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Abstract

Background: This study aimed to validate an algorithm that determines stroke diagnostic code accuracy, in a
hospital-based cancer registry, using electronic medical records (EMRs) in Japan.

Methods: The subjects were 27,932 patients enrolled in the hospital-based cancer registry of Osaka University
Hospital, between January 1, 2007 and December 31, 2015. The ICD-10 (international classification of diseases, 10th
revision) diagnostic codes for stroke were extracted from the EMR database. Specifically, subarachnoid hemorrhage
(I60); intracerebral hemorrhage (I61); cerebral infarction (I63); and other transient cerebral ischemic attacks and
related syndromes and transient cerebral ischemic attack (unspecified) (G458 and G459), respectively. Diagnostic
codes, both “definite” and “suspected,” and brain imaging information were extracted from the database. We set
the algorithm with the combination of the diagnostic code and/or the brain imaging information, and manually
reviewed the presence or absence of the acute cerebrovascular disease with medical charts.

Results: A total of 2654 diagnostic codes, 1991 “definite” and 663 “suspected,” were identified. After excluding
duplicates, the numbers of “definite” and “suspected” diagnostic codes were 912 and 228, respectively. The
proportion of the presence of the disease in the “definite” diagnostic code was 22%; this raised 51% with the
combination of the diagnostic code and the use of brain imaging information. When adding the interval of when
brain imaging was performed (within 30 days and within 1 day) to the diagnostic code, the proportion increased to
84% and 90%, respectively. In the algorithm of “definite” diagnostic code, history of stroke was the most common
in the diagnostic code, but in the algorithm of “definite” diagnostic code and the use of brain imaging within
1 day, stroke mimics was the most frequent.

Conclusions: Combining the diagnostic code and clinical examination improved the proportion of the presence of
disease in the diagnostic code and achieved appropriate accuracy for research. Clinical research using EMRs require
outcome validation prior to conducting a study.
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Background
The introduction of electronic databases in the medical
field is rapidly progressing. Accordingly, a large amount
of electronic data has become available for the study of
clinical medicine, health services, and population health
[1–3]. Electronic databases have already been utilized in
clinical epidemiology research, such as linking with
large-scale health care databases in Europe and the
United States [4–8].
Electronic medical records (EMRs) in Japan were in-

troduced in 2002 as part of the national strategy for the
conversion of medical information technology. The im-
plementation rate of the EMRs in all hospitals through-
out Japan (n = 8605) in 2011 was approximately 20%.
Implementation was especially evident in hospitals with
400 beds or more (n = 822 hospitals), with rates exceed-
ing 50% [9]. However, the history of EMRs in Japan is
relatively short, and they are often underutilized in clin-
ical research. EMRs contain an array of valuable patient-
care information for the purpose of supporting research
and quality health care [10]. The re-use of EMR data for
clinical research provides large datasets with long-term
observations at low cost, enabling researchers to conduct
studies effectively and efficiently [2, 11, 12]. Conversely,
it has also been reported that research using diagnostic
codes, such as the ICD-10 (international classification of
diseases, 10th revision) [13] of EMRs has inherent prob-
lems. Specifically, it is unknown whether a patient actu-
ally has a registered disease, even if there is a registered
diagnostic code [14–16]. Namely, EMRs have problems
in the large variation of coding practices between clini-
cians [14]. If diagnostic codes are analyzed as outcomes
in isolation, certain diseases may be overestimated and
lead to erroneous results [17, 18]. Therefore, validation
of outcomes prior to conducting a study is essential for
clinical research using EMRs [11].
Previous studies have suggested that patients with can-

cer are at high risk of stroke [19–21], and stroke in pa-
tients with cancer are reported to have unique clinical
characteristics [22–24]. However, limited data is avail-
able on the epidemiological aspects between cancer and
stroke. As many types of cancer exist, conducting ex-
haustive research between cancer and stroke is challen-
ging. The number of cancer survivors continuously
increases with the progress of cancer care, and therefore,
research that focuses on the relationships between can-
cer and other diseases are required for the future care.
In this regard, the current study posited that the use of
EMRs, which contain an enormous amount of patient
information with long follow-up times, could aid in the
investigation of epidemiological aspects between cancer
and stroke. The purpose of this study was to validate an
algorithm that determines the accuracy of stroke diag-
nostic codes, in a hospital-based cancer registry using

EMRs, prior to conducting epidemiological research be-
tween cancer and stroke in Japan.

