
Application of compound poisson model to estimate underreported risk of
non-communicable diseases in underdeveloped areas

Hongli Wan a,1, Wenhui Zhu a,1, Jingmin Yan a, Xinyue Han a, Jie Yu a, Qiang Liao b,
Tao Zhang a,*

a Department of Epidemiology and Health Statistics, West China School of Public Health and West China Fourth Hospital, Sichuan University, Chengdu 610041, Sichuan
Province, China
b Liangshan Prefecture Center for Disease Control and Prevention, Xichang 615000, Sichuan Province, China

A R T I C L E I N F O

Keywords:
Bayesian methods
Compound Poisson model
Underreporting
Hypertension
Type 2 diabetes

A B S T R A C T

Background: Hypertension and diabetes are major components of non-communicable diseases (NCDs), with a
substantial number of patients residing in underdeveloped areas. Limited medical resources in these areas often
results in underreporting of disease prevalence, masking the true extent of diseases. Taking the underdeveloped
Liangshan Yi Autonomous Prefecture in China as an example, this study aimed to correct the underreported
prevalence of hypertension and type 2 diabetes so as to provide inspiration for the allocation of medical resources
in such areas.
Methods: Assuming the true number of patients in each area follows a Poisson distribution, we applied a Com-
pound Poisson Model based on Clustering of Data Quality (CPM-CDQ) to estimate the potential true prevalence
of hypertension and diabetes, as well as the registration rate of existing patients. Specifically, a hierarchical
clustering approach was utilized to group the counties based on the data quality, and then the registration rate of
the cluster with the best data quality was used as a priori information for the model. The model parameters were
estimated by the maximum likelihood method. Sensitivity analyses were performed to test the robustness of the
model.
Results: The estimated prevalence of hypertension in the entire Liangshan Prefecture from 2018 to 2020 ranged
from 24.59 % to 25.28 %, and for diabetes, it ranged from 4.95 % to 8.42 %. The registration rates for hyper-
tension and diabetes were 14.10 % to 24.59 % and 15.98 % to 29.12 %, respectively. Additionally, the accuracy
of clustering the counties with the best data quality had a significant impact on the performance of the model.
Conclusion: Liangshan Prefecture is experiencing a significant high prevalence of hypertension and diabetes,
accompanied by a concerningly low registration rate. The CPM-CDQ proved useful for assessing underreporting
risks and facilitating targeted interventions for NCDs control and prevention, particularly in underdeveloped
areas.

1. Introduction

Non-communicable diseases (NCDs) are responsible for an estimated
41 million deaths annually, accounting for 71 % of all global deaths
[1,2]. This issue is more severe in underdeveloped areas, where seven

out of every ten deaths in 2020 were attributed to NCDs [1,2]. Hyper-
tension and diabetes represent two significant global public health
problems, with approximately 1.28 billion adults aged 30–79 suffering
from hypertension and 529 million people living with diabetes. Notably,
two-thirds of hypertensive patients and four-fifths of type 2 diabetes
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patients reside in underdeveloped areas [3–6]. Given the long disease
cycles and complex etiologies of NCDs, successful prevention and
treatment heavily depend on individualized and refined health man-
agement services [7]. The Chronic Care Model proposed by the Amer-
ican Diabetes Association, encompassing six systemic components [8,9],
emphasized personalized and refined management of NCDs in devel-
oped countries [10]. However, in less developed countries, such
comprehensive systems and advanced technologies of management are
often problematic. In low- andmiddle-income countries, fewer than one-
third of hypertensive patients receive antihypertensive medication
[11,12]. Given the significant societal resources required to control and
prevent NCDs, underdeveloped areas face a monumental challenge in
resource allocation.

For better allocation of resources, it is crucial to understand the
distribution of prevalence rates, which are typically obtained through
disease surveillance systems. However, the underreporting poses a sig-
nificant challenge in estimating the true prevalence of NCDs. For
instance, an Australian health survey found underreporting of approxi-
mately 16 % for hypertension and 1.3 % for diabetes [13]. While
research on underreporting in underdeveloped areas remains scarce,
existing evidence hints at a potentially larger problem. Factors
contributing to underreporting include inconsistent data formats due to
a lack of standardized data collection guidelines [14,15], legal re-
strictions, limited health facilities usage [16], insufficient healthcare
personnel [17], and low health literacy levels [18]. These problems are
exacerbated in medically underprivileged areas with limited healthcare
resources. Therefore, accurately assessing the potential true number of
patients is crucial for underdeveloped areas to implement targeted
intervention measures.

