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Abstract 16 

Demographic and Health Surveys (DHS) and national censuses lack the spatial 17 

resolution and temporal consistency needed for fine-scale monitoring of socioeconomic 18 

inequalities, particularly in settings with difficult geographic access and highly dispersed 19 

populations, and substantial within-region heterogeneity.  20 

Using education and poverty indicators derived from the DHS and census-derived 21 

auxiliary data, this study developed Bayesian small-area estimation models to generate 22 

annual district-level socioeconomic estimates over an 11-year period in highly dispersed 23 

regions. This study further illustrates the utility of these estimates by characterizing the 24 

spatial relationship between socioeconomic indicators and malaria burden in the 25 

Peruvian Amazon, where malaria remains a major public health challenge.  26 

The selected models demonstrated robust predictive performance, producing consistent 27 

annual district-level estimates and extending estimates to unsampled areas, with strong 28 

agreement in cross-scale validation. The spatial analysis revealed heterogeneous 29 

district-level clusters where malaria incidence and socioeconomic indicators co-30 

occurred, highlighting spatial patterns that may be masked by traditional analyses 31 

conducted at broader geographic scales. These findings demonstrate that Bayesian 32 

small-area estimation models using DHS and census-derived auxiliary data can 33 

generate fine-scale, temporally stable socioeconomic estimates in small areas with 34 

sparse samples and high within-region heterogeneity, improving the assessment of 35 

spatial socioeconomic inequalities in data-limited settings. 36 

Keywords: socioeconomic disparities, inequalities, small-area estimation, poverty, 37 

education, malaria 38 

  39 



1. Introduction 40 

Education and wealth are key determinants of human wellbeing and central targets of 41 

the United Nations’ (UN)  2030 Sustainable Development Goals (SDGs), with Goal 4 42 

aiming for universal primary education and Goal 1 for the eradication of extreme poverty 43 

(1). Nationally, these indicators are monitored through censuses and Demographic and 44 

Health Surveys (DHS), but both approaches are limited by infrequent data collection and 45 

insufficient representativeness at subnational levels (2). According to the UN Statistics 46 

Division, national censuses should be conducted at least every 10 years, with higher 47 

frequency recommended in settings of rapid population change (3).  48 

While ensuring comparability across administrative levels, census data cannot be 49 

updated annually (4). Consequently, intercensal projections are commonly used, despite 50 

their limitations. By contrast, DHS provide frequent socioeconomic data through complex 51 

sampling designs ensuring national and subnational representativeness (2,5). These 52 

surveys enable intercensal updates of key indicators, but their estimates are typically 53 

representative only at predefined administrative levels, potentially masking 54 

heterogeneity at finer spatial scales.  In addition to monitoring SDG progress, 55 

socioeconomic indicators –particularly education and poverty– are key determinants of 56 

health outcomes, including vector-borne diseases such as malaria (6–10). Capturing this 57 

relationship at the local level requires socioeconomic data with finer spatial resolution 58 

than DHS and finer temporal resolution than censuses, particularly in regions with 59 

dispersed populations.  60 

Amazon Basin countries (Peru, Brazil, Venezuela, Colombia, Bolivia, Ecuador, Guyana 61 

and Suriname) share highly heterogeneous and spatially dispersed populations, making 62 

fine-scale monitoring of socioeconomic indicators especially challenging in this region. 63 

Limitations in the periodicity of censuses and DHS in areas with dispersed populations 64 

make it difficult to monitor changes in socioeconomic indicators over time at the lowest 65 

administrative level. This lack of granular socioeconomic information in turn limits our 66 

ability to understand how local social environments influence the dynamics of diseases 67 

in these settings, including malaria. To address these limitations, we applied Bayesian 68 

small-area methods to DHS and census data to generate annual district-level 69 

socioeconomic estimates in the Peruvian Amazon, a setting representative of highly 70 

dispersed Amazonian populations. We then illustrate the utility of these estimates by 71 



characterizing the spatial clustering between malaria incidence and the socioeconomic 72 

estimates over the study period.  73 

2. Results 74 

Sample characteristics 75 

The analysis of DHS data covered an 11-year period (2010–2020) across the 53 districts 76 

of the Loreto in the Peruvian Amazon, corresponding to a total of 1,183 cluster–year 77 

combinations and 583 district–year combinations. The spatial–temporal distribution of 78 

all cluster–year combinations are shown in Fig 1a. The number of household clusters 79 

(primary sampling units, or PSUs) sampled during the 2010–2014 period ranged from 80 

40 to 50 PSUs to represent the entire Loreto department. Starting in 2015, the survey 81 

sampling frame changed, and more than 100 PSUs per survey were included to obtain 82 

representative estimates. Nevertheless, it is important to note that although the number 83 

of PSUs increased, the number of sampled districts did not increase substantially (2010–84 

