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Abstract

Background: The look-back period is needed to define baseline population for estimating incidence. However,
short look-back period is known to overestimate incidence of diseases misclassifying prevalent cases to incident
cases. The purpose of this study is to evaluate the impact of the various length of look-back period on the
observed incidences of uterine leiomyoma, endometriosis and adenomyosis, and to estimate true incidences
considering the misclassification errors in the longitudinal administrative data in Korea.

Methods: A total of 319,608 women between 15 to 54 years of age in 2002 were selected from Korea National
Health Insurance Services (KNHIS) cohort database. In order to minimize misclassification bias incurred when
applying various length of look-back period, we used 11 years of claim data to estimate the incidence by equally
setting the look-back period to 11 years for each year using prediction model. The association between the year of
diagnosis and the number of prevalent cases with the misclassification rates by each look-back period was
investigated. Based on the findings, prediction models on the proportion of misclassified incident cases were
developed using multiple linear regression.

Results: The proportion of misclassified incident cases of uterine leiomyoma, endometriosis and adenomyosis were
32.8, 104 and 13.6% respectively for the one-year look-back period in 2003. These numbers decreased to 6.3% in
uterine leiomyoma and —0.8% in both endometriosis and adenomyosis using all available look-back periods (11
years) in 2013.

Conclusion: This study demonstrates approaches for estimating incidences considering the different proportion of
misclassified cases for various length of look-back period. Although the prediction model used for estimation
showed strong R-squared values, follow-up studies are required for validation of the study results.
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Background

Health insurance claims as a big data

Administrative data in healthcare primarily refer to the vast
medical information available in the form of electronic
health records through administrative or health claims data
[1]. As the availability of digitized administrative records
are increasing, health researchers are able to use these large
longitudinal cohort datasets to estimate epidemiologic in-
dicators, such as the incidence and prevalence of various
conditions [2—-15]. The strengths of this type of large popu-
lation studies include having a large sample size and avoid-
ing selection or participation bias [16].

The Korean National Health Insurance Service (KNHIS)
covers majority of the population as a single payer reim-
bursing both public and private institutions. All clinics
and hospitals submit health insurance claims to the
Health Insurance Review and Assessment Service (HIRA)
for the claims review each month. The insurance claims
include diagnoses (as defined by the International Classifi-
cation of Diseases 10th revision, ICD-10), demographic in-
formation, and medical charges. KNHIS and HIRA share
the claims database which represent the entire Korean
population and is a major strength in ensuring its applic-
ability for epidemiologic and disease research.

Estimation of incidence rates from administrative data
Estimating incidence provides a foundation for epidemi-
ologic research, data for resource allocation in health
care services, and valuable information for disease pre-
vention. The incidence rate is defined as the ratio of new
cases to the total population at risk of the disease. How-
ever, the identification of new cases from the administra-
tive data is difficult due to the limited information of
patient’s disease status prior to the observatory time
span of the data.

A common procedure in determining the incident
cases is to exclude cases with the respective diagnoses
during the look-back period. A long look-back period
allows us to identify more accurate incident cases than
a short look-back period. But with a long look-back
period, valuable data is lost for analyses. A short look-
back period, on the other hand, carries the risk of mis-
classifying prevalent and recurrent cases as incident
cases [17, 18].

Studies have used various time lengths for look-back
period [19-22]. Typically, studies have used 3 to 10 year
look-back period [19-22] because a look-back period of
less than 3years can lead to extremely overestimated
incidences [23]. However, due to limited data, numerous
studies have not considered a look-back period or re-
ported a diagnosis-free interval of 1, 2, or 3 years [24—27].
Additionally, most of studies focused on the estimated the
one- year incidence by applying different look-back period
[28-30], and there were few studies investigating the
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incidence trend in longitudinal data. In this study, we
intended to investigate the incidence trend considering
the increasing look-back period every year in the longitu-
dinal administrative data.

