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Abstract. Indonesia has a high tuberculosis (TB) burden and heterogeneous district-level notification counts. We

analyzed 5,140 observations from 514 districts/municipalities in 2016-2025 using separate inferential and pre-

dictive approaches. Contemporaneous count regression used a log-population offset and district-clustered robust

uncertainty. Among Poisson, generalized Poisson, NB1, and NB2 models fitted to 2016-2024, NB2 had the lowest

AIC (66,458.61); Poisson Pearson dispersion was 320.07. For prediction, previous-year regional characteristics

were used to estimate the following year’s recorded counts, excluding previous TB counts. Random Forest, XG-

Boost, and LightGBM baselines and PSO-optimized variants were compared with predictive negative binomial

regression using five expanding-window folds for outcome years 2020-2024. XGBoost-PSO was selected by

the lowest mean weighted absolute percentage error (WAPE; 32.74%). On the temporally separated 2025 out-

come year, it achieved WAPE 19.39%, mean absolute error 327.25 cases, root mean squared error 714.36 cases,

and mean Poisson deviance 121.56. RF-PSO had slightly lower WAPE (19.32%) and lower deviance (111.58),

while XGBoost-PSO minimized RMSE. PSO reduced holdout WAPE relative to each baseline, but a separate

persistence reference performed better than all seven candidates (WAPE 7.55%). Monte Carlo SHAP identified
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population (57.55%) and density (15.52%) as the largest global contributions to 2025 predictions. After refitting

the model through the 2025 outcome, the projected total for 2026 was 792,909.68 recorded cases, with Bogor

District having the highest district-level projection. The 2025 outcomes had been examined in earlier versions,

so this is a retrospective temporal evaluation. The 2026 point predictions lack calibrated prediction intervals and

require prospective validation. The framework separates ecological rate associations, restricted covariate-based

forecasting, and model-specific predictive explanations.

Keywords: tuberculosis; negative binomial regression; random forest; XGBoost; LightGBM; particle swarm

optimization; SHAP; temporal validation
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1. INTRODUCTION

Tuberculosis (TB) control is part of Sustainable Development Goal Target 3.3, which calls

for ending the epidemic by 2030 [1]. The World Health Organization estimated 10.7 million

incident TB cases globally in 2024, with Indonesia contributing approximately 10% and ranking

second after India [2]. In the present study dataset, recorded cases increased from 360,565 in

2016 to 867,480 in 2025. These figures describe diagnosed and reported cases, rather than

estimated total incidence. Indonesian studies documented pandemic-related disruptions to TB

detection and services [3, 4], making surveillance processes essential to interpreting changes in

recorded counts.

National totals conceal variation between districts and municipalities. Arisanti et al. inte-

grated negative binomial mixed models and Random Forest to investigate TB risk factors and

forecast cases in West Java [5]. Farkhan et al. analyzed notified cases and deaths across 514

Indonesian districts using Bayesian space-time hierarchical models [6]. These studies motivate

regional analysis; our study addresses a complementary question by comparing one-year-ahead

count predictions from regional characteristics under a common temporal evaluation design.

The dataset comprises 5,140 district-year observations from 514 districts/municipalities during

2016-2025, with nine regional characteristics.

Recorded TB cases are nonnegative counts, and negative binomial regression provides an

alternative to Poisson regression when conditional variation exceeds equidispersion [7]. For

association analysis, population exposure is incorporated through a log-population offset, and
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coefficients are interpreted as incidence rate ratios (IRRs) of recorded notification rates. Accom-

modating overdispersion does not itself ensure accurate prediction of the conditional mean. In

a basic log-linear model, nonlinear terms and interactions must be specified explicitly, whereas

tree ensembles offer flexible prediction rules [8, 9, 10]. This motivates testing whether those

rules reduce future-year prediction errors while retaining negative binomial regression for in-

terpretable rate associations.

The predictive comparison includes negative binomial regression and Random Forest, XG-

Boost, and LightGBM before and after particle swarm optimization (PSO), yielding seven

candidates [8, 9, 10]. Ensemble performance depends on hyperparameters controlling model

complexity and training [11, 12]. PSO searches candidate configurations using individual and

swarm experience [13, 14]. In this study, optimization minimizes mean validation weighted

absolute percentage error (WAPE). Its benefit is evaluated against each corresponding baseline

rather than assumed in advance.

Forecast evaluation must respect the information available when predictions are made and

avoid leakage from future observations [15, 16]. We use characteristics in year t to predict

recorded cases in year t+1, excluding previous TB counts from all fitted candidates. Five

expanding-window folds for outcome years 2020-2024 guide model selection, and the 2025

outcomes are excluded from fitting and tuning in the current pipeline. WAPE, mean absolute

error, root mean squared error, and Poisson deviance summarize complementary aspects of

performance. SHapley Additive exPlanations (SHAP) provide global and local predictor con-

tributions [17, 18]; these explain model predictions and are not treated as causal effects [19].

This study aims to estimate regional notification-rate associations, compare the one-year-

ahead accuracy of seven models, and assess the benefit of PSO. The selected model is refitted

to produce district-level projections for 2026, accompanied by maps and SHAP explanations.

IRRs and SHAP address separate questions: adjusted associations with recorded notification

rates and contributions to fitted count predictions. The resulting evidence can support regional

surveillance review and consideration of examination and treatment capacity, interpreted along-

side local case-finding, reporting, and epidemiological information.
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2. MATERIALS AND METHODS

2.1. Study design, data sources, and analytical targets. We assembled a retrospective eco-

logical panel for 2016-2025, using the district/municipality-year as the observational unit.

The balanced panel comprised 5,140 observations from 514 districts/municipalities over 10

years. The response was the annual number of recorded TB cases. TB notifications, Bacillus

Calmette–Guérin (BCG) immunization coverage, public health centers (puskesmas), general

hospitals, and household clean and healthy behavior (PHBS) were obtained from Indonesian

Ministry of Health sources, including national and subnational health profiles [20, 21]. Popula-

tion, population density, adequate sanitation, adequate drinking-water access, and poverty were

obtained from official district/municipality statistics published by Statistics Indonesia [22].

Recorded notifications represent the cases captured by surveillance rather than latent bio-

logical incidence. Diagnosis, access, public-private engagement, care pathways, and reporting

practices influence the number of cases recorded [3, 4, 23, 24]. Consequently, health-service

indicators may reflect both population need and case-finding capacity. Regression associations

and SHAP explanations were interpreted within this ecological surveillance setting.

Two analytical targets were distinguished. The inferential analysis estimated contempora-

neous associations between regional characteristics and notification rates in 2016-2024, using

population as an exposure offset. The predictive analysis estimated the following year’s absolute

recorded case count from the previous year’s regional characteristics. Population was a predic-

tor in machine-learning models and an offset in predictive count regression; both approaches

used information available at the same forecast origin.