For methods of estimating the prevalence of NCDs, commonly used
methods include the large-sample cross-sectional survey(CSS) [14
[16–18] and the capture-mark-recapture (CMR). Large-sample epide-
miological surveys often require large human and material resources,
and are difficult to organize and implement. The CMR requires a rela-
tively stable population during the study period [19,20], which is
impractical in underdeveloped areas with high population mobility.

When the complete number of patients is not available, the incom-
plete counts that have been observed could represent the minimum of
the true number of patients and provide some information for the esti-
mation of the true prevalence. By assuming that the potential true
number of patients followed a Poisson distribution [21] and the number
of registered patients followed a binomial distribution, Stoner et al. [22]
proposed a method for estimating the true prevalence rate based on the
observed incomplete number of patients, namely the compound Poisson
model (CPM), which was demonstrated as a robust framework for
analyzing potentially underreported count data via the application case
of Brazilian tuberculosis. Here, “robust” refers to the model's capacity to
avoid significant systematic bias under different data conditions. The
model incorporates the average underreporting rate across the research
areas as prior to supplement the missing data and considers random
effects in the disease occurrence and underreporting processes. How-
ever, obtaining the average underreporting rate is usually difficult in
underdeveloped areas.

In such a circumstance, the Compound Poisson Model based on
Clustering of Data Quality (CPM-CDQ) [23] is a more preferable choice,
because it shifts the CPM's reliance on the average data integrity rate
across the research areas to a requirement for the data integrity rate of
only areas with the best data quality. In order to map the underreporting
risk of early neonatal mortality (ENM) in Minas Gerais State (MG),
Brazil, Oliveira et al. [23] utilized information on the reporting rates in
areas with the best data quality as a priori for the model, demonstrating
an effective performance of CPM-CDQ. This provided a fantastic and
enlightening idea for estimating the prevalence of hypertension and
diabetes in underdeveloped areas.

Following the inspiring work of Oliveira et al. [23], this study aimed
to offer a template on how existing methodologies for underreporting

estimation could be applied in other underdeveloped areas. We took
Liangshan Yi Autonomous Prefecture (Liangshan Prefecture) in Sichuan
Province of China as an application example. Liangshan Prefecture is an
underdeveloped, multi-ethnic, and mountainous area. Previous studies
have confirmed that the registration of NCDs patients in Liangshan
Prefecture is incomplete due to misdiagnosis or underreporting [24–26].
By analyzing the underreporting risk in Liangshan Prefecture NCDs data,
some clues could be provided for estimating the risk of underreporting,
identifying the local priority prevention and control areas, and imple-
menting targeted measures. We also conducted sensitivity analyses to
assess the applicability of CPM-CDQ under different data conditions.

2. Methods

In this section, we described a step-by-step implementation of the
CPM-CDQ proposed by Oliveira et al. [23], encompassing both the
model and sensitivity analyses. The analysis process of the CPM-CDQ
was depicted in Fig. 1. For a comprehensive understanding of the
CPM-CDQ, we also provided detailed descriptions of the CPM and CPM-
CDQ in Supplementary Materials 1–2.

2.1. Compound poisson model based on clustering of data quality

Step 1: Data preprocessing.
The counting data of hypertension and type 2 diabetes patients in 17

counties of Liangshan Prefecture, Sichuan Province, from 2018 to 2020
were extracted from the China Chronic Disease and Risk Factors Sur-
veillance System (CCDRFSS). The registration process involved: (1)
diagnosis in medical institutions followed by information forwarding to
township health centers for registration; (2) information was registered
in CCDRFSS by the CDC, with subsequent follow-up management by
health centers.

The covariates were sourced from the Statistical Yearbook of
Liangshan Prefecture (http://tjj.sc.gov.cn/) and were centered (i.e.,
each variable's value was subtracted by its mean). For details on the
specific variables used, please refer to Supplementary Material 3. Sup-
plementary Material 4 presented the number of permanent residents
aged 15 years and above in each county in Liangshan Prefecture from
2018 to 2020, along with the distribution of factors related to disease
levels and registration rates.

Step 2: Priors based on regional clustering.
Based on the covariates, divisive hierarchical clustering was per-

formed on the counties. This method created a hierarchical structure
that automatically split clusters without pre-specifying the number.
Subsequently, the clusters were ranked based on the data reporting
quality, assessed by the completeness or registration rate of patient in-
formation. Furthermore, the clustering of counties was adjusted based
on the expertise of local public health experts involved in patient
registration. The mean and variance of the reporting rate of cluster with
the best data quality were adopted as the prior distribution (known as
the conditional uniform distributions). Detailed information was pro-
vided in the Supplementary Material 5.

