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Abstract

Background Missing diagnoses are common in cross-sectional studies of dementia, and this missingness is usually
related to whether the respondent has dementia or not. Failure to properly address this issue can lead to underes-
timation of prevalence. To obtain accurate prevalence estimates, we propose different estimation methods within
the framework of propensity score stratification (PSS), which can significantly reduce the negative impact of non-
response on prevalence estimates.

Methods To obtain accurate estimates of dementia prevalence, we calculated the propensity score (PS) of each
participant to be a non-responder using logistic regression with demographic information, cognitive tests and physi-
cal function variables as covariates. We then divided all participants into five equal-sized strata based on their PS. The
stratum-specific prevalence of dementia was estimated using simple estimation (SE), regression estimation (RE), and
regression estimation with multiple imputation (REMI). These stratum-specific estimates were integrated to obtain an
overall estimate of dementia prevalence.

Results The estimated prevalence of dementia using SE, RE, and REMI with PSS was 12.24%, 12.28%, and 12.20%,
respectively. These estimates showed higher consistency than the estimates obtained without PSS, which were
11.64%, 12.33%, and 11.98%, respectively. Furthermore, considering only the observed diagnoses, the prevalence in
the same group was found to be 9.95%, which is significantly lower than the prevalence estimated by our proposed
method. This suggested that prevalence estimates obtained without properly accounting for missing data might
underestimate the true prevalence.

Conclusion Estimating the prevalence of dementia using the PSS provides a more robust and less biased estimate.
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Background

Dementia is a neurodegenerative disease that leads to
irreversible memory loss, language dysfunction, and dif-
ficulties in carrying out daily activities [1]. In an aging
society, dementia has become a major public health
challenge, affecting nearly 50 million people worldwide
[2, 3]. This places a heavy burden not only on people
with dementia and their families, but also on society and
the economy. The total cost of caring for people with
dementia is one of the largest healthcare expenditures
for society, and is expected to reach $355 billion glob-
ally in 2021 [4]. China is also expected to spend $507.49
billion on dementia care in 2030 [5]. In addition, mild
cognitive impairment (MCI), the intermediate state
between normal and dementia, has also been the focus
of research [1]. The number of people with dementia
or MCI is increasing over time, leading to a growing
healthcare burden in the future [6]. Therefore, an accu-
rate prevalence estimation is essential to understand
the disease, accurately assess the burden of disease, and
make informed health policy decisions [6, 7].

Dementia research typically follows a two-phase sur-
vey approach [8]. In phase I, screening is carried out in
the general population to identify high-risk participants,
who then undergo systemic neuropsychological testing
in phase II to obtain accurate diagnoses. However, there
are significant challenges in conducting testing in phase
I1 [9, 10]. Some of the essential tests are complex and can
be difficult for participants with poor physical, hospitali-
zation, and cognitive conditions to complete, leading to
a high non-response rate in phase II [11]. This results in
non-random missingness of final diagnoses and challenge
to the estimation of dementia prevalence [12].

Missing data is a common issue in cross-sectional stud-
ies of dementia. Wu’s meta-analysis showed that large-
scale prevalence studies in China had a response rate
of around 90% [13]. However, traditional methods of
dealing with missing data involve simply removing non-
responders’ data points from the analysis, which can lead
to an underestimation of prevalence. This is particularly
true for studies of dementia, as missing diagnoses in
phase II are more likely to be associated with higher dis-
ease rates. In these cases, the missing mechanism is clas-
sified as missing not at random (MNAR) [14].

Unfortunately, we have found that many previous
studies suffer from the defect of not properly deal-
ing with missing data, resulting in underestimates of
the prevalence and burden of dementia [15, 16]. For
example, the Global Burden of Diseases, Injuries, and
Risk Factors Study (GBD) calculated global prevalence
through systematic reviews without correcting the
potential bias due to missing data [4, 6]. In recent years,
many researchers have made great efforts to address
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this critical issue. Tan et al. [17] proposed to impute the
missing diagnoses in phase II via various imputation
methods and compared the resulting estimated preva-
lence. There are some previous studies that have dealt
with missing data in different ways in longitudinal stud-
ies [18-20], but not in cross-sectional studies. Chen
developed a method called the Diggle-Kenward (DK)
selection model to deal with MNAR [21]. However,
there is still a lack of a logical strategy with an explicit
protocol to properly handle the unobserved diagnoses
that are MNAR in the field of dementia research.

In recent years, propensity scores (PS) have gained
popularity in observational studies. Defined as the
conditional probability of a unit being assigned to a
particular treatment group given a set of observed
covariates, PS can help balancing confounding factors
across treatment or exposure groups [22]. We assume
that when the observed indicators are included to
build non-response PS model, the composition of inde-
pendent variables in the model help us to diagnose
the existence of MNAR. It will indicate MNAR, if the
meaningful independent variables contain those associ-
ated with the outcome. In such cases, direct estimation,
also known as marginal effects, may be influenced by
several confounding factors.

In this study, we have addressed the challenge of han-
dling missing data under the MNAR mechanism by
introducing a general strategy using propensity score
stratification (PSS) [22]. Within the stratification, the
observed and missing data can be approximated as iden-
tically distributed, making it a conditional effects method.
By applying the proposed strategy to estimate the preva-
lence of dementia among male veterans enrolled in the
Chinese Veteran Clinical Research (CVCR) platform, we
obtained an unbiased prevalence estimator that is robust
to different imputation methods.

