
The optimal algorithm selects cases that have any of

three components: (i) a CPP keyword on the CPP2 list;
or (ii) three or more occurrences of any of the keywords
in the P/C list; or (iii) an occurrence of ICD-9 code 806.
This algorithm has a sensitivity of 70.6% and a PPV of
89.9%.
Table 6 presents the performance of selected algor-

ithm components and algorithms. For a list of all algor-
ithms considered, see Supplemental Table 2.

Discussion
This study has demonstrated that it is possible to
reliably identify cases of chronic SCI/D in a primary
care EMR database using a detailed case definition, a
comprehensive keyword search strategy, and a rigorous
manual chart review process. With respect to the devel-
opment of algorithms for use in the automated identifi-
cation of cases of SCI/D in EMRPC (and potentially in

other similar EMR databases), the precise methods
demonstrated in previous studies (using disease codes
and prescriptions) proved infeasible in SCI/D.
However, it was possible to construct satisfactory case
identification algorithms by making more extensive
use of free-text keyword searching in the unstructured
portions of the EMRPC database.
Unlike many other chronic conditions where diagno-

sis or billing codes (using a standard classification like
ICD-9 or ICD-10) can be used, the relevant codes for
SCI/D were found to be unreliable, with only 15.9%
of the RSC showing an SCI/D-related physician
billing code. This is perhaps because primary care
visits by patients with SCI/D do not typically result
in an SCI/D-related billing code. When working with
a different sample, it would be prudent to re-examine
the validity of disease classification codes.
Furthermore, prescriptions and lab test values were

similarly unhelpful, although they have been shown to
be reliable in identifying cases of other conditions
such as MS and diabetes.18,20 With respect to the
three medications identified as being both relatively
widely used within and specific to SCI/D, only 29.4%
of the RSC cases included a prescription for at least
one of these; furthermore, 89 false positives were ident-
ified, for a PPV of 47.4% for the medication algorithm
component.
In order to improve algorithm performance,

additional unstructured free-text elements of the
EMRPC database such as progress notes and consul-
tation letters were used. Occurrences in these fields of
highly specific terms such as “tetraplegia,” “neurogenic
bowel,” and “spinal cord injury” proved to be a valu-
able addition to the contents of the CPP for the
purpose of case identification. This approach leveraged
the unique inclusion in EMRPC of these substantial
free-text elements.
With respect to previous case identification studies in

SCI/D,22,24,40,41 this is the first to use EMRs as a data
source, and the first to use the information other than
diagnostic codes (such as ICD-9 or ICD-10). The algor-
ithms developed in this study performed similarly to
those developed to identify other disease populations
using the EMRPC database.18,19,27,28 The sensitivity of
the optimal algorithm (70.6%) was lower than in some
of these studies, whichmay be attributed to the difficulty
of capturing every instance of a diagnosis (SCI/D) that
can be designated in many different ways, particularly
for cases of NTSCI. The PPV of the optimal algorithm
(89.9%), however, is compared favorably. When com-
pared with a broader sample of 40 case-finding studies
covering 47 different conditions, using a variety of
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Table 6 Performance of selected algorithms.

Description TP TN FN FP Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI) F-score

A. Algorithm Components
Keywords from 1 of 3 lists of terms found in Cumulative Patient Profile (CPP)

CPP1 (8 keywords included, 4 excluded) 40 677 86 0 31.7 (23.7-40.6) 100 (99.5-100) 100 (91.2-100) 88.7 (86.3-90.9) 48.2
CPP2 (12 included, 4 excluded) 66 673 60 4 52.4 (43.3-61.3) 99.4 (98.5-99.8) 94.3 (86.0-98.4) 91.8 (89.6-93.7) 67.3
CPP3 (23 included, 6 excluded) 95 598 31 79 75.4 (66.9-82.6) 88.3 (85.7-90.7) 54.6 (46.9-62.1) 95.1 (93.1-96.6) 63.3

Keywords from single list of 13 terms found in Progress Notes and Consultation Letters (P/C)
≥ 5 unique keywords 6 677 120 0 4.8 (1.8-10.1) 100 (99.5-100) 100 (54.1-100) 84.9 (82.3-87.4) 9.1
≥ 4 unique keywords 14 677 112 0 11.1 (6.2-17.9) 100 (99.5-100) 100 (76.8-100) 85.8 (83.2-88.2) 20.0
≥ 3 unique keywords 28 675 98 2 22.2 (15.3-30.5) 99.7 (98.9-100) 93.3 (77.9-99.2) 87.3 (84.8-89.6) 35.9
≥ 5 keyword occurrences (any) 48 674 78 3 38.1 (29.6-47.2) 99.6 (98.7-99.9) 94.1 (83.8-98.8) 89.6 (87.2-91.7) 54.2
≥ 4 keyword occurrences (any) 58 672 68 5 46.0 (37.1-55.1) 99.3 (98.3-99.8) 92.1 (82.4-97.4) 90.8 (88.5-92.8) 61.4
≥ 2 unique keywords 63 668 63 9 50.0 (41.0-59.0) 98.7 (97.5-99.4) 87.5 (77.6-94.1) 91.4 (89.1-93.3) 63.6
≥ 3 keyword occurrences (any) 68 669 58 8 54.0 (44.9-62.9) 98.8 (97.7-99.5) 89.5 (80.3-95.3) 92.0 (89.8-93.9) 67.3
≥ 2 keyword occurrences (any) 78 652 48 25 61.9 (52.8-70.4) 96.3 (94.6-97.6) 75.7 (66.3-83.6) 93.1 (91.0-94.9) 68.1

