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A B S T R A C T

Crop production plays an important role in global food security, economic stability, and sus
tainable development, so it is important to identify covariates that linearly and nonlinearly affect 
it to ensure sustainable food security and economic stability. In this study, we have used a 
Bayesian geo-additive mixed model to analyze the spatially structured agricultural sample survey 
data of eight years (Meher seasons from 2012/13 to 2019/20) collected annually by the Central 
Statistics Agency of Ethiopia (the current Ethiopian Statistical Service). The posterior estimates of 
the linear fixed effects showed that the proportion of farmers preventing soil erosion, the pro
portion of educated farmers, the percentage of crop damage, and the number of oxen all have a 
significant negative effect, while the proportion of farmers who practice pure agriculture and the 
area used have a significant positive effect on log crop production per household in the zone. The 
posterior estimates of the non-linear fixed effects showed that year, the proportion of female 
farmers, the proportion of farmers who practice other agriculture, the proportion of farmers who 
used broadcast sowing, household age, farmer association crop production, and UREA fertilizer 
used have significant non-linear effects on log crop production. Pure agricultural farming, cluster 
farming, farmers’ associations, and UREA fertilizer usage are recommended to increase crop 
production at the zone level. To attain the main objective of this study, we considered only the 
spatial structure or dependency of the sample survey data.

Introduction

Crop production is important for global food security, serving as a primary source of food and essential nutrients. It also contributes 
to economic stability by providing income for smallholder farmers and employment for rural youth [1,2]. Furthermore, crop pro
duction supports sustainable development through efficient management of natural resources and enhances the resilience of agri
cultural systems to climate change [3,4]. Additionally, it plays a significant role in trade and market access, which affect exports and 
market dynamics [5].

Also in Sub-Saharan countries, crop production is the primary source of food security and income for smallholder private farmers 
[6–8]. In Ethiopia, smallholder private farmers significantly contribute to the majority of Meher (which is the main cropping season in 
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Ethiopia) season’s crop production, playing an important role in household and national food security and the economy [9–11]. To 
ensure food security and economic sustainability, it is essential to have well-organized and managed crop production at the farmer, 
zone, and county levels. This approach will help enhance the productivity and efficiency of crop production by maximizing the uti
lization of limited resources and inputs [12–20].

Identifying covariates significantly affecting crop production and implementing the findings are important for a country to have a 
sustainable source of food security and economy [21–26]. For this, we can use linear or non-linear (mixed) statistical models [27–31]. 
The linearity assumption between the response variable and covariates in a linear mixed model may not hold for all covariates, and to 
relax the linearity assumption, we can use an additive mixed model [30,32–35].

If the spatial information of the area units (zones) from which the dataset was collected is available, modeling the variability in the 
response variable as a function of covariates and random effects that model residual variation unexplained by covariates but 
contributed by spatial variations will improve the predictive performance of the model. So, we extend the additive mixed model by 
incorporating the spatial information into the model analysis [36].

According to Waldo Tobler’s first law of geography, observations from nearby area units are more similar or have a relatively 
stronger spatial autocorrelation than observations from distant area units [37]. In addition to repeated observations of the same area 
unit (zone), the spatial structure of the dataset leads to spatial dependence or autocorrelation of observations, which needs spatial 
analysis that addresses the dependence of observations (spatial structure); otherwise, it leads to spurious results [38,39].

So, to identify the spatial pattern of crop production across zones of the country, Ethiopia, and estimate the linear and non-linear 
effects of the covariates, we use the Bayesian modeling approach, Latent Gaussian Models (LGMs), which is easily analyzed using the 
Integrated Nested Laplace Approximation (INLA) method [39–42].

The main objective of this study is to identify the set of covariates that have significant linear and nonlinear effects on crop 
production and identify the spatial pattern of crop production using a Bayesian geoadditive mixed model that considers the spatial 
autocorrelation between observations from nearby zones. For this purpose, different packages (like “rgdal,” “spdep,” and “R-INLA”) in 
R (4.3.2, updated version) software are used.

Study area and data

The study areas used in this study are all ninety administrative zones from all ten demonstrative regions in Ethiopia, where 
agricultural sample surveys are annually conducted by the Central Statistics Agency (CSA) of Ethiopia.

Eight-year (from 2012/13 to 2019/20) Meher seasons agricultural survey data from smallholder private farmers is aggregated at 
zonal level using weighted average (mean), and we used a natural log transformation of the response variable, the mean crop pro
duction per zone per household, following the results of a Box-Cox transformation.