Methods

Data source

This study was based on a sub-project of the Chinese
Veteran Clinical Research (CVCR) Platform for the
Assessment of Non-Communicable Diseases program.
It was a multicenter, two-phase, cross-sectional study
to estimate the prevalence of dementia and MCI. The
design and protocol of the CVCR have been approved
by the Ethics Committee of the Chinese People’s Libera-
tion Army (PLA) General Hospital(No. 20090820-02)
[23]. In this study, we reviewed the de-identified database
of the CVCR platform, and the design and protocol of
data analysis were approved by Ethics Committee of the
Peking University Third Hospital (No. M2016114 and
M2017055).
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Study population

The CVCR survey included 8,246 veterans aged 60 and
over from 277 veteran communities in 18 cities who
had registered on the CVCR platform and had been liv-
ing continuously in a veteran community for at least one
month. Of the 8,246 veterans who participated in the sur-
vey, n1 = 3,801 were diagnosed as normal in phase I, and
only the remaining ny = 4,445 were enrolled in phase
II. Among the participants enrolled in phase II, 1,170
failed to complete enough neuropsychological batteries
to obtain a clinical diagnosis and were defined as non-
responders, while the others received a specific diagnosis
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(589 normal, 1979 MCI, 707 dementia). Figure 1 illus-
trates the main results in both phases of the survey, and
detailed baseline characteristics of the participants are
shown in Table 1.

Diagnostic criteria

The Montreal Cognitive Assessment (MoCA), the Mini-
Mental State Examination (MMSE) and the Activities
of Daily Living (ADL) scale were used in the phase I to
assess participants’ cognitive and physical conditions
[24]. Socio-demographic data (age, gender, education and
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Fig. 1 Schematic diagram of imputation and propensity score in each stratum * Estimation methods included simple estimation, regression
estimation, and regression estimation with multiple imputation. Each stratum was imputed in the same way and the estimations were then
combined. The covariates used by regression estimation were different at each stratum. Note: Propensity score for non-response was calculated by

logistic regression
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Table 1 Baseline characteristics of the sub-population with and without diagnosis in phase Il
Sub-population with diagnosis Sub-population without diagnosis P-value SMD
(n=3275) (n=1170)
Age, 8289+ 372 83.08 £3.76 0.14 0.05
Year of Education 7.52 +£4.58 7.55£476 0.86 0.01
PADL score 12.25 £ 501 13.01 £6.00 < 0.001 0.14
IADL score 1528 £ 874 1586 £9.29 0.06 0.06
MMSE score 2491 £5.16 2415+ 5.02 < 0.001 0.15
MoCA score 2148 £5.56 20.00 £ 5.21 < 0.001 027

Data are expressed as mean +SD

Abbreviations: SMD standardized mean difference, MoCA Montreal Cognitive Assessment, MMSE Mini-Mental State Examination, PADL physical activities of daily living,
IADL Instrumental activities of daily living. P-values were calculated using t-test or Wilcoxon signed-rank test, depending on the distribution of covariates. A two-tailed
P-value <0.05 was considered statistically significant. The PADL score, MMSE score, and MoCA scores of the two sub-populations were significantly different in the
sense that the P-value was less than 0.05, a result that still holds after Bonferroni correction

living conditions) were collected by the investigators in a
face-to-face interview.

In phase II, systemic neuropsychological tests were
used to assess memory, language, visuospatial percep-
tion, calculation, abstract reasoning and executive func-
tion. Clinical diagnoses were made on the basis of a joint
consideration of the patient’s medical history, system-
atic neuropsychological tests, physical examinations in
internal medicine and neurology, head CT or MRI, and
blood tests. The diagnosis of dementia was based on the
Diagnostic and Statistical Manual of Mental Disorders-
IV (DSM-1V) [25]. The core clinical criteria was recom-
mended by the International Aging and Alzheimer’s
Disease Association to diagnose MCI [26].

Statistical analysis
The characteristics of responders and non-respond-
ers in phase II were described by the mean (+standard
deviation). The results obtained from these analyses, as
shown in Table 1, reveal significant differences between
responders and non-responders in phase II, suggesting
that the corresponding missing mechanism is obviously
missing not at random (MNAR). The following analy-
sis consists of three parts: setting up the PS model and
stratification, estimating stratum-specific prevalence, and
summarising for final estimation. The analysis protocol is
shown in Fig. 1 with the specific analysis process and for-
mulas detailed in the supplementary material.
Non-random missing responses pose a critical chal-
lenge to prevalence estimation in practice and may lead
to biased results if not handled properly. In this study, we
address this issue by recommending the use of propensity
score stratification (PSS) framework [22]. The propensity
score (PS) was used to assess the missing probability of
diagnostic results for those who entered phase II. Logis-
tic regression is commonly used to calculate propensity
scores (PSs), with the response variable being whether

the participant has a missing diagnosis. The independ-
ent variables in the regression model can first include all
variables related to dementia, such as socio-demographic
information and cognitive screening scores, and then
use stepwise regression to filter out the significant vari-
ables. We can then simply partition all participants into 5
equally sized strata based on the quintiles of the empiri-
cal distribution of the estimated propensity score. Rosen-
baum and Rubin (1983) showed that such a strategy leads
to simplified unit stratifications, within each of which the
unobserved responses are approximately missing at ran-
dom (MAR).