2014: average of 22 districts; 2015–2020: average of 30 districts). District-level 85 

sociodemographic information was obtained from the 2017 National Population Census, 86 

which provides complete coverage of all 53 districts in Loreto and was treated as time-87 

invariant over the study period. 88 

Direct estimates 89 

Direct district-year estimates were calculated for districts included in DHS sampling, 90 

accounting for the survey sampling design using the survey package in R (11). Although 91 

there was a moderate increase in the absolute number of sampled districts, the relative 92 

coverage of the total districts in Loreto increased from approximately 35% (19/53 93 

districts) of districts in 2010 to 49% (26/53 districts) in 2016 and 66% (35/53 districts) in 94 

2020.  95 

Regarding education, more than 50% of the population had achieved at least elementary 96 

education. However, some districts, such as Iquitos, the capital of Loreto, reach levels 97 

close to 90%. In contrast, poverty levels were consistently high across most sampled 98 

districts, with Iquitos and a few neighboring districts as exceptions. In several districts, 99 

direct poverty estimates reached the upper bound of the parameter space (equal to 1). 100 

The small number of sampled households per cluster within districts resulted in unstable 101 

direct estimators, with near-zero variance estimates and consequently overly narrow 102 

confidence intervals, limiting their reliability for area-level inference. 103 



Small area estimation 104 

Pre-selection of candidate models 105 

Goodness-of-fit metrics for candidate models are summarized in supplementary results 106 

3.1. As a first step in the model selection process, models were ranked primarily 107 

according to WAIC (Widely Applicable Information Criterion), where lower values 108 

indicate better expected out-of-sample predictive fit, with DIC (Deviance Information 109 

Criterion) and −logML (negative log marginal likelihood) used as secondary criteria to 110 

resolve close competition. Based on these metrics, the initial evaluation identified 111 

models Me-4 and Me-3 as the two best-performing models for elementary education, 112 

and models Mp-1 and Mp-2 for poverty. 113 

Model performance 114 

In a second step, the predictive performance of the candidates models was evaluated 115 

using complementary in-sample accuracy and predictive metrics. Fig 2 compares model-116 

based predictions with direct estimates for elementary education and poverty status 117 

across years and summarizes RMSE (root mean squared error), MAE (mean absolute 118 

error), and SMAPE (symmetric mean absolute percentage error) values for each model. 119 

Across both indicators, error metrics varied within narrow ranges over time, and 120 

differences across models were small relative to their interannual variability. However, 121 

the differences in the annual MAE and RMSE estimates between the periods 2010–2014 122 

and 2015–2020 are noteworthy for both indicators. Given that both indicators are 123 

proportions bounded between 0 and 1, RMSE and MAE values in the range of 0.05–124 

0.07 correspond to average absolute deviations between 5 and 7 percentage points, 125 

indicating high predictive accuracy at the district-year level. 126 

To further characterize prediction error, Fig 3 presents the MSE (mean squared error) 127 

and its decomposition into bias squared and variance. Although MSE is expressed on 128 

the squared scale of the outcome, its decomposition is informative for distinguishing 129 

systematic error from random variability. In the case of education, all models exhibited 130 

similar bias and variance values, with Me-3 and Me-4 showing slightly lower variance 131 

and bias. In the case of the poverty indicator, models Mp-1 and Mp-2 exhibited notably 132 

higher variance components, while their bias remained similar to that of the other 133 

models. This translates into substantially wider confidence intervals, despite point 134 

estimates being broadly comparable across models. Mp-3 and Mp-4 showed lower 135 

variance; however, Mp-4, which had the lowest variance component, produced the 136 



narrowest confidence intervals. Overall, these patterns indicate meaningful differences 137 

in uncertainty across models, primarily driven by differences in the variance component 138 

rather than systematic bias. 139 

Predictive ability was additionally assessed using conditional predictive ordinate (CPO) 140 

values, which evaluate how well each observation is predicted when it is left out of the 141 

model fitting process. Fig 3c summarizes the −2 log(CPO), where lower values indicate 142 

better predictive performance. Although the differences between models were small, Me-143 

4 (5819.82) showed the best predictive performance for primary education, followed by 144 

Me-3 (5820.08) and Me-2 (5831.19), while Mp-1 (4999.726) showed the best predictive 145 

performance for poverty, followed by Mp-3 (5003.455) and Mp-4 (5003.955). 146 

Taken together, MAE, RMSE, SMAPE, MSE, and −2 log(CPO) indicate that all proposed 147 

models yield accurate and stable predictions, with no evidence of substantial overfitting 148 

or systematic bias, thereby providing a robust basis for final model selection. 149 

Model validation 150 

Because DHS does not provide district-level direct estimates for many district-year 151 

combinations due to its sampling design, validation was conducted indirectly by 152 

aggregating district-level model-based predictions to the departmental level, and 153 

comparing these aggregates with corresponding departmental estimates obtained 154 

directly from the DHS survey (Fig 4). Aggregate sociodemographic indicators were 155 

computed through resampling from the posterior distribution of district-level predictions, 156 

thereby propagating uncertainty into the departmental-level estimates. 157 

In the case of elementary education, a particular pattern is observed. For all models, 158 

during the 2010–2014 period, the aggregated values were nearly identical to the direct 159 