Medications prescribed
Medication name (oxybutynin, baclofen, dantrolene sodium) 37 636 89 41 29.4 (21.6-38.1) 93.9 (91.9-95.6) 47.4 (36.0-59.1) 87.7 (85.1-90.0) 36.3

ICD-9 Billing codes
344 3 677 123 0 2.4 (0.5-6.8) 100 (99.5-100) 100 (29.2-100) 84.6 (81.9-87.1) 4.7
806 20 677 106 0 15.9 (10.0-23.4) 100 (99.5-100) 100 (83.2-100) 86.5 (83.9-88.8) 27.4
806 x 2 16 677 110 0 12.7 (7.4-19.8) 100 (99.5-100) 100 (79.4-100) 86.0 (83.4-88.4) 22.5
806 x 2 in 1 year 11 677 115 0 8.7 (4.4-15.1) 100 (99.5-100) 100 (71.5-100) 85.5 (82.8-87.9) 16.1
952 0 677 126 0 0.0 (0.0-2.9) 100 (99.5-100) 0.0 (0.0-100) 84.3 (81.6-86.8) 0.0

B. Top Performing Algorithms
CPP2 or
P/C ≥3 keywords (any) or
Billing code 806

89 667 37 10 70.6 (61.9-78.4) 98.5 (97.3-99.3) 89.9 (82.2-95.0) 94.7 (92.8-96.3) 79.1

CPP2 or
P/C ≥4 keywords (any) or
Billing code 806

85 670 41 7 67.5 (58.5-75.5) 99.0 (97.9-99.6) 92.4 (84.9-96.9) 94.2 (92.3-95.8) 78.0

CPP2 or
P/C ≥3 keywords (any)

87 667 39 10 69.0 (60.2-77.0) 98.5 (97.3-99.3) 89.7 (81.9-94.9) 94.5 (92.5-96.0) 78.0

CPP2 or
P/C ≥2 unique keywords or Billing code 806

86 666 40 11 68.3 (59.4-76.3) 98.4 (97.1-99.2) 88.7 (80.6-94.2) 94.3 (92.4-95.9) 77.1

CPP2 or
P/C ≥4 keywords (any)

83 670 43 7 65.9 (56.9-74.1) 99.0 (97.9-99.6) 92.2 (84.6-96.8) 94.0 (92.0-95.6) 76.9

Abbreviations: TP, true positive; FP, false positive; TN, true negative; FN, false negative; PPV, positive predictive value; NPV, negative predictive value.
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primary care databases,17 the sensitivity was well within
the range observed, with the PPVat the higher end of the
range. Although there is no definitive threshold for the
performance of classification algorithms, a summary of
reviews of health algorithm studies proposed classifying
PPVs over 70% as high, 50% to 70% as moderate, and
below 50% as low.42

The prevalence of chronic SCI/D in the study sample
(calculated using the number of cases in the RSC) is:
262.5 per 100,000 overall; 118.8 per 100,000 for TSCI;
and 139.6 per 100,000 for NTSCI. These results agree
with the most recent estimate of SCI/D prevalence in
Canada:3 252.5 per 100,000 overall; 129.8 per 100,000
for TSCI; and 122.7 per 100,000 for NTSCI.
An important strength of this study is the use of an

EMR database (EMRPC) that has been shown to be
fairly representative of the overall Ontario SCI/D
population.15 Furthermore, EMRPC uniquely includes
a large amount of unstructured free-text information
which, in this study, proved important in case identifi-
cation. Another strength is the inclusive and evidence-
based case definition of SCI/D, which includes both
TSCI and NTSCI. Finally, the rigorous and detailed
chart review method helped ensure that cases were
identified comprehensively and reliably.
There are several important limitations to this study.

First, the emphasis on comprehensiveness in the case
definition may have resulted in the inclusion of some
patients (for example those with a temporary impair-
ment lasting >48 h) that would not be considered
cases of chronic SCI/D according to more restrictive
definitions. Second, the use of only two reviewers
imposed a limitation on the number of charts that
could feasibly be manually reviewed (each chart
review took on average approximately 15 min). Third,
there is insufficient evidence in EMRPC to reliably
determine important information such as level, severity,
and completeness of SCI/D. Fourth, the date of onset
of SCI/D is not clearly recorded in EMR, making
identification of incident cases infeasible. Fifth, it is
possible that greater precision may be achieved by con-
sidering progress notes and consultation letters separ-
ately, rather than combining them into a single
component. Finally, it is important to note that the
results of this study may not be translatable to other
EMR databases that do not contain the same free-text
entries.
The novel work using free text keywords documented

in this study may be useful to other researchers looking
to identify cases of SCI/D in free text or unstructured
data sources including EMRs. For such researchers,
lessons learned from this study include the importance

of including the many potential etiologies of NTSC and
the necessity of a precise, detailed case definition.
Going forward, data from EMR databases can help
address longstanding research gaps with respect to
post-rehabilitation health system surveillance for this
population.8 The SCI/D cohort identified in EMRPC
can be linked with other databases to develop an under-
standing of the health care utilization, outcomes, cost
and care patterns across the entire healthcare system
of the SCI/D population, creating a fuller picture of
patient journeys throughout their life course, and
helping to improve the quality of care.

Abbreviations
CONS: consultation letters; CPP: cumulative patient
profile; EMR: electronic medical record; EMRPC:
Electronic Medical Records Primary Care database;
NPV: negative predictive value; NTSCI: non-traumatic
spinal cord injury; P/C: progress notes and consul-
tation letters; PN: progress notes; PPV: positive predic-
tive value; RSC: reference standard cohort; SCI/D:
spinal cord injury and disease; TSCI: traumatic spinal
cord injury
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