Based on the stratification approach, we can estimate
the prevalence of each stratum using two different esti-
mation methods: simple estimation (SE) and regression
estimation (RE). SE directly estimates the prevalence of
each stratum by calculating the percentage of dementia
among the responders in the stratum. Since the preva-
lence estimator follows a binomial distribution, its vari-
ance can be easily estimated. On the other hand, RE
utilizes an ordered logistic regression model between the
covariates X and the response Y to provide a more sta-
tistically efficient prevalence estimation with a smaller
estimation variance. In contrast to the calculation of
propensity scores, the responses in RE are ordinal vari-
ables with three categories: normal, MCI and dementia.
Similarly, we first consider the full set of covariates in
each stratum and then filter out the significant variables
by stepwise regression, with possible differences in the
final covariates used in each stratum. In addition, we
can combine multiple imputation, which is a Bayesian
method for imputing missing data multiple times, with
the aforementioned estimation methods. In this study,
we utilized regression estimation with multiple imputa-
tion (REMI) to estimate the prevalence of each stratum
[12]. Specifically, we followed the concept of regression
estimation in modeling each stratum, but employed a
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Bayesian approach to impute missing values. As a result,
after several imputations, different versions of the com-
plete dataset can be obtained for each stratum. We then
pool the prevalence estimates from each dataset to obtain
a final stratum-specific prevalence.

Given the stratum-specific prevalence estimates, we
integrate them into a proper estimate of overall preva-
lence via a weighted average, where the weight of each
stratum is proportional to the sample size within it. The
main advantage of such a stratification-based strategy
is that, after stratification, the missing responses within
each PSS can be treated approximately as MAR, making
it logically sound and technically convenient for statisti-
cal inference on the unknown prevalence.

All analyses were performed using R (version 4.0.2).
Details can be found in Supplementary Material.

Results

Propensity score stratification and baseline characteristics

in each stratum

To establish a proper PSS for participants in phase II of
the CVCR survey, we built a logistic regression model
to describe how a participant’s response rate varies with
their covariates. The parameters of the model could be
estimated using the observed indicators of responders
and non-responders as responses. For each participant
with a given set of covariates, their propensity score,
derived from the fitted regression model, represents the
predicted probability of them being a non-responder.
Initially, we considered all recorded covariates that
could potentially be associated with the absence of a
diagnosis in the logistic regression, including socio-
demographic information (e.g., age and year of edu-
cation) and cognitive screening scores (e.g., MoCA,
MMSE, and ADL). We gradually removed unimpor-
tant variables using stepwise regression with AIC as
the model selection principle, resulting in a final model
with only 4 covariates:

log( - P SP 5) = — 0.56 — 0.08M0CA + 0.04MMSE
+0.03PADL — 0.02IADL.

Figure 2A shows the distributions of estimated PSs for
both responders and non-responders, with non-respond-
ers on average had higher PSs than responders. A Wil-
coxon test was performed to confirm that the difference
between the two PS distributions was statistically signifi-
cant (P-value < 0.001). It is important to note that if the
missing mechanism was MAR, there will not be a mean-
ingful PS model based on variables related to dementia
itself. At the same time, the risk of non-response calcu-
lated by such a model could not effectively distinguish
non-response from response patients. This finding is
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consistent with our prior knowledge that the missing
mechanism in phase II of the CVCR survey involvesmiss-
ing not at random (MNAR), which supports the need for
a propensity score stratification framework to adequately
address missingness in dementia surveys.

To stratify all participants based on quintiles of esti-
mated propensity scores, we divided the range of all
estimated propensity scores into five strata, with the
same number of participants in each stratum. The stra-
tum boundaries are indicated by red dashed lines in
Fig. 2A. The PSs of stratum 1 to 5 range from low to
high, representing a low to high risk of missing a diag-
nosis. Importantly, there were enough responders and
non-responders in all five strata to ensure that we had
enough information to estimate the prevalence within
each stratum.

We observed that the proportion of normal, MCI and
dementia differed in each stratum (Fig. 2B). As the PS
increased, the proportion of dementia and MCI in the
observed data gradually increased. For example, the pro-
portion of dementia in stratum 1 was 7.99%, compared
with 33.85% in stratum 5. In addition, the proportion of
non-responders also increased.

Figure 2 further shows the distributions of various
covariates and estimated PSs in each of the 5 strata. It was
clear that some covariates (such as MoCA score, MMSE
score, etc.) had markedly different distributions across
the strata. In particular, there was a clear linear trend
between stratum and MoCA score (P < 2.2 x 10719), as
shown in Fig. 2F.