DHS estimates. However, from 2015 onwards, all models showed values that were, on 160 

average, below the DHS estimates by less than 5% (<0.05 on a 0–1 scale), while 161 

preserving the same overall trend: a decline in 2016, a progressive increase up to 2019, 162 

and a plateau in 2020. In the case of poverty, unlike elementary education, the 163 

aggregated predictions from all models remained nearly identical to the DHS estimates 164 

throughout the entire study period. 165 

As shown in Fig 4, despite the discrepancy observed for elementary education during 166 

the 2015–2020 period, these differences are small (0.04-0.05) compared to the observed 167 

temporal variation and to the differences between model-based and direct departmental 168 



estimates. In the context of highly heterogeneous settings with limited data availability, 169 

where direct district-level estimates are not available, discrepancies of this magnitude 170 

indicate strong cross-scale consistency with DHS departmental benchmarks and good 171 

predictive performance in unsampled districts. 172 

Final model selection 173 

Based on model fit, predictive performance, and cross-scale consistency, Me-3 and Mp-174 

3 were selected as the final models for elementary education and poverty status, 175 

respectively. Model selection was guided by WAIC, −2 log CPO, and agreement between 176 

district-level and departmental estimates. Although these models did not consistently 177 

achieve the best performance across all metrics, differences relative to the best-178 

performing alternatives were negligible (SMAPE < 0.1), indicating similar predictive 179 

accuracy across specifications. For elementary education, where Me-3 and Me-4 180 

showed nearly identical performance, the simpler model was preferred to enhance 181 

parsimony and interpretability. In the case of poverty, Mp-3 was not the best-performing 182 

model across all metrics, but it was the most consistent across all the evaluated metrics. 183 

In addition, the confidence intervals of the district-level predictions from its competitors, 184 

Mp-1 and Mp-4, were either too wide or, conversely, too narrow. These final models were 185 

subsequently used to generate district-level estimates and to support the spatial analysis 186 

of the relationship between socioeconomic indicators and malaria incidence. Fig 5 shows 187 

the direct estimates and model-based predictions for each district in 2010, 2012, 2014, 188 

2016, 2018 and 2020, including unsampled areas, while predictions for all years are 189 

provided in Supplementary Fig 3.2. 190 

Spatial analysis of the relationship between socioeconomic indicators and 191 

malaria incidence 192 

Fig 1b shows the division of Loreto into its provinces (administrative level-2) and 193 

presents both provincial- and district-level patterns of malaria incidence from 2010 to 194 

2020. Malaria incidence peaked between 2013 and 2018, with the highest burden 195 

concentrated in the border provinces of Datem del Marañon and Loreto, which over the 196 

entire study period (2010–2020) recorded cumulative incidences of 172.15 and 120.81 197 

cases per 1,000 inhabitants, respectively. At the district level (Fig 1c), this pattern is 198 

reflected within these same high-burden provinces: districts in the northern zone—199 

particularly those located along the borders with Ecuador and Colombia—show a clear 200 

upward trend, with a pronounced intensification between 2013 and 2018. In contrast, 201 



districts in the southern part of the region consistently reported lower incidence levels 202 

throughout the study period. 203 

Figs 6 and 7 show bivariate maps describing the distribution at the district level by year 204 

of elementary education and poverty status  and malaria incidence, respectively. For 205 

elementary education and malaria incidence, two large and well-differentiated areas are 206 

consistently observed over time. In the north of the department, districts have a medium-207 

to-high malaria incidence and a low proportion of individuals with at least primary 208 

education, which evolves to an intermediate level from 2018 onwards. In contrast, the 209 

south shows districts with low malaria incidence and a high proportion of individuals with 210 

at least primary education, a pattern that has expanded toward the center of the 211 

department since 2017. However, in the eastern part of the department, there are 212 

districts with a high incidence of malaria and a high proportion of at least primary 213 

education, mainly between 2014 and 2017 (Fig 6). With respect to the poverty status 214 

and malaria incidence, the northern part of the department forms a consistent cluster of 215 

districts with high malaria incidence and medium-to-high levels of poverty. In contrast, 216 

the rest of the department shows a more heterogeneous pattern, with some districts 217 

experiencing medium-to-high malaria incidence and low poverty, while others exhibit 218 

high poverty but low malaria incidence (Fig 7). 219 

To further assess these spatial patterns, we performed a bivariate LISA analysis between 220 

each socioeconomic indicator and malaria incidence, using a conditional permutation 221 

test (999 simulations), and pseudo p-value <0.05 for significance. For elementary 222 

education, Low-Low clusters were identified from 2010-2014, which progressively 223 

shifted to High–Low clusters (high malaria incidence and low primary-education 224 

coverage) in the northern area bordering Ecuador. For poverty, a Low–Low cluster (low 225 

malaria incidence and low poverty) was identified in central Loreto, where the regional 226 

capital, Iquitos, is located. Notably, an adjacent district (Alto Nanay district) displayed a 227 