The purposes of this study are to evaluate the impact
of various look-back period on the observed incidences
of uterine leiomyoma, endometriosis and adenomyosis
which are the most common gynecologic diseases in re-
productive women and associated with the infertility and
adverse pregnancy outcomes [31], and to estimate the
true incidences with their trends considering the mis-
classification error rates using the longitudinal adminis-
trative health data in South Korea. While it is advisable
to have a sufficiently long look-back period when calcu-
lating the incidence using administrative data, we sought
a way to minimize data loss.

Methods

Data source

We conducted a retrospective population-based cohort
study using the National Health Insurance Service—Na-
tional Sample Cohort (NHIS-NSC) 2002-2013. The data
were produced by the KNHIS using a systematic sam-
pling method to generate a representative sample from
the target population of 46,605,433 individuals in 2002.
The database is comprised of 1,025,340 subjects which
accounts for approximately 2.2% of the total eligible
Korean population in the year of 2002 who were
followed up for 11 years until 2013. The representative-
ness of the data had been presented elsewhere [32].

It is a semi-dynamically constructed cohort database
with individuals that have been followed up to the time
of death, emigration, or until the end of the study period
and addition of newborn infants included into the data-
base annually [32]. This database includes all medical
claims filed from January 2002 to December 2013. More
details of the cohort are described elsewhere [32].

Selection of subjects
Patients in Korea tend to visit several healthcare institu-
tions for any reason, as the patients can access clinics,
specialists, and hospitals without restriction. Thus, it is
possible for a patient to visit several clinics/hospitals in
one day, has multiple diagnostic codes at a time, has
multiple claims on the same day in the same clinic/hos-
pital, or has both outpatient treatment and hospital ad-
mission on the same day. Therefore, one claim should
be selected to define incidence in consideration of all
these cases. We set priorities in the following order.
First, priority is given to the claim with the earlier hos-
pital visit date. If there are several patients who visited
hospital on same date, inpatient’s statement takes prior-
ity over outpatient’s one. Among several outpatient
statements, a statement with a high ranking of diagnosis
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codes is selected in ascending order. If the order of the
diagnostic codes is the same, priority is given to that
with higher medical costs. Finally, priority is given to the
one with earlier billing number. Even though individuals
have some gaps of few years between 2002 and 2013 in
the record, we considered they are continually insured
patients and included in the subject.

A flow chart indicating the number of patients with
one of three gynecological diseases is shown in Fig. 1.
The population denominator was a total of 319,608
women aged 15-54 who were eligible for the National
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Health Insurance in 2002 among 512,082 female individ-
uals from the KNHIS cohort database. Those women
were followed up for 11 years until 2012. The incident
cases were defined using the standardized codes from
the Korean version of the International Classification of
Diseases 10th Edition (ICD-10). Cases with diagnostic
codes of the target diseases coded in the health insur-
ance claims between 2002 and 2013 regardless of service
types were identified; The target diseases of interest were
uterine leiomyoma (ICD-10: D25, D25.0, D25.1, D25.2,
D25.9), adenomyosis (ICD-10: N80.0), and endometriosis

Source population

N =512,082

Study time window: Jan. 2002 —

Dec. 2013

Women aged 15-54 in
N = 319,608

2002

A 4

Patients with uterine leiomyoma, adenomy

Application of 1- year look-back :

Patients with uterine leiomyoma,
adenomyosis, or endometriosis

osis, or endometriosis
N=47,705
in 2002 (N = 3,891)
v

N = 43,814

Adenomyosis (N= 8,897,
Endometriosis (N= 5,908,

Target population

Patients with one of three gynecological disease

Uterine leiomyoma (N= 37,431, 85.4%)

20.3%)
13.5%)

Fig. 1 Flow chart of case identification
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(ICD-10: N80, N80.1, N80.2, N80.3, N80.4, N8O0.5,
N80.6, N80.8, N80.9).