Step 3: Estimating potential patients.
The prior distribution and the observed number of patients of each

county were input into the CPM-CDQ. The posterior distribution was
estimated using the Markov Chain Monte Carlo. Setting the burn-in to
50,000 iterations, the model was run with 100,000 samples until
convergence was achieved. The output of the model was the annual
estimate of potential patients for each county.

Step 4: Estimating the prevalence and registration rate.
The potential prevalence rate was calculated by dividing the esti-

mated number of potential patients by the total population. The
underreporting risk was assessed by the ratio of the difference between
potential patients and observed cases to the total number of potential
patients.

Step 5: Sensitivity analyses.
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In order to investigate the robustness of the CPM-CDQ in assessing
underreporting risk under varying data conditions, following Oliveira
et al. [23], sensitivity analyses were performed with simulated data.
Factors such as the accuracy of prior information, data completeness
level, regional clustering accuracy, and cluster size were varied. The
evaluation metrics included prediction bias, logarithmic mean square
error (log(MSE)), and the coverage of the 95 % posterior prediction
intervals (95 % PI) against actual values. Specific details were available
in Supplementary Material 6.

2.2. Application example

The observed patient numbers were obtained directly from the CDC
without model adjustment. The potential number of patients was esti-
mated using the CPM-CDQ, based on the observed numbers and cova-
riates. Registration and underreporting rates were calculated based on
these estimated potential patient numbers.

3. Results

3.1. Descriptive statistics

The Figs. 2 and 3 presented the spatial distribution maps of hyper-
tension and diabetes prevalence in Liangshan prefecture from 2018 to
2020, with county-level prevalence rates ranging from approximately
2.57 % to 8.92 % and 0.88 % to 1.82 %，respectively. However, in
reality, the prevalence of hypertension in this area was approximately
25 %, according to the results of previous field surveys [27]. This
discrepancy indicated a potential underestimation in the number of
actual patients. The predicted prevalence rates exhibited distinct spatial
and temporal characteristics. Spatially, the northeastern region of
Liangshan Prefecture, including Zhaojue, Meigu, Puge, Butuo, Xide,
Mianning, Yuexi, Ganluo, and Jinyang counties, demonstrated relatively
higher prevalence levels.

3.2. Estimation of the potential prevalence and registration rate of
hypertension and diabetes

3.2.1. Covariates
Age and urbanization rate were recognized as influential factors for

hypertension and diabetes. Consequently, data on the aging rate, ur-
banization rate, and standardized management rate of the elderly pop-
ulation for each county were collected [27–29]. Additionally, per capita
medical consumption expenditure and the medical personnel density
were gathered, given that the registration rates in Liangshan Prefecture
from 2018 to 2020 were significantly adjusted due to data integration
and the impact of the COVID-19 pandemic, which directly influenced
the reporting of hypertension and diabetes cases [30,31].

3.2.2. Priors based on regional clustering
The cluster analysis was conducted based on these variables to assess

the registration rates. To mitigate the impact of variable scales on
clustering outcomes, data standardization was performed prior to
analysis. Hierarchical clustering categorized the 17 counties into four
distinct clusters, as depicted in Fig. 4. The Cluster 1, representing the
highest data quality, was characterized by the lowest underreporting
rate. The average underreporting rate of Cluster 1 was utilized as the
prior of the CPM-CDQ model (detailed information was provided in
Supplementary Material 5).

3.2.3. Model checking
Figs. SA1 to SA3 (Supplementary Material 7) displayed the distri-

bution of the number of hypertension and diabetes patients per 1000
people, alongside the corresponding number of patients fitted by the
CPM-CDQ. The scattered points predominantly aligned along a straight
line with a slope of 1, signifying a robust model fit to the registration
data. The 95 %CI of the difference between the CPM-CDQ estimated
registered patients and the observed patient count was symmetrically
distributed around zero, indicating no systematic deviation of the
model.

Fig. 1. Modeling workflow.

Fig. 2. Prevalence rate of hypertension from 2018 to 2020 (The base map was from http://bzdt.ch.mnr.gov.cn/).
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Figs. SA4 to SA9 illustrated the prior and posterior distributions of
sample statistics such as mean, variance, and mean squared error. The
posterior predictive distributions exhibited reduced variability
compared to the prior, indicating that the model effectively captured the
posterior information of the observed values. The posterior distribution
of mean squared error showed a narrowed variability range, suggesting
enhanced predictive accuracy.

