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Abstract
Background When utilizing administrative data, establishing a clear and appro-
priate washout period duration for chronic diseases is fundamental for correctly
determining the onset timing in patients with repeated healthcare encounters
and for identifying incident cases.

Objective To summarize methods for determining washout period duration
through a systematic literature review, thereby providing insights for Chinese
researchers on confirming washout period length and correctly identifying inci-
dent cases when using administrative data to identify new chronic disease cases.

Methods In October 2021, we systematically searched PubMed, Web of Sci-
ence, EmBase, CNKI, VIP Chinese Science and Technology Journals Full-text
Database, and Wanfang Knowledge Service Platform for literature investigating
chronic disease incidence and prevalence using administrative data, with search
limits from database inception to October 1, 2022. Two researchers indepen-
dently screened literature and extracted relevant information. After evaluating
methodological quality using the Standards for Reporting Qualitative Research
(SRQR), we summarized methods for determining washout period duration us-
ing descriptive analysis.

Results A total of 26 articles were included, all with SRQR scores $�$15 points,
indicating good methodological quality. The data used primarily originated
from countries (regions) with complete and rich administrative data, such as
Canada, the United States, and Australia, focusing on various chronic diseases
including diabetes, cancer, and schizophrenia. Studies indicated that setting
an appropriate washout period duration is essential for accurately identifying
incident cases. Currently, methods for determining washout period duration
in the literature mainly fall into three categories: direct specification method,
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consistency test method, and reverse survival function method, with the direct
specification method being the most commonly used, while the reverse survival
curve method is relatively less utilized.

Conclusion The direct specification method, consistency test method, and re-
verse survival function method each have corresponding advantages and limita-
tions. The selection criteria, judgment standards, and stability of these methods
warrant further investigation.
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Abstract

Background: When using administrative data, establishing a clear and appro-
priate duration for chronic disease washout periods is fundamental for correctly
identifying the onset timing of chronic diseases in patients with recurrent medi-
cal visits and for determining new incident cases.

Objective: Through systematic literature review, this study aims to summa-
rize methods for determining washout period duration to provide guidance for
Chinese researchers in confirming washout period length and correctly identify-
ing new incident cases when using administrative data to identify chronic disease
onset cases.

Methods: In October 2021, we systematically searched PubMed, Web of Sci-
ence, EmBase, CNKI, CQVIP, and Wanfang Knowledge Service Platform for
literature investigating chronic disease incidence and prevalence using admin-
istrative data, with the search timeframe from database inception to October
1, 2022. Two researchers independently screened literature and extracted rele-
vant information. After evaluating methodological quality using the Standards
for Reporting Qualitative Research (SRQR), we used descriptive analysis to
summarize methods for determining washout period duration.

Results: A total of 26 papers were included, all with SRQR scores $�$15,
indicating good methodological quality. The data used in these studies primar-
ily came from countries (regions) with complete and abundant administrative
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data, including Canada, the United States, and Australia. The focused diseases
included diabetes, cancer, schizophrenia, and various other chronic diseases.
The studies emphasized that setting an appropriate washout period duration is
essential for accurate identification of incident cases. Currently, methods for
determining washout period duration in the literature mainly fall into three cat-
egories: direct restriction method, consistency test method, and retrograde sur-
vival function method. The direct restriction method was the most commonly
used, while the retrograde survival curve method had relatively low utilization.

Conclusion: The direct restriction method, consistency test method, and retro-
grade survival function method each have corresponding advantages and limita-
tions. The selection criteria, judgment standards, and stability of these methods
require further investigation.