Table 1 summarizes the operational definitions and analytical roles. The machine-learning

information set contained nine regional characteristics. The count-regression information set

contained the same population exposure and eight covariates. Calendar year and previous TB

counts were excluded from fitted candidate models.

Calendar year and district identifiers align observations; neither enters the fitted predictor set.

Previous TB case counts are excluded from all seven fitted candidates.

2.2. Data quality control and preprocessing. Quality control covered panel completeness,

analytical missingness, geographic identifiers, zero counts, and predictor ranges. The final panel
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TABLE 1. Study variables and analytical roles.

Variable Operational definition and unit Analytical role

Recorded TB cases Annual recorded count; cases Response Yt for inference; Yt+1 for
prediction

Population Resident population; persons Log-exposure offset in count
regression; ML predictor

Population density Residents per land area; persons/km² Covariate
BCG coverage Reported BCG immunization coverage;

%
Covariate

Public health centers Puskesmas per 100,000 residents Covariate
General hospitals General hospitals per 100,000 residents Covariate
Adequate sanitation Households with adequate sanitation; % Covariate
Adequate drinking
water

Households with adequate
drinking-water access; %

Covariate

Household PHBS Households practicing clean and healthy
behavior; %

Covariate

Poverty Population below the poverty line; % Covariate

contained 514 districts/municipalities in each of 10 years, with no missing values in analytical

columns. Twenty-three zero-count district-years were retained. BCG coverage in the final

analytical data ranged from 0% to 100%.

Health-service variables were expressed as numbers of facilities per 100,000 residents rather

than raw counts. This scaling distinguishes regional service availability from total population

exposure. Population remained on the count scale for the tree ensembles and entered through

log population in count regression. Percentage variables retained their percentage-point units,

and descriptive summaries used the final analytical scales.

Predictor redundancy was assessed in the inferential development data. The eight count-

regression covariates had variance inflation factors (VIFs) between 1.14 and 2.03, with the

maximum for adequate sanitation. Population was excluded from this VIF calculation because

its coefficient was fixed at one through the offset. Temporal evaluation kept later outcomes sep-

arate from training observations and used year-t characteristics to predict year-t+1 notifications

[15, 16].

2.3. Count-distribution assessment and inferential negative binomial regression. For dis-

trict i in year t, let Yit denote the recorded TB count, Nit the population exposure, and xit the
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vector of eight regional covariates. A Poisson model assumes that the conditional mean and

variance are equal. All count-distribution candidates shared the same log-link mean specifi-

cation with a population offset. Equations (2.1) and (2.2) give the Poisson assumption and

inferential mean model.

(2.1) E (Yit | xit ,Nit) =Var (Yit | xit ,Nit) = µit

(2.2) log µit = logNit +β0 +
8

∑
j=1

β jxit j

The coefficient of log population was fixed at one. Consequently, the modeled mean per res-

ident is exp
(︁
β0 +∑ j β jxit j

)︁
, and exponentiated covariate coefficients describe notification-rate

ratios. These rate ratios concern recorded aggregate notifications and do not measure individual

disease risk. The empirical variance-to-mean ratio provided an initial, unconditional dispersion

assessment, as defined in Equation (2.3).

(2.3) DI =
s2
Y

Ȳ

Poisson, generalized Poisson, NB1, and NB2 distributions were fitted to the same 4,626

contemporaneous observations for 2016-2024. NB1 permits variance proportional to the mean,

whereas NB2 permits a quadratic mean-variance relationship [7, 25, 26]. For positive dispersion

parameters phi and theta, their variance functions are shown in Equation (2.4). The generalized

Poisson model provided an additional flexible count-distribution comparator.

(2.4) VNB1 = µ(1+φ), VNB2 = µ +
µ2

θ

Model adequacy was assessed using AIC, BIC, log-likelihood, Pearson dispersion, and nu-

merical convergence. Optimization checks included convergence status, a positive-definite Hes-

sian, and gradient diagnostics. Alternative starts and optimizers were examined where available

in the fitting log. The distribution with the lowest AIC among adequately converged candidates

was used for the inferential regression.

For an increase of ∆ units in covariate j, the adjusted notification-rate ratio was exp
(︁
∆β j

)︁
.

Uncertainty used district-clustered HC0 sandwich standard errors, allowing dependence among

repeated observations from the same district while assuming independence across districts [27].
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The confidence interval transformation is given in Equations (2.5) and (2.6). Clustering changes

the standard errors, confidence intervals, and Wald tests, but does not alter fitted coefficients.

(2.5) IRR j(∆) = exp
(︁
∆β j

)︁

(2.6) CI95% = exp
{︂

∆

[︂ˆ︁β j ±1.96SEcluster

(︂ˆ︁β j

)︂]︂}︂
Density was interpreted per 100 persons/km², facility availability per one facility per 100,000

residents, and percentage variables per one percentage point. Population itself had no estimated

IRR because it was the exposure offset. Calendar year was not included in this specification.

Interpretations concern adjusted ecological associations rather than causal effects.

2.4. Next-year prediction and baseline ensemble models. The predictive dataset paired

each district’s characteristics in year t with its recorded cases in year t+1. Thus, predicting

the 2025 outcome used regional characteristics measured in 2024. Previous case counts were

not used as predictors, and district identifiers served only to align observations and outputs.

Equation (2.7) expresses the forecasting target.

(2.7) ˆ︁Yi,t+1 = f (Xit) , Xit = (Nit ,xit1, . . . ,xit8)

The predictive negative binomial benchmark used the same forecast origin and covariate

timing. Its population exposure was Nit , not the unobserved future population Ni,t+1. NB1 and

NB2 were compared by training-set AIC within each fit, and the chosen distribution generated

count predictions. Equation (2.8) gives the predictive count-regression mean.

(2.8) log µi,t+1|t = logNit + γ0 +
8

∑
j=1

γ jxit j

Random Forest, XGBoost, and LightGBM were fitted as baseline and PSO-optimized re-

gression ensembles. Random Forest aggregates randomized regression trees, with its pre-

dicted count given by Equation (2.9). XGBoost and LightGBM add trees sequentially to a

boosted score and used Poisson objectives for the nonnegative count outcome. Their posi-

tive mean prediction is obtained by exponentiating the score, as illustrated in Equation (2.10)
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[8, 9, 10, 28, 29].

(2.9) ˆ︁YRF(X) =
1
B

B

∑
b=1

Tb(X)

(2.10) FM(X) = F0(X)+
M

∑
m=1

η fm(X), ˆ︁µ(X) = exp{FM(X)}

The ensembles share a target and information set but differ in tree construction and regu-

larization. Random Forest reduces variance through resampling and randomized feature se-

lection. Boosted trees balance fit, learning rate, tree complexity, sampling, and regularization

[30, 11, 12]. Table 2 reports the implemented baseline configurations and PSO search domains.