3.2.4. Potential prevalence and registration rates
Tables 1 and 2 presented the estimated and observed hypertension

and diabetes prevalence rates and registration rates for each county
from 2018 to 2020. The estimated hypertension prevalence rates in the
entire Liangshan Prefecture were 24.59 % (95 % CI: 23.73 %, 25.98 %),
25.21 % (95 % CI: 24.42 %, 26.00 %), and 25.28 % (95 % CI: 23.31 %,
26.15 %) for the respective years. The estimated diabetes prevalence
rates in the entire Liangshan Prefecture were 4.95 % (95 % CI: 4.80 %,
5.11 %), 8.42 % (95% CI: 8.10 %, 8.75 %), and 7.12% (95 % CI: 6.82 %,
7.42 %) for the respective years. Fig. 5 illustrated the overall trends in
potential prevalence and registration rates for hypertension and dia-
betes in Liangshan Prefecture, showing no significant overall increase or

Fig. 3. Prevalence rate of diabetes from 2018 to 2020 (The base map was from http://bzdt.ch.mnr.gov.cn/).

Fig. 4. Clustered results (The used base map was from http://bzdt.ch.mnr.gov.cn/).
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decrease in hypertension prevalence from 2018 to 2020, while regis-
tration rates for both diseases exhibited a declining trend. The regional
distribution of prevalence and registration rates was detailed in
Figs. SA10 and SA11, revealing higher hypertension prevalence in
certain northeastern counties, such as Zhaojue, Meigu, Butuo, Jinyang,
Puge, and Leibo, with rates ranging from approximately 30% to 33%. In
contrast, other counties like Xichang, Dechang, Huili, Huidong, Nin-
gnan, and Mianning exhibited lower rates, ranging from 18 % to 24 %. A
similar geographic pattern was observed in the prevalence of diabetes.

During the study period, the overall registration rate for hyperten-
sion in Liangshan Prefecture exhibited a significant decline. In 2018, the
rate was 29.15 % (95 % CI: 27.29 %, 31.61 %), which decreased to
16.98 % (95 % CI: 16.46 %, 17.52 %) in 2019, and further to 14.10 %
(95 % CI: 13.58 %, 14.61 %) in 2020. The registration rate for diabetes
followed a parallel downward trend, with rates of 29.12 % (95 % CI:
28.20 %, 30.07 %) in 2018, 16.94 % (95 % CI: 16.30 %, 17.61 %) in
2019, and 15.98 % (95 % CI: 15.32 %, 16.67 %) in 2020. The spatial
distribution of hypertension registration rates revealed notable dispar-
ities across Liangshan Prefecture. In the northeastern and northwestern
counties, Puge, Muli, Ganluo, Meigu, and Leibo reported relatively
lower rates, ranging from approximately 26 % to 28 %, 15 % to 16 %,
and 12 % to 13 %, respectively. Conversely, in Xichang, Huili, Huidong,
and Dechang counties, the rates were comparatively higher, with values
ranging from approximately 29 % to 31 %, 16 % to 18 %, and 14 % to 15

% over the three-year span. The diabetes registration rates reflected this
regional pattern, with lower rates observed in the northeastern area.

3.3. Study on the robustness of the CPM-CDQ

3.3.1. Different prior information accuracy
The model's sensitivity to the accuracy of prior information was

assessed by varying the expectation of γ1 (i.e., the best data quality
underreporting rate). Fig. 6 presented the model's fitting error and the
95 % PI under different values of γ1. With a simulated reporting rate of
30 %, the true value of γ1 was 0.7. An increase in the expected deviation
of the prior distribution led to a higher fitting error and a lower 95 % PI
for the actual values, underscoring the model's sensitivity to prior
accuracy.

3.3.2. Different levels of data incompleteness
Fig. 7 illustrated the prediction error of the model under different

registration rates and prior mean values. As the registration rate
increased, the prediction error logarithmic mean squared error (log
(MSE)) of the model decreased gradually under the prior mean values
close to the actual. When the registration rate remained the same, a
larger deviation of the prior mean from the actual value resulted in a
higher log (MSE) produced by the model.

Table 1
Estimated hypertension prevalence and registration rate of counties.

County 2018 2019 2020

Prevalencea

(%)
CPM-CDQ Prevalencea

(%)
CPM-CDQ Prevalencea

(%)
CPM-CDQ

Prevalenceb

(5th and 95th
percentiles)(%)

Registration
rate
(5th and 95th
percentiles) (%)

Prevalenceb

(5th and 95th
percentiles)(%)

Registration
rate
(5th and 95th
percentiles) (%)

Prevalenceb

(5th and 95th
percentiles)(%)

Registration
rate
(5th and 95th
percentiles) (%)

Xichang 5.57 18.27(17.96,
18.56)

30.48(30.05,
30.95)

3.24 18.53(18.04,
19.07)

17.52(17.06,
17.96)

2.75 18.95(18.34,
19.58)

14.51(14.06,
14.95)

Muli 7.25 27.94(26.12,
27.79)

26.90(26.22,
27.63)

4.41 26.45(25.53,
27.43)