[Key words] Chronic disease; Administrative data; Insurance data; Washout
period; Incidence; Prevalence

Introduction
To effectively prevent and control various chronic diseases such as diabetes, can-
cer, and chronic obstructive pulmonary disease, accurate estimation of disease
prevalence and incidence is essential. While some researchers have investigated
disease prevalence and incidence through large-scale cohort studies and surveys,
this approach is time-consuming and costly. Therefore, administrative data
such as medical insurance reimbursement records and health monitoring data
can be considered for analyzing the epidemiological characteristics of chronic
diseases. Unlike lifetime medical records from birth to death, medical insur-
ance data typically cover limited years, and chronic disease patients usually
have repeated medical visits. This makes it challenging to effectively identify
new incident cases from these truncated, highly repetitive records. To address
this issue, researchers generally use a look-back period (washout period) as the
basis for identifying new incident cases. The specific method involves identify-
ing suspected new incident cases when patients appear in registration records
for a certain chronic disease within the target search years, then looking back-
ward from the target search years. If no disease-related records exist within the
defined washout period, the patient can be confirmed as a new incident case.
Currently, there is no consensus on the appropriate length of the washout pe-
riod. A washout period that is too short may lead to overestimation of incidence,
while one that is too long results in underutilization of data. Some researchers
argue that different diseases have different trajectories and characteristics, and
appropriate methods should be used to determine the optimal washout period
duration when identifying new incident cases for different diseases using differ-
ent types of data. This systematic review summarizes methods for determining
washout period duration to provide ideas for Chinese researchers to confirm
washout period length and correctly identify new incident cases when subse-

chinarxiv.org/items/chinaxiv-202307.00678 Machine Translation

https://chinarxiv.org/items/chinaxiv-202307.00678


quently using administrative data to identify chronic disease onset cases.

Methods
Literature Search Strategy

In October 2021, we systematically searched three English databases (PubMed,
Web of Science, EmBase) and three Chinese databases (CNKI, CQVIP, Wan-
fang Knowledge Service Platform) for literature investigating chronic disease
incidence and prevalence using administrative data, with the search timeframe
from database inception to October 1, 2022. Chinese search terms included:
medical insurance data, official data, administrative data, hospital data, preva-
lence, incidence, washout period, look-back period, and window period. English
search terms included: administrative data, insurance data, hospital data,
Medicare, prevalence, incidence, look-back period, wash-out time, clearance
time, disease-free time, and observation time. The specific search strategy
for PubMed was: (incidence[Title/Abstract] OR prevalence[Title/Abstract])
AND (insurance data[Title/Abstract] OR administrative data[Title/Abstract]
OR hospital data[Title/Abstract] OR Medicare[Title/Abstract]) AND (look-
back period[Title/Abstract] OR wash-out time[Title/Abstract] OR clearance
time[Title/Abstract] OR disease-free time[Title/Abstract] OR observation
time[Title/Abstract]).

Literature Screening and Data Extraction

Two researchers independently screened literature and extracted data, with
cross-checking of results. Disagreements were resolved through discussion with a
third researcher. During literature screening, titles and abstracts were first read
to exclude obviously irrelevant literature, followed by full-text reading to deter-
mine inclusion based on predetermined criteria. Extracted data included: (1)
basic literature information (authors, publication year, focused disease); (2) ba-
sic database information (country/region, database name, database type, data
year span, covered population size); and (3) study design (methods and criteria
for determining optimal washout period duration, set washout period length).

Inclusion criteria were: (1) studies using administrative data, including med-
ical insurance data, disease registration data, and hospital registration data; (2)
studies focusing on chronic diseases with multiple records for the same patient
due to the same disease; (3) studies investigating disease prevalence and inci-
dence with a focus on epidemiological characteristics; and (4) studies involving
washout periods.

Exclusion criteria were: (1) non-Chinese or non-English literature; (2) stud-
ies using non-official data, such as survey data obtained through cohort or case-
control studies; (3) non-original research, such as commentaries and systematic
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reviews; (4) conference papers or research published in abstract form; (5) liter-
ature where the full text could not be obtained; (6) duplicate publications; and
(7) literature with content not relevant to this study, including studies that only
used administrative data to assess disease burden or conduct cohort/case-control
research.