Prevalence estimation for strata and overall population
The prevalence of dementia and MCI estimated using SE,
RE and REMI within each PSS is shown in Table 2. The
estimation method was the same for both, except that the
response variable Y was changed from dementia to MCL
We found that the prevalence estimated by the three
methods was very consistent within each PSS. For exam-
ple, in stratum 5, with the highest percentage of missing
diagnoses (34.63%), the estimated prevalence of dementia
by PSS-SE, PSS-RE, and PSS-REMI was 51.86%, 51.97%
and 51.63%, respectively. Furthermore, the sum of the
prevalence of MCI and dementia gradually increased
from stratum 1 to stratum 5. The proportion of the nor-
mal population estimated by the PSS-RE in each stratum
was 46.68%, 19.24%, 5.85%, 4.39% and 2.02%, respectively.
This suggests that the higher the propensity score of the
respondent, the higher the risk of cognitive impairment.
In addition, the prevalence of MCI first increased and
then decreased, being highest in stratum 3. This might
be because the proportion of respondents with demen-
tia increased rapidly in stratum 4 and 5, as presented in
Fig. 2B.
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Figure 3 visualizes the estimated prevalence and cor-
responding 95% confidence intervals for the whole
population (n; 4+ ny participants) based on different
estimation methods using PSS (red intervals), as well
as the results without PSS (purple intervals). Under the
PSS framework, the prevalence and corresponding inter-
vals obtained by the three estimation methods are highly
consistent, indicating that all three methods effectively
impute missing data and estimate prevalence when

the missing mechanism within each stratum is MAR.
However, on an unstratified basis, where the essential
requirement for dealing with missing data is not met,
the estimated prevalence of the different methods dif-
fers significantly and the confidence intervals of the SE
and RE do not even overlap. Furthermore, RE, which
uses information on covariates, can partially counteract
the effect of MNAR mechanisms in the data, leading to
similar results as the PSS-based approach. However, it is
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Table 2 Estimated percentage of participants with different cognitive status within each PSS, phase Il and CVCR
STRAT 1 (%) STRAT 2 (%) STRAT 3 (%) STRAT 4 (%) STRAT 5 (%) phase Il (%) CVCR
- ("
(n,=889) (n,=889) (n;=889) (n,=889) (n;=889) (n,=4445) ;I/:’):(gé 1‘6)
PSS-SE MCI 41.28(0.62) 68.5 (0.79) 9(0.73) 69.52 (0.83) 2(0.98) 60.90 (0.36) 32.83(0.19)
dementia 9.34(0.37) 11.14 (0.53) 14.96 (0.64) 26.32(0.79) 86 (0.99) 22.70(0.31) 12.24(0.17)
PSS-RE MCI 4331(061) 68.95 (0.73) 79.98 (0.65) 69.74 (0.75) 46.01 (0.80) 61.60 (0.32) 33.20(0.17)
dementia 10.01 (0.41) 11.81(047) 7(0.52) 25.87 (0.68) 51.97 (0.78) 22.79 (0.26) 12.28 (0.14)
PSS-REMI MCI 43.19(0.63) 69.18 (0.83) 79.64(0.72) 69.97 (0.83) 46.34(0.93) 61.69 (0.36) 33.25(0.19)
dementia 9.79(0.41) 11.36 (0.52) 14.51 (0.61) 25.76 (0.78) 63 (0.91) 22.63 (0.30) 12.20 (0.16)
Data are expressed as mean (standard deviation) of the percentage
Abbreviations: STRAT stratum
Methods Prevalence (95% ClI)
PSS-SE —_ 12.24 (11.91,12.56)
PSS-RE e 12.28 (12.01,12.56)
PSS-REMI — 12.20 (11.88,12.52)
SE i — 11.64 (11.30,11.98)
RE e 12.33 (12.06,12.60)
REMI —_ 11.98 (11.66,12.29)
11 1.5 12 125 13

Fig. 3 Comparison of estimated prevalence of CVCR between three methods with and without PSS. Estimated prevalence using different
imputation methods are expressed as mean (95% Cl). The upper panel represents the results with PSS

important to emphasize that the direct use of RE is still
very risky.

Compared with the prevalence of 9.95% before the treat-
ment of missing data, the mean estimated prevalence
under the PSS framework was 12.24%, suggesting that the
true prevalence may have been underestimated in the past.

Compared the prevalence with published data by 80-89
age male

To compare the prevalence estimation with other stud-
ies, we chose the published data from Zhao et al. [27]
and Jia et al. [28], which were large cross-sectional stud-
ies in China and could better represent the prevalence of
dementia in China. The prevalence and the confidence
interval were calculated from published second-hand
data. The results were presented as a forest plot (Fig. 4).
As the final prevalence was standardized differently and
the 80-89 year old group had less weight in published
studies, which was not the case for the CVCR where
this age group had a larger population, we chose the
80-89 year old male group to calculate the prevalence for
better comparability.

When comparing the group of men aged 80-89 years,
the estimated prevalence of dementia in the CVCR
was higher than in other dementia studies, as shown in
Fig. 4. For older individuals aged 80—89 years, the preva-
lence of dementia in this study (12.29%) was similar to
the prevalence estimated by the GBD for China in the
same year (12.68%). In other individual studies con-
ducted in China during the same period, the prevalence
was lower than the GBD estimates (9.50% vs 11.82% for
1998 [27], 11.83% vs 13.89% for 2019/2020 [28]). In gen-
eral, the prevalence of dementia in older people is gradu-
ally increasing over time, as shown by the trend in the
GBD study.