High–Low pattern, with high malaria incidence despite low poverty levels. 228 

3. Discussion 229 

Despite the recognized need to monitor socioeconomic inequalities, the lack of high-230 

resolution, temporally consistent socioeconomic data, especially in hard-to-reach areas 231 

where disease is endemic, such as the Amazon, has limited systematic monitoring. In 232 

this study, for the first time in the Americas, we bridge this gap by producing annual, 233 

subnational socioeconomic estimates for highly dispersed and heterogeneous 234 



populations using Bayesian small-area estimation models that combine national census-235 

derived socioeconomic indices with household survey data. These estimates 236 

demonstrate consistently strong temporal predictive performance, enabling reliable 237 

longitudinal monitoring across the region. Building on this granularity, we applied these 238 

estimates to reveal the fine-scale spatial patterning of malaria burden and its systematic 239 

co-occurrence with socioeconomic disadvantage across an 11-year period in the 240 

Peruvian Amazon. 241 

The first major contribution of this study is that the spatiotemporal Bayesian models 242 

generated district-level socioeconomic estimates for all years, including in districts that 243 

were never sampled during the study period. In contrast to traditional approaches that 244 

often rely on auxiliary data sources such as satellite or geospatial information to predict 245 

in non-sampled areas (26–28), our models produced stable estimates even in years with 246 

less than 50% sampling coverage. This framework is readily extensible to a wide range 247 

of sociodemographic indicators collected in DHS surveys, including morbidity, under-five 248 

mortality, and health service quality (29–32).  249 

Second, we demonstrate that strong predictive performance in non-sampled areas can 250 

be achieved using only national census data as auxiliary information. While most existing 251 

approaches rely on richer auxiliary sources such as administrative records or satellite-252 

derived covariates (26,31,33,34), we show that robust and temporally consistent spatial 253 

predictions are feasible even when relying on a single, widely available data source. This 254 

is particularly relevant for settings where alternative high-resolution data are scarce or 255 

inconsistent over time. Importantly, this approach is not specific to Peru but is highly 256 

transferable to other Amazonian countries, which share similar patterns of population 257 

dispersion and sociodemographic heterogeneity (35,36).   258 

The estimates generated by this study directly support monitoring of Sustainable 259 

Development Goals 1 (No Poverty) and 4 (Quality Education) at  the district level, on an 260 

annual basis in a region where official disaggregated progress assessments are rarely 261 

available (19,37). In Loreto specifically, these models revealed district-level trajectories 262 

of education and poverty between 2010 and 2020, where previously only department-263 

level trends from DHS data were available (16). In our analysis, socioeconomic 264 

indicators evolved heterogeneously across districts, with some showing sustained 265 

improvement while others experienced minimal gains. This fine-scale evidence can 266 



directly inform the strategic allocation of resources and the design of targeted 267 

interventions in the Peruvian Amazon.  268 

Using these district-level estimates, our LISA analysis identified clusters where high 269 

malaria incidence co-occurs with low levels of education, as well as clusters of low 270 

malaria incidence that co-occur with low levels of poverty, patterns consistent with 271 

previous research (7,9,38–40). This demonstrates the ability of these models to detect 272 

heterogeneity in the distribution of health inequalities on an annual basis in areas where 273 

analysis is traditionally conducted at the national level, leading to the masking of such 274 

variations. 275 

This study has some limitations. First, in 2015, a change in the DHS sampling design, 276 

including the number of PSUs, the weighting scheme, and the districts covered, 277 

introduced systematic noise in district-level predictions from 2015 onward, likely resulting 278 

in underestimates for affected districts. However, cross-scale validation at the 279 

departmental level showed that differences did not exceed 5%, suggesting that the 280 

overall patterns remained interpretable. Second, the poverty status variable was derived 281 

from the DHS wealth index. While some components are directly observable, others rely 282 

on self-reported asset ownership, which may be subject to underreporting. This limitation 283 

is common in household surveys, and wealth index-based estimates have been shown 284 

to be consistent with census data, allowing results to remain comparable. Third, this 285 

study relied exclusively on the 2017 Peruvian national census, as it was the only census 286 

available within the study period. Under this constraint, the burden of estimation falls 287 

primarily on the random effects, which were still able to capture the temporal variability 288 

observed in the DHS direct estimates. Fourth, estimates for 2020 should be interpreted 289 

with caution. The COVID-19 pandemic disrupted both the malaria surveillance system, 290 

through the temporary closure of primary healthcare facilities, and DHS data collection, 291 

which shifted to telephone interviews. These conditions may have affected the 292 

completeness of case reporting and the representativeness of the survey data. 293 