16.66(16.20,
17.09)

3.61 26.86(25.75,
28.02)

13.46(13.02,
13.87)

Yanyuan 7.28 27.05(26.30,
27.85)

26.90(26.22,
27.63)

4.36 26.17(25.39,
27.02)

16.66(16.20,
17.09)

3.51 26.08(25.16,
27.05)

13.46(13.02,
13.87)

Dechang 6.93 24.14(23.53,
24.76)

28.74(28.14,
29.40)

4.10 23.98(23.24,
24.79)

17.09(16.63,
17.51)

3.43 24.86(23.95,
25.82)

13.80 (13.36,
14.23)

Huili 7.18 23.57(23.16,
23.97)

30.48(30.05,
30.95)

4.22 24.07(23.39,
24.81)

17.52(17.06,
17.96)

3.36 23.16(22.38,
23.99)

14.51(14.06,
14.95)

Huidong 7.24 23.77(23.33,
24.19)

30.48(30.05,
30.95)

4.30 24.55(23.84,
25.32)

17.52(17.06,
17.96)

3.66 25.20 (24.35,
26.1)

14.51(14.06,
14.95)

Ningnan 6.92 24.10(23.49,
24.74)

28.74(28.14,
29.40)

4.17 25.01(24.19,
25.87)

16.66(16.20,
17.09)

3.32 24.06(23.15,
25.03)

13.80 (13.36,
14.23)

Puge 7.93 28.90(26.44,
30.55)

26.98(24.05,
28.95)

4.89 30.08(29.10,
31.15)

16.25(15.79,
16.68)

3.83 26.37(25.34,
27.41)

14.51(14.06,
14.95)

Butuo 8.24 28.24(27.53,
29.00)

29.18(28.58,
29.83)

5.15 30.88(29.85,
31.95)

16.66(16.20,
17.09)

4.37 30.83(29.67,
32.05)

14.15(13.71,
14.58)

Jinyang 8.53 29.22(28.49,
29.98)

29.18(28.58,
29.83)

5.12 29.94(28.98,
30.99)

17.09(16.63,
17.51)

4.48 31.62(30.41,
32.87)

14.15(13.71,
14.58)

Zhaojue 8.92 30.57(29.84,
31.35)

29.18(28.58,
29.83)

5.29 30.95(30.01,
31.98)

17.09(16.63,
17.51)

4.62 32.59(31.41,
33.8)

14.15(13.71,
14.58)

Xide 8.19 28.08(27.37,
28.82)

29.18(28.58,
29.83)

5.01 28.57(27.66,
29.56)

17.52(17.06,
17.96)

4.79 33.77(32.51,
35.08)

14.15(13.71,
14.58)

Mianning 7.21 25.08(24.50,
25.70)

28.74(28.14,
29.40)

4.16 25.00(24.25,
25.81)

16.66(16.20,
17.09)

3.42 24.78(23.92,
25.69)

13.80 (13.36,
14.23)

Yuexi 7.72 25.32(24.83,
25.80)

30.48(30.05,
30.95)

4.64 27.15(26.33,
28.02)

17.09(16.63,
17.51)

4.04 27.86(26.9,
28.87)

14.51(14.06,
14.95)

Ganluo 7.62 28.33(27.51,
29.20)

26.90(26.22,
27.63)

4.96 30.53(29.53,
31.57)

16.25(15.79,
16.68)

3.91 29.03(27.94,
30.17)

13.46(13.02,
13.87)

Meigu 8.50 29.14(28.43,
29.89)

29.18(28.58,
29.83)

5.06 31.10(30.12,
32.15)

16.25(15.79,
16.68)

3.78 26.71(25.71,
27.77)

14.15(13.71,
14.58)

Leibo 7.74 28.77(27.94,
29.62)

26.90(26.22,
27.63)

4.70 28.91(27.97,
29.89)

16.25(15.79,
16.68)

3.94 29.31(28.23,
30.41)

13.46(13.02,
13.87)

Liangshan 7.17 24.59(23.73,
25.98)

29.15(27.29,
31.61)

3.10 25.21(24.42,
26.00)

16.98(16.46,
17.52)

2.57 25.28(24.31,
26.15)

14.10(13.58,
14.61)

a Observed prevalence rate.
b Estimated prevalence rate.
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3.3.3. Different numbers of clusters
Tables 3 to 5 illustrated the bias, log (MSE) and 95 % PI predicted by

the model at a registration rate of 30 % (the true value of γ1 was 0.7).
When the number of clusters (K) was incorrectly specified, the pre-
dictions by the model exhibited increased bias and log (MSE). Notably,
the bias and log (MSE) were more pronounced when K was set to 2 than
when K was set to 6. This discrepancy was primarily attributed to the
fact that when the K was smaller than the actual K, some areas would be
incorrectly divided into the first cluster. As previously discussed, the
prior distribution of the reporting rate for the first cluster of areas
significantly influenced the model's performance. (See Table 4.)