Using PSS, the prevalence estimated by the three meth-
ods was approximately 14% in the 80-89 year old male
group, which would increase the estimated prevalence in
the CVCR platform by approximately 1.7%. In contrast,
missing data were not imputed in the studies by Zhao
and Jia, and it is reasonable to assume that the true preva-
lence rate would be higher if missing values were imputed.
Based on our projections, after imputing missing data
using PSS, we predicted that the prevalence in 1998 and
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Year Methods & Studies Prevalence (95% ClI)
2011 PSS-SE = 14.04 (13.63,14.45)
PSS-RE i 14.12 (13.78,14.47)
PSS-REMI = 14.06 (13.68,14.43)
SE = 13.40 (13.00,13.81)
RE o 14.19 (13.86,14.52)
REMI el 14.04 (13.65,14.43)
1998 GBD ' i 11.82 (9.65,13.99)
Shanghai, Zhao b { 9.50 (7.19,11.80)
2011 GBD 12.68 (10.38,14.99)
CVCR, Tan e 12.29 (11.40,13.19)
2019 & 2020 GBD I { 13.89 (11.41,16.36)
Lancet, Jia e 11.83(10.53,13.13)

T T T T
7 8 9 10

T T T T T T 1
1 12 13 14 15 16 17

Fig. 4 Prevalence of dementia in CVCR and other studies in China by male group aged 80-89. Different colours represent different research years,
dark blue for 1998, orange for 2011 and green for 2019. The results of the GBD study are shown in light blue and were considered as a reference

in different years. The top two panels show the estimated results in CVCRwith and without PSS. Prevalence is expressed as the mean (95% Cl).
Prevalence in 2011 was estimated from the CVCR platform, and prevalence in 1998 and 2020 was estimated from published data by Zhao et al. and

Jia et al,, respectively. GBD data were obtained from the GHDx database

2020 would increase to about 11.2% and 13.5%, respec-
tively, according to the Zhao and Jia studies.

Discussion

When we used different methods to estimate dementia
diagnoses in patients who did not respond, the preva-
lence of dementia increased to 13.40-14.19% in the
80-89 age group. In a previous study [29], we compared
the characteristics of responders and non-responders
in phase II. It showed that non-responders in phase II
were older, in poorer physical health, with lower cog-
nitive performance, suggesting that non-responders
were more likely to have dementia. Moreover, partici-
pants who screened positive for dementia in phase I
had a higher rate of non-response. All this suggests that
dementia and non-response in the dementia survey are
closely related, and that MNAR is involved in the mech-
anism of missing dementia diagnosis [30]. Non-random
non-response is a critical challenge for prevalence esti-
mation in practice and can lead to biased results if not
properly managed [31]. These may explain the underes-
timation of dementia prevalence when non-responders
were ignored. When non-responders were ignored, the
prevalence of dementia in male aged 80—89 years was
lower in the CVCR than in the GBD (12.29% vs. 12.68%).
After imputation for non-response, the prevalence of

dementia in the CVCR was about 14%, suggesting that
the true prevalence of dementia in this age group may
be higher. Similarly, the prevalence of dementia in the
population as a whole is likely to be higher than cur-
rently reported.

This study found that after using SE, RE and REMI
to infer a diagnosis of dementia in non-responders,
there were differences in prevalence in the population
(11.64%, 12.33%, 11.98%). This is similar to the results
of previous analyses based on the CVCR [17]. In pre-
vious studies, when the prevalence of dementia was
estimated after imputing missing data using stratified
weighting (SW), inverse probability weighting (IPW),
hot-deck imputation (HDI) and ordinal logistic regres-
sion (OLR), the prevalence estimates ranged from 10 to
16% for dementia and showed greater variation. Some
research has shown that by setting up a PS model, the
association between missing propensity and dementia
can be removed, thereby improving the performance
of imputation models [32-35]. PSS would therefore be
an ideal strategy. We recommend that this critical issue
be addressed under the framework of the PSS: establish
PS model and determine the missing mechanism, strati-
fied veterans by the missing propensity score, then the
same methods were used to estimate the prevalence of
participants in each stratum, and finally the prevalence
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was pooled. After these procedures, the consistency of
the estimated prevalence of the different methods was
improved (12.24%, 12.28%, 12.20%). MoCA and MMSE
scores reflecting cognitive function were used to stratify
the probability of non-response. Therefore, the cognitive
level of patients in each stratum is more similar. At this
point, the absence of diagnosis was weakly correlated
with cognitive function itself in each stratum, and the
missing mechanism was closer to MAR. In this way, con-
sistency between different methods can theoretically be
improved. The results of this study also suggest that con-
trolling for MNAR may be more important than models
that impute missing data [31].

Three methods can be used to estimate the preva-
lence of each stratum: SE, RE and REML SE is based on
the expectation and variance of the observed proportion
of people with dementia to impute missingness, which
does not rely on covariates and is sensitive to MNAR.
In RE, participants in each stratum have different char-
acteristics, so we choose different covariates to build the
logistic model, and the same covariate will have different
estimated coefficients in different stratum. As a method
of imputation rather than estimation, multiple imputa-
tion must be combined with estimation methods such
as simple estimation or regression estimation [36]. The
results of multiple imputation will generally have a larger
variance, which is consistent with its aim of taking full
account of the uncertainty in the data.