TABLE 2. Baseline configurations and admissible PSO search domains.

Learner Baseline configuration PSO search domain

Random
Forest

mtry 3; min.node.size 5; sample.fraction
0.632; num.trees 500; max.depth 0

mtry 1-9; min.node.size 1-40; sample.fraction
0.50-1.00; num.trees 300-1,200; max.depth
0-30

XGBoost Poisson objective; eta 0.10; max depth
3; min child weight 1; gamma 0;
subsample 1; colsample bytree 1;
lambda 1; alpha 0; nrounds 100

eta 0.01-0.20; max depth 2-12;
min child weight 1-40; gamma 0-10;
subsample 0.60-1.00; colsample bytree
0.50-1.00; lambda 0-30; alpha 0-10; nrounds
100-1,600

LightGBM Poisson objective; learning rate 0.10;
num leaves 31; min data in leaf 20;
feature fraction 1; bagging fraction 1;
lambda l1 0; lambda l2 0; nrounds 100;
max depth -1; min gain to split 0

learning rate 0.01-0.20; num leaves 8-127;
min data in leaf 5-100; feature fraction
0.50-1.00; bagging fraction 0.50-1.00;
lambda l1 0-10; lambda l2 0-30; nrounds
100-1,600; depth search encoding 0-12;
min gain to split 0-5

Learning rates were searched on the log10 scale. Unrestricted depth is coded as 0 for Random

Forest and -1 in the fitted LightGBM configuration.

Discrete search dimensions were mapped to valid integer settings. Depth encodings were

translated to the learner’s admissible settings. The Random Forest value zero denotes unre-

stricted depth, whereas the LightGBM fitted value minus one denotes unrestricted depth. Every

baseline lay within the admissible domain and was explicitly included as a seeded particle,

making the baseline-to-PSO comparison transparent.
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2.5. Particle swarm optimization. Each PSO particle represented a candidate hyperparame-

ter vector within the prespecified bounds. Positions were updated using the particle’s previous

velocity, personal best, and swarm best, as shown in Equations (2.11) and (2.12). The cognitive

and social coefficients control attraction to individual and collective optima, respectively. In-

dependent uniform random terms support exploration of the search space [12, 13]. The inertia

weight decreased linearly from 0.9 at iteration 1 to 0.4 at iteration 20, with cognitive and social

coefficients c1 = c2 = 1.5. Particle positions were represented on the normalized interval [0, 1];

velocities were clipped to [-0.2, 0.2], and velocity components crossing a boundary were set to

zero before positions were bounded.

(2.11) v(r+1)
kd = ωv(r)kd + c1u1

[︂
pbest

kd − z(r)kd

]︂
+ c2u2

[︂
gbest

d − z(r)kd

]︂
(2.12) z(r+1)

kd = z(r)kd + v(r+1)
kd

The saved search histories contained 12 particles, an initialization at iteration zero, and 20

subsequent iterations per restart. Two restarts were performed for each learner, giving 252

recorded candidate evaluations per restart and 504 per learner. The baseline was seeded in both

restarts. The best configuration across the two restarts was retained for each algorithm. The

base random seed was 14072025. Restart r used seed 14072025 + 100m + 10000r, where m =

1, 2, or 3 for Random Forest, XGBoost, or LightGBM, respectively, and r = 1 or 2. Checkpoint

resumption restored the saved random-number-generator state. The current run restored check-

point states; its model-lock record identified XGBoost-PSO before the 2025 evaluation step and

recorded that the 2025 outcomes were not used in the implemented selection criterion.

PSO minimized the arithmetic mean of validation WAPE across the five outcome years 2020-

2024. This gives each validation year equal weight rather than pooling errors across years with

different national totals. The optimization objective is defined in Equation (2.13). The 2025

outcomes did not enter the search objective or primary model designation.

(2.13) J(ϑ) =
1
5

2024

∑
h=2020

WAPEh(ϑ)

Search benefits were assessed separately for each learner. Mean validation WAPE for the

retained PSO configuration was compared with that learner’s seeded baseline, and the same
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comparison was repeated on the held-out 2025 year. Candidate histories and convergence curves

document improvement within the implemented search budget. They do not establish that PSO

located a global optimum or that it outperforms other search algorithms [12, 13].

2.6. Temporal validation and performance measures. Five expanding-window folds pre-

served chronological ordering. The first fold trained on predictor years 2016-2018 paired with

outcome years 2017-2019, then used 2019 characteristics to predict 2020. Later folds expanded

the training pairs by one year until the final development fold predicted 2024 from 2023 char-

acteristics. Each validation year contained all 514 districts/municipalities, and Table 3 reports

the exact predictor-outcome alignment [15, 16].

TABLE 3. Predictor-year and outcome-year alignment for development testing
and forecasting.

Stage Training X
years

Training Y
years

Forecast X
year

Outcome
year

Training pairs

Fold 1 2016-2018 2017-2019 2019 2020 1,542
Fold 2 2016-2019 2017-2020 2020 2021 2,056
Fold 3 2016-2020 2017-2021 2021 2022 2,570
Fold 4 2016-2021 2017-2022 2022 2023 3,084
Fold 5 2016-2022 2017-2023 2023 2024 3,598
2025 test 2016-2023 2017-2024 2024 2025 4,112
2026 projection 2016-2024 2017-2025 2025 2026 4,626

Each validation or test year contains 514 districts/municipalities. Inferential distribution as-

sessment uses a separate contemporaneous 2016-2024 panel of 4,626 observations.

The primary model was designated using the lowest mean validation WAPE across the seven

candidates. MAE, RMSE, and mean Poisson deviance were secondary measures describing

other aspects of error. This rule selected XGBoost-PSO even though Random Forest-PSO per-

formed better on several secondary development metrics. Scores on the 2025 outcome year

were descriptive benchmarks and did not change the primary designation.

For the retrospective 2025 temporal assessment, models were fitted on 4,112 training pairs

with predictor years 2016-2023 and outcome years 2017-2024. The test inputs were character-

istics from 2024, and the test outcomes were the 514 recorded counts for 2025. For observed

counts yi and positive predicted means ˆ︁µi, WAPE, MAE, RMSE, and mean Poisson deviance
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were calculated using Equations (2.14)-(2.17). Bias was the mean predicted-minus-observed

count in Equation (2.18).