Quality Assessment of Included Literature

Two researchers independently used the Standards for Reporting Qualitative Re-
search (SRQR) proposed by the University of California to evaluate the method-
ological quality of the literature, with disagreements resolved through discussion
with a third researcher. The SRQR contains 21 items, with each item scored as
“yes” (1 point), “no” (0 points), or “unclear” (0 points). The total score ranges
from 0 to 21, with literature having SRQR scores $�$15 included in the analysis.

Statistical Methods

We used descriptive analysis to summarize methods for determining washout
period duration.

Results
Literature Screening Process and Results

The database search yielded 21 Chinese articles and 1,203 English articles. Af-
ter initial and secondary screening, 54 articles evaluating chronic disease preva-
lence/incidence and other epidemiological characteristics using administrative
data were obtained. After excluding 28 articles that did not involve washout
periods, 26 articles were ultimately included [2-6,8-28]. The literature screening
flow chart is shown in Figure 1 [Figure 1: see original paper].

Basic Information of Included Literature and Databases

All 26 included articles were English-language publications. The data used
primarily came from countries (regions) with complete and abundant adminis-
trative data, including Canada, the United States, and Australia. The focused
diseases included diabetes, cancer, schizophrenia, and various other chronic dis-
eases. Eleven articles [2,4,6,8,14,17,19,22-23,25,28] focused on cardiovascular
diseases, and five [6,8,10,13,19] focused on diabetes. The main research pur-
pose was to determine the incidence and prevalence of various chronic diseases.
Twelve articles [3,6,9-11,13,16,19-20,24,26-27] used medical insurance data, eight
[2,4,8,12,22-23,25,28] used hospital patient registration data, and the remaining
studies used registered resident health project data [14-15] or registered disease
survey project data [5,17-18,21]. The data year spans were substantial, with
only two articles [15,19] using data covering less than 5 years, and 14 articles
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[2,5,8,10-12,14,16,17,21,24-26,28] using data spanning $�$10 years. The basic
information of included literature and databases is shown in Table 1 .

Methodological Quality Assessment Results of Included Literature

The SRQR scores of included literature were all $�$15 (due to space limitations,
detailed quality assessment results are not presented in a separate table).

Methods for Determining Optimal Washout Period Duration

Through systematic literature review, we found that current methods for deter-
mining washout period duration mainly fall into three categories: direct restric-
tion method, consistency test method, and retrograde survival function method.
Among the 26 included articles, 15 [3,13-15,18-28] directly determined washout
period duration based on expert opinion, clinical experience, literature review,
or data limitations. Ten articles [2,4-6,9-12,16-17] used consistency test indica-
tors such as Kappa values, positive predictive values, and overestimation rates
to evaluate the impact of different washout period durations on incidence es-
timation and determine the optimal duration. Three articles [8-10] used the
retrograde survival function method to determine the optimal washout period
duration.

2.4.1 Consistency Test Method Ten articles [2,4-6,9-12,16-17] used consis-
tency test indicators including Kappa values, positive predictive values, overes-
timation rates, negative predictive values, sensitivity, and accuracy. All studies
used the longest achievable washout period based on available data as the “gold
standard” for washout period duration, quantitatively comparing differences
between the number of incident patients defined by different clearance periods
(IDD) and the number defined by the gold standard (IDG). Six articles [2,4-6,16-
17] used overestimation rate (overestimation rate = (IDD-IDG)/IDG$×$100%)
as a consistency evaluation indicator. Three articles [9-11] used Kappa values,
three [9,11-12] used positive predictive values, and one [12] used sensitivity,
specificity, and negative predictive values. Currently, only judgment standards
based on Kappa values have been proposed. According to criteria by BYRT
et al. [29]: Kappa values of -1.00 to <0 indicate “no agreement”; 0 to 0.20
indicate “poor agreement”; >0.20 to 0.40 indicate “fair agreement”; >0.40 to
0.60 indicate “moderate agreement”; >0.60 to 0.80 indicate “good agreement”;
>0.80 to 0.90 indicate “very good agreement”; and >0.90 to 1.00 indicate “ex-
cellent agreement.” When the Kappa value is >0.90 to 1.00, indicating excellent
agreement between the number of incident cases under the selected washout
period and those determined by the gold standard, the selected washout period
duration is considered optimal.