However, in the published literature on the prevalence
of dementia in China, estimates of prevalence in the
80-89 age group are imprecise. Some studies included
fewer people in the population, which is reflected in the
large confidence interval for prevalence estimates in this
age group [27, 28]; other studies used only historical data
to estimate the current prevalence in the 80-89 age group
[8, 13]. This phenomenon widely existed in the research
among the oldest-old around the world [2]. Missing data
are inevitable not only in observational studies [37] but
also in clinical trials [38]. Older non-responders are
more likely to have the disease being studied. There-
fore, an optimal method for dealing with missing data is
needed [39]. With the development of an ageing society,
there will be an increasing number of older people who
are more likely to have dementia and other chronic dis-
eases. And research on the elderly will have larger sample
sizes and more variables, resulting in a more compli-
cated missing mechanism [19], as more causes can lead
to missing data. Traditional data imputation methods are
not suitable, and a joint model in statistics will be a new
direction for dealing with missing data in future medical
research.

The study found that the prevalence of dementia
may be underestimated by 2%. An accurate estimate
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of dementia prevalence could help guide policy and
health care resources. A study conducted to simulate
resource use for dementia in Australia found that age-
related health resource use increased as the dementia
population grew. The study also found that the lack of
provision of residential aged care could put a strain on
hospital resources. In addition, a study reported that
neurological disorders are among the leading causes
of disability and death, highlighting the need for more
cost-effective and rational resource allocation. Accurate
prevalence estimates can help to effectively address the
challenges posed by pension shortages and an ageing
population.

The findings of this study should be interpreted along-
side its limitations. First, for stratification, dividing the
population equally by the quintiles of the propensity
score is a simple and effective method but it is not the
only one. In more extreme scenarios, for example if there
are not enough responders in a particular stratum, we
can reduce the number of strata with some loss of pre-
cision or make the stratum include more people. In the
estimating overall prevalence, the weighted average
method we use will remove the effect of differences in
sample size between strata. Also, in the PS model, only
some of the collected covariates were considered, while
there are still some confounders that cannot be assessed.
In addition, our study only used data from one platform
to build this model, which may limit the generalizability
of the methods. Therefore, external validation is needed
in further research.

Conclusion

In conclusion, stratifying data according to the missing
propensity and using appropriate prevalence estimation
methods for each stratum can produce reliable estimates
of the prevalence of dementia that are higher than the
original estimates without accounting for missing data.
Moreover, after PSS, the results of different estimation
methods are more consistent.

Abbreviations

CVCR Chinese Veteran Clinical Research

PSS Propensity score stratification

PS Propensity score

SE Simple estimation

RE Regression estimation

REMI Regression estimation with multiple imputation
GBD Global Burden of Diseases, Injuries, and Risk Factors Study
McCl Mild cognitive impairment

MNAR Missing not at random

MAR Missing at random

MoCA Montreal Cognitive Assessment

MMSE Mini-Mental State Examination

PADL Physical activities of daily living

IADL Instrumental activities of daily living



Shen et al. BMC Medical Research Methodology (2023) 23:130

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512874-023-01954-0.

[ Additional file 1. }

Acknowledgements
We would like to thank all participants, caregivers and medical staffs of the
Chinese Veteran Clinical Research (CVCR) Platform.

Authors’ contributions

CS: Drafting/revision of the manuscript for content, including medical writing
for content; Analysis or interpretation of data; MYP: Drafting/revision of the
manuscript for content, including medical writing for content; XXW: Drafting/
revision of the manuscript for content, including medical writing for content;
YMZ: Study concept or design; LNW: Study concept or design; Major role in the
acquisition of data; JPT: Study concept or design; Major role in the acquisition
of data KD: Study concept or design; Analysis or interpretation of data; NL:
Drafting/revision of the manuscript for content, including medical writing for
content; Major role in the acquisition of data; Study concept or design; Analysis
or interpretation of data. All authors read and approved the final manuscript.

Funding

The part of analysis and interpretation of data and the work in writing the
manuscript was funded by the National Natural Science Foundation of China
(Project No. 81701067) and Beijing Natural Science Foundation (Project No.
Z190021).

The CVCR platform, which included the design of the study and collection of
data, were supported by the Special Research Project on Health Care, Health
Sector of the General Logistics Department of People’s Liberation Army (Pro-
ject Number: 07BJZ04; 10BJZ19; 11BJZ09; 12BJZ46).

Availability of data and materials

All results presented in this study are objectively shown in this article and/
or its Additional file. The R code of the study is available from corresponding
authors Ke Deng and Nan Li. The datasets generated and/or analysed during
the current study are not publicly available due to privacy or ethical restric-
tions but are available from corresponding author Jiping Tan on reasonable
request.

Declarations

Ethics approval and consent to participate

All participants signed written informed consent. All data were anonymized.
The design and protocol of the CVCR have been approved by the Ethics Com-
mittee of the Chinese People’s Liberation Army (PLA) General Hospital(No.
20090820-02). The design and protocol of data analysis were approved by
Ethics Committee of the Peking University Third Hospital (No. M2016114 and
M2017055).

Consent for publication
Not applicable.

Competing interests
The authors have no conflicts of interest to declare.

Author details

!Center for Statistical Science, Department of Industrial Engineering, Tsin-
ghua University, No. 30, Shuangging Road, Haidian District, Beijing 100084,
People’s Republic of China. “Research Center of Clinical Epidemiology, Peking
University Third Hospital, No. 49, Huayuan North Road, Haidian District,
Beijing 100191, People’s Republic of China. *Key Laboratory of Epidemiology
of Major Diseases (Peking University), Ministry of Education, Beijing, People’s
Republic of China. *Geriatric Neurology Department of The Second Medical
Center & National Clinical Research Center for Geriatric Diseases, Chinese PLA
General Hospital, No. 28, Fuxing Road, Haidian District, Beijing 100039, People’s
Republic of China.