To identify the patients with prior history of the dis-
ease, one-year look-back period as of 2003 was applied
at the discretion of obstetricians and gynecologists that
patients would visit the gynecologists within one year
after the onset of diseases. There were 43,814 patients
after excluding patients with the target diseases in 2002.
Patients who had concurrent diagnoses of uterine leio-
myoma, adenomyosis, or endometriosis were counted in
each of the targeted disease. Therefore, there were 37,
431 patients with a diagnosis for uterine leiomyoma,
8897 for adenomyosis, and 5908 for endometriosis.

Estimated incidence
To assess the relationship between the look-back period
and the number of misclassified cases, the annual num-
ber of patients diagnosed with either uterine leiomyoma,
adenomyosis, or endometriosis (prevalent cases) from
2003 to 2013 were determined, and the number of
prevalent cases misclassified as incident cases were iden-
tified with increasing look-back period by each observa-
tion year (Additional File 1).

The association between the year of diagnosis and the
number of prevalent cases with the misclassification
rates by each look-back period was investigated. Based
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on the findings, prediction models on the proportion
of misclassified incident cases were developed using
multiple linear regression. The model of best fit was
selected by using the lowest root mean square error
(RMSE) or the largest adjusted R-squared value,
which are good measures of assessing the accuracy of
prediction model. Estimated incidences were calcu-
lated using the best prediction model and compared
with the observed incidences.

Results

Misclassification rates of each year by different length of
look-back period

The Table 1 shows the number of prevalent cases with
uterine leilomyoma in each year. The number of preva-
lent cases in 2003 was 3092 and continued to increase
by year. By 2013, the number of prevalent cases in-
creased to 8348, which was twice the number of preva-
lent cases from 2003. Look-back period of each
observation year were determined by increasing the
look-back period by one year from 2003 (i.e. 2003 had
up to 1 one-year look-back period, whereas 2013 had up
to 11-year look-back period). With adding more years of
look-back period, the proportion of prevalent cases mis-
classified as incident cases increased.

Table 1 The number of prevalent cases detected by various lengths of look-back period each year (2003-2013) for uterine

leiomyoma (%)

Year Prevalent Look-back period (years) Estimated :
cases (M 2 3 4 5 6 7 8 9 10 1 cases (n, %)
2003 3902 785 1808
20.1 46.3
2004 4475 1065 1282 2122
238 286 474
2005 5042 1208 1554 1710 2445
240 30.8 339 485
2006 5347 1417 1840 2047 2151 2650
26.5 344 383 40.2 496
2007 5828 1564 2056 2276 2399 2460 2951
268 353 39.1 412 422 506
2008 5843 1603 2067 2293 2423 2498 2556 3021
274 354 392 415 428 437 51.7
2009 6369 1795 2397 2726 2895 3008 3090 3135 3361
282 376 428 455 472 485 492 52.8
2010 6930 2048 2597 2941 3139 3250 3341 3410 3454 3732
296 375 424 453 469 482 49.2 498 538
2011 7313 2244 2811 3105 3326 3455 3561 3630 3675 3698 4016
30.7 384 42.5 455 47.2 48.7 496 503 506 549
2012 8125 2542 3253 3632 3829 4013 4130 4210 4257 4303 4338 4549
313 40.0 447 471 494 50.8 518 524 53.0 534 56.0
2013 8348 2661 3350 3750 3966 4138 4248 4338 4402 4459 4502 4522 4764
319 40.1 449 475 496 50.9 52.0 52.7 534 539 542 57.1

! Prevalent cases detected by look-back period divided by prevalent cases

2 Estimated misclassified cases (n) and the misclassification rate (%) for 11 years look-back period calculated using the prediction model
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The grey cells at the last column of each observation
year show the number of prevalent cases misclassified as
incident cases which were discovered by applying the
look-back period (Table 1). In 2003 with a one-year
look-back period, among a total of 3902 patients with
uterine leiomyoma, there were 785 (20.1%) cases that
were misclassified as incident cases. In 2013, however,
with 11 years of look-back period among 8348 cases, the
misclassified as incident cases increased to 4522 (54.2%).

