
Vol.:(0123456789)

Drugs - Real World Outcomes (2023) 10:187–194 
https://doi.org/10.1007/s40801-022-00347-x

ORIGINAL RESEARCH ARTICLE

Validation of Algorithms to Identify Bone Metastases Using 
Administrative Claims Data in a Japanese Hospital

Takahiro Hirano1,2   · Naoko Saito2,3 · Ryozo Wakabayashi1,2 · Ryohei Kuwatsuru2,3

Accepted: 21 November 2022 / Published online: 18 January 2023 
© The Author(s) 2022

Abstract
Background  Validated coding algorithms are essential to generate high-quality, real-world evidence from claims data studies.
Objective  We aimed to evaluate the validity of the algorithms to identify patients with bone metastases using claims data 
from a Japanese hospital.
Patients and Methods  This study used administrative claims data and electronic medical records at Juntendo University 
Hospital from April 2017 to March 2019. We developed two candidate claims-based algorithms to detect bone metastases, 
one based on diagnosis codes alone (Algorithm 1) and the other based on the combination of diagnosis and imaging test codes 
(Algorithm 2). Of the patients identified by Algorithm 1, 100 patients were randomly sampled. Among these 100 patients, 
88 patients met the conditions of Algorithm 2; further, 12 additional patients were randomly sampled from those identified 
by Algorithm 2, thus obtaining a total of 100 patients for Algorithm 2. They were evaluated for their true diagnosis using 
the patient chart review as the gold standard. The positive predictive value (PPV) was calculated to assess the accuracy of 
each algorithm.
Results  For Algorithm 1, 82 patients were analyzed after excluding 18 patients without diagnostic imaging reports. Of these, 
69 patients were true positive by chart review, resulting in a PPV of 84.1% (95% confidence interval (CI) 74.5–90.6). For 
Algorithm 2, 92 patients were analyzed after excluding eight patients whose diagnoses were not judged by chart review. Of 
these, 76 patients were confirmed positive by chart review, yielding a PPV of 82.6% (95% CI 73.4–89.1).
Conclusion  Both claims-based algorithms yielded high PPVs of approximately 85%, with no improvement in PPV by add-
ing imaging test conditions. The diagnosis code-based algorithm is sufficient and valid for identifying bone metastases in 
this Japanese hospital.

Key Points 

This is the first study to validate claims-based algorithms 
for detecting patients with bone metastases in Japan.

We evaluated two algorithms based on (1) diagnosis 
codes alone and (2) diagnosis codes plus imaging test 
codes.

The diagnosis code-based algorithm had a positive pre-
dictive value of 84.1%.

The algorithm based on the combination of diagnosis 
and imaging test codes had a positive predictive value of 
82.6%.

The diagnosis code-based algorithm demonstrated suf-
ficient utility for identifying bone metastases in Japanese 
hospitals’ claims data.

1  Introduction

Routinely collected health data, or real-world data (RWD), 
are not originally collected for research, but they provide a 
large amount of data that can be utilized for research. There-
fore, RWD are increasingly being used in clinical, epide-
miological, and health economics studies. RWD include 
administrative claims data, electronic medical records, pri-
mary-care surveillance data, and disease registries [1]. Each 
data source has strengths and limitations [2]. Administrative 
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claims data, for example, have advantages such as large 
sample size, high population representativeness, longitu-
dinal nature, and cost-efficiency in data collection [2, 3]. 
In Japan, administrative claims data are commonly used in 
RWD studies.

Administrative claims data also pose challenges for 
research use [4]. In claims data studies, outcomes and 
exposures are defined based on claims records. However, 
because these records were initially input for reimburse-
ment purposes, they may not necessarily indicate or capture 
the correct medical status of patients. Inaccuracy of these 
data can cause misclassification of outcomes and exposures, 
which can deteriorate the credibility of the study results [5]. 
To address this problem, researchers should use validated 
claims-based algorithms to identify the patients or outcomes 
[6]. In contrast to Western countries where algorithm valida-
tion studies have been aggressively conducted [7, 8], such 
validation is not yet a common practice in Japan [9], despite 
the growth of claims data studies. Algorithm validation stud-
ies should be conducted more often in Japan to enhance the 
quality of real-world evidence based on claims data studies.