3.3.4. Different numbers of counties in each cluster
According to the findings presented in Table 6, it could be observed

that as the number of areas reporting the worst quality increased (Sce-
nario 4), both the bias and log (MSE) of the model increased. This was
likely due to the increased number of areas with the worst quality leaded
to a higher underreporting rate in the simulated data. Conversely, when
the number of areas reporting the best quality increased (Scenario 3),
the model benefited from incorporating prior information for a larger
number of areas, which resulted in relatively lower errors.

3.4. Recommendations based on the risk assessment

In underdeveloped areas where comprehensive capture-recapture
sampling or field surveys are not feasible due to resource constraints,
targeted investigations could be conducted based on the estimated
underreporting risk. Areas identified with a high risk of underreporting
could consider increasing the sample size for future investigations. For
example, counties such as Muli, Yanyuan, Ganluo, Meigu, Leibo and
Puge might benefit from this approach. Additionally, it was recom-
mended to enhance the frequency of preventive and educational cam-
paigns as part of routine operations. The underreporting risk for each
county was shown in Fig. 8.

4. Discussion

This study aimed to estimate the risk of underreporting of NCDs in
underdeveloped areas. By clustering the study areas based on the data
reporting quality and introducing the underreporting rate in the areas
with the best quality as a priori, this study utilized the CPM-CDQ pro-
posed by Oliveira et al. [23] to estimate the potential prevalence and the
underreporting risk of hypertension and diabetes, taking Liangshan
Prefecture as an example. Sensitivity analyses were also performed to
assess the predictive performance of the CPM-CDQ under different data
conditions.

Table 2
Estimated diabetes prevalence and registration rate of counties.

County 2018 2019 2020

Prevalencea

(%)
CPM-CDQ Prevalencea

(%)
CPM-CDQ Prevalencea

(%)
CPM-CDQ

Prevalenceb

(5th and 95th
percentiles)(%)

Registration
rate
(5th and 95th
percentiles) (%)

Prevalenceb

(5th and 95th
percentiles)(%)

Registration
rate
(5th and 95th
percentiles) (%)

Prevalenceb

(5th and 95th
percentiles)(%)

Registration
rate
(5th and 95th
percentiles) (%)

Xichang 1.12 3.67(3.59,
3.76)

30.50(30.05,
30.95)

1.08 6.20(6.00,
6.40)

17.49(17.05,
17.95)

0.88 5.34(5.16,
5.53)

16.49(16.04,
16.95)

Muli 1.43 4.98(4.77,
5.19)

28.75(28.11,
29.36)

1.47 8.84(8.43,
9.26)

16.63(16.19,
17.08)

1.16 7.38(6.99,
7.79)

15.68(15.24,
16.12)

Yanyuan 1.47 5.12(4.96,
5.28)

28.75(28.11,
29.36)

1.45 8.74(8.42,
9.07)

16.63(16.19,
17.08)

1.12 7.16(6.88,
7.46)

15.68(15.24,
16.12)

Dechang 1.42 4.88(4.71,
5.05)

29.18(28.54,
29.81)

1.37 8.02(7.69,
8.36)

17.06(16.63,
17.51)

1.1 6.84(6.53,
7.15)

16.08(15.65,
16.53)

Huili 1.46 4.79(4.67,
4.91)

30.50(30.05,
30.95)

1.41 8.04(7.76,
8.33)

17.49(17.05,
17.95)

1.08 6.53(6.28,
6.78)

16.49(16.04,
16.95)

Huidong 1.45 4.76(4.64,
4.89)

30.50(30.05,
30.95)

1.43 8.20(7.91,
8.50)

17.49(17.05,
17.95)

1.17 7.09(6.82,
7.37)

16.49(16.04,
16.95)

Ningnan 1.41 4.91(4.73,
5.10)

28.75(28.11,
29.36)

1.39 8.36
(8.01,8.73)

16.63(16.19,
17.08)

1.06 6.80(6.48,
7.13)

15.68(15.24,
16.12)

Puge 1.56 5.75(5.51,
5.99)

26.93(26.24,
27.64)

1.63 10.03(9.60,
10.49)

16.22(15.78,
16.66)

1.23 8.00(7.61,
8.40)

15.29(14.86,
15.73)

Butuo 1.65 5.73(5.52,
5.95)

28.75(28.11,
29.36)

1.72 10.30(9.85,
10.76)

16.63(16.19,
17.08)