2.4.2 Retrograde Survival Function Method This method is generally
implemented using Kaplan-Meier or life table methods. In this approach, the
endpoint event is a patient being recorded during the washout period, while
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survival is defined as no record of the patient being captured during the given
washout period (in which case the patient can be considered an incident case).
Specifically, to calculate the number of incident cases for chronic disease i in
year j: let a represent the date when a patient was first recorded for disease i
in year j, b represent the most recent record date for disease i by that patient
during the washout period before a, and c represent the start date of the washout
period. If the patient was recorded during the given washout period, the survival
time is lx = a - b; if not recorded, the patient is defined as “censored” (i.e.,
“survived”), with censoring time lc = a - c. Based on this, a survival function
is established, and Kaplan-Meier or life table methods are used to calculate the
survival probability [S(t)] of study subjects under a given washout period T,
with survival curves plotted. Additionally, BRAMELD et al. [8] and BEAUDET
et al. [9] used hazard functions [h(t)] to calculate the instantaneous risk of
endpoint events in the next Δt time period for individuals who have already
survived to time t, and plotted hazard function curves. The studies suggest that
if there exists a time point tf where h(tf) approaches zero and S(tf) approaches a
constant value, that time point represents the optimal washout period duration.
In practice, BRAMELD et al. [8] considered h(tf) < 0.00001 as approaching
zero, while BEAUDET et al. [9] did not provide specific criteria. ASGHARI et
al. [10] did not calculate instantaneous risk through hazard functions, instead
suggesting that when the survival probability of study subjects no longer changes
at a certain time point tf (i.e., becomes stable), that time point represents the
optimal washout period duration.

Washout Period Durations

The washout period durations set in included literature ranged from 0.5 to
15.0 years. When different literature focused on different diseases, there were
significant differences in set washout period durations. However, even when
different literature focused on the same disease, substantial differences existed.
For example, among five articles [6,8,10,13,19] focusing on diabetes, the longest
washout period was 13 years and the shortest was 1 year. The methods for
determining washout period duration and the set durations in included literature
are shown in Table 2 .

Discussion
This study systematically reviewed methods for determining optimal washout
period duration when identifying chronic disease onset cases using administra-
tive data. Currently, approximately half [48.1% (26/54)] of literature evaluating
chronic disease prevalence/incidence and other epidemiological characteristics
using administrative data set washout periods when identifying chronic disease
onset cases, but no consensus exists regarding washout period duration. The
washout period durations set in the 26 included articles ranged from 0.5 to
15.0 years. Methods for determining washout period duration mainly include
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three approaches: direct restriction method, consistency test method, and retro-
grade survival function method, with the direct restriction method being most
commonly used.

This study found that more than half [57.7% (15/26)] of included literature
used the direct restriction method to set washout period duration. Under this
method, researchers directly set washout period duration based on expert opin-
ion, literature review results, etc. While the direct restriction method is conve-
nient and easy to implement, it lacks quantitative data support, making the set
washout period duration less convincing to some extent. Some literature noted
that directly setting washout period duration may lead to inaccurate incidence
estimates [18,26]. Two articles [14,23] chose to use (maximum available data
year - minimum available data year) as the washout period duration, but this
approach only allows researchers to investigate disease incidence in the maxi-
mum available data year, resulting in inefficient data utilization.