Methods
Subjects and study setting
Subjects were patients enrolled in the hospital-based
cancer registry of Osaka University Hospital, between
January 1, 2007 and December 31, 2015. Osaka Univer-
sity Hospital is a large, academic, urban hospital that
functions as a regional comprehensive cancer center,
which typically accepts more patients with cancer than a
local hospital. In Japan, the Cancer Control Act was
enacted in 2006 [25], and other nation-based cancer
registry projects have also been launched. Cancer regis-
tration is subdivided into three types of registries:
hospital-based cancer registry, population-based cancer
registry, and organ-based cancer registry. A hospital-
based cancer registry is a registry that collects clinical
data, including cancer type and stage, on all patients
treated for cancer in a comprehensive cancer hospital,
along with a population-based cancer registry. All pa-
tients receive regular follow-ups until death, and patients
who are referred for a second opinion are excluded from
the registry. A total of 27,932 patients with cancer were
identified during the study period. Of these, 2105 pa-
tients were excluded because 2083 were duplicates and
22 displayed an input mistake (i.e., date of death was be-
fore date of birth). Therefore, 25,827 patients with can-
cer (all Asian; 49.5% women; age 61.6 ± 15.7 years) were
included in the study cohort. Using this cancer cohort
and EMR database, we investigated the presence of the
diagnostic codes for stroke and validated an algorithm
that examines the accuracy of diagnostic codes, with the
combination of diagnostic codes and/or clinical
information.

Extraction of medical information from EMRs
The ICD-10 diagnostic codes for stroke were extracted
from the EMR database. Specifically, subarachnoid
hemorrhage (I60); intracerebral hemorrhage (I61); cere-
bral infarction (I63); and other transient cerebral ische-
mic attacks and related syndromes and transient
cerebral ischemic attack (unspecified) (G458 and G459),
respectively. The EMR database in Japan has two types
of diagnostic designations: “definite,” which is the code
where the final diagnosis is definite, and “suspected,”
which is the code where the final diagnosis is suspected.
In the current study, both of these codes were obtained.
First, stroke diagnostic codes entered in the hospital-
based cancer registry were examined. Then, in order to
assess the improvement of the accuracy of diagnostic
codes by adding clinical information, use of brain im-
aging (computed tomography and/or magnetic reson-
ance imaging) were also obtained from the EMR
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database. Additionally, factors related to stroke were ob-
tained from the EMR as follows: hypertension (I10–I15);
diabetes mellitus (E10–E14); dyslipidemia (E78); atrial
fibrillation (I48); and brain metastases (C793).

Algorithm to determine the accuracy of diagnostic codes
In clinical practice, there is the possibility that more
than one different department may register the same
diagnostic codes. Therefore, we first located and re-
moved duplicate registrations, in order to avoid an over-
estimation of the presence of the disease. Duplicate
registration of a diagnostic code was defined as when
two or more of the same diagnostic codes are registered
on the same day. Next, we set the algorithm, with the
combination of diagnostic codes and/or clinical informa-
tion as follows: 1) “definite” diagnostic code; 2) “definite”
diagnostic codes and the use of brain imaging; 3) “defin-
ite” diagnostic code and the use of brain imaging per-
formed within 30 days of diagnosis; 4) “definite”
diagnostic code and the use of brain imaging performed
within 1 day of diagnosis; and 5) “suspected” diagnostic
code and the use of brain imaging. In each algorithm,
100 cases were extracted using uniform random num-
bers generated by computer, and manually reviewed for
the presence of the registered disease within the medical
charts. We also examined the position of the diagnostic
code, primary, secondary, or others. We defined the pres-
ence of acute cerebrovascular disease in advance by having
a clinically specific description of disease. Specially, we
collected the following information in each medical chart:
the description of acute neurological deficit examined by a
neurologist; brain imaging findings reported by a neurora-
diologist (when performed); and final diagnosis. Based on
these pieces of information, we identified the presence or
absence of disease (Fig. 1). All procedures were performed
with R software (https://www.r-project.org) using the
“rms” package [26].
This study was approved by the ethics committee for

clinical research at Osaka University Hospital, Osaka,
Japan. The need for informed consent was waived, due
to the retrospective nature of the study.