(2.14) WAPE = 100
∑

n
i=1 |yi − ˆ︁µi|

∑
n
i=1 yi

(2.15) MAE =
1
n

n

∑
i=1

|yi − ˆ︁µi|

(2.16) RMSE =

√︄
1
n

n

∑
i=1

(yi − ˆ︁µi)
2

(2.17) DPois =
2
n

n

∑
i=1

[︃
yi log

(︃
yiˆ︁µi

)︃
− (yi − ˆ︁µi)

]︃

(2.18) Bias =
1
n

n

∑
i=1

(ˆ︁µi − yi)

The logarithmic term in Poisson deviance was defined as zero for yi = 0. Lower values of

the four losses indicate smaller prediction errors, whereas negative bias indicates systematic

underprediction. A separate persistence reference predicted each district’s 2025 count by its

recorded 2024 count. Persistence was not one of the seven fitted models and did not supply

a previous-case-count feature to any candidate; it provided a practical external reference for

evaluating the restricted covariate-based forecasting task.

2.7. SHAP analysis and projections for 2026. The selected XGBoost-PSO model was ex-

plained using Monte Carlo SHAP estimates produced with fastshap [17, 31]. The prediction

wrapper returned counts, so contributions were expressed in predicted cases. Local accuracy

was checked by reconstructing each exported prediction from its baseline and summed contri-

butions. The decomposition and normalized global importance are defined in Equations (2.19)

and (2.20). The script specified 200 Monte Carlo repetitions (nsim = 200), a random sample

of up to 1,000 training observations as the background, adjust = TRUE, and parallel = FALSE.

The background mean predicted count supplied the baseline. Seeds were 14074050 for the 2025

explanations and 14074051 for the 2026 explanations.

(2.19) f (Xi)≈ φ0 +
9

∑
j=1

φi j
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(2.20) I j =
1
n

n

∑
i=1

⃓⃓
φi j

⃓⃓
, RI j = 100

I j

∑
9
k=1 Ik

All nine regional predictors entered the global ranking and local decomposition. Positive

SHAP values raise a prediction above its baseline, and negative values lower it. Relative im-

portance quantifies a share of total mean absolute model contribution; it is not a share of cases

caused by a predictor. SHAP depends on the fitted model, predictor correlations, and back-

ground distribution, so it does not provide adjusted regression effects or causal identification

[17, 19].

After the 2025 temporal evaluation, the chosen hyperparameters were retained and the fore-

casting model was refitted using all 4,626 available pairs: predictor years 2016-2024 and out-

come years 2017-2025. Regional characteristics from 2025 then generated predictions for 2026.

Forecast summaries used the unrounded predictions, with rounding only for district-level pre-

sentation. New SHAP outputs explained this refitted model and were summarized separately

from the 2025 holdout explanations.

Predictions were matched to geoBoundaries district/municipality polygons using harmonized

administrative names. The matching audit recorded 514 predictions matched one-to-one with

514 administrative polygons, without unmatched predictions or polygons. Six explicit naming

aliases and five excluded nonadministrative objects were recorded in the map audit. The map

displays predicted recorded case counts rather than notification rates, individual risk, or spatially

modeled effects.

2.8. Software and reproducibility. The analysis used R 4.5.3 with glmmTMB 1.1.14 for

count regression, sandwich 3.1.1 for robust uncertainty, ranger 0.18.0 for Random Forest, xg-

boost 1.7.11.1 for XGBoost, lightgbm 4.7.0 for LightGBM, and fastshap 0.1.1 for SHAP esti-

mation. Data import and plotting used readxl 1.5.0 and ggplot2 4.0.3. The saved outputs in-

cluded distribution comparisons, convergence diagnostics, temporal folds, candidate histories,

optimized configurations, district-level predictions, and SHAP matrices. Reported performance

tables were checked against the archived district-level predictions, and figures summarize the

corresponding numerical outputs. Training in temporal fold k used seed 14072025 + k; the

2025 evaluation and final forecast models used seed 14073025. All learners were configured
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for one computational thread. The saved run manifest confirms these settings, and the saved

SHAP objects confirm 200 repetitions and 1,000 background observations for each prediction

year.

3. RESULTS AND DISCUSSION

3.1. Panel characteristics and count-distribution adequacy. The final balanced panel con-

tained 514 district/municipality observations per year and 5,140 observations overall. Recorded

cases had a mean of 1,177.09, a median of 515.5, a standard deviation of 2,121.07, and a range

of 0-29,067. The sample variance was 4,498,934.57, yielding an unconditional variance-to-

mean ratio of 3,822.10. Twenty-three verified zero-count district-years were retained, and the

analytical columns contained no missing observations.

Table 4 summarizes the observed variables and their units.

TABLE 4. Descriptive statistics on the final analytical scales for 2016-2025.

Variable Mean SD Median Range

Recorded TB cases (cases) 1,177.09 2,121.07 515.50 0.00-29,067.00
Population (persons) 528,823.56 637,178.34 284,143.50 13,699.00-

5,965,410.00
Population density
(persons/km²)

1,312.67 4,127.11 147.57 0.92-79,677.77

BCG coverage (%) 82.43 18.78 88.09 0.00-100.00
Public health centers (per
100,000)

7.06 6.21 5.21 0.27-77.95

General hospitals (per 100,000) 1.15 0.95 0.86 0.00-7.59
Adequate sanitation (%) 73.27 20.44 78.41 0.00-100.00
Adequate drinking water (%) 76.78 21.59 82.95 0.00-100.00
Household PHBS (%) 60.19 18.95 64.00 0.00-100.00
Poverty (%) 11.96 7.56 10.06 1.67-45.11

The response was strongly right-skewed, with the mean substantially above the median. Pop-

ulation and density also varied markedly across districts. General-hospital availability ranged

from zero to 7.59 facilities per 100,000 residents, while public health-center availability ranged

from 0.27 to 77.95 per 100,000. These heterogeneous exposures and service profiles moti-

vate a population-offset regression for rate associations and flexible models for absolute-count

prediction.
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Annual recorded TB cases increased from 360,565 in 2016 to 867,480 in 2025. Counts fell

from 568,987 in 2019 to 393,569 in 2020, then rose to 443,343 in 2021 and 724,416 in 2022.

The decline and recovery coincide with documented pandemic-related changes in detection and

reporting [3, 4]. Figure 1 displays this temporal pattern, which makes next-year validation more

informative than randomly mixed evaluation.

FIGURE 1. Annual recorded TB cases across 514 districts and municipalities in

Indonesia from 2016 to 2025. Shading marks the 2020-2021 pandemic period.

The population-offset Poisson model remained severely overdispersed after covariate adjust-

ment. Its Pearson statistic was 1,477,750.03 on 4,617 residual degrees of freedom, giving dis-

persion 320.07. Its AIC was 1,338,157.34, compared with 66,458.61 for NB2. Table 5 com-

pares all four contemporaneous count-distribution candidates.

All candidates use the same eight covariates and log-population offset (n=4,626). All retained

fits have status OK. Dispersion parameters have family-specific meanings and are not directly

comparable across families.

NB2 had the lowest AIC and BIC, with AIC differences of 533.02 relative to generalized

Poisson and 877.90 relative to NB1. Its estimated theta was 2.7290, equivalent to a quadratic

overdispersion coefficient 1/theta of approximately 0.3664. NB2 Pearson dispersion was 1.27,

indicating a large reduction in extra-Poisson variation without establishing perfect model fit.
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TABLE 5. Count-distribution comparison on contemporaneous development
data from 2016-2024.

Distribution AIC BIC Log-likelihood Pearson
dispersion

Delta AIC

NB2 66,458.61 66,523.00 -33,219.30 1.27 0.00
Generalized
Poisson

66,991.63 67,056.02 -33,485.81 0.81 533.02

NB1 67,336.51 67,400.90 -33,658.25 1.09 877.90
Poisson 1,338,157.34 1,338,215.30 -669,069.67 320.07 1,271,698.74

The recorded convergence checks were satisfactory, including a positive-definite Hessian and a

maximum scaled gradient of 0.000096 for the selected inferential NB2 fit.

This comparison supports NB2 for contemporaneous association analysis. The marked AIC

advantage over Poisson reflects the need for a flexible variance structure [7, 25]. Information

criteria compare fitted likelihoods on the same data and do not demonstrate superior future-year

point prediction. The predictive count benchmark was therefore evaluated separately under the

same chronological task as the ensembles.

3.2. Ecological notification-rate associations. The inferential NB2 regression included eight

covariates and a log-population offset. District-clustered robust uncertainty was used because

each district contributed repeated annual observations. Population exposure was accounted for

without estimating a separate population coefficient. Table 6 reports the resulting IRRs, cluster-

robust 95% confidence intervals, and Wald p values.

TABLE 6. Inferential NB2 notification-rate ratios with district-clustered robust
confidence intervals.

Covariate Contrast IRR 95% CI p value

Population density per 100 persons/km² 1.0033 1.0020-1.0045 <0.001
BCG coverage per 1 percentage point 1.0038 1.0012-1.0064 0.005
Public health centers per 1 facility/100,000 1.0129 0.9991-1.0268 0.067
General hospitals per 1 facility/100,000 1.2355 1.1679-1.3070 <0.001
Adequate sanitation per 1 percentage point 0.9995 0.9973-1.0016 0.635
Adequate drinking
water

per 1 percentage point 1.0056 1.0041-1.0070 <0.001

Household PHBS per 1 percentage point 1.0022 1.0005-1.0039 0.010
Poverty per 1 percentage point 0.9949 0.9848-1.0051 0.322
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HC0 sandwich standard errors are clustered by district/municipality (514 clusters). Popula-

tion is an offset, and the intercept is not presented as a covariate IRR.

Population density was positively associated with recorded notification rates: an increase of

100 persons/km² corresponded to an IRR of 1.0033 (95% CI 1.0020-1.0045). One additional

general hospital per 100,000 residents corresponded to an IRR of 1.2355 (95% CI 1.1679-

1.3070), the largest multiplicative contrast among the reported one-unit increments. BCG cov-

erage, adequate drinking-water access, and household PHBS also had positive adjusted associ-

ations. Public health-center availability (p=0.067), adequate sanitation (p=0.635), and poverty

(p=0.322) had confidence intervals spanning one.

Health-service associations should be interpreted in relation to surveillance. A positive

hospital-availability coefficient may reflect greater access to diagnosis, referral, screening, and

reporting, as well as unmeasured regional differences [23, 24]. It does not imply that expanding

hospital capacity increases transmission. The result is consistent with the need to distinguish

recorded notification patterns from latent disease occurrence [6, 32].

The positive BCG association is likewise ecological rather than an estimate of vaccine effec-

tiveness. Individual-participant evidence supports protective effects of infant BCG vaccination,

particularly in childhood [33]. Regional coverage may also reflect program reach, population

composition, and reporting processes. Aggregate notification-rate coefficients cannot resolve

these mechanisms or replace individual-level vaccine-effect analyses.

Population density has been associated with TB in ecological studies [34, 25], and housing

conditions have also been examined in relation to pulmonary TB [35]. In our dataset, drinking-

water access and PHBS may additionally reflect regional development or surveillance capacity;

this interpretation is a hypothesis rather than a tested mechanism. The modest effect sizes

for percentage variables should be interpreted in their one-percentage-point units. Poverty’s

confidence interval included the null in the revised offset model, so an independently protective

or harmful association was not established. These findings characterize adjusted aggregate

associations and do not justify causal claims.
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3.3. Temporal validation and PSO-selected configurations. Table 7 reports mean predic-

tive performance across the five expanding-window folds. XGBoost-PSO achieved the low-

est mean WAPE, 32.74%, followed by RF-PSO at 33.35% and LightGBM-PSO at 33.47%.

XGBoost-PSO was therefore designated as the primary model under the stated selection rule.

The difference between the two leading mean WAPEs was only 0.61 percentage points, so the

ranking should not be interpreted as decisive statistical superiority.

TABLE 7. Mean predictive errors across expanding-window outcome years
2020-2024.

Model Mean WAPE
(%)

SD WAPE
(pp)

Mean MAE
(cases)

Mean RMSE
(cases)

Mean
deviance

XGB-PSO 32.74 8.62 411.94 949.06 247.88
RF-PSO 33.35 10.69 403.58 875.35 215.38
LGB-PSO 33.47 10.15 418.13 960.46 268.29
LightGBM 35.19 8.58 437.64 977.87 272.48
Random Forest 36.88 9.23 449.49 1,018.08 270.74
XGBoost 37.94 6.77 470.38 1,047.16 311.29
Negative binomial 42.64 3.47 539.54 1,242.92 437.53

The primary selection criterion is mean WAPE. MAE and RMSE are in cases. WAPE SD

describes between-fold variation, not uncertainty in a model-comparison estimate.

RF-PSO achieved the lowest mean MAE (403.58), RMSE (875.35), and Poisson deviance

(215.38). XGBoost-PSO had corresponding values of 411.94, 949.06, and 247.88. Thus, model

rankings depended on the error criterion, and the primary designation followed WAPE rather

than agreement across all metrics. Figure 2 summarizes the implemented selection criterion for

all seven candidates.

The predictive negative binomial benchmark had mean WAPE 42.64%, exceeding all six

ensemble variants. Training-set distribution selection used NB1 for the 2020 fold and NB2 for

the remaining folds. This fold-specific selection differs from the contemporaneous inferential

NB2 fit and maintains the available training data at each forecast origin. The results support the

ensembles for the specified covariate-based forecasting task while retaining negative binomial

regression for interpretable association analysis.
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FIGURE 2. Mean validation WAPE across the five outcome years 2020-2024.