In conclusion, this study applied a Bayesian small-area estimation framework to 294 

generate annual, subnational socioeconomic indicators in small areas with sparse 295 

samples and high within-region heterogeneity using exclusively census-derived auxiliary 296 

data. Our models provide finer spatial resolution than DHS surveys and finer temporal 297 

resolution than census data. By enabling fine-scale and temporally stable inference 298 



beyond survey coverage, this approach improves the assessment of spatial 299 

socioeconomic inequalities in data-limited settings. 300 

4. Methods 301 

4.1. Study area and design  302 

Peru is a country located in South America and is divided into 24 departments 303 

(administrative level-1) (12). Loreto, located in the northeastern region of the Peruvian 304 

Amazon, is the largest department in Peru by area (~ 374 000 km2), and contains 53 305 

districts (administrative level-3) (13). Loreto exhibits considerable geographical and 306 

socio-demographic heterogeneity, with a highly dispersed human population, and is also 307 

endemic for several vector-borne diseases such as malaria and dengue (14). Further 308 

details on the characteristics of Loreto can be found in Supplementary information 1.1. 309 

This study included all 53 districts in Loreto, for the period of 2010-2020. 310 

We conducted a retrospective ecological study at the district level to generate annual 311 

district-level estimates of poverty status and elementary education, which were 312 

subsequently applied to characterize their spatial clustering with malaria incidence. 313 

Bayesian hierarchical small area estimation models were fitted using the Integrated 314 

Nested Laplace Approximation (INLA). Primary sampling units (PSUs), defined as 315 

clusters of households in the DHS, were aggregated to obtain cluster-level number of 316 

cases (y) and total number of households (n) by districts and years, which were used as 317 

inputs (15,16). District-level random effects were included to produce model-based 318 

predictions for each district-year combination with covariates from the 2017 Peruvian 319 

census incorporated to improve predictions. Finally, malaria case data from the Peruvian 320 

public health surveillance system were integrated with small-area model predictions to 321 

generate the spatial outputs used in the LISA analysis (17).  322 

4.2. Ethics declarations 323 

This study is a product of a doctoral dissertation approved by the Comité de Ética en 324 

Investigación, part of the Instituto de Ética en Salud of the Facultad de Medicina of the 325 

Universidad Nacional Mayor de San Marcos, under study number N° 0073-2025, which 326 

also waived the requirement for informed consent because this study used secondary 327 

data that had been anonymized. All methods were performed in accordance with the 328 

relevant guidelines and regulations. This study has satisfactorily complied with the 329 

recommendations regarding scientific, technical, and ethical aspects for research 330 

involving human subjects. 331 



4.3. Data sources and definition of variables 332 

4.3.1. Poverty and elementary education 333 

Poverty status and education were obtained from the DHS surveys conducted in Peru 334 

between 2010 and 2020. The DHS is a nationally representative survey conducted 335 

annually to measure demographic dynamics, maternal and child health, socioeconomic 336 

conditions, and factors associated with communicable and non-communicable diseases 337 

(16). It uses a complex two-stage, probabilistic, stratified, balanced, and independent 338 

sampling design that allows precise estimations at national, rural/urban, and 339 

departmental levels (16).  340 

Wealth and education variables from the DHS were recategorized into dichotomous 341 

variables. Poverty status was defined as households in the first two quintiles (quintile 1-342 

2) and elementary education was defined as households where at least one member 343 

has completed primary schooling, aligning with SDG targets and WHO wealth metrics 344 

(18,19), and UNESCO and World Bank indicators (20,21). Both binary variables were 345 

aggregated at the cluster level for the 2010–2020 period, resulting in the total number of 346 

households per PSU (n) and the number of events (y) for each PSU-year.  347 

4.3.2. Predictors 348 

Predictors were obtained from the Peru's National Population and Housing Census, 349 

conducted approximately every 10 years (most recently in 2017), providing statistical, 350 

demographic, social, and economic information at the district level (22). Variables from 351 

the housing, household, and population modules hypothesized to be associated with 352 

education and poverty were included, capturing domains such as basic housing 353 

services, construction materials, native language, educational attainment, employment 354 

status, and health insurance coverage. After transforming multi-category variables into 355 

dummy variables, a final set of 94 variables was obtained from an initial selection of 31. 356 

The complete list of national census variables included in the study is shown in 357 

Supplementary information 1.3.  358 

Principal component analysis (PCA) was applied to district-level proportions to reduce 359 

dimensionality and address multicollinearity. The first 10 components explaining more 360 

than 80% of the total variance were retained and evaluated for inclusion as fixed-effects 361 

(pc1–pc10) in the Bayesian SAE models. More information about PCA applied in 362 

Supplementary methods 2.1. 363 



4.3.3. Malaria data 364 

Malaria cases from 2010 to 2020 were obtained from the Peruvian public health 365 

surveillance system of the National Center for Epidemiology and Disease Control of the 366 

Peruvian Ministry of Health (MINSA) (17). This system consolidates all reports of malaria 367 

cases at the individual level from different health centers throughout the country. We 368 

aggregated individual malaria cases reported in the national surveillance system 369 

between 2010 and 2020 to the district level. Population data from WorldPop (23) were 370 

used to calculate incidence rates for each district throughout the study period. 371 

4.4. Statistical Analysis 372 

4.4.1. Descriptive assessment of sampled household clusters in the DHS 373 

The georeferenced locations of household clusters were obtained from the DHS survey 374 

for the period 2010–2020 and plotted on a base map of Loreto. This mapping of the 375 

location and frequency of sampled clusters was conducted to descriptively assess 376 

coverage, temporal availability, and changes in the number of sampled households by 377 

district.  378 

4.4.2. Cluster-level small area estimation models for socioeconomic indicators 379 

Model structure 380 

Bayesian hierarchical generalized linear models with spatio-temporal structure were 381 

fitted for each socioeconomic indicator using the Integrated Nested Laplace 382 

Approximation (INLA) framework.  383 

Elementary education  384 

A Bayesian hierarchical model with a Binomial likelihood was specified for the education 385 

outcome. Let 𝑦௜௧ denote the number of households with at least one member having 386 

completed elementary education in primary sampling unit (PSU) ݅ at time ݐ, and ݊௜௧ the 387 

corresponding total number of surveyed households within each PSU-year, where ݅ 388 

indexes PSUs and ݐ indexes year (2010–2020). The model is specified as:  389    𝑦௜௧|݌௜௧ ~ Binomial (݊௜௧ ,  ௜௧) 390݌

where ߤ௜௧ = ௜௧݌)ܧ ∣ ,ߦ ,ݒ  is the expected prevalence of elementary education 391 (ݓ

completion given all random effects. The mean is linked to a linear predictor through a 392 

logit transformation:  393 logit(ߤ௜௧) = ௜௧ߟ  394 



The linear predictor included spatial and temporal random effects and was progressively 395 

extended to evaluate alternative model specifications. Model development followed a 396 

sequential strategy. All model variants shared a common baseline structure consisting 397 

of a spatial effect ߦ(ݏ௜) modeled as a Gaussian random field (GRF) with Matérn 398 

covariance structure (SPDE approach) and a temporal effect ݒ௧ modeled as a second-399 

order random walk (RW2). Alternative specifications were obtained by (i) including or 400 

excluding socioeconomic covariates through principal components ܿ݌௞,௜௧, and (ii) 401 

including or excluding a province-level independent and identically distributed (iid) 402 

random effect ݓ௣(௜). 403 

The linear predictor is specified as: 404 

௜௧ߟ = 0ߚ + ∑ ௞௄ߚ
௞=1  pc௞,௜௧ + ξ(s௜) + ௣(௜)ݓ +  ௧ 405ݒ 

Where: 406 

 is the intercept 407 0ߚ •

•  pc௞,௜௧ is the value of the ݇-th principal component for PSU ݅ at time 408  .ݐ 

 is a spatial random effect modeled as a Gaussian random field (GRF) with 409 (s௜)ߦ •

Matérn covariance structure, approximated via the SPDE approach fitted on a 410 

triangular mesh over the Loreto department 411 

 ௧ is a temporal random effect modeled as a second-order random walk (RW2), 412ݒ •

allowing for smooth nonlinear temporal variation over the study period 413 

 ௣(௜) is a province-level iid random effect capturing residual heterogeneity at an 414ݓ •

intermediate spatial scale (included only in selected model specifications) 415 

Poverty status 416 

A Bayesian hierarchical Beta-Binomial model was specified to account for 417 

overdispersion in clustered binary outcomes. Let 𝑦௜௧ denote the number of households 418 

classified as poor in primary sampling unit (PSU) ݅ at time ݐ, and ݊௜௧ the corresponding 419 

total number of surveyed households within each PSU-year, where i indexes PSUs and 420 

t indexes year (2010–2020). The model is specified hierarchically as: 421 ݌௜௧~ Beta (α௜௧, β௜௧), 422    𝑦௜௧|݌௜௧ ~ Binomial (݊௜௧ ,  ௜௧) 423݌



with α௜௧ = ௜௧ϕ and β௜௧ߤ   = (1 − ௜௧ߤ ௜௧)ϕ, whereߤ  = ௜௧݌)ܧ ∣ ,ݑ ,ݒ  is the expected poverty 424 (ݓ

prevalence given all random effects and ߶ > 0 is a precision parameter controlling 425 

overdispersion. The mean is linked to a linear predictor through a logit transformation: 426 logit(ߤ௜௧) = ௜௧ߟ , 427 