Bone is a common site of cancer metastasis. Bone metas-
tases may occur in any cancer [10], but are particularly 
common in breast and prostate cancers, followed by thy-
roid, kidney, and bronchus cancers [11]. Bone metastases 
can accompany skeletal-related events (SREs), such as pain, 
hypercalcemia, pathological fracture, spinal cord or nerve 
root compression [12, 13], thereby seriously affecting daily 
lives and impairing health-related quality of life [14, 15]. 
Although the direct impact of bone metastases on patients’ 
survival is unclear due to the multiple factors involved [10, 
16], bone metastases or SREs are associated with increased 
mortality [17, 18]. With such an enormous clinical burden 
on patients, the appropriate management of patients with 
bone metastases, including the prevention of SREs, has been 
an important topic in oncology and public health research.

Outside Japan, multiple studies have evaluated the clini-
cal and economic burden of bone metastases (and SREs) 
using administrative claims data, with some using diag-
nosis records alone to identify bone metastases [19–23]. 
Contrastingly, others have used a combination of diagno-
sis records and procedure or prescription records [24–26]. 
However, most studies did not use validated algorithms. 
Although a few Western studies have evaluated the validity 
of algorithms to identify bone metastases using claims data 
[27–30], such validation studies have yet to be conducted in 
Japan. A validated algorithm to identify these patients will 
generate high-quality, real-world evidence on this critical 
clinical condition in Japan.

Therefore, in this study, we evaluated the validity of the 
algorithms to identify patients with bone metastases using 
administrative claims data from a Japanese hospital. We 

evaluated the two candidate algorithms based either on (1) 
diagnosis records alone or (2) a combination of diagnosis 
and examination records, using the patient chart review as 
the gold standard.

2 � Material and Methods

2.1 � Study Design and Data Source

A cross-sectional study was conducted at a university hos-
pital, the Juntendo University Hospital (Tokyo, Japan). Jun-
tendo University Hospital is a designated regional cancer 
care hospital with a bed size of 1051, which treats approxi-
mately 32,800 inpatients and 984,000 outpatients in a year. 
This validation study used administrative claims data and 
electronic medical records for patients who visited the hos-
pital during a 2-year study period from April 2017 to March 
2019 and who had the International Statistical Classifica-
tion of Diseases and Related Health Problems, 10th revision 
(ICD-10) codes of C79.5 (secondary malignant neoplasm of 
bone and bone marrow). In the administrative claims data, 
diagnoses are available in disease names, seven-digit Japa-
nese claims codes (disease codes), and ICD-10 codes. Addi-
tionally, procedure names and nine-digit Japanese claims 
codes (procedure codes) were recorded for procedures and 
examinations.

This study was approved by the ethics committee of Jun-
tendo University Hospital. As this study was a retrospec-
tive chart and claims data review, informed consent was not 
required, and hence was not obtained. However, information 
about the study, including the purpose and data use, was 
posted on the hospital’s website, ensuring that participants 
had the right to opt out.

2.2 � Candidate Algorithms

Based on a review of previous literature [27, 28] and expert 
opinions, we derived two algorithms to identify patients with 
bone metastases:

1)	 Algorithm 1: Presence of at least one diagnosis record 
of bone metastases (a subset of the diseases with ICD-10 
codes of C79.5) during the study period.

2)	 Algorithm 2: Presence of at least one diagnosis record 
of bone metastases, with a record of imaging test in 
the month or preceding month of the diagnosis of bone 
metastases.

Bone metastases were defined as a subset of the diseases 
with ICD-10 codes of C79.5 using the seven-digit disease 
codes for the diseases or conditions of bone metastases 
excluding bone marrow infiltration (Online Supplementary 
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Material (OSM) Table 1); these diseases were all classified 
as the ICD-10 code of C79.5. A disease code marked as a 
suspected diagnosis (a disease name that is assigned to a 
test order, and remains as suspected until the diagnosis is 
confirmed by a doctor) was not considered evidence of bone 
metastasis.

In Algorithm 2, we added an imaging test condition to 
Algorithm 1, expecting it may increase the accuracy of iden-
tifying the target population. Imaging tests were defined as 
computed tomography (CT), magnetic resonance imaging 
(MRI), positron emission tomography (PET), or bone scin-
tigraphy. The nine-digit procedure codes for these examina-
tions are provided in OSM Table 2.

