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Abstract: Complete and up-to-date data is important for development. However, its provision is costly. Survey is 

more efficient data collection solution, but the available sample is sometimes unable to produce direct estimate with 

sufficient precision. Small area estimation is one of the solutions by increasing the effectiveness of the sample. 

Indicators need to be presented with good precision so that policies are right on target. One of them is the health 

indicator which is expressed by morbidity rate. Morbidity rate is the percentage of population with health complaints 

that interfere with activities. Precision morbidity data is needed as criterion for determining non-communicable disease 

prevention at regional level as mandated by Law No. 17 of 2023. However, direct estimation from the survey shows 

that there are still districts/cities with Relative Standard Error (RSE) more than 25% like in Papua Island. Even though, 

especially Papua Province has an increasing morbidity rate. For this reason, in this study, indirect estimation of SAE 

Hierarchical Bayes (HB) Beta-Logistic was carried out to obtain estimate with good precision (RSE less than 25%). 

The results emphasize that SAE HB Beta-Logistic provide the estimate of morbidity rate precisely than the direct 

estimates for all districts/cities on the Papua Island. 
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1. INTRODUCTION 

Complete and up-to-date data is essential for the implementation of development policies. 
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However, its provision often requires a large amount of resources and costly. Survey can be a 

solution to data collection at a lower cost based on sample enumeration and certain rules are still 

able to maintain the representative aspect of population characteristics. However, surveys also 

have limitations if the number of samples available is not sufficient to represent the direct 

estimation. This small sample domain is then referred to as "small area" [1]. Small Area Estimation 

(SAE) is one of the solutions to overcome the insufficient sample in the domain to provide direct 

estimation.  

Relative standard error (RSE) is one of the criteria that express the precision of parameter 

estimates [2]. Statistics Indonesia classifies the precision of the parameter estimates in three 

categories by its RSE. The first category is good precision that is appointed by RSE of the 

parameter estimates less than or equal to 25%. Otherwise, the imprecise parameter estimate has 

RSE more than 25%. And, the parameter estimate can be accepted to deliver but caution is needed 

in interpretation if the RSE is more than 25% but less than or equal to 50% [3]. SAE is an indirect 

estimation method that utilizes information from auxiliary variables and random effect areas so 

that the effectiveness of the sample size can be increased and reduce the standard error [1]. Some 

publications have been utilized the SAE method to estimate some indicators or official statistics 

in Indonesia [4], [5], [6], [7], and [8]. Thus, the indicators can be presented in small domain 

precisely and some policies are decided to be right on target. 

The morbidity rate is the percentage of people with health complaints that interfere with their 

daily activities [9]. The morbidity rate is important as one of the indicators to monitor the 

management of non-communicable diseases, which is also a concern of the Sustainable 

Development Goals in the third goal [10]. In addition, this morbidity rate is also important because 

it is related to the establishment of the non-communicable disease control program as a regional 

priority mandated in Law No. 17 of 2023. This is also in line with the RPJMN strategy in the 

Ministry of Health's Strategic Plan 2020-2024 on disease control [11]. Therefore, the availability 

of regional level morbidity rate such as districts/cities, is important. However, the RSE of direct 

estimation of morbidity rate in several districts/cities in Indonesia are more than 25%.  

Papua Island is the only region in Indonesia that gain the morbidity rate estimate with high 

RSE. Several of districts/cities in Papua Island have RSE of the morbidity rate estimate more than 

25% and some even more than 50%. Lehtonen & Pahkinen (2004) stated that a relatively small 

sampling error is always expected in designing sample selection procedures and knowledge of the 

population structure can help achieve this goal [12]. In 2023, there are 7 districts/cities or 16.7% 
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of districts/cities on the Papua Island have RSE of the morbidity rate estimate more than 25%. 

Likewise, in the previous years in 2021, there were 13 districts/cities or around 30.95% of 

districts/cities had RSE of the morbidity rate estimate more than 25%. Even though the morbidity 

rate in Papua Island decreases but Papua Province gained higher than the previous year that is 5.73% 

compared to 5.15%. 