Tables 2 and 3 show the proportion of patients diag-
nosed with adenomyosis and endometriosis and mis-
classified as incident cases for each look-back period.
With a look-back period of 11 years, 733 (41.6%) pa-
tients with adenomyosis and 494 (50.3%) patients with
endometriosis were estimated to have prior history of
the disease.

Prediction of the proportions of misclassification

The year of diagnosis and the number of patients were
linearly related with the proportion of misclassification
for uterine leiomyoma, adenomyosis and endometriosis,
and the look-back period was logarithmically related
with the proportion of misclassification (Supplementary
Fig. 1, 2 and 3). Using these findings, four prediction
models were developed (Table 4). Model A was selected
as the model of best fit because it had the smallest
RMSE and highest estimated R-squared value. The
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independent variables were the year of diagnosis and the
log-transformed look-back period.

Estimated number of incident cases

Table 5 shows the number of observed and estimated in-
cident cases per year. The proportions of misclassified
cases of uterine leiomyoma, adenomyosis and endomet-
riosis were 32.8, 10.4 and 13.6%, respectively in 2003
with one-year look back period. The proportions of mis-
classified cases of uterine leiomyoma in 2003 was about
3 times that of adenomyosis and endometriosis. The
proportions of misclassified cases decreased to 6.3% in
uterine leiomyoma, —0.8% in both adenomyosis and
endometriosis in 2013 with 11 years of look-back period.

Discussion
Administrative health claims database was used to calcu-
late the annual incident cases of uterine leiomyoma, ade-
nomyosis and endometriosis in South Korea (2003—
2013). The proportion of misclassified prevalent cases as
incident cases was estimated according to various length
of look-back period in years. As the look-back period in-
creased, the proportion of misclassified incident cases
decreased. Shorter look-back period incurred incidences
with greater proportion of misclassification.

It is difficult to accurately identify new cases in pa-
tients diagnosed each year because misclassification bias

Table 2 The number of prevalent cases detected by various lengths of look-back period in each year (2003-2013) for adenomyosis (%)

Year Prevalent Look-back period (years) Estimated :
cases (n) 1 2 3 4 5 6 7 8 9 10 1 cases (n, %)
2003 650 54 116
83 17.8
2004 648 77 83 130
119 128 20.1
2005 849 105 130 140 191
124 153 16.5 225
2006 823 11 143 155 161 204
135 174 188 196 24.8
2007 925 162 190 202 211 218 251
17.5 20.5 218 228 236 271
2008 1010 170 204 225 234 238 240 298
16.8 20.2 223 232 236 238 29.5
2009 1195 241 287 309 332 340 348 352 380
20.2 240 259 278 285 29.1 29.5 318
2010 1393 331 397 422 444 456 464 471 473 476
238 285 303 319 327 333 338 340 342
2011 1590 367 437 471 490 507 519 524 530 530 580
23.1 275 296 30.8 319 32.6 330 333 333 36.5
2012 1664 444 533 573 600 609 617 622 624 626 628 646
26.7 320 344 36.1 36.6 37 1 374 375 376 377 388
2013 1762 487 596 646 671 689 699 711 721 724 729 733 725
276 338 36.7 38.1 39.1 39.7 404 409 411 414 416 412

! Prevalent cases detected by look-back period divided by prevalent cases

2 Estimated misclassified cases (n) and the misclassification rate (%) for 11 years look-back period calculated using the prediction model
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Table 3 The number of prevalent cases detected by various lengths of look-back period in each year (2003-2013) for endometriosis (%)