2.3 � Study Population and Sampling

Of all patients in the obtained data, we identified patients 
18 years or older who met the above-defined Algorithm 1 
or Algorithm 2. As Algorithm 2 was more stringent, where 
an additional condition was included in Algorithm  1, 
patients for each algorithm were sampled sequentially. 
First, we randomly sampled 100 patients from patients 
identified by Algorithm 1. Next, of the 100 patients, 88 
met the definition of Algorithm 2, and an additional 12 
were sampled from patients identified by Algorithm 2 to 
sample 100 patients in total for Algorithm 2. We set the 
sample size to 100 because it is considered a sufficient 
number to evaluate the diagnostic accuracy of an algo-
rithm in this sampling method (i.e., random sampling from 
the patients meeting the outcome) with an acceptable pre-
cision level [31].

2.4 � Patient Chart Review

Chart review was used as the gold standard. Two radi-
ologists independently reviewed the diagnostic imaging 
reports for each patient to ascertain whether the patient 
had bone metastases.

The evaluators reviewed every report of imaging tests 
(i.e., CT, MRI, PET, and bone scintigraphy) performed in 
the same or preceding month of the first diagnosis record 
of bone metastases. Each evaluator determined the pres-
ence of bone metastases in the patient if the report con-
tained a statement indicating its presence (i.e., true posi-
tive); otherwise, the patient was judged to have no bone 
metastases (i.e., false positive). If their judgments agreed, 
a determination was made. If there was a discrepancy 
between the two judgments, the evaluators discussed and 
made a final judgment. If necessary, information on medi-
cal charts outside the review period was also reviewed. 
If the evaluators did not reach an agreed conclusion, the 

case was considered “unable to judge” and excluded from 
the analysis.

2.5 � Statistical Analyses

Summary statistics were calculated for age, sex, diagnosis 
names, and imaging tests performed to describe the back-
ground characteristics of the study population. The valid-
ity of the two claims-based algorithms was evaluated using 
positive predictive values (PPVs). For each algorithm, the 
PPV was calculated as the proportion of bone metastasis 
cases judged by chart review (i.e., true positive cases) among 
all the patients reviewed (i.e., patients identified by the algo-
rithm as having bone metastases). The 95% confidence inter-
val (CI) of the PPV, assuming a binomial distribution, was 
calculated using Wilson’s method [32].

All statistical analyses were performed using R version 
4.1.0 (R Foundation for Statistical Computing, Vienna, 
Austria).

3 � Results

3.1 � Characteristics of the Study Population

Among 2641 patients extracted from the hospital admin-
istrative claims data with records including ICD-10 codes 
of C79.5, we identified 715 patients with bone metastases 
using Algorithm 1 (i.e., based on diagnosis records alone) 
and 620 patients using Algorithm 2 (i.e., based on diag-
nosis records plus imaging test records). The background 
characteristics of the patients are summarized in Table 1. 
We randomly selected 100 patients for chart review for 
each group (Figs. 1, 2).

3.2 � Patients Identified by Algorithm 1

Of the 100 patients, 18 were excluded from the analysis due 
to a lack of diagnostic imaging reports. Thus, the remaining 
82 patients formed the Algorithm 1 cohort. The mean ± 
standard deviation (SD) age was 64.07 ± 13.74 years, and 
65.85% were men (Table 1). Of these, 74 (90.24%) patients 
underwent CT scans, and 49 (59.76%), 27 (32.93%), and 
23 (28.05%) had MRI, bone scintigraphy, and PET, respec-
tively, in the month or preceding month of diagnosis. Among 
the overall 715 patients, 620 patients (86.7%) had records 
of the imaging tests, and among the 100 sampled patients, 
88 patients (88.0%) had records. The characteristics of these 
82 patients were similar to those of the overall 715 patients 
(Table 1).
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3.3 � Patients Identified by Algorithm 2

Of the 100 patients, eight patients were extracted from the 
analysis because the true diagnosis was impossible to judge 
by chart review. Thus, Algorithm 2 cohort consisted of 92 
patients. The mean ± SD age was 63.75 ± 13.85 years, and 
64.13% were men (Table 1). Proportions of patients who 
underwent imaging tests, CT, MRI, bone scintigraphy, 
and PET, were similar to those in the Algorithm 1 cohort 
(92.39%, 60.87%, 31.52%, and 27.17%, respectively). 
Notably, the background characteristics of this sampled 

population did not deviate from those of the overall patients 
(Table 1).

No notable differences existed between Algorithm 1 and 
Algortithm 2 cohorts.