The morbidity rate with good precision is important as one of the indicators in supporting the 

non-communicable disease control program according to the priority areas based on Law No. 17 

of 2023. Non-communicable disease management is very important to be a concern because it is 

the biggest cause of death in Indonesia. Based on the 2020 Long Form Population Census, non-

communicable diseases caused 87.14% of the total number of deaths in Indonesia [13]. In this case, 

the morbidity indicator in percentage form can be analogous to the proportion form by assuming 

that there is no morbidity rate greater than 100 by dividing it by the number 100 to produce a 

morbidity rate with a range of [0,1]. In research [8] and [5] using SAE Hierarchical Bayes Beta-

Logistic was able to produce indicator estimates in the form of proportions with better precision. 

Based on the background that has been described and adjusting data that can be analogous in 

the form of proportions with a range of [0,1], this study will conduct an indirect estimation of 

district/cities morbidity rate in Papua Island in 2023 using SAE HB Beta-Logistic with the aim of 

obtaining an estimation of morbidity rate in good precision for all districts/cities in Papua Island 

so that the reduction in morbidity rates in Papua Island can be faster and more targeted also as a 

basis for criteria on determining non-communicable disease prevention programs as regional 

priorities as mandated by Law No. 17 of 2023. 

2. METHODS 

Morbidity Rate 

The morbidity rate is the percentage of the people with health complaints in the past month, 

causing disruption to daily activities [9]. In general, the morbidity rate calculation formula can be 

written as follows: 

𝑀𝑜𝑟𝑏𝑖𝑑𝑖𝑡𝑦 𝑅𝑎𝑡𝑒 =
𝐴

𝑇𝑜𝑡𝑎𝑙 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
× 100% (1) 

where A is the number of people with health complaints that interfere with daily activities. It also 

reflects the level of public health [9]. 

Factor Affecting the Level of Public Health 

Hendrik L. Bloom stated that there are several factors that affect the level of public health. 
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These factors include environmental factors, namely physical aspects (waste, water, air, housing), 

social (culture, education, economy), and biology (animals, microorganisms, plants); behavioral 

factors that refer to individual responses to the environment such as behavior towards clean water, 

dirty water disposal, healthy homes; health service factors influenced by distance to health services 

and information on the suitability of health service programs to community needs; and heredity 

[14]. 

Direct Estimation 

Direct estimation is an estimator based on the survey design by considering survey weights 

that refer to the probability distribution according to the sample design [1]. According to Lehtonen 

& Pahkinen (2004), a design-based approach is used when estimation based on survey data is done 

by considering the sampling scheme [12]. Based on the National Socio-Economic Survey 

(SUSENAS) sampling scheme, the direct estimation of morbidity rate can be written as follows: 

𝑀𝑜𝑟𝑏𝑖𝑑𝑖𝑡𝑦 𝑅𝑎𝑡𝑒 = ∑
𝑊𝑖𝑔ℎ𝑘

(𝑎𝑑𝑗)
 𝐴𝑖𝑔ℎ𝑘

𝑊𝑖𝑔ℎ𝑘

(𝑎𝑑𝑗)

𝑖𝑔ℎ𝑘

× 100% (2) 

with 𝐴𝑖𝑔ℎ𝑘  is the individual characteristics of the kth household, hth census block, gth 

stratum and ith district/cities, 𝑊𝑖𝑔ℎ𝑘
(𝑎𝑑𝑗)

 is the final sampling weight with adjustment. As for 

the variance of direct estimation based on the SUSENAS, it does not have a closed-form by using 

the Taylor Linearization approach [15]. 

The quality of an unbiased estimator is usually measured by its variance and the root of the 

sampling variance is referred to as the standard error which affects the confidence interval of the 

estimation [2]. The RSE is a more standardized measure to compare the quality between estimators 

because it is relative to the estimated value. Therefore, a method that can produce a smaller 

standard error is needed, one of which is indirect estimation. 

Indirect Estimation 

Based on the model components, there are two types of indirect estimation, namely the 

implicit model which is a model that only uses auxiliary variables. Then explicit models that utilize 

auxiliary variables and also random effect areas to explain the variance between domains. One 

example of the application of the explicit model is in small area estimation [1]. 

Small Area Estimation 

Small Area Estimation (SAE) is a method that can be used to estimate parameters in a small 

domain. According to Rao & Molina (2015), a domain is said to be small if the number of samples 
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available in that domain is not sufficient for direct estimation with sufficient precision [1]. 