Year Prevalent Look-back period (years) Estimated
2
cases () 1 2 3 4 5 6 7 8 9 10 1 Cases (n, %)
2003 750 127 212
16.9 282
2004 770 145 164 234
188 213 304
2005 797 168 194 208 259
211 24.3 26.1 325
2006 804 194 216 230 236 279
241 269 286 294 34.7
2007 738 206 245 261 272 275 272
279 332 354 369 373 369
2008 730 219 238 248 253 262 264 285
300 326 340 347 359 362 390
2009 847 231 264 275 290 304 309 311 349
273 312 325 342 359 36.5 36.7 412
2010 959 309 348 375 397 406 410 418 421 416
322 36.3 39.1 414 423 428 436 439 434
20M 965 360 389 403 417 426 437 442 449 450 439
373 403 418 432 441 453 458 46.5 46.6 455
2012 957 350 385 404 411 423 429 431 433 439 442 457
366 40.2 422 429 442 448 450 452 459 46.2 47.7
2013 983 366 422 445 452 456 464 471 480 489 493 494 490
372 429 453 46.0 464 472 479 488 49.7 50.2 503 499

! Prevalent cases detected by look-back period divided by prevalent cases
2 Estimated misclassified cases (n) and the misclassification rate (%) for 11 years look-back period calculated using the prediction model

Table 4 Comparison of the prediction models by RMSE and estimated R?

Model Independent variable intercept Regression coefficient’ RMSE Adj R?
X X5 B, B,
Uterine leiomyoma
A Ln (Look-back) Year 1 0.0967 0.01072 0.01297 0.9788
B Ln (Look-back) Patients size 0.1385 0.09757 0.00002347 0.01387 09757
C Look-back Year —226134 0.0233 0.01141 0.03295 0.8632
D Look-back Patients size 0.14922 0.02358 0.00002459 0.03375 0.8565
Adenomyosis
A Ln (Look-back) Year —46.7434 0.0464 0.02337 0.01371 0.9745
B Ln (Look-back) Patients size —0.00698 0.04887 0.00017117 0.01637 0.9636
C Look-back Year —47.0381 001154 0.02352 0.01877 0.9522
D Look-back Patients size 0.000494 0.01203 0.00017177 0.02195 0.9346
Endometriosis
A Ln (Look-back) Year 1.83882 0.0034 0.00091597 0.01762 0.9549
B Ln (Look-back) Patients size -0.12183 0.0609 0.00047936 0.03409 0.8312
C Look-back Year —43.6181 0.01176 0.02187 0.02229 09278
D Look-back Patients size —0.10688 0.01539 0.0004722 0.03793 0.7911

' 81 and B2 are the regression coefficients of independent variable X; and X,
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Table 5 The proportions of misclassified between observed incident cases and estimated incident cases

Incidence Look-back period (years)
2003 (1) 2004 (2) 2005 (3) 2006 (4) 2007 (5) 2008 (6) 2009 (7) 2010 (8) 2011 (9) 2012 (10) 2013 (11)
Uterine leiomyoma
Observed (n) 3117 3193 3332 3196 3368 3287 3234 3476 3615 3787 3826
Estimated (n) 2094 2353 2597 2697 2877 2822 3008 3198 3297 3576 3584
Proportions of misclassified (%) 32.8 263 22.1 156 146 14.1 7.0 8.0 8.8 56 63
Adenomyosis
Observed 596 565 709 662 707 770 843 920 1060 1036 1029
Estimated 534 518 658 619 674 712 815 917 1010 1018 1037
Proportions of misclassified (%) 10.4 83 72 6.5 47 75 33 03 47 17 -0.8
Endometriosis
Observed 623 606 589 568 463 466 536 538 515 515 489
Estimated 538 536 538 525 466 445 498 543 526 500 493
Proportions of misclassified (%) 13.6 11.6 8.7 76 -0.6 45 7.1 -09 =21 29 -0.8

exists in which the prevalent case is considered as an in-
cidence case according to look-back period changing
every year during the research period. Thus, to minimize
this systematic error, we used 11 years of claim data to
estimate the incidence by equally setting the look-back
period to 11 years for each year using prediction model.