3.4 � Validity of the Algorithms

Of the 82 patients identified by Algorithm 1, 69 patients 
were true bone metastases based on chart review. Thus, the 
PPV was 84.1% (95% CI 74.5–90.6) (Table 2). Similarly, of 
the 92 patients identified by Algorithm 2, 76 patients had 
bone metastases based on chart review, which resulted in a 

Table 1   Background characteristics of patients identified by Algorithm 1 and Algorithm 2

SD standard deviation, MRI magnetic resonance imaging, CT computed tomography, PET positron emission tomography
a Some patients had more than one type of imaging test
b The earliest records of diseases defined as bone metastases are tabulated. Only diagnoses with a proportion > 1.0% were listed. Some patients 
had multiple diagnoses on the same day

Characteristics Algorithm 1 Algorithm 2

Total (n = 715) Random samples (n = 82) Total (n = 620) Random samples (n = 92)

Age
 Mean ± SD 65.68 ± 12.94 64.07 ± 13.74 65.61 ± 12.84 63.75 ±13.85
 Median [min–max] 68 [20–92] 67.5 [29–91] 68 [21–92] 67 [29–91]
 Men, n (%) 446 (62.38) 54 (65.85) 384 (61.94) 59 (64.13)

Imaging testa, n (%)
 CT 577 (80.70) 74 (90.24) 577 (93.06) 85 (92.39)
 MRI 343 (47.97) 49 (59.76) 343 (55.32) 56 (60.87)
 PET 177 (24.76) 27 (32.93) 177 (28.55) 29 (31.52)
 Bone scintigraphy 170 (23.78) 23 (28.05) 170 (27.42) 25 (27.17)

Diagnosisb, n (%)
 Metastatic bone tumor 487 (68.11) 51 (62.20) 429 (69.19) 56 (60.87)
 Bone metastatic cancer 121 (16.92) 18 (21.95) 100 (16.13) 19 (20.65)
 Prostate cancer bone 

metastasis
24 (3.36) 3 (3.66) 14 (2.26) 3 (3.26)

 Spine metastasis 23 (3.22) 3 (3.66) 21 (3.39) 4 (4.35)
 Lung cancer bone metas-

tasis
13 (1.82) 1 (1.22) 12 (1.94) 1 (1.09)

 Breast cancer bone 
metastasis

12 (1.68) – 12 (1.94) 1 (1.09)

 Pelvic metastasis 8 (1.12) 1 (1.22) 8 (1.29) 2 (2.17)
 Femoral metastatic bone 

tumor
– 2 (2.44) – 2 (2.17)

 Rib metastasis – 2 (2.44) – 2 (2.17)
 Kidney cancer bone 

metastasis
– 2 (2.44) – 2 (2.17)

 Thoracic spine metastasis – 2 (2.44) 7 (1.13) 2 (2.17)
 Lumbar spine metastasis – 2 (2.44) – 2 (2.17)
 Gastric cancer bone 

metastasis
– 1 (1.22) – 1 (1.09)

 Esophageal cancer bone 
metastasis

– 1 (1.22) – 1 (1.09)

 Metastatic skull tumor – – – 1 (1.09)
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PPV of 82.6% (95% CI 73.4–89.1)—adding a condition of 
imaging test to diagnosis records did not improve the PPV.

4 � Discussion

Using validated algorithms to reduce misclassification is 
crucial to obtain high-quality, real-world evidence based on 
administrative claims data. To the best of our knowledge, 
this is the first study to assess the validity of algorithms 
to identify patients with bone metastases using claims data 
from a large hospital in Japan, using chart review as the 
gold standard. We evaluated the two algorithms, one using 
diagnosis records alone and the other using diagnosis and 
imaging test records. Consequently, both demonstrated high 
PPVs for identifying bone metastases from claims data at 
this hospital.

Remarkably, even the most straightforward algorithm 
based solely on diagnosis codes had a high PPV of 84.1%. 
We expected that adding an imaging test would reduce the 
number of false-positive cases. However, the algorithm 
combining the diagnosis and imaging test records resulted 
in a PPV of 82.6%. Because bone metastasis is usually 
diagnosed based on symptoms and testing, including plain 
radiography, a diagnosis record of bone metastases may be 
highly reliable. This may have also been responsible for the 
high reliability of the diagnosis records in this study. At any 
rate, our results indicated that using diagnosis codes alone 

All pa�ents who visited Juntendo 
University Hospital from Apr 2017 to 
Mar 2019 and with the ICD-10 code 

C79.5
(n = 2641)