Therefore, a solution is needed to overcome the inadequacy of the sample, one of which is to use 

the small area estimation method. One of the more commonly used SAE methods under the 

assumption of generalized linear mixed models for both continuous and binary variables is 

Hierarchical Bayes (HB) [1]. 

Hierarchical Bayes 

In general, the goal of Bayesian statistics is to represent prior uncertainty about model 

parameters with a probability distribution (prior) and update the prior uncertainty using current 

data (likelihood) to produce a posterior probability distribution that contains less uncertainty [16]. 

Bayes' theorem can be written as follows: 

𝑓(𝜽|𝒅𝒂𝒕𝒂) =
𝑓(𝒅𝒂𝒕𝒂|𝜽)𝑓(𝜽)

𝑓(𝒅𝒂𝒕𝒂)
 (3) 

and since the denominator component, 𝑓(𝒅𝒂𝒕𝒂), only scales the posterior density, Bayes' 

theorem is also often written as follows: 

𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 ∝ 𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 × 𝑃𝑟𝑖𝑜𝑟 (4) 

In the HB approach, the prior distribution is denoted by 𝑓(𝝀)  and the posterior 

distribution 𝑓(𝜽|𝒚) of the small area parameters is obtained by considering the 𝒚 data. 

As for the inference, the HB method is based on the posterior mean value and to measure the 

precision results are based on the posterior variance. However, obtaining the posterior 

distribution sometimes requires multidimensional integration, so the Markov Chain Monte 

Carlo (MCMC) method is used by generating samples and simulating to estimate the 

posterior summary [1]. 

Markov Chain Monte Carlo 

Ntzoufras (2009) mentioned that the MCMC technique is based on the construction of a 

Markov chain that eventually converges to the target distribution (stationary or equilibrium) which 

in this case is the posterior distribution 𝑓(𝜽|𝒚) [17]. In general, the MCMC algorithm can be 

written as follows: 

a. Select an initial value 𝜽(0). 

b. Generate T value until the equilibrium distribution is reached. 

c. Monitor the convergence of the algorithm using convergence diagnostic. If convergence 

diagnostics fail, then generate more observations. 

d. Cut off the first 𝐵 observations. 
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e. Consider {𝜽(𝐵+1), 𝜽(𝐵+2), … , 𝜽(𝑇)} as the sample for the posterior analysis. 

f. Plot the posterior distribution (usually focus is on the univariate marginal distribution). 

g. Finally, obtain summaries of the posterior distribution (mean, median, standard deviation, 

quantiles, correlation) 

There are several algorithms that can be used in the MCMC technique. Ntzoufras (2009) 

mentioned that there are two most popular algorithms in the MCMC technique, namely 

Metropolis-Hastings (M-H) and Gibbs Sampler [17]. 

Metropolis Hasting (M-H) Algorithm 

Suppose the target (posterior) distribution 𝑓(𝜽|𝒚)  is assumed, the Metropolis-Hasting 

Algorithm can be described by the following iterative steps: 

1. Set initial values 𝜽(0) 

2. For 𝑡 = 1, … , 𝑇, repeat the following steps: 

a. Set 𝜽 = 𝜽(𝑡−1) 

b. Generate new candidate values 𝜽′  from a proposal distribution 𝑞(𝜽 → 𝜽′) =

𝑞(𝜽′|𝜽) 

c. Calculate 

𝛼 = min (1,
𝑓(𝜽′|𝒚)𝑞(𝜽|𝜽′)

𝑓(𝜽|𝒚)𝑞(𝜽′|𝜽)
) (5) 

d. Update 𝜽(𝑡) = 𝜽′ with probability 𝛼 and 𝜽(𝑡) = 𝜽 = 𝜽(𝑡) with probability 1 − 𝛼. 

One special case of the Metropolis-Hastings algorithm is the Gibbs Sampler [17]. 