Optimal look-back period for annual incidence

As mentioned in the Abbas’s study, the optimal look-
back period for annual incidence while minimizing the
rate of misclassification depended on the nature and the
stage of the respective diseases [23]. In uterine leio-
myoma and adenomyosis, the proportion of misclassified
cases decreased by about 50% when the look-back period
increased from 6 years to 7 years, and in endometriosis,
it decreased by about 10% when the look-back period in-
creased from 7 years to 8 years. The proportion of mis-
classified cases of endometriosis in 2007 is — 0.6 which is
considerably smaller than 7.6, the rate of previous year.
Therefore, disease-specific look-back period required at
least 7 years for uterine leiomyoma and adenomyosis,
and 8 years for endometriosis.

The extent of misclassification varies by diseases even
though the same length of look-back period was applied.
In 2003 with one-year look-back period, the proportion
of misclassification for uterine leiomyoma was 32.8%,
while for adenomyosis and endometriosis were 10.4 and
13.6%, respectively. Similarly, in the 11 years of look-
back period in 2013, the proportion of misclassification
for uterine leiomyoma was 6.3% and — 0.8% for adeno-
myosis and endometriosis, which is negligible.

Incidences can be affected by external effect. The
number of endometriosis patients significantly decreased
in 2007, and thereafter did not increase. One possible
reason is that the HIRA has strengthened coding

requirement to use full digit detail codes in 2006. Subse-
quently, the number of endometriosis patients with N80
might be redistributed to N80.0 for adenomyosis and
N80.1 to N80.9 for the endometriosis. The estimated
number of incident cases of the disease in 2013 should
be interpreted with caution. When the estimated inci-
dence is lower than the observed incidence, the observed
incidence should be used instead of the estimated inci-
dence for the practical use.

According to the Organization for Economic Co-
operation and Development (OECD) statistics in 2018,
the annual number of outpatient visits per capita in
Korea in 2016 was 17.0 which is the highest among
OECD countries and 2.5 times more than the OECD
average (6.9) [33]. As such, the same duration of look-
back period using administrative health data in Korea is
estimated to have an increase in the proportion of mis-
classification than other OECD countries.

Strengths and limitations

The strengths of this study include large sample size and
long observation period of 12 years. This increases the
accuracy for calculating the incidences and proportion
of misclassifications. However, the study has several
limitations.

In the regression model for estimating the number of
incident cases, a linear function for the observation year
and a log function for the look-back was used. There
were 11 data points for the one-year look-back, but only
one point for the 11-year look-back. Although the pre-
diction model had a good RMSE and R-squared, the
model was based on uneven distribution of the observed
data points may adversely affected the fit of the model.

The study has inherent limitations as this study was
based on secondary data analyses of the NHIS cohort
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database. We could not definitely confirm the diagnosis
codes for every single patient in the database since the
diagnostic code of the claim data alone cannot guarantee
the accuracy of the diagnosis [34]. According to Park
et al. [35], about 70% of primary diagnosis codes con-
curred with medical records. Issues concerning studies
involving administrative data are well described in Maz-
zali, C. and and P. Duca’s study [36]. When the cases
were confirmed by prescription codes and procedure
code in addition to the diagnostic codes, the incidences
would be lower than this study results. Lastly, asymp-
tomatic and/or undiagnosed patients cannot be detected
using the health claims data. This would decrease the
proportion of the true incident cases of the diseases.

Conclusion

Using the NHIS administrative heath database, various
length of the look-back period was applied to estimate
the incidences of uterine leiomyoma, adenomyosis, and
endometriosis and determine the different proportion of
misclassification errors for each look-back period. The
prediction model was used to adjust the misclassification
errors that occur when calculating incidence trend de-
rived from longitudinal administrative data. Although
the prediction model used for estimation showed strong
R-squared values, follow-up studies are required for val-
idation of the study results.

In the longitudinal data, the look-back period applied
for incidence estimation generated different misclassifi-
cation errors for each look-back period. We proposed a
method to adjust the misclassification errors when cal-
culating the incidence using administrative data. Even
though we focused on the three gynecological disease in
this study, the approaches presented in this study are
applicable to other diseases as well.
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