XGBoost-PSO was selected by the lowest mean WAPE.

Development performance varied substantially by year. For XGBoost-PSO, WAPE was

39.25% in 2020, 22.55% in 2021, 43.32% in 2022, 32.06% in 2023, and 26.51% in 2024.

The large error in 2022 coincided with the substantial rebound in national notifications. Predic-

tive relationships based on regional characteristics alone did not fully capture abrupt changes in

case finding and reporting [3, 4, 15, 16].

All three learners improved their mean validation WAPE after PSO. Relative reductions were

9.57% for Random Forest, 13.71% for XGBoost, and 4.89% for LightGBM. These comparisons

used the same folds and included the baselines as seeded candidates. Figure 3 shows the saved

best-so-far WAPE trajectories for both restarts of each learner.

Table 8 reports the selected hyperparameter configurations.

RF-PSO selected seven candidate predictors per split, a minimum node size of one, 388 trees,

and a sampling fraction of 0.9938. XGBoost-PSO selected a learning rate of 0.02990, depth 11,

786 boosting rounds, and both L1 and L2 regularization. LightGBM-PSO selected 31 leaves,

854 rounds, a learning rate of 0.11632, and unrestricted maximum depth. These data-specific

configurations were retained before testing on the 2025 outcome year.
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FIGURE 3. PSO convergence histories for Random Forest, XGBoost, and Light-

GBM. Each learner used two restarts with 12 particles and 20 iterations follow-

ing initialization.

TABLE 8. Configurations retained after PSO under mean validation WAPE.

Model Selected configuration

RF-PSO mtry=7; min.node.size=1; sample.fraction=0.99380; num.trees=388; max.depth=0
XGB-PSO max depth=11; min child weight=19.43881; gamma=0; subsample=0.89065;

colsample bytree=1; lambda=8.64697; alpha=2.94168; nrounds=786; eta=0.02990
LGB-PSO num leaves=31; min data in leaf=20; feature fraction=0.95532;

bagging fraction=0.86426; lambda l1=0.34120; lambda l2=3.45142; nrounds=854;
max depth=-1; min gain to split=0; learning rate=0.11632

The validation results also show that tuning does not improve every year uniformly.

XGBoost-PSO had higher WAPE than baseline XGBoost in 2022, despite reducing the mean

across all five folds. The selected parameters represent the best recorded configuration under

the implemented WAPE objective and budget. They are not generally optimal defaults, and no

comparison with random search or Bayesian optimization was performed [11, 12, 13].

3.4. Retrospective temporal evaluation on the 2025 outcome year. The 2025 test used

2024 characteristics for all 514 districts/municipalities. XGBoost-PSO was fitted only on

predictor-outcome pairs ending with the 2024 outcome, and its designation was unchanged

after test evaluation. It achieved WAPE 19.39%, MAE 327.25 cases, RMSE 714.36 cases, and

mean Poisson deviance 121.56. Table 9 compares the seven fitted candidates on the same test

outcomes.
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TABLE 9. Retrospective 2025 temporal-test errors using 2024 regional charac-
teristics for 514 districts/municipalities.

Model WAPE
(%)

MAE (cases) RMSE (cases) Mean
deviance

Bias (cases)

RF-PSO 19.32 326.01 725.23 111.58 -178.58
XGB-PSO (primary) 19.39 327.25 714.36 121.56 -228.93
LGB-PSO 21.69 366.05 855.04 137.71 -220.84
LightGBM 23.19 391.43 894.56 162.51 -233.96
Random Forest 24.21 408.55 992.52 168.02 -244.34
XGBoost 30.37 512.48 1,169.61 270.30 -323.53
Negative binomial 35.35 596.62 1,486.02 418.95 -432.65

The primary designation comes from development-fold WAPE. MAE, RMSE, and bias are

in cases. Negative bias denotes underprediction.

RF-PSO had slightly lower WAPE (19.32%) and MAE (326.01 cases), as well as lower Pois-

son deviance (111.58). XGBoost-PSO had the lowest RMSE (714.36 cases), compared with

725.23 for RF-PSO. The WAPE difference was only 0.07 percentage points. These test-year dif-

ferences describe metric-specific trade-offs and do not retrospectively replace the development-

selected model.

All seven candidates underpredicted on average. XGBoost-PSO’s bias was minus 228.93

cases per district, and its predicted national total was 749,812.01 compared with 867,480 ob-

served cases. The shortfall was 117,667.99 cases, or 13.56% of the observed national total.

Figure 4 combines the WAPE comparison with an observed-versus-predicted display for the

primary model.

The largest absolute XGBoost-PSO errors occurred in high-burden districts in West Java.

Cianjur had 12,410 observed cases versus 7,066.70 predicted, while Sukabumi had 12,845 ob-

served versus 7,687.67 predicted. Bogor District had 28,595 observed versus 23,969.11 pre-

dicted. These underpredictions show that a favorable average ranking can coexist with substan-

tial errors in districts where surveillance burden is greatest.

The predictive negative binomial model selected NB2 on the 4,112 training pairs. Its test

WAPE was 35.35%, MAE 596.62, RMSE 1,486.02, and mean Poisson deviance 418.95. Its
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FIGURE 4. Retrospective 2025 temporal evaluation. Panel A compares WAPE

for the seven candidates; Panel B plots XGBoost-PSO predictions against ob-

served counts, with the dashed line indicating equality.

lower predictive accuracy does not invalidate contemporaneous IRR estimates, because associ-

ation estimation and next-year prediction address different targets. The evaluation nevertheless

quantifies the limitations of this log-linear mean specification for the restricted forecasting task.

3.5. Optimization gains and the persistence reference. PSO reduced 2025 WAPE relative

to each learner’s baseline. The relative reduction was 20.20% for Random Forest, 36.14% for

XGBoost, and 6.48% for LightGBM. XGBoost had the largest proportional improvement, from

30.37% to 19.39%. Table 10 separates development-fold improvements from 2025 temporal-

test improvements.

TABLE 10. Baseline-to-PSO WAPE reductions in development and 2025 tem-
poral testing.

Learner CV baseline
WAPE (%)

CV PSO
WAPE (%)

CV
reduction
(%)

2025
baseline
WAPE (%)

2025 PSO
WAPE (%)

2025
reduction (%)

RF 36.88 33.35 9.57 24.21 19.32 20.20
XGB 37.94 32.74 13.71 30.37 19.39 36.14
LGB 35.19 33.47 4.89 23.19 21.69 6.48
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All WAPE columns are percentages. Relative reduction is 100 × (baseline WAPE - PSO

WAPE)/baseline WAPE.