Page 10 of 11

Received: 20 September 2022 Accepted: 16 May 2023
Published online: 27 May 2023

References

1. Alzheimer's disease facts and figures. Alzheimers Dement.
2022,18(4):700-89.

2. Michalowsky B, Kaczynski A, Hoffmann W. The economic and social bur-
den of dementia diseases in Germany-A meta-analysis. Bundesgesund-
heitsblatt Gesundheitsforschung Gesundheitsschutz. 2019;62(8):981-92.

3. Wimo A, Guerchet M, Ali GC, Wu YT, Prina AM, Winblad B, Jonsson L, Liu Z,
Prince M. The worldwide costs of dementia 2015 and comparisons with
2010. Alzheimers Dement. 2017;13(1):1-7.

4. Takizawa C, Thompson PL, van Walsem A, Faure C, Maier WC. Epide-
miological and economic burden of Alzheimer’s disease: a systematic
literature review of data across Europe and the United States of America.
J Alzheimers Dis. 2015;43(4):1271-84.

5. JiaL,Quan M, FuY, ZhaoT, LiY, Wei C,Tang Y, Qin Q, Wang F, Qiao Y, et al.
Dementia in China: epidemiology, clinical management, and research
advances. Lancet Neurol. 2020;19(1):81-92.

6. Collaborators GBDDF: Estimation of the global prevalence of dementia
in 2019 and forecasted prevalence in 2050: an analysis for the Global
Burden of Disease Study 2019. Lancet Public Health 2022, 7(2):.e105-e125.

7. Kesmodel US. Cross-sectional studies - what are they good for? Acta
Obstet Gynecol Scand. 2018;97(4):388-93.

8. Chan KY,Wang W, Wu JJ, Liu L, Theodoratou E, Car J, Middleton L, Russ
TC, Deary IJ, Campbell H, et al. Epidemiology of Alzheimer's disease and
other forms of dementia in China, 1990-2010: a systematic review and
analysis. Lancet. 2013;381(9882):2016-23.

9. Paganini-Hill A, Ducey B, Hawk M. Responders versus nonresponders
in a dementia study of the oldest old: the 90+ study. Am J Epidemiol.
2013;177(12):1452-8.

10. Boersma F, Eefsting JA, van den Brink W, van Tilburg W. Characteristics
of non-responders and the impact of non-response on prevalence
estimates of dementia. Int J Epidemiol. 1997,26(5):1055-62.

11. Chen J-H, Lin K-P, Chen Y-C. Risk factors for dementia. J Formos Med
Assoc. 2009;108(10):754-64.

12. Pedersen AB, Mikkelsen EM, Cronin-Fenton D, Kristensen NR, Pham TM,
Pedersen L, Petersen |. Missing data and multiple imputation in clinical
epidemiological research. Clin Epidemiol. 2017;9:157-66.

13. Wu YT, Ali GC, Guerchet M, Prina AM, Chan KY, Prince M, Brayne C.
Prevalence of dementia in mainland China, Hong Kong and Taiwan:
an updated systematic review and meta-analysis. Int J Epidemiol.
2018;47(3):709-19.

14. Rubin DB. Inference and missing data. Biometrika. 1976,63(3):581-92.

15. Burke SL, Hu T, Naseh M, Fava NM, O'Driscoll J, Alvarez D, Cottler LB, Duara
R. Factors influencing attrition in 35 Alzheimer’s Disease Centers across
the USA: a longitudinal examination of the National Alzheimer’s Coordi-
nating Center's Uniform Data Set. Aging Clin Exp Res. 2019;31(9):1283-97.

16. Handels R, Jonsson L, Garcia-Ptacek S, Eriksdotter M, Wimo A. Controlling
for selective dropout in longitudinal dementia data: application to the
svedem registry. Alzheimers Dement. 2020;16(5):789-96.

17. Tan JP LiN, Lan XY, Zhang SM, Cui B, Liu LX, He X, Zeng L, Tau LY,

Zhang H, et al. The impact of methods to handle missing data on the
estimated prevalence of dementia and mild cognitive impairment in a
cross-sectional study including non-responders. Arch Gerontol Geriatr.
2017;73:43-9.

18. Lo RY, Jagust WJ. Alzheimer’s Disease Neuroimaging I: predicting missing
biomarker data in a longitudinal study of Alzheimer disease. Neurology.
2012;78(18):1376-82.

19. McCombe N, Liu S, Ding X, Prasad G, Bucholc M, Finn D, Todd S, McClean
PL, Wong-Lin K: Practical Strategies for Extreme Missing Data Imputation
in Dementia Diagnosis. IEEE J Biomed Health Inform 2021, PP

20. van Oudenhoven FM, Swinkels SHN, Soininen H, Kivipelto M, Hartmann
T, Rizopoulos D. LipiDiDiet clinical study g: A competing risk joint model
for dealing with different types of missing data in an intervention trial in
prodromal Alzheimer’s disease. Alzheimers Res Ther. 2021;13(1):63.