Gibbs Sampler 

Gilks (1996) mentioned that one of the advantages of the Gibbs sampler is that in each step, 

the random values have to be generated from a unidimensional distribution which has various 

computational tools [17]. Often, these conditional distributions have a known form so that the 

random values can be easily simulated using standard functions in statistical and computational 

software. In general, the Gibbs sampler algorithm can be written as follows: 

1. Set initial values 𝜽(0). 

2. For 𝑡 = 1, … , 𝑇, repeat the following steps: 

a. Set 𝜽 = 𝜽(𝑡−1) 

b. For 𝑗 = 1, … , 𝑑, update 𝜃𝑗  from 𝜃𝑗~𝑓(𝜃𝑗|𝜽\𝑗, 𝒚) 
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c. Set 𝜽(𝑡) = 𝜽 and save it as the generated set of values at (𝑡 + 1) iteration of the 

algorithm. 

Now, there are various computational tools available that can generate random values from 

univariate distributions, making it possible to implement the Gibbs sampler in many cases, even 

when the resulting conditional posterior distribution is quite complicated. However, in some cases 

it is convenient to use the steps of a simple Metropolis-Hasting to generate the conditional 

univariate posterior distribution. This approach is known as the Metropolis-Hasting within Gibbs 

algorithm [17]. 

Metropolis Hasting Within Gibbs 

 Metropolis Hasting within Gibbs is a special case of Metropolis-Hastings where some 

components of the parameter vector are generated directly from the corresponding full conditional 

posterior distribution. The advantage of this algorithm is that it can easily perform blocking which 

means that the parameter vector is divided into several sub-vectors or blocks, containing correlated 

components, and each block is updated separately using the Metropolis-Hastings steps. In addition, 

this algorithm also allows certain fully conditional distributions to be easily generated and is 

generally capable of building efficient and flexible MCMC algorithms. In this case, the 

Metropolis-Hasting within Gibbs algorithm follows the component-wise Metropolis-Hasting 

algorithm which can be written as follows: 

1.) Set 𝜽(0). 

2.) For 𝑡 = 1, … , 𝑇, repeat the following steps: 

a. Set 𝜽 = 𝜽(𝑡−1). 

b. For 𝑗 = 1, … , 𝑑, 

(1) Generate new candidate parameter values 𝜃𝑗
′ for 𝑗 component of vector 𝜽′ from 

a proposal distribution 𝑞(𝜃𝑗
′|𝜽). 

(2) Calculate 

𝛼 = min (1,
𝑓(𝜃𝑗

′|𝜽\𝑗, 𝒚)𝑞(𝜃𝑗|𝜃𝑗
′, 𝜽\𝑗)

𝑓(𝜃𝑗|𝜽\𝑗 , 𝒚)𝑞(𝜃𝑗
′|𝜃𝑗 , 𝜽\𝑗)

) 

(6) 

= min (1,
𝑓(𝒚|𝜃𝑗

′, 𝜽\𝑗)𝑓(𝜃𝑗
′, 𝜽\𝑗)𝑞(𝜃𝑗|𝜃𝑗

′, 𝜽\𝑗)

𝑓(𝒚|𝜃𝑗 , 𝜽\𝑗)𝑓(𝜃𝑗 , 𝜽\𝑗)𝑞(𝜃𝑗
′|𝜃𝑗 , 𝜽\𝑗)

)  
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where 𝜽\𝑗  is the vector 𝜽  excluding its jth component 𝜃𝑗  [i.e., 𝜽\𝑗 =

(𝜃1, 𝜃2, … , 𝜃𝑗−1, 𝜃𝑗+1 , … , 𝜃𝑑)]. 

(3) Update 𝜃𝑗 = 𝜃𝑗
′ with probability 𝛼. 

c. Set 𝜽(𝑡) = 𝜽. 

Hierarchical Bayes to Estimate Small Area Proportion 

 Liu, Lahiri, dan Katlon (2014) in Rao & Molina (2015) proposed a beta sampling model to 

estimate small area proportions which can be written as follows: 

𝜃𝑖|𝜃𝑖~𝐵𝑒𝑡𝑎(𝑎𝑖, 𝑏𝑖) (7) 

with 𝑎𝑖 = 𝜃𝑖 (
𝑛𝑖

𝑑𝑒𝑓𝑓𝑖𝑤
− 1)  and 𝑏𝑖 = (1 − 𝜃𝑖) (

𝑛𝑖

𝑑𝑒𝑓𝑓𝑖𝑤
− 1) . Then, 𝐸(𝜃𝑖) =

𝑎𝑖

𝑎𝑖+𝑏𝑖
 is the 

expected value of 𝜃𝑖 and 𝑉𝑎𝑟(𝜃𝑖) =
𝑎𝑖𝑏𝑖

(𝑎𝑖+𝑏𝑖)2(𝑎𝑖+𝑏𝑖+1)
 is the variance of 𝜃𝑖. In this case, 𝜃𝑖  is 

modeled through a logit link function as follows: 