The separate persistence reference performed better than every fitted candidate on the 2025

outcome year. Its WAPE was 7.55%, MAE 127.42 cases, RMSE 222.19 cases, and mean Pois-

son deviance 29.43. Its bias was minus 21.28 cases per district. Thus, the ensemble results

demonstrate improvements over covariate-based baselines, but not superiority over simply car-

rying forward each district’s preceding recorded count.

This distinction matters because the fitted candidates deliberately excluded previous TB

counts. Persistence has direct information about recent district-level notification burden,

whereas the candidates estimate it through regional characteristics. The favorable persistence

result coincided with a relatively small 1.28% increase in the national total from 2024 to 2025.

Additional future-year evaluation is required to determine whether persistence remains advan-

tageous during larger surveillance changes [15, 16].

The primary model can therefore support an interpretable assessment of predictions based

on regional characteristics, but operational forecasting should consider the stronger persistence

reference. The exclusion of previous counts is a substantive constraint of the present model

comparison. It narrows the interpretation of predictive performance and helps explain why

larger errors remain despite PSO gains. A future study could evaluate autoregressive and com-

bined models under the same temporal design without treating the current results as evidence

for their performance.

3.6. SHAP explanations of the selected model. Population dominated the global SHAP

ranking for 2025 predictions, accounting for 57.55% of total mean absolute contribution. Den-

sity ranked second at 15.52%, followed by general hospitals per 100,000 residents at 5.31%.

Together, these three features accounted for 78.37% of normalized global importance. Table 11

compares the holdout ranking with the explanations of the refitted 2026 forecasting model.

Mean absolute SHAP is expressed in predicted cases. Shares are normalized within each year

and are not causal attributable fractions.

Figure 5 compares the global SHAP importance rankings for 2025 and 2026.
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TABLE 11. Global SHAP importance for the selected XGBoost-PSO models.

Predictor 2025 mean
|SHAP| (cases)

2025 share
(%)

2026 mean
|SHAP| (cases)

2026 share (%)

Population 1,005.63 57.55 959.89 56.62
Population density 271.16 15.52 284.48 16.78
General hospitals 92.74 5.31 98.32 5.80
Public health centers 81.10 4.64 73.82 4.35
Adequate drinking water 76.52 4.38 73.57 4.34
Poverty 69.60 3.98 72.72 4.29
BCG coverage 61.71 3.53 36.79 2.17
Household PHBS 51.14 2.93 66.10 3.90
Adequate sanitation 37.83 2.16 29.51 1.74

FIGURE 5. Relative mean absolute SHAP importance for XGBoost-PSO pre-

dictions in 2025 and 2026. Each ranking includes all nine regional predictors

and is calculated separately for its fitted model and explained observations.

Population’s dominance is consistent with predicting absolute notification counts. Larger

populations can generate larger recorded totals even when notification rates are similar. Density

and service availability provide additional information about regional profiles and surveillance

capacity [6, 32, 34, 35, 23, 24]. Their SHAP importance describes the fitted model’s use of

information rather than a causal hierarchy of epidemiologic determinants.

Figure 6 shows the distribution of local contributions across the 514 test predictions. Popu-

lation contributions have the widest spread, with large positive contributions for some districts
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and negative contributions for many smaller predictions. Density contributions also span posi-

tive and negative values. Variation within each predictor’s contribution distribution reflects its

interaction with the remaining regional profile and the model’s fitted structure.

FIGURE 6. Local SHAP contribution distributions for the 514 temporally sepa-

rated 2025 predictions. Horizontal positions are contributions in predicted cases;

vertical jitter is used only to distinguish overlapping observations.

The 2025 explanation baseline was 1,221.44 predicted cases. The maximum absolute

discrepancy between baseline plus summed SHAP values and the exported prediction was

0.000407 cases across all 514 observations. For the refitted 2026 model, the baseline was

1,136.00 and the maximum discrepancy was 0.000532 cases. These small reconstruction dif-

ferences verify numerical local accuracy, but do not establish causal validity or eliminate uncer-

tainty from Monte Carlo SHAP estimation [17, 19, 31].

3.7. District-level projections for 2026. The primary XGBoost-PSO model was refitted after

the 2025 temporal evaluation using predictor-outcome pairs through the 2025 outcome. Char-

acteristics measured in 2025 produced a total projected recorded burden of 792,909.68 cases for

2026. This was 8.60% below the observed 2025 total of 867,480. The projection is a model out-

put rather than evidence that transmission or national notifications will decline by this amount.

The 2025 holdout had substantial aggregate underprediction, which limits confidence in the

apparent decrease. The 2026 total must therefore be interpreted alongside the model’s test-year
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bias and the stronger persistence reference. No observed 2026 outcomes or forecast intervals

were available in the reported evaluation. Table 12 summarizes projections from all seven

models using the same forecast inputs.

TABLE 12. National projections of 2026 recorded TB cases across the seven
fitted models.

Model Projected 2026 total (cases) Change from observed 2025 (%)

Negative binomial 690,187.47 -20.44
Random Forest 789,900.55 -8.94
RF-PSO 818,471.99 -5.65
XGBoost 746,802.11 -13.91
XGB-PSO (primary) 792,909.68 -8.60
LightGBM 782,663.83 -9.78
LGB-PSO 787,673.39 -9.20

The observed 2025 total is 867,480. Changes compare predicted 2026 totals with this ob-

served reference and are not validated estimates of epidemiologic change.

Predicted burden varied substantially across districts. West Java had the largest projected

provincial total, 204,487.01 cases, followed by East Java at 93,784.22 and Central Java at

82,019.21. The three provinces together accounted for 47.96% of the model’s national projec-

tion. Figure 7 presents the district-level predicted absolute counts using the audited one-to-one

polygon match.

Table 13 lists the ten districts/municipalities with the highest projected counts and their lead-

ing SHAP contributions.

Population is the largest absolute contributor in all ten districts. Contributions in parentheses

are signed predicted cases; ranks use absolute SHAP magnitude. Counts are rounded only for

display.

Bogor District had the highest projected count, 28,329.73, followed by Bandung City at

18,361.25 and Medan City at 15,763.43. Population was the largest absolute SHAP contribu-

tor in every district in the top ten. Density was the second-ranked contributor in nine of these

districts, with poverty second in Bandung District. The third-ranked contribution varied across

regional profiles, illustrating why a national global ranking cannot substitute for local explana-

tions.
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FIGURE 7. XGBoost-PSO projections of recorded TB case counts for 2026

across 514 Indonesian districts and municipalities. The map uses absolute pre-

dicted counts and does not represent notification rates or individual risk.

TABLE 13. The ten highest 2026 district projections and selected local SHAP contributions.