The linear predictor included spatial and temporal random effects and was progressively 428 

extended to evaluate alternative model specifications. Model development followed a 429 

sequential strategy. All model variants shared a common baseline structure consisting 430 

of a district-level spatial effect ݑ௦(௜) modeled using the BYM2 model and a temporal effect 431 ݒ௧ modeled as a second-order random walk (RW2). Alternative specifications were 432 

obtained by (i) including or excluding socioeconomic covariates through principal 433 

components ܿ݌௞,௜௧, derived from census-based variables, and (ii) including or excluding 434 

a province-level independent and identically distributed (iid) random effect ݓ௣(௜). The 435 

linear predictor is specified as: 436 

௜௧ߟ = 0ߚ + ∑ ௞௄ߚ
௞=1  pc௞,௜௧ ௦(௜)ݑ + + ௣(௜)ݓ +  ௧ 437ݒ 

Where: 438 

 is the intercept 439 0ߚ •

•  pc௞,௜௧ is the value of the ݇-th principal component for PSU ݅ at time 440  .ݐ 

 ௦(௜) is a district-level spatial random effect defined over districts in the Loreto 441ݑ •

department, modeled using the BYM2 formulation, combining a structured 442 

component defined through an intrinsic conditional autoregressive (ICAR) model 443 

and an unstructured independent and identically distributed (iid) component 444 

capturing area-level heterogeneity 445 

 ௧ is a temporal random effect modeled as a second-order random walk (RW2), 446ݒ •

allowing for smooth nonlinear temporal variation over the study period 447 

 ௣(௜) is a province-level iid random effect capturing residual heterogeneity at an 448ݓ •

intermediate spatial scale (included only in selected model specifications) 449 

This specification allows for overdispersion relative to the standard binomial model while 450 

producing smoothed estimates at the district level through the hierarchical spatial 451 

structure. We considered four model variants based on alternative combinations of the 452 

socioeconomic covariates and the province-level random effect.  453 



Although all models are fitted to PSU-level data, predictions are reported at the district 454 

level. In SPDE-based models, predictions are derived by evaluating the latent spatial 455 

field at district centroids, whereas in the BYM2 specification spatial effects are defined 456 

directly at the district level. Full details of prior distributions and random effects 457 

specifications are provided in Supplementary Methods 2.2. 458 

Model selection 459 

A total of 4 models were fitted for each socioeconomic indicator: models Me-1 – Me-4 460 

for elementary education and models Mp-1 – Mp-4 for poverty status. These models 461 

differed in the number of principal components included and the specification of the 462 

spatio-temporal random effects. The selection of the best models was based on the 463 

Watanabe–Akaike information criterion (WAIC), the deviance information criterion (DIC) 464 

and the negative log Marginal Likelihood (-logML). In-sample accuracy was evaluated 465 

using metrics including mean absolute error (MAE), root mean squared error (RMSE) 466 

and symmetric mean absolute percentage error (SMAPE).  467 

Model validation 468 

To assess predictive performance, the conditional predictive ordinate (CPO) was used 469 

as an efficient approximation to leave-one-out cross-validation, computed directly from 470 

INLA without refitting the model. In addition, the mean squared error (MSE) was 471 

decomposed into squared bias and variance components to evaluate the sources of 472 

prediction error and further characterize the predictive accuracy of the models. 473 

Finally, we conducted a cross-scale validation by aggregating district-level predictions to 474 

the departmental level for poverty and elementary education. These were obtained by 475 

resampling district-level posterior predictions from the proposed models and contrasting 476 

them with the direct departmental estimates from DHS described above. The MAE was 477 

then calculated to quantify the differences between the two sets of estimates. All data 478 

cleaning, manipulation, and analysis were performed using R version 4.4.2 (24). 479 

4.4.3. Descriptive analyses and local spatial autocorrelation (LISA) of 480 

socioeconomic indicators and malaria incidence 481 

We mapped the distribution of malaria cases as incidence rates per 1,000 inhabitants 482 

for each district and year. We then produced district-level bivariate maps combining the 483 

socioeconomic estimates obtained from the best-performing model selected in the 484 

previous step with malaria incidence, using the biscale package in R (25), in order to 485 



explore their joint spatial distribution across the 2010–2020 period. Finally, we assessed 486 

spatial dependence between each socioeconomic indicator and malaria incidence by 487 

computing a local bivariate Moran’s I statistics for each year of the study period. Local 488 

indicators of spatial association were estimated for each district and year using spatial 489 

weights based on first-order queen contiguity, allowing the identification of High–High, 490 

Low–Low, High–Low, and Low–High spatial clusters.  491 



Data availability 492 

National census data are available free of charge upon request from the Peruvian 493 

National Institute of Statistics and Informatics (https://censo2017.inei.gob.pe/resultados-494 

definitivos-de-los-censos-nacionales-2017/). The Peruvian DHS microdata 495 

(Demographic and Family Health Survey—ENDES) are publicly available through the 496 

open data platform of the National Institute of Statistics and Informatics 497 

(https://proyectos.inei.gob.pe/microdatos/), and the code to download them directly is 498 

provided in the repository of this paper. Malaria epidemiological surveillance data are 499 

available from Peru's Centro Nacional de Epidemiología, Prevención y Control de 500 

Enfermedades through Peru's National Open Data Platform 501 

(https://www.datosabiertos.gob.pe/dataset/vigilancia-epidemiologica-de-malaria); 502 

access may be restricted outside Peru.  503 

Data are also accessible through the Peruvian Standard Transparency Portal 504 

(https://www.transparencia.gob.pe/enlaces/pte_transparencia_enlaces.aspx?id_entida505 

d=143).  All code used to download, clean, and analyze the data, as well as to generate 506 

the figures and tables presented in this study, is available at 507 

https://github.com/JoseMatta95/SAE_INLA_Loreto. 508 
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Figures 659 

Figure 1. Direct estimates of education and poverty and malaria incidence in Loreto. a. Map of the department of Loreto showing the location of the 660 

PSUs across the territory. The stratified distribution is displayed, distinguishing whether a PSU was sampled in 2010–2014 or 2015–2020. b. On the 661 

left, a map of Loreto showing the districts (administrative level 3), and their grouping into the region’s eight provinces (administrative level 2). On the 662 

right, the cumulative malaria incidence over the years (2010–2020), stratified by each province of Loreto. c. Distribution of malaria incidence per 663 

thousand inhabitants in the department of Loreto between 2010 and 2020. The incidence is shown using a log10 transformation to smooth values 664 

close to zero. Districts that did not report any cases of malaria are shown in grey. For panel c, values are displayed at two-year intervals for clarity; 665 

the full annual series is provided in the supplementary figure 3.4. 666 

   667 



 Figure 2. Predicted values and direct estimates of education (elementary education, a) and poverty 668 

(poverty status, b) and accuracy metrics in-sample by year. The dotted line has a slope of 1, showing 669 

the relationship between the direct estimate and the values predicted by each model for each year. 670 

The MAE, SMAPE, and RMSE values are shown for each model for each year of the study period 671 

included. The heatmap shows the years in which the models have a higher accuracy metric value. 672 

MAE: Mean Absolute Error; SMAPE: Symmetric Mean Absolute Percentage Error; RMSE: Root Mean 673 

Squared Error. Mp: Models for poverty indicator, Me: Models for elementary education indicator. 674 

Panels a and b, values are displayed at two-year intervals for clarity; the full annual series is provided 675 

in the supplementary figure 3.5 and 3.6.   676 



 Figure 3. Predictive performance of models for poverty and education. Decomposition of the Mean 677 

Squared Error (MSE) into squared bias and variance for primary education (Elementary education, 678 

a) and poverty (poverty status, b). Values by model and area are displayed, while the larger, darker 679 

figures represent the annual average values for each model. Panel c shows the −2log(CPO) values 680 

of each pre-selected model for each socioeconomic indicator. MSE: Mean Squared Error. Mp: Models 681 

for poverty indicator, Me: Models for elementary education indicator. 682 

683 



Figure 4. Estimates of aggregate predictions at the departmental level for each model by year for primary education (Elementary education, a) and 684 

poverty (poverty status, b). Department-level estimates were obtained by aggregating district-level model predictions, with associated 95% credible 685 

intervals. For comparison, the corresponding estimates from the DHS survey, with their 95% confidence intervals, are also shown. The difference 686 

between the two sources is summarised in terms of the Mean Absolute Error (MAE). Mp: Models for poverty indicator, Me: Models for elementary 687 

education indicator. 688 

.  689 



 Figure 5. Predictions of socioeconomic indicators for education (Elementary education, a) and 690 

poverty (poverty status, b) in all districts of Loreto for the years 2010, 2012, 2014, 2016, 2018, and 691 

2020. Direct estimates correspond to values obtained from the DHS survey, while model-based 692 

predictions were generated using Me-3 and Mp-3, the best-performing models for education and 693 

poverty, respectively. UBIGEO: district-level geographic identifier.694 



Figure 6. Spatial patterns of education and malaria incidence. a) Bivariate mapping of the relationship between the proportion of primary education 695 

and the malaria index at the district level from 2010 to 2020. Both variables were categorized into tertiles, and the resulting combinations were used 696 

to construct the categories displayed in the bivariate map. b) shows the clusters identified using the bivariate Local Moran’s I test (malaria incidence 697 

– primary education). A cluster of high malaria incidence and low primary-education levels is observed in the border area with Ecuador. Non-significant 698 

clusters are shown as transparent. Panels a and b, values are displayed at two-year intervals for clarity; the full annual series is provided in the 699 

supplementary figure 3.7. 700 



 Figure 7. Spatial patterns of poverty and malaria incidence. a) Bivariate mapping of the relationship between the proportion of poverty and the 701 

malaria index at the district level from 2010 to 2020. Both variables were categorized into tertiles, and the resulting combinations were used to 702 

construct the categories displayed in the bivariate map. b) shows the clusters identified using the bivariate Local Moran’s I test (malaria incidence – 703 

poverty). Non-significant clusters are shown as transparent. Panels a and b, values are displayed at two-year intervals for clarity; the full annual 704 

series is provided in the supplementary figure 3.8. 705 

 706 
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