𝑙𝑜𝑔𝑖𝑡(𝜃𝑖)|𝜷, 𝜎𝑣
2~𝑁(𝑿𝑖

𝑇 , 𝜷, 𝜎𝑣
2) (8) 

The HB inference on the proportion 𝜃𝑖 is implemented by assuming a flat prior on 𝜷 and a 

gamma prior on 𝜎𝑣
−2. In this case, 𝜷 and 𝜎𝑣

2 are independent with 𝜷~𝑁(𝜇𝛽 , 𝜎𝛽
2), with initial 

value 𝜇𝛽 = 0 and 𝜎𝛽
2 = 1. The MCMC samples of the joint posterior (𝜃1, … , 𝜃𝑚, 𝜷, 𝜎𝑣

2) are 

generated using the Metropolis−Hastings within Gibbs algorithm. The Gibbs conditional of 𝜃𝑖 

does not have a closed-form expression with 𝜷 is the vector of regression coefficients, 𝜎𝑣
2 is the 

variance of the random effect area, and 𝑿 is the matrix of auxiliary variables [1]. 

3. DATA SETS 

This paper focuses on the application of indirect estimation with the SAE HB Beta-Logistic 

method to estimate district/city level morbidity rate in Papua Island with better precision. Indirect 

estimation requires a dataset that contains at least two components, namely direct estimation and 

auxiliary variables. 

 Direct estimation of morbidity rates was obtained from the 2023 Papua and West Papua 

People's Welfare Statistics Publication produced by the Statistics Indonesia. Meanwhile, the 

auxiliary variables used in this study come from the 2021 Village Potential Data Collection in the 

form of raw data and then aggregated to the district/city level. Auxiliary variables that are 

aggregated include variables that are relevant to morbidity rates based on the literature review, 
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namely the percentage of villages with most families defecating in latrines, percentage of villages 

with most families using decent water sources for drinking, percentage of villages with most 

families using decent water sources for bathing/washing, average of public elementary/equivalent 

school institutions per village, average of public junior high/equivalent school institutions per 

village, average of public senior high/equivalent school institutions per village, average of 

hospitals (hospital and maternity hospital) and community health center per village, average of 

integrated health post with service activities once a month or more per village, average of doctors 

and midwives per village, and average of other health workers per village. 

4. MAIN RESULTS 

4.1 Overview of Direct Estimates of Districts/Cities Morbidity Rate in Papua Island in 2023 

and The Patterns of Associations with Auxiliary Variables 

The results of the direct estimation of the districts/cities morbidity rate in Papua Island in 2023 

compiled from the Papua and West Papua People's Welfare Statistics Publication in 2023 can be 

presented in the descriptive statistics summary table as follows: 

Table 1. Descriptive statistics of direct estimation of morbidity rate 

Descriptive statistics Morbidity Rate (%) 

Minimum 0.2958 

Mean 5.9079 

Maximum 13.7658 

Variance 8.6201 

Range 13.4699 

 

From Table 1, it can be seen that the lowest and highest morbidity rate in Papua Island in 2023 are 

0.3% and 13.77% respectively, so the range of morbidity rate in Papua Island is 13.47%. In this 

case, the district/city with the highest morbidity rate is Kepulauan Yapen District. This is in line 

with the research of Farsan et al. (2010) that related to the islands, the level of health services is 

influenced by the level of accessibility (in the spatial dimension), level of education, and income 

of the people in the region [18]. However, we have to be cautious in the interpretation of these 

descriptive statistics because there are some morbidity rate estimations of districts/cities that have 

RSE more than 25%, so SAE modeling needs to be applied to overcome the issue. In conducting 

SAE modeling, the availability of adequate and relevant auxiliary variables is needed to assist 
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modeling. The following scatterplot is presented to see the relationship pattern between the 

auxiliary variable from the 2021 Village Potential Data Collection (Podes 2021) and the variable 

of interest: 

 

 

 

Figure 1. Scatterplot of the relationship between auxiliary variables and morbidity rate  
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To make it easier to know the relationship between auxiliary variables and variables of interest, 

the following correlation test is presented using Pearson correlation: 

 

Table 2. Pearson correlation test between auxiliary variables and morbidity rate 

Code Variable Correlation P-value Decision 

𝑿𝟏 Percentage of villages with most families 

defecating in latrines 

0.2328 0.13798 Not significant 

𝑿𝟐 Percentage of villages with most families using 

decent water sources for drinking 

0.1902 0.22770 Not significant 

𝑿𝟑 Percentage of villages with most families using 

decent water sources for bathing/washing 

-0.2649 0.09004 Not significant 

𝑿𝟒 Average of public elementary/equivalent 

school institutions per village 

0.4022 0.00829 Significant 

𝑿𝟓 Average of public junior high/equivalent school 

institutions per village 

0.4198 0.00564 Significant 

𝑿𝟔 Average of public senior high/equivalent school 

institutions per village 

0.3339 0.03067 Significant 

𝑿𝟕 Average of hospitals (hospital and maternity 

hospital) and community health center per 

village 

0.4612 0.00211 Significant 

𝑿𝟖 Average of integrated health post with service 

activities once a month or more per village 

0.4026 0.00821 Significant 

𝑿𝟗 Average of doctors and midwives per village 0.3107 0.04522 Significant 

𝑿𝟏𝟎 Average of other health workers per village 0.3614 0.01871 Significant 

 

From the results of the correlation analysis, it is obtained that there are 7 variables that have a 

significant correlation with the interest variable, including the variable 𝑋4, 𝑋5, 𝑋6, 𝑋7, 𝑋8, 𝑋9, and 

𝑋10. The variables as a whole have a correlation of more than 0.3. 

4.2 Indirect Estimation of Districts/Cities Morbidity Rate with SAE HB Beta-Logistic 

After testing the correlation and obtaining 7 variables with significant correlation, the next 

step is to select auxiliary variables using the stepwise regression procedure. By using the R-Studio 
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software, the best three variables were obtained that will be used in building the model, which 

include variables 𝑋7, 𝑋8, and 𝑋9. 

Assuming that there is no percentage of morbidity that is greater than 100, the morbidity rate 

is analogous to a proportion by dividing the morbidity rate by 100 so that the morbidity rate will 

be in the range of 0-1. Because the value is in the range of 0-1 and by using the logit link function, 

the HB Beta-Logistic model will be used in this study. Modeling is done with 500 iterations update, 

burn in 5000, and 100000 iterations of MCMC. The results can be described through diagnostic 

plots consisting of trace plot, density plot, and autocorrelation plot as follows: 

 

Figure 2. Trace plot, density plot, and autocorrelation plot of SAE HB Beta-Logistic model 

 

From Figure 2, it can be seen that the autocorrelation plot has cut off, the trace plot does not 

have a periodic pattern, and the density plot is also smooth which shows that the results have 

converged with the following credible interval: 

 

Table 3. Credible interval of SAE HB Beta-Logistic model coefficient estimates 

Variable Mean SD 2.5% 97.5% 

Intercept -3.2000 0.0037 -3.2070 -3.1928 

Average of hospitals (hospital and maternity 

hospital) and community health center per village 

(𝑿𝟕) 

0.8572 0.0061 0.8450 0.8693 

Average of integrated health post with service 

activities once a month or more per village (𝑿𝟖) 

0.5247 0.0024 0.5199 0.5293 

Average of doctors and midwives per village (𝑿𝟗) -0.4953 0.0022 -0.4995 -0.4911 
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From Table 3, it can be seen that the results of SAE HB Beta-Logistic modeling show that all 

variables contribute significantly to the model. This can be seen in the range of 2.5% and 97.5%, 

none of which passes 0 with the most dominant variable in this model, namely 𝑋7. However, the 

relationship between this variable and the variable of interest shows a positive relationship with 

morbidity rate, which means that when these facilities are improved, the morbidity rate will 

increase. This is thought to be due to the uneven availability of these health facilities on the Papua 

Island as the results of the Study on Improving Quality Health Services at Health Care Facilities 

in Papua and West Papua Provinces conducted by the Collaboration of Communities and Services 

for Prosperity (KOMPAK) in a partnership program of the Government of Indonesia and Australia 

in 2022 which shows that health facilities in the two provinces are not yet evenly distributed, such 

as not all districts/cities have Regional General Hospitals (RSUD), community health center which 

generally tend to be concentrated in urban areas or districts/cities that have long existed so that 

people must be referred to neighbouring areas that have these health facilities [19]. 