21. Chen N, Li MJ, Liu HY. Comparison of maximum likelihood approach,
Diggle-Kenward selection model, pattern mixture model with MAR and
MNAR dropout data. Commun Stat-Simul C. 2020,49(7):1746-67.


https://doi.org/10.1186/s12874-023-01954-0
https://doi.org/10.1186/s12874-023-01954-0

Shen et al. BMC Medical Research Methodology

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

(2023) 23:130

Rosenbaum PR, Rubin DB. The central role of the propensity score in
observational studies for causal effects. Biometrika. 1983;70(1):41-55.
Tan J,LiN, Gao J, Guo Y, Hu W, Yang J, Yu B, Yu J, DuW, Zhang W, et al.
Construction of the Chinese Veteran Clinical Research (CVCR) platform
for the assessment of non-communicable diseases. Chin Med J (Eng).
2014;127(3):448-56.

Zhang MY, Yu E, He YL. Tools for dementia epidemiological investigations
and their applications [Chinese]. Shanghai Arch Psychiatry. 1995;7:1-62.
American Psychiatric Association (APA) Diagnostic and Statistical Manual
of Mental Disorders: DSM-IV-TR, American Psychiatric Association, Wash-
ington, DC (2000).

McKhann GM, Knopman DS, Chertkow H, Hyman BT, Jack CR, Kawas

CH, Klunk WE, Koroshetz WJ, Manly JJ, Mayeux R, et al. The diagnosis

of dementia due to Alzheimer’s disease: recommendations from the
National Institute on Aging-Alzheimer’s Association workgroups on
diagnostic guidelines for Alzheimer’s disease. Alzheimers & Dementia.
2011;7(3):263-9.

Zhao Q, Zhou B, Ding D, Guo Q, Hong Z. Prevalence, mortality, and pre-
dictive factors on survival of dementia in Shanghai. China Alzheimer Dis
Assoc Disord. 2010;24(2):151-8.

Jial, DuY,Chul, Zhang Z, LiF, Lyu D, LiY, Li Y, Zhu M, Jiao H, et al. Preva-
lence, risk factors, and management of dementia and mild cognitive
impairment in adults aged 60 years or older in China: a cross-sectional
study. Lancet Public Health. 2020;5(12):e661-71.

Tan JP, Li N, Cui B, Wang LN, Zhao YM, Zhang BH, Liu ZY, Zhang SG, Sun
LY, Liu N, et al. Characteristics of participants'and caregivers'influence on
non-response in a cross-sectional study of dementia in an older popula-
tion. Arch Gerontol Geriatr. 2016;62:143-51.

Cheng Y], LiY, Smith ML, Li CW, Shen Y: Analyzing evidence-based falls
prevention data with significant missing information using variable selec-
tion after multiple imputation. J Appl Stat 2021.

Ward RC, Axon RN, Gebregziabher M. Approaches for missing covari-
ate data in logistic regression with MNAR sensitivity analyses. Biom J.
2020,62(4):1025-37.

Kohler C, Pohl S, Carstensen CH. Taking the missing propensity into
account when estimating competence scores: evaluation of item
response theory models for nonignorable omissions. Educ Psychol Meas.
2015;75(5):850-74.

Malla L, Perera-Salazar R, McFadden E, Ogero M, Stepniewska K, English
M. Handling missing data in propensity score estimation in compara-
tive effectiveness evaluations: a systematic review. J Comp Eff Res.
2018;7(3):271-9.

Choi J, Dekkers OM, le Cessie S. A comparison of different methods to
handle missing data in the context of propensity score analysis. Eur J
Epidemiol. 2019;34(1):23-36.

Granger E, Sergeant JC, Lunt M. Avoiding pitfalls when combining multi-
ple imputation and propensity scores. Stat Med. 2019;38(26):5120-32.
Jakobsen JC, Gluud C, Wetterslev J, Winkel P. When and how should
multiple imputation be used for handling missing data in randomised
clinical trials - a practical guide with flowcharts. BMC Med Res Methodol.
2017;17(1):162.

Cornelis E, Gorus E, Beyer |, Van Puyvelde K, Lieten S, Versijpt J, Vande
Walle N, Aerts G, De Roover K, De Vriendt P. A retrospective study

of a multicomponent rehabilitation programme for community-
dwelling persons with dementia and their caregivers. Br J Occup Ther.
2017;81(1):5-14.

Shen C, Gao S. A mixed-effects model for cognitive decline with non-
monotone non-response from a two-phase longitudinal study of demen-
tia. Stat Med. 2007;26(2):409-25.

Tsvetanova A, Sperrin M, Peek N, Buchan |, Hyland S, Martin GP. Missing
data was handled inconsistently in UK prediction models: a review of
method used. J Clin Epidemiol. 2021;140:149-58.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 11 of 11

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Robust estimation of dementia prevalence from two-phase surveys with non-responders via propensity score stratification
	Abstract 
	Background 
	Methods 
	Results 
	Conclusion 

	Background
	Methods
	Data source
	Study population
	Diagnostic criteria
	Statistical analysis

	Results
	Propensity score stratification and baseline characteristics in each stratum
	Prevalence estimation for strata and overall population
	Compared the prevalence with published data by 80–89 age male

	Discussion
	Conclusion
	Anchor 19
	Acknowledgements
	References