Pa�ents aged >=18 years
(n = 2625)

Algorithm 1: With diagnosis records
(n = 715)

Algorithm 1: With diagnosis records
Random samples

(n = 100)

Excluded:
- Pa�ents aged <18 years (n = 16)

Excluded:
- Did not meet algorithm 1 (n = 1910)

Fig. 1   Flow diagram of patient selection (Algorithm  1: Presence of 
at least one diagnosis record of bone metastases during the study 
period)

Algorithm 1: With diagnosis 
records
(n = 715)

Algorithm 1: With diagnosis records
Random samples

(n = 100)

Algorithm 2: With diagnosis records + 
imaging test records

Random samples
(n = 88)

Excluded:
- Did not meet algorithm 2 (n = 12)

Algorithm 2: With diagnosis 
records + imaging test 

records
(n = 540)

Algorithm 2: With diagnosis 
records + imaging test 

records
Random samples

(n = 12)

Excluded:
- Random samples for algorithm1 (n = 100)
- Did not meet algorithm 2 (n = 95)

Algorithm 2: With diagnosis records 
+ imaging test records

Random samples
(n = 100)

Fig. 2   Flow diagram of patient selection (Algorithm 2: Presence of at least one diagnosis record of bone metastases, with a record of imaging 
test in the month or preceding month of the diagnosis of bone metastases)
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was sufficient to identify patients with bone metastases in 
this hospital’s claims data, and adding extra conditions was 
not worth the effort. This result was unexpected, given that 
stricter conditions can increase diagnostic accuracy for some 
diseases [33]. However, our results were welcome in terms 
of practicality and efficiency.

The two claims-based algorithms achieved high PPVs. 
Nevertheless, Algorithms 1 and 2 falsely included 13 and 
16 patients, respectively, who did not have bone metastases 
according to the gold standard. One possible reason for this 
is that the disease name was recorded for examination pur-
poses. A provisional or suspected diagnosis is recorded as 
an “uncertain” diagnosis. Nonetheless, such an “uncertain” 
flag may sometimes not be recorded when ordering exami-
nations in the next month to avoid cancellation. It can also 
be omitted in busy clinical settings [31]. Furthermore, they 
may have forgotten to correct disease names after a definitive 
diagnosis was determined, leaving incorrect disease names 
in claims records [33]. These are known causes of the inac-
curacy of diagnosis in claims data in Japan and hard to avoid 
altogether. However, the high PPVs of our algorithms indi-
cate an acceptably low rate of including these patients; thus, 
we consider that the impact of false-positive cases using our 
algorithm would not be significant.

Because PPVs depend on prevalence [34], and because 
the purposes of the algorithms developed may differ, there 
is no value in direct comparison of PPVs obtained in other 
validation studies conducted using different databases. Still, 
some previous studies have shown the potential of a simple 
algorithm based on diagnosis codes alone, similar to the 
present results. For example, Jensen et al. reported the utility 
of the single ICD-10 code (C79.5) to identify bone metas-
tases using electronic medical registry data in Denmark, 
which had a high PPV (100% in prostate cancer and 86% in 
breast cancer) [27]. In the USA, the single ICD-9 code of 
198.5 had a high PPV of 100% when used among inpatients 
with prostate cancer using Medicare data [30], although the 
same ICD-9 code had a slightly low PPV of 72.1% when 
used for breast cancer patients using claims data [28]. The 

combination of diagnosis and procedure records may be 
ideal in some settings. However, our results, in addition to 
these previous studies, suggest that they may not always be 
necessary.

This study focused on PPVs because a high PPV is 
important for identifying a group of people with a specific 
disease [34]. A high PPV is deemed important in compara-
tive studies because it is considered that the non-differential 
sensitivity of disease misclassifications with high PPVs will 
not bias the risk ratio between groups [31]. We aimed to 
obtain algorithms to identify patients with bone metasta-
ses to examine treatment effects or the clinical/economic 
burden. Therefore, we prioritized maximizing the inclusion 
of patients who genuinely have this disease while minimiz-
ing the inclusion of those who do not—we did not aim to 
maximize the representativeness of the target population. We 
achieved our goal by obtaining algorithms with high PPVs. 
However, it should be noted that an algorithm with a high 
PPV has high specificity, potentially sacrificing its sensitiv-
ity [34], that is, it may miss some patients who do, indeed, 
have the disease. Thus, our algorithms may not be appro-
priate for estimating the incidence or prevalence of bone 
metastases. Researchers should use an algorithm whose high 
sensitivity is also confirmed for studies with such purposes.

One strength of this validation study was the use of chart 
review by radiologists as the gold standard, the results of 
which are considered the most reliable. For example, a pre-
vious study using cancer registry data as the gold standard 
to assess the validity of ICD-9 coding for bone metastases 
reported unsatisfactory results, and recommended the use of 
chart review as the gold standard [35]. Another strength was 
that our samples had high representativeness of the target 
population. All variables for patients’ background charac-
teristics were similarly distributed between the overall and 
sampled populations.

In Japan, the linkage between databases is highly 
restricted [31]; currently available commercial claims data-
bases are not linked to patients’ medical records. As the 
validity of claims-based coding cannot be evaluated using 
linked data, chart review is the most practical and reliable 
option in validation studies in Japan. However, it is time-
consuming and may not always be feasible, although such 
validation should always be conducted. Therefore, our 
results are expected to provide valuable information regard-
ing the accuracy of diagnosis codes to identify bone metasta-
sis patients as the first step; these results could also serve as 
a reference for similar studies in the future and be combined 
with the new results to update the information. As a next 
step, studies in other facilities should focus on accumulating 
evidence or assessing parameters other than PPV (such as 
sensitivity or specificity) to promote the application of the 
algorithm in real-word practice.

Table 2   Positive predictive values of claims-based algorithms to 
identify patients with bone metastases

PPV positive predictive value, CI confidence interval
a Patients identified by the claims-based algorithm as having bone 
metastases

Algorithms Poten-
tial 
casesa

True posi-
tive by chart 
review

PPV (%, 95% CI)

1) Diagnosis alone 82 69 84.1 (74.5–90.6)
2) Diagnosis + imaging 

test
92 76 82.6 (73.4–89.1)
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This study has some limitations. First, the study was 
conducted using administrative claims data from a single 
hospital in Japan, which limits the generalizability of the 
results. Although guidelines are available for managing bone 
metastases in each malignancy, these are not strict, and sev-
eral treatment options are available. Thus, treatment or diag-
nostic policies may differ between hospitals. The customs 
of administrative procedures may also vary at the individual 
and hospital levels. Therefore, our results may not apply 
to settings where the characteristics of hospitals or patients 
are primarily different from ours. Second, the prevalence of 
bone metastases might be higher in a large university hospi-
tal like Juntendo University Hospital than in other hospitals; 
consequently, such a high prevalence might have resulted in 
the high PPVs in our analyses. Third, as mentioned above, 
we did not evaluate the sensitivity of these algorithms. Our 
algorithms were intended to be used in comparative studies 
to examine treatment effects or clinical/economic burdens, 
but not in studies to estimate the incidence or prevalence of 
bone metastases, where further characterization of the algo-
rithms (i.e., calculations of the sensitivity and specificity) 
is necessary. Fourth, for Algorithm 2, we sampled patients 
by a two-step procedure: 88 patients who met the definition 
of Algorithm 2 were selected from 100 patients for Algo-
rithm 1, and 12 additional patients were randomly sampled 
from those identified by Algorithm 2, to obtain a total of 
100 patients. Patients for Algorithm 2 could have been sam-
pled in one step from 540 patients identified by Algorithm 2, 
but we took a two-step procedure instead because, from the 
viewpoint of feasibility, we intended to make the sample 
number the minimum required for sufficient precision. How-
ever, this procedure might not generate any additional bias 
because the population sampled by the two procedures are 
both considered to be random samples from patients identi-
fied by Algorithm 2 and are inherently the same. Despite 
these limitations, this was the first coding validation study to 
identify bone metastases using claims data in Japan, and we 
believe that our data will still be informative for researchers 
in this field.

5 � Conclusion

In conclusion, we found that the two claims-based algo-
rithms, one based on diagnosis records alone and the other 
based on diagnosis and imaging test records, had high PPVs 
of approximately 85% in identifying patients with bone 
metastases. Adding imaging test conditions did not improve 
the PPV, indicating that identification solely based on diag-
nosis records would be sufficient for use in this hospital’s 
claims data. Although the generalizability of the present 

study is limited, our results, for the first time, provide evi-
dence of the utility of our coding for identifying bone metas-
tases from a hospital’s claims data in Japan. We hope that 
this validated algorithm will enhance the credibility of RWD 
studies on this critical clinical condition in Japan.
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