Methodology

Spatial statistics is a very broad collection of methods and techniques of visualization, exploration, and analysis applied to spatial 
data with the interest of studying the spatial pattern of the interest variable over spatial area units. Spatial data are stochastic process 
realizations of attributes indexed by area unit (zone), and if there are m non-overlapping spatial area units (zones), the observed 
attribute in area unit j is given by [38,39]:

Z
(
sj
)
: s ∈ D⊂ Rk j = 1, 2, 3, …, m (m = 90 zones in our case)

where Z(s): is a characteristic of the interest variable observed at spatial location sj
s: is the spatial location from where data is observed (each zone)
D: is the spatial domain or area of interest (the study area, Ethiopia)
Rk: is k-dimensional Euclidean space (2-dimensional in our case).
Depending on the type of problem and characteristics of the domain D, there are three types of spatial data: areal (lattice) data, 

geostatistical data, and point pattern. For this study, we use areal (lattice) data from irregularly shaped administrative zones that share 
non-zero-length common boundaries [38,39].

Following Waldo Tobler’s first law of geography, we expect that observations from nearby zones have a relatively stronger spatial 
autocorrelation than observations from distant zones, and this leads to spatial dependency or correlation that decreases with the 
increase in separation distance (h) between zones [37,38,41].

A spatial weights matrix is a mathematical construct used in spatial analysis to represent the spatial structure of a dataset (i.e., the 
spatial dependency between different zones) and to compute variogram and spatial autocorrelation measures like Moran’s I and 
Geary’s C. The spatial weights matrix is an m × m matrix, where m is the number of zones, and each element wij represents the spatial 
relationship between zones si and sj.

The weights wij can take various forms, and we considered four different schemes: radial distance weights (186 km threshold), k- 
nearest neighbor weights (k = 5), and boundary-based or contiguity weights (rook contiguity weights and queen contiguity weights) 
for this study [38,43–47].

To measure and test the spatial stationarity of the process and spatial autocorrelation of observations (of interest variable) from 
nearby zones, we can use a variogram (semi-variogram), global and local Moran’s I and Geary’s C, Getis and Ord local statistics, and a 
Moran scatterplot [38,45,46,48]:

Bayesian inference is a flexible and powerful statistical method that uses Bayes’ theorem to update the probability of a hypothesis 
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based on new evidence, allowing for the incorporation of prior knowledge and providing a comprehensive probabilistic framework for 
data interpretation. Bayes’ theorem relates the conditional and marginal probabilities of random variables, and the target is to estimate 
the joint posterior distributions [49–52].

Integrated Nested Laplace Approximation (INLA) is a computational method for Bayesian inference in latent Gaussian models (like 
spatial models), offering a fast and accurate alternative to traditional Markov Chain Monte Carlo (MCMC) methods. Unlike MCMC, 
which focuses on estimating the highly multivariate joint posterior distribution, INLA estimates the univariate marginal posterior 
distribution of latent fields and hyperparameters. INLA’s computational efficiency and superiority stem from its use of sparse rep
resentations of high-dimensional precision matrices in latent Gaussian models and its combination of Laplace approximations and 
nested integration strategies. These advantages make INLA widely applicable in various fields, and it is implemented in the R-INLA 
package [39,40,53–57].

The general form of a geo-additive mixed model for a normally distributed response variable is given by (1): 

y = Xiβ +
∑

k=1
fk(x∗

ki) + fstruct( ⋅ ) + funstruct( ⋅ ) (1) 

where y is a vector of the response variable (n × 1) 

Xi is the ith row of the known design matrix (Xn×c) of fixed effects
β is a vector of unknown linear fixed effects (c × 1)
fk (⋅) is unknown non-linear smooth function of the covariate x∗

k
fstruct (⋅) is a structured (spatially correlated) random effect (uj)
funstruct (⋅) is an unstructured (spatially uncorrelated) random effect (vj).

The structured and unstructured spatial random effects are modeled using the ‘BYM’ model by Besag, York, and Mollié, and for the 
ith observation of the response variable, the model is re-expressed by (2) as follows [39,53,58]:

yi = Xiβ+
∑

k=1fk(x∗
ki)+ uj + vj + εi(2) where uj|u− j, τu ∼ N

(

unj ,
1

τunj

)

… iCAR model in which the value of the spatial effect uj 

at zone sj is conditionally dependent on the neighboring spatial effect values u− j

unj =
1
nj

∑
u− j where nj is the number of neighbors of zone sj

vj|τv ∼ N
(

0, 1
τv

)

… i.i.d. Gaussian model

εi ∼ N
(
0, σ2

ε
)

… random error identically and independently normally distributed.
The terms τu and τv are the precisions (variance inverse) of the structured and unstructured spatial random effects, respectively, and 

σ2
ε is the variance of the random error term.

For this study, the Gaussian priors (mean of zero and a precision of 0.001) are used for fixed effect and random walk parameters. For 
the spatial random effects, we used log gamma with parameters of (1, 0.001) for the spatially structured random effect and (1, 0.01) for 
the spatially unstructured random effect [39,54,58].

The basic assumptions for geo-additive mixed models are extensions of the assumptions for linear (additive) mixed models, and the 
spatial process is often assumed to be stationary (i.e., the statistical properties do not change over space) [31,32,38,59–62].