Some literature [38.5% (10/26)] determined optimal washout period duration
based on consistency test indicators [2,4-6,9-12,16-17], but different studies used
different consistency test indicators. Currently, the most commonly used con-
sistency test indicators are Kappa values and overestimation rates. The Kappa
value criteria were proposed by BYRT et al. [29] in 1993. Most researchers chose
Kappa values >0.80 (“good agreement” or “excellent agreement”) as the stan-
dard for determining washout period duration [9-11]. However, some studies
suggest that when identifying incident cases of high-prevalence diseases (such
as diabetes and cardiovascular diseases), high Kappa values may be related to
the large number of prevalent cases, and the stability of Kappa values requires
further investigation [10]. Currently, there are no established standards for de-
termining washout period duration based on consistency evaluation indicators
other than Kappa values. For example, ABBAS et al. [6] used an overestima-
tion rate of 10% as the critical standard, while ROSENLUND et al. [4] set this
indicator at 20%. For positive predictive value, some researchers chose 80% as
the threshold [11], while BENCHIMOL et al. [12] chose accuracy reaching 90%
as the evaluation standard.

Only a small proportion of studies [11.5% (3/26)] used the retrograde survival
function method to determine optimal washout period duration [8-10]. After
BRAMELD et al. [8] first proposed this method in 2003, it has been subsequently
used [9-10]. The retrograde survival function method emphasizes plotting sur-
vival and hazard function curves to determine optimal washout period duration
based on survival and hazard probabilities. Researchers believe this method
maximizes data utilization and ensures full use of all available records to esti-
mate survival functions. Simultaneously, survival and hazard function curves
allow intuitive observation of central trends in survival and hazard probabilities,
enabling effective and quantitative determination of optimal washout period du-
ration. However, this method also has limitations, as judgment criteria have not
been fully standardized. For example, BRAMELD et al. [8] considered that if a
time point tf exists where h(tf) < 0.00001, that time point represents the opti-
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mal washout period duration. According to this standard, the washout period
in their study (focusing on diabetes) was as long as 13 years. ASGHARI et
al. [10] (also focusing on diabetes) did not use this criterion, instead confirm-
ing a washout period duration of 5 years based on the standard that survival
probability of study subjects becomes stable. Notably, due to lack of consensus
on methods and judgment standards for determining washout period duration,
many researchers chose to calculate multiple consistency indicators and combine
them with results from the retrograde survival function method for comprehen-
sive judgment [8-10].

Administrative data represent valuable resources with wide coverage, long time
spans, and convenient accessibility, offering certain advantages over traditional
survey data. Since the medical insurance system reform in 2012, China has
vigorously promoted medical insurance policies and expanded coverage [30-31].
With gradual deepening of reforms, the volume of effective data continues to
increase. However, few studies in Chinese databases (Wanfang, CNKI, CQVIP)
have analyzed chronic disease epidemiological characteristics using medical in-
surance data or hospital patient registration data (only 21 articles as of October
1, 2022), far fewer than in other countries/regions with complete administra-
tive data and mature research paradigms. This indicates that China is still
in the exploratory stage in this field, with huge future development potential.
Meanwhile, mainland Chinese researchers have not paid sufficient attention to
washout periods when analyzing medical insurance data (none of the literature
retrieved from Chinese databases involved washout periods), and no mainland
researchers have explored how to determine washout period duration when ana-
lyzing disease epidemiological characteristics using Chinese population medical
insurance data. Therefore, the three methods systematically summarized in this
study can provide relevant ideas and methodological support for subsequent re-
searchers to accurately identify chronic disease onset cases and explore disease
epidemiological characteristics based on Chinese medical insurance data and
other administrative data.

This study has certain limitations. First, due to the special nature of admin-
istrative data, some data may be internal or confidential, and some unpub-
lished literature could not be retrieved during the search process, which may
affect the research results. Second, the search was limited to Chinese and En-
glish databases, and relevant literature published in other languages was not
retrieved, which may result in incomplete comprehensiveness of the identified
methods.
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