District or
municipality

Projected
cases
(cases)

Second-ranked SHAP (cases) Third-ranked SHAP (cases)

1. Bogor District 28,330 Population density (+5,375) Poverty (+1,633)
2. Bandung City 18,361 Population density (+3,348) Poverty (+1,273)
3. Medan City 15,763 Population density (+2,894) Household PHBS (+1,705)
4. Bandung District 14,039 Poverty (+1,118) Household PHBS (+571)
5. East Jakarta 13,994 Population density (+3,264) Household PHBS (+1,466)
6. Tangerang District 13,784 Population density (+2,600) Household PHBS (+1,146)
7. Bekasi District 13,464 Population density (+2,479) Household PHBS (+962)
8. Karawang District 12,972 Population density (+2,179) Adequate drinking water

(+876)
9. Bekasi City 12,432 Population density (+2,575) Public health centers (-1,147)
10. Tangerang City 12,317 Population density (+2,607) General hospitals (+1,039)

For Bogor District, population contributed plus 18,212.21 predicted cases and density plus

5,375.13 relative to the model baseline of 1,136.00. Poverty contributed plus 1,633.30 cases,

while BCG coverage had the largest negative contribution in that district. Population alone
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accounted for 66.26% of the sum of absolute local SHAP contributions. This percentage sum-

marizes the prediction decomposition and does not mean that population caused 66.26% of

observed or projected TB cases.

In Bekasi City, population contributed plus 7,632.17 cases and density plus 2,575.06, whereas

public health-center availability contributed minus 1,147.46. The negative facility contribution

illustrates that local predictive directions can differ from a global importance ranking or a re-

gression coefficient. Figure 8 compares the complete regional SHAP profiles for Bogor District

and Bekasi City. Their baseline plus all nine contributions reconstructs each projected count

within the small numerical discrepancies reported above.

FIGURE 8. Local SHAP profiles for Bogor District and Bekasi City in the 2026

projections. Positive contributions increase the predicted count relative to the

baseline; negative contributions decrease it.

3.8. Strengths, limitations, and implications. The main strength is the separation of infer-

ential rate association, next-year count prediction, optimization, and model explanation. Dis-

tribution assessment compared four count families on the same contemporaneous development

data, while predictive evaluation used earlier-year characteristics and later-year outcomes. All

seven candidates excluded previous TB counts and were evaluated on identical observations.

The 2025 temporal assessment, seeded baselines, two PSO restarts, saved candidate histories,

and audited mapping provide transparent checks on the implemented workflow [15, 16, 36, 37].
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Several limitations constrain association estimates. Notifications depend on access, diag-

nosis, case-finding intensity, completeness of reporting, and policy, as well as transmission

[3, 4, 23, 24]. Ecological coefficients cannot be transferred to individual risk or interpreted as

causal effects. District-clustered standard errors allow repeated observations within districts but

do not model dependence between neighboring districts. The inferential model also omits an

explicit temporal term, so unmodeled national time changes may affect the estimated regional

associations.

The same expanding-window folds were used for tuning and reporting development per-

formance. Consequently, their optimized averages may be favorable relative to fully nested

temporal evaluation. Primary model selection was based on WAPE, while secondary metrics

favored RF-PSO; the small ranking differences were not accompanied by uncertainty intervals

for between-model differences. Geographic transfer was not tested because the same districts

appeared in training and future-year evaluation. The retrospective 2025 temporal results estab-

lish performance for one later outcome year rather than general superiority across future periods

or new regions [15, 16]. The 2025 outcomes had already been examined in earlier versions of

the analysis. Although the current pipeline locked the primary model and hyperparameters

from 2020-2024 validation before computing the 2025 metrics, the evaluation is retrospective

and cannot be described as fully unseen prospective validation. Earlier knowledge of these out-

comes may have influenced analytical development, so the test errors should be interpreted with

this limitation.

The restricted feature set omitted previous case counts, calendar year, and several determi-

nants of transmission and surveillance change. All fitted candidates showed negative 2025 bias,

and persistence was substantially more accurate in that year. The 2026 projections therefore

require prospective validation and should not be interpreted as a confirmed decline in national

burden. Forecast uncertainty intervals, spatial dependence, and repeated evaluation on later

years remain important extensions before operational adoption.

SHAP explanations are model-specific, sensitive to correlated covariates and background

choices, and subject to Monte Carlo approximation. Small additivity errors verify reconstruc-

tion of the fitted prediction, not the correctness of a policy interpretation. High projected
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counts and large contributions can guide surveillance review, but allocation decisions should

also consider population denominators, reporting completeness, local epidemiology, and equity

[17, 19, 37]. The model is most defensible as an aid to reviewing regional notification patterns

alongside program knowledge and simpler forecasting references.

4. CONCLUSIONS

Recorded district-level TB counts in Indonesia were strongly overdispersed. NB2 provided

the best fit among Poisson, generalized Poisson, NB1, and NB2 for contemporaneous 2016-

2024 data, with a population offset and district-clustered robust uncertainty. Density, BCG cov-

erage, general-hospital availability, adequate drinking-water access, and household PHBS had

positive adjusted notification-rate associations. These associations concern aggregate recorded

notifications and do not establish individual risk or causal effects.

XGBoost-PSO was selected by the lowest mean validation WAPE (32.74%) across five

expanding-window folds using previous-year regional characteristics. On the temporally sep-

arated 2025 outcome year, its WAPE was 19.39%, MAE 327.25 cases, RMSE 714.36 cases,

and mean Poisson deviance 121.56. RF-PSO performed slightly better on WAPE and MAE and

better on deviance, while XGBoost-PSO minimized RMSE. PSO improved each ensemble’s

WAPE relative to its baseline, but persistence was more accurate than all seven fitted candidates

on 2025.

SHAP identified population and density as the largest global contributors to XGBoost-PSO

predictions. Refitting through the 2025 outcome yielded a projected 2026 total of 792,909.68

recorded cases, with Bogor District ranked highest. This projected total requires caution be-

cause of negative test-year bias and the absence of 2026 outcome validation. The framework

supports ecological association analysis and interpretable regional forecasting while retaining

explicit limits on predictive and causal conclusions.
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district/municipality level.

DATA AND CODE AVAILABILITY

The harmonized dataset integrates publicly available district/municipality-level statistics from

Statistics Indonesia with restricted health data obtained from the Ministry of Health of the Re-

public of Indonesia. Because the Ministry of Health data are subject to third-party access and

reuse restrictions, the authors are not authorized to redistribute those data or the complete har-

monized dataset. Researchers seeking access to the restricted data should submit a request

through the Ministry of Health’s official data-request service. Analysis code, temporal-fold

summaries, model configurations, candidate histories, SHAP outputs, and other nonrestricted

derived materials may be obtained from the corresponding author upon reasonable request. Re-

quests should specify the intended scientific use and the materials required.
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