For model assessment (how they are fitting the data) and comparison (among the competing models), we can use different criteria 

Fig. 1. Observed Meher season crop production by zones from 2012/13 to 2019/2020.
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values computed using R-INLA, like conditional predictive ordinate (CPO), predictive integral transform (PIT), and Kullback-Leibler 
divergence (kld) for model assessment and marginal likelihood (ML), deviance information criterion (DIC), and widely applicable 
Bayesian information criterion (WAIC) for model selection [41,58,63–72].

Results and discussion

The overall mean and standard deviation of crop production across all zones for the study period are 0.850 and 0.267 quintals, 
respectively. The minimum and maximum crop production observed are 0.208 and 2.170 quintals, respectively. The first, second, and 
third quartiles of crop production are 0.675, 0.845, and 1.036 quintals, respectively, and we can see half of the farmers produced less 
than the overall mean crop production.

The linearity assumption of the functional relationships between the response variable and the covariates is assessed, and the result 
showed that nine of the covariates have a significant nonlinear relationship (large effective degrees of freedom (edf) values with small 
p-values (< 0.05)) with crop production.

Fig. 1 shows the spatial distribution of crop production for each zone for each Meher season, and from the figure we can see that 
there is clustering (similarity of crop production from nearby zones than from distant zones) of crop production, suggesting possible 
spatial dependency of crop production.

Fig. 2 shows the stationarity of the random process crop production (a red line fitted to the scatter plot and cloud of squared 
difference, top left and right panels, respectively, and the bounded fitted theoretical variograms, bottom panel). From the empirical 
and theoretical variograms, bottom panel, we can also see the degree of spatial dependence between pairs of crop production for 
different separation distances, and those observations from neighboring zones have similarity (less variance) and a high degree of 
spatial autocorrelation, while those from long-distance zones have high dissimilarity (high variance) and a low degree of spatial 
autocorrelation [73–75].

We used Moran’s I and Geary’s C statistics and Moran’s scatterplot to test and confirm the spatial dependency of crop production, 

Fig. 2. Scatter plot and cloud variogram (top left and right panels, respectively) and empirical and theoretical variograms (bottom panel) of 
crop production.
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suggested and shown in Figs. 1 and 2. We considered four different types of neighborhood schemes: rook-based contiguity, queen- 
based contiguity, k-nearest-based neighbors, and distance-based neighbors.

The spatial dependency (autocorrelation) of the crop production from nearby zones for each Meher season is computed using 
Moran’s I and Geary’s C under the randomization and normality assumptions, and the results are summarized and presented under 
Table 1. The estimated values of Moran’s I and Geary’s C are statistically significant, indicating there is a positive spatial autocor
relation of crop production from nearby zones.

Fig. 3 shows the Moran scatterplot of the 2019/20 Meher season’s crop production using the Rook/Queen scheme (Moran’s I =
0.528, p-value < 0.000), and we can see that the dominant points are found in the upper right and lower left quadrants compared to the 
other two quadrants, indicating there are positive spatial associations such that higher (lower) crop productions are surrounded by 
higher (lower) crop productions.

From the global spatial autocorrelation statistics (Moran’s I and Geary’s C) and the Moran scatterplot, we have seen that there are 
spatial dependencies (clusters) of crop production from nearby zones, but they didn’t tell us where these clusters are.

Local Moran’s I is computed for each zone and mapped to identify local similarity or cluster of crop production. Fig. 4 shows zones 
with similar crop production (zones with light-green, green, and dark-green colors) based on the four neighborhood schemes for the 
2019/20 Meher season.

To verify the importance of relaxing the linearity assumptions and incorporating random effects, three different models (linear 
fixed model (lm), additive fixed model (af), and additive mixed model (am)) are fitted to the same dataset. Fig. 5 shows the maps of the 
fitted values (top panel) and their corresponding residual values (bottom panel) of the fitted models, and we can see that the additive 
mixed model is best performing in predicting the observed crop production, justifying the importance of considering non-linear re
lationships and zones as random effects in the model.

Bayesian additive models without random effects, with random effects (assuming independent zones), and Besag, York, and Mollie 
for queen/rook and distance-based neighborhood schemes were fitted, and all the information criteria values under Table 2, except the 
marginal log-likelihood, suggested the Besag, York, and Mollie model for queen/rook neighborhood scheme best fits the dataset [76].

The Besag-York-Mollie model is fitted to the data, and the posterior point and interval estimates of model parameters are shown in 
Table 3.

Zones with a higher proportion of educated farmers, a higher proportion of farmers who prevented erosion, a higher percentage of 
crop damage, and a higher number of oxen have less crop production, while zones with a higher proportion of farmers practicing pure 
agriculture and with more cropland area used have more crop production. The point posterior mean estimates of linear fixed effects 
show that covariates such as the average area used per hectare per household and the proportion of farmers who practicing pure 
agriculture have a positive and significant effect on crop production. This indicates that cropland and focusing on crop farming are the 
most important input factors. So, to increase crop production in zones, farmers should be encouraged to use cluster single crop farming 
to maximize effective usage of their cropping land [61,62,77–82].

The decreasing effects of education and the number of oