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Population denominator data 

District-level population data were obtained from the 2010 and 2020 census results by Statistics Indonesia. The 

population data comprise the total population by 5-year age groups, from people aged 0-5 years to those over 75 

years of age. Simple linear regression models were used to interpolate the yearly district-level population counts 

for each age group in 2011-2019, based on the population data obtained from the 2010 and 2020 Census. 

Generalised additive model for estimating trends of malaria surveillance metrics 

We employed GAM with a negative binomial family, to account for likely overdispersion in the distributions of 

cases and tests, and population counts as the model offset variable to model malaria cases and tests per 1,000 

population. 

𝑌𝑖,𝑡~𝑁𝐵(𝑁𝑖,𝑡𝜆𝑖,𝑡 , 𝑟) 

𝑙𝑜𝑔[𝐸(𝑌𝑖,𝑡)] = 𝛽0 + 𝜉𝑖 + 𝑙𝑜𝑔(𝑁𝑖,𝑡) + 𝑔(𝑋𝑖,𝑡) 

with 𝑌𝑖,𝑡 as either the number of cases or tests in district 𝑖 at time (month-year) 𝑡, 𝑁𝑖,𝑡 as the population counts in 

district 𝑖 at time 𝑡, 𝜆𝑖,𝑡 as the case or test rate per population in district 𝑖 at time 𝑡, 𝑟 as the overdispersion parameter 

of the Negative Binomial (NB) distribution, 𝛽
0
 as the model intercept, 𝜉

𝑖
 as the district-specific random intercept, 

and 𝑔(𝑋2𝑖,𝑡) as the spline function for the time covariate 𝑋𝑖,𝑡. For comparison, cases and tests were also modelled 

with GAM with a Poisson family distribution. 

Metrics and case profiles measured as proportions were modelled using GAMs with a binomial family and logistic 

link function.  

𝑌𝑖,𝑡~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛𝑖,𝑡 , 𝜋𝑖,𝑡) 

𝑙𝑜𝑔[
𝜋𝑖,𝑡

1 − 𝜋𝑖,𝑡
] = 𝛽0 + 𝜉𝑖 + 𝛽1𝑖 𝑋1𝑖 + 𝑔(𝑋2𝑖,𝑡) 

with 𝑌𝑖,𝑡 as the number of cases in a specific population group (males or ≥ 15 years old) or infections identified 

with a specific parasite species (in this case, this means that we can track the proportion of infections that are P. 

vivax relative to P. falciparum or other malaria parasite species) in district 𝑖 at time (month-year) 𝑡, 𝑛𝑖,𝑡 as the 

total reported malaria cases in district 𝑖 at time 𝑡, and 𝜋𝑖,𝑡 as the proportion of malaria cases in a specific population 

group (males or ≥ 15 years old) or infections identified with a specific parasite species (P. vivax) in district 𝑖 at 

time t. When calculating Test Positivity Ratio (TPR), 𝑌𝑖,𝑡 is the number of positive malaria tests reported and 𝑛𝑖,𝑡 

is the number of malaria tests reported. 

The malaria surveillance metrics and case profiles modelled are shown in Table 1, alongside their respective 

distribution families. To estimate the regional-level trend lines for all metrics, we calculated the weighted average 

values of all district-level trend lines within a region. The weighting factors used were: 1) district-level population 

counts for modelled cases and tests; 2) modelled district-level tests for TPR; and 3) a combination of modelled 

district-level TPR multiplied by modelled tests for proportions of P. vivax cases, cases in males, and cases in 

individuals over 14 years old. 

Generalised linear model for modelling the relationship between age of malaria cases and endemicity 

First, we assumed a model whereby the Annual Parasite Incidence (API) per 1,000 (at the log-scale) alters the 

mean age of reported malaria cases (𝜇) on the geometric scale.  

𝜇 = 𝑏1𝑒𝑏2𝑙𝑜𝑔(𝐴𝑃𝐼) + 𝑏3 

The age of cases with mean 𝜇 was assumed to be distributed under the Gamma distribution (a flexible and positive 

definite distribution) function with a shape parameter (𝛼) and a rate parameter (𝛽). Summing up parameters 𝑏1+𝑏3 

is the average age in the limit towards API per 1,000 = 0 (i.e., elimination). Parameter 𝑏3 represents the extent to 

which that average age is independent of transmission. The remainder (𝑏1) scaled to the power of 𝑙𝑜𝑔(𝐴𝑃𝐼) using 

an 𝑒𝑏2 parameterisation, which allows equal prior weight on an increasing or decreasing relationship with 

transmission. 
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We assumed the standard deviation (𝜎) of the Gamma distribution to be a constant (but estimated within the 

model). The relationship between 𝜇 and 𝜎 of the Gamma distribution and their parameters, 𝛼 and 𝛽, are described 

as follows: 

𝛼 = 𝜇2/𝜎2 

𝛽 = 𝜇/𝜎2 

The cumulative density of the Gamma distribution of age of cases was then used to calculate the set of probability 

𝜋, which is a vector representing proportions of malaria cases in 0-4 (𝜋1), 5-9 (𝜋2), 10-14 (𝜋3), and ≥ 15 

years old (𝜋4) age brackets at the national level: 

𝜋1 = ∫
𝛽𝛼

𝐺𝑎𝑚𝑚𝑎(𝛼)
𝑦𝛼−1𝑒−𝛽𝑦

5

0

,  𝜋2 = ∫
𝛽𝛼

𝐺𝑎𝑚𝑚𝑎(𝛼)
𝑦𝛼−1𝑒−𝛽𝑦

10

5

, 

𝜋3 = ∫
𝛽𝛼

𝐺𝑎𝑚𝑚𝑎(𝛼)
𝑦𝛼−1𝑒−𝛽𝑦

15

10

,  𝜋4 = ∫
𝛽𝛼

𝐺𝑎𝑚𝑚𝑎(𝛼)
𝑦𝛼−1𝑒−𝛽𝑦

∞

15

 

To reflect the differences in the population age structure across the country, the proportion was further adjusted 

by the ratio between the proportion of an age group at the region level (𝑝𝑖,𝑟𝑒𝑔) to the national level proportion of 

that specific age group (𝑝𝑖,𝑛𝑎𝑡). For the age groups 0-4, 5-9, 10-14, and ≥ 15 years old, the ratios, 𝛾𝑖 , were 

calculated by: 

𝛾𝑖 =
𝑝𝑖,𝑟𝑒𝑔

𝑝𝑖,𝑛𝑎𝑡
 

The adjusted proportions for each age group, 𝜋′𝑖, were calculated by: 

𝜋′𝑖 =
𝜋𝑖 × 𝛾𝑖

∑ 𝜋𝑗 × 𝛾𝑗
4
𝑗=1

 

The reported malaria cases in each age bracket of 0-4, 5-9, 10-14, and ≥ 15 years old are represented by 𝑌1, 𝑌2, 𝑌3, 

and 𝑌4, respectively, where 𝑌𝑖~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑖). Hence, the total number of cases for all age groups is 

𝑛~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆1 + 𝜆2 + 𝜆3 + 𝜆4). The multinomial distribution for 𝑌 = (𝑌1, 𝑌2, 𝑌3, 𝑌4) given 𝑛 (and given 𝜋𝑗 =
𝜆𝑗

∑ 𝜆𝑖
𝑘
𝑖=1

) is defined as: 

𝑌~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛, 𝜋′) 

with priors for other parameters: 

𝑏1~𝑁𝑜𝑟𝑚𝑎𝑙(0,10) 

𝑏2~𝑁𝑜𝑟𝑚𝑎𝑙(0,1) 

𝑏3~𝑁𝑜𝑟𝑚𝑎𝑙(0,10) 

𝜎~𝐺𝑎𝑚𝑚𝑎(1.5,0.1) 

The model fitting process was implemented in a Bayesian framework using the rstan package in R. 
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Figure S1. Regional-level monthly trends of malaria cases per 1,000 by age group. Solid lines and the shaded 

areas denote the median and 95% credible intervals of the modelled trends using GAM. The semi-transparent 

points denote region-level monthly averages from data. Each row denotes modelled estimates for different age 

groups: A) 0-4 years old; B) 5-9 years old; C) 10-14 years old; and D) ≥ 15 years old. 
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Figure S2. Trace plots for GLM fitting in Stan for all fitted model parameters.  
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Figure S3. Plots of case counts by age groups compared to modelled estimates using GLM at the district level. 

Diagonal lines denote 𝑦 = 𝑥.  
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Figure S4. Plots of proportions of cases by age groups (black dots) compared to modelled estimates using GLM 

(red dots with error bars). Data selected were data from districts with the lowest, the highest, 25th percentile, and 

75th percentile or the reported API over 2010-2019.  



8 

 

Figure S5. Modelled relationship between API per 1,000 and proportion of malaria cases by age group. 
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