The following boxplot presents the comparison between the results of the SAE HB Beta-

Logistic estimation of the direct estimation results: 

 

Figure 3. Boxplot of estimation comparison between the two estimators 

From Figure 3, it can be seen that the results of estimating the morbidity rate using SAE HB 

Beta-Logistic indirect estimation show results that are not much different on average. In addition, 

the Papua (green) and West Papua (blue) provincial figures of 5.73% and 6.70% respectively are 

still in the boxplot box. This indicates that the estimation results do not deviate far from the 

morbidity rate at the provincial level. In addition, the estimation results using SAE HB Beta-

Logistic tend to be more homogeneous than direct estimation. This indicates that the districts/cities 
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numbers do not spread too far from the average so that the provincial numbers become more 

representative in representing the districts/cities morbidity rate. 

4.3 Comparison of RSE Result of SAE HB Beta-Logistic to Direct Estimation Result 

The following table presents a summary table of RSE comparison of indirect estimation results 

of SAE HB Beta-Logistic against direct estimation by classification: 

Table 4. Comparison of RSE results of the two methods according to the classification 

RSE 
Number of District/Cities 

Direct Estimation SAE HB Beta-Logistic 

< 25% 35 42 

25% - 50% 6 0 

> 50% 1 0 

 

From these results, it can be seen that SAE HB Beta-Logistic is able to estimate the districts/cities 

morbidity rate on Papua Island in 2023 with RSE < 25% for all districts/cities. This provides 

benefits to the estimation results because it is included in the category of estimation with good 

precision for all districts/cities on the Papua Island. 

4.4 Mapping of Districts/Cities Morbidity Rate based on the Best Estimation Results 

From the comparison of the RSE values of the two methods, it can be seen that SAE HB Beta-

Logistic is able to produce estimates with the best precision, namely with RSE less than 25% for 

all districts/cities in Papua Island. The following is a map of the distribution of districts/cities 

morbidity rate in Papua Island based on the results of indirect estimation of SAE HB Beta-Logistic: 

 

Figure 4. Map of the distribution of morbidity rate from SAE HB Beta-Logistic results 
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Figure 4 shows that the redder the district, the higher the morbidity rate. From this figure using 

SAE HB Beta-logistic, it can be obtained that the estimated morbidity rate is similar to the direct 

estimation results, namely Kepulauan Yapen District is still one of the districts with the highest 

morbidity rate on Papua Island. In addition, on the map it can also be seen that coastal areas tend 

to have higher morbidity rates compared to mountainous areas. This is thought to be due to 

differences in environmental conditions and topography in the two areas. Research conducted by 

Nurkadri & Hayati (2020), shows that in mountainous areas that have lower temperatures will 

cause red blood cells that work to bind oxygen to be greater which then causes the desire to exercise 

to be much greater [20]. In addition, the resilience of communities in highland areas is also better 

than that of communities in lowland areas. This is in line with research Muis (2016) and Rudi 

Aldiyanto et al. (2021), each of which sequentially shows that in this case the primary school 

population and the 16-19 years old population in the highland area have a better fitness level 

compared to the population in the lowlands [21], [22]. 

5. CONCLUSION 

From the results of the analysis that has been done, the SAE HB Beta-Logistic method is able 

to produce the results of estimating morbidity rates with good precision categories (RSE ≤ 25%) 

for all districts/cities in Papua Island in 2023. Thus, it is expected that the resulting data will be 

better in the context of reducing morbidity rates, especially in Papua Island and as a basis for 

determining criteria for non-communicable disease prevention program as regional priorities as 

mandated by Law No. 17 of 2023. In addition, based on the mapping results, coastal areas are 

expected to be a priority target in the context of reducing morbidity on the island of Papua in the 

future. 
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