1.4 8.89(8.47,
9.33)

15.68(15.24,
16.12)

Jinyang 1.69 5.76(5.55,
5.99)

29.18(28.54,
29.81)

1.71 9.99(9.56,
10.46)

17.06(16.63,
17.51)

1.43 8.89(8.46,
9.32)

16.08(15.65,
16.53)

Zhaojue 1.83 6.24(6.03,
6.45)

29.18(28.54,
29.81)

1.76 10.32(9.92,
10.73)

17.06(16.63,
17.51)

1.48 9.17(8.78,
9.56)

16.08(15.65,
16.53)

Xide 1.63 5.37(5.18,
5.56)

30.50(30.05,
30.95)

1.67 9.53(9.12,
9.94)

17.49(17.05,
17.95)

1.53 9.24(8.82,
9.68)

16.49(16.04,
16.95)

Mianning 1.44 5.00(4.85,
5.17)

28.75(28.11,
29.36)

1.39 8.35(8.05,
8.67)

16.63(16.19,
17.08)

1.09 6.99(6.71,
7.27)

15.68(15.24,
16.12)

Yuexi 1.54 5.27(5.10,
5.45)

29.18(28.54,
29.81)

1.55 9.07(8.72,
9.42)

17.06(16.63,
17.51)

1.29 8.04(7.72,
8.38)

16.08(15.65,1
6.53)

Ganluo 1.51 5.62(5.40,
5.84)

26.93(26.24,
27.64)

1.65 10.19(9.77,
10.62)

16.22(15.78,
16.66)

1.25 8.17(7.79,
8.54)

15.29(14.86,
15.73)

Meigu 1.71 6.34(6.10,
6.59)

26.93(26.24,
27.64)

1.69 10.38(9.96,
10.81)

16.22(15.78,
16.66)

1.21 7.91(7.54,
8.28)

15.29(14.86,
15.73)

Leibo 1.59 5.90(5.67,
6.12)

26.93(26.24,
27.64)

1.57 9.65(9.26,
10.06)

16.22(15.78,
16.66)

1.26 8.25(7.89,
8.63)

15.29(14.86,
15.73)

Liangshan 1.44 4.95(4.80,
5.11)

29.12(28.20,
30.07)

1.43 8.42(8.10,
8.75)

16.94(16.30,
17.61)

1.14 7.12(6.82,
7.42)

15.98(15.32,
16.67)

a Observed prevalence rate.
b Estimated prevalence rate.
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The findings highlighted a significant high prevalence of hyperten-
sion and diabetes in Liangshan Prefecture, accompanied by a concern-
ingly low registration rate. The estimated results were close to those of
earlier research conducted in Liangshan Prefecture. As an example, the
estimated prevalence of hypertension in Xichang City in 2020 was 18.95
% (95 % CI: 18.34 %, 19.58 %), which was consistent with the results
obtained through cross-sectional surveys [32]. In terms of registration
rates, the overall registration rates for hypertensive and diabetes in
Liangshan Prefecture were concerningly low, e.g., below the average in
Sichuan Province [33]. Moreover, from 2018 to 2020, the registration
rates for both hypertension and diabetes showed a declining trend. This
likely resulted from the corrections of misinformation and false records

initiated in 2019 and compounded by the impact of the COVID-19
pandemic, which led to delayed treatments for approximately 37.1 %
of chronic disease patients [30,31].

Liangshan Prefecture is a multi-ethnic area, mainly inhabited by the
Yi people. Yi residents normally exhibit a less balanced diet than Han
residents [34], with an alcohol consumption rate of 60.1 %, which is
notably higher than the Han residents. Given the established link be-
tween alcohol intake and hypertension risk [35,36], these lifestyle and
dietary habits likely contribute to the elevated disease prevalence. The
dietary habits of residents are also causes of the higher rate of diabetes in
Liangshan Prefecture. The prevalence of diabetes among Chinese adults
was 6.0 % in 2018, which was lower than the estimated diabetes

Fig. 5. Estimation of the prevalence and registration rate in Liangshan Prefecture from 2018 to 2020.

Fig. 6. Model performance under different levels of accuracy of prior information.
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registration rate in 2018–2020 in Liangshan Prefecture [37]. The pop-
ulation in Liangshan Prefecture tends to consume high-fat and high-
calorie foods, which leads to hypertension and obesity, both of which
are risk factors for the development of diabetes [38,39].