Results
Table 1 shows the baseline characteristics of the study
cohort. Among 25,827 patients who were enrolled in the
hospital-based cancer registry, breast cancer was the
most common form of cancer, followed by uterine, colo-
rectal, gastric, and lung cancer. The number of patients
with stage 0, I, II, III, and IV was 1512 (6.1%), 7680
(31.2%), 3873 (15.8), 2830 (11.5%), and 3809 (15.5%), re-
spectively. Four hundred and seventy-three patients
(1.8%) had brain metastases. The number of stroke risk
factors including hypertension, diabetes mellitus,

dyslipidemia, and atrial fibrillation was 5230 (20.3%),
4532 (17.5%), 3287 (12.7%), and 861 (3.3%), respectively.
A total of 2654 diagnostic codes were identified from

the EMR database. Of these, the number of “definite”
and “suspected” diagnostic codes were 1991 and 663, re-
spectively. The number of brain imaging orders was
4544. After removing duplicates, the numbers of “defin-
ite” and “suspected” diagnostic codes were 912 and 228,
respectively. The number of each algorithm of “definite”
diagnostic code, “definite” diagnostic code and the use of
brain imaging, “definite” diagnostic code and the use of
brain imaging performed within 30 days of diagnosis,
and “definite” diagnostic code and the use of brain im-
aging within 1 day of diagnosis were 912, 438, 239, and
212 records, respectively. The number of “suspected”
diagnostic code and the use of brain imaging was 228 re-
cords. Details are shown in Fig. 2.
Table 2 shows the validation results of diagnostic

code accuracy. In the algorithm of the “definite”
diagnostic code, the proportion of the presence of
the disease was 22%. The proportion of the presence
of the disease in the algorithm of “definite” and the
use of brain imaging was 51%. When adding the
interval of when brain imaging was performed within
30 days and 1 day of diagnosis to the “definite” diag-
nostic code, the proportion of the presence of the
disease was 84% and 90%, respectively. In the algo-
rithm of the “suspected” diagnostic code and the use
of brain imaging, the proportion of the disease was
7%. In the algorithm of the “definite” diagnostic
code, the primary diagnostic position was more ac-
curate than the secondary or other diagnostic pos-
ition (57% vs 19%). In the algorithm of the “definite”
diagnostic code and the use of brain imaging within

Fig. 1 Flow of reviewing medical charts
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30 days and 1 day, both positions represented high
accuracy (84% vs 90%).
Table 3 shows the breakdown of non-acute cerebrovas-

cular diseases. In the algorithm of “definite” diagnostic
code, history of stroke was the most common in the diag-
nostic code, but in the algorithm of “definite” diagnostic
code and the use of brain imaging within 1 day, stroke
mimics was the most frequent.

Discussion
We validated an algorithm to determine the accuracy of
stroke diagnostic codes, in a hospital-based cancer regis-
try in Japan, using EMRs. The proportion of the pres-
ence of acute cerebrovascular diseases in the diagnostic
code for stroke was approximately 20%. This improved
when disease-specific, clinical examination information
was added to the diagnostic code; approximately half of
the diagnostic codes exhibited the disease with the com-
bination of the diagnostic code and the use of brain im-
aging. Further, this number was raised to over 80% when
the brain imaging performed within 30 days of the
diagnosis.
EMRs provide valuable patient-care information for

the purpose of research and health care information
[11]. However, EMRs are primarily built for clinical care
process, and have inherent issues of data reliability for
use in medical research. That is, EMRs have problems in
the large variation in coding practices between clinicians
[17]. More recently, Williams et al. suggested recom-
mendations for research using electronic medical data
[12]. One of the essential steps mentioned is the valid-
ation of setting outcomes to reduce potential type I er-
rors, where an incorrect code is wrongly included [12].
We accordingly validated the setting outcomes, and
identified that the proportion of the presence of the dis-
ease in definite diagnostic code was approximately 20%
in our study cohort. This means that the outcome would
be overestimated approximately five times more than
the actual number if only the diagnostic code was dir-
ectly measured. Previous studies have reported differ-
ences of up to seven times higher, depending on the
outcome setting [17, 18], and our results support this. In
clinical research using electronic databases, incorrect
outcome settings can lead to erroneous results. This
study confirmed the importance of outcome validation
in research using EMRs, and suggested the usefulness of
combining the clinical examination to the diagnostic
code, rather than using the diagnostic code in isolation.
In this study, the proportion of the presence of disease