This study demonstrated that the CPM-CDQ was flexible in assessing
the potential risk of NCDs in underdeveloped areas and could be
extended to a wide range of applications. In practical application, where
a comprehensive overview of the study areas is challenging to acquire,
preliminary surveys could normally be readily to be conducted to obtain
data completeness information from some areas with the best data
quality. This information could be served as a valuable priori knowledge
for the model, enhancing its predictive accuracy. The sensitivity ana-
lyses have revealed that the prediction error of the model decreased as
the registration rate increased. Consequently, when there are data with

different integrities in practical application, prior information based on
the data with a high registration rate could help to reduce the prediction
error. In addition, the number of areas within each cluster could influ-
ence the model's performance. When the cluster with the best reporting
quality encompassed a larger number of areas, the model's prediction
error was reduced, as more areas contribute to the priori information.
Therefore, in underdeveloped areas, it is advisable to establish a robust
priori information for clusters with a substantial number of areas,
contingent upon the data available. Subsequently, establishing inter-
cluster dependencies could yield more precise estimates.

In this study, we applied a robust framework, the CPM-CDQ pro-
posed by Oliveira et al. [23], for estimating the underreported risk of
NCDs, particularly in underdeveloped areas. By focusing on hyperten-
sion and diabetes in Liangshan Yi Autonomous Prefecture, the findings
provided valuable insights to inform health policy and resource alloca-
tion in areas with limited healthcare infrastructure. The key advantage
of the CPM-CDQ is that it classifies and ranks areas based on registration
quality, requiring registration rate of only areas with the best data
quality, making it more widely applicable. While this study focused
solely on hypertension and diabetes, the model is applicable to other
non-communicable diseases due to its characteristic that it mainly uti-
lized patient counting data. It enables an evaluation of the burden of
chronic diseases and underreporting risk in areas where large-scale

Fig. 7. Prediction error of the model under different levels of data
completeness.

Table 3
Bias for prediction.

Number of clusters Prior mean of γ1(true value = 0.7)

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

K = 4
(true clusters)

0.114 0.108 0.117 0.113 0.111 0.122 0.105 0.120 0.125

K = 2 3.018 3.012 3.010 3.018 3.010 3.008 3.006 3.012 3.020
K = 6 0.804 0.799 0.810 0.780 0.813 0.809 0.791 0.809 0.798

Table 4
log(MSE) for prediction.

Number of clusters Prior mean of γ1 (true value = 0.7)

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

K = 4
(true clusters) 3.618 3.617 3.617 3.613 3.613 3.617 3.612 3.615 3.613

K = 2 4.149 4.149 4.146 4.145 4.148 4.146 4.144 4.147 4.150
K = 6 4.089 4.088 4.086 4.088 4.087 4.087 4.086 4.090 4.092

Table 5
95 % PI coverage for prediction.

Number of clusters Prior mean of γ1 (true value = 0.7)

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

K = 4
(true clusters) 0.961 0.961 0.978 0.978 0.978 0.961 0.980 0.967 0.961

K = 2 0.798 0.798 0.880 0.798 0.882 0.882 0.886 0.882 0.882
K = 6 0.840 0.843 0.842 0.843 0.843 0.843 0.845 0.843 0.843

Table 6
Prediction results of different models in different clusters of areas.

Different scenarios Bias log (MSE) 95 % PI

Scenario 1
m = 21, n = 10

0.982 3.622 0.961

Scenario 2
m = 10, n = 21

− 0.306 3.615 0.980

Scenario 3
m = 26, n = 5 − 0.205 3.568 0.980

Scenario 4
m = 5, n = 26

− 1.300 3.821 0.960

Note: m represents the number of areas with the best quality; n represents the
number of areas with the worst quality.
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surveys are difficult to carry out, thereby enhancing disease manage-
ment [6,23]. Our application could provide a template for the applica-
tion of the model in other underdeveloped areas.

However, the study acknowledged some limitations. First, the reli-
ance on the reported data may introduce biases, particularly in areas
with poor health infrastructure and reporting systems. Second, the
causes of underreporting were multifaceted, and the study had only
considered some objective indicators from a modeling perspective,
while subjective factors, such as mindset and social culture, contributing
to underreporting in underdeveloped areas should not be overlooked.
Future research is encouraged to pay more attention to these subjective
factors to improve the accuracy of estimating the risk of underreporting
of NCDs in underdeveloped areas. Additionally, the present study only
verified the application of the model in the correction of hypertension
and diabetes underreporting, but according to the characteristics that
the model mainly depends on counting data, the applicability of the
model is not limited to this. Future research can further expand it to
more public health problems (e.g., injuries) in more underdeveloped
areas.

5. Conclusion

Liangshan Prefecture is experiencing a significant high prevalence of
hypertension and diabetes, accompanied by a concerningly low regis-
tration rate. The CPM-CDQ model proved useful for assessing under-
reporting risks and facilitating targeted interventions for NCDs control
and prevention, particularly in underdeveloped areas.
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