using only the EMR diagnostic code was approximately
20%. This percentage was lower than expected. There
are several potential reasons why only one in five of the
diagnostic codes actually demonstrated the disease. First,
there are problems of large variation in coding practices
between clinicians. For example, some clinicians may
register diagnostic codes only for blood and/or imaging
tests. Unfortunately, this behavior causes type I error. In
addition, as previously mentioned, this disparity may be
due to not inputting data to EMRs from the viewpoint
of research. The second reason concerns when the diag-
nostic code was registered. A previous study has re-
ported that stroke classification in administrative data
were optimal using all discharge diagnoses for ischemic

Table 1 Baseline Characteristics

Characteristics N = 25,827

Age, year 61.5 ± 15.7

Male, % (n) 50.4 (13025)

Type of cancer, % (n)

Breast 11.3 (2906)

Uterus 9.1 (2366)

Colorectal 8.1 (2097)

Gastric 7.9 (2030)

Lung 6.5 (1683)

Brain 6.3 (1634)

Prostate 6.3 (1626)

Esophageal 5.4 (1383)

Hepatic 4.3 (1118)

Oropharyngeal 4.0 (1033)

Othersa

Stage of cancerb, % (n)

0 6.1 (1512)

I 31.2 (7686)

II 15.8 (3873)

III 11.5 (2830)

IV 15.5 (3809)

Unknown 20.9 (5144)

Brain metastases, % (n) 1.8 (471)

Stroke risk factors, % (n)

Hypertension 20.3 (5230)

Diabetes mellitus 17.5 (4532)

Dyslipidemia 12.7 (3287)

Atrial fibrillation 3.3 (861)
aInclude hematopoietic malignancies (n = 973), pancreatic cancer (n = 806),
skin cancer (n = 795), renal cancer (n = 653), thyroid cancer (n = 652), ovarian
cancer (n = 494), bladder cancer (n = 475), malignant lymphoma (n = 439),
biliary tract cancer (n = 327), laryngeal cancer (n = 303), soft connective tissue
cancer (n = 277), spinal cord tumors (n = 256), cancer of unknown primary
origin (n = 145), eye cancer (n = 137), peritoneal cancer (n = 128), bone cancer
(n = 125), small intestinal cancer (n = 124), maxillary sinus cancer (n = 106),
testicular cancer (n = 94), mediastinal cancer (n = 88), ureter cancer (n = 83),
nasal cancer (n = 80), vulvar cancer (n = 63), parathyroid cancer (n = 36),
vaginal cancer (n = 36), penile cancer (n = 24), scrotal cancer (n = 23), pineal
tumor (n = 21), anus cancer (n = 19), tracheal cancer (n = 9), peripheral nerve
tumor (n = 7), and choriocarcinoma (n = 4)
bBreakdown of 24,854 cases with solid cancer (excluding
hematopoietic malignancies)
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stroke and primary discharge diagnosis for intracerebral
and subarachnoid hemorrhage [27]. In this study, we ex-
tracted the diagnostic code from the EMR, irrespective
of when it was registered. Manual review revealed that,
in most cases, the diagnostic code was registered at
symptom onset or on admission. Therefore, it was spec-
ulated that the differences between the studies were
when the diagnostic code was registered, discharge or
symptom onset. Finally, the history of EMRs in Japan is
relatively recent, and clinicians may be unfamiliar with
the registration of the diagnostic code. Indeed, the over-
all introduction rate of EMR in Japan was only 20% in
2011. Further, as this study was conducted in a single fa-
cility, it may not reflect the current state of affairs
throughout Japan. However, it is suggested that the pres-
ence of the diagnostic code does not necessarily mean
the presence of the registered disease in EMRs. It seems
necessary for clinicians to improve awareness of registra-
tion of diagnostic codes.

A previous study has suggested that the accuracy of
diagnostic codes differ depending on the position of
diagnostic code [27]. In this study, the difference be-
tween primary, and secondary or other diagnostic posi-
tions were evident in the algorithm of “definite”
diagnostic code. This difference was the narrowest in the
algorithm of “definite” diagnostic code and the use of
brain imaging within 30 and 1 day. The reason the pro-
portion of the primary diagnostic position was lower
than that of secondary or other diagnostic positions in
the “definite” diagnostic code and use of brain imaging
within 30 days is unclear. However, the variation in cod-
ing practices between clinicians may account for these
results.
A strength of the current study is that it actually iden-

tified the description of the disease in each patient chart
and validated the algorithms. However, there are also
several limitations to this study. First, performing such a
manual review is a time-consuming process. Therefore,

Fig. 2 Working flow of subjects in the validation study. A total of 27,932 patients with cancer were identified during the study period. Of these,
2105 patients were excluded because 2083 were duplicate registration and 22 had an input mistake (die before being born). Therefore, 25,827
patients with cancer were included in the study cohort
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it is unlikely that all applied studies could utilize this ap-
proach [9]. Thus, a more efficient method of outcome
validation is needed in future. Second, we did not exam-
ine the presence of the disease in all cases, but rather in
randomly extracted cases with the diagnostic codes.

Thus, we could not perform sensitivity analysis between
the algorithm and the presence of the disease. Third, our
data was limited to Japanese EMRs from within a single
center. Thus, our findings may not generalize to other
EMRs. Fourth, the EMR contains information on

Table 2 Validation Results of Diagnostic Codes Accuracy

Algorithm Number of diagnostic
codes, n

Number of acute
cerebrovascular diseases, n

Proportion, %

“Suspected” diagnostic code and the use of brain imaging

All 100 7 7

“Definite” diagnostic code

All 100 22 22

Primary 7 4 57

Secondary or others 93 18 19

“Definite” diagnostic code and the use of brain imaging

All 100 51 51

Primary 7 4 57

Secondary or others 93 47 51

“Definite” diagnostic code and the use of brain imaging within 30 days

All 100 84 84

Primary 8 6 75

Secondary or others 92 78 85

“Definite” diagnostic code and the use of brain imaging within 1 day

All 100 90 90

Primary 7 6 86

Secondary or others 93 84 90

Table 3 Breakdown of Non-acute Cerebrovascular Diseases

“Definite”
diagnostic code
(n = 78)

“Definite” diagnostic code
and the use of brain imaging
(n = 49)

“Definite” diagnostic code and
the use of brain imaging within
30 days (n = 16)

“Definite” diagnostic code and
the use of brain imaging within
1 day (n = 10)

History of stroke, n 41 16 3 1

Stroke mimics, n 22 17 10 9

Cervical spondylotic
myelopathy

4 2 1 –

Seizure 4 1 – –

Dementia 4 – – –

Disturbance of consciousness 2 2 3 3

Syncope 2 1 2 2

Vestibular dysfunction 2 1 1 –

Brain tumor 1 6 1 1

Acute mononeuropathy 1 1 – –

Toxic/Metabolic symptoms 1 – – 1

Functional or medically
unexplained symptoms

1 – – –

Sudden severe headache – 2 1 1

Ophthalmic disorder – 1 1 1

Blood and/or imaging tests, n 15 16 3 –
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patients treated at Osaka University hospital and does
not cover patients admitted to other hospitals when they
had developed stroke. Additionally, stroke is a clinical
diagnosis in many cases, and stroke that has not been
coded cannot be collected by using EMRs. These charac-
teristics lead a possibility of underestimating the inci-
dence of stroke. Finally, the proportion of the presence
of the diseases in the diagnostic codes may also change
if the disease and facilities are different. Therefore, there
is a need to combine different disease-specific clinical
assessments and different diagnostic codes.

Conclusions
Combining the diagnostic code and the clinical examin-
ation improved the proportion of the presence of the
disease in the diagnostic code and achieved sufficiently
high accuracy to conduct research. However, outcomes
will likely be overestimated if EMR diagnostic codes are
utilized in isolation. Therefore, clinical research using
EMRs should validate outcomes prior to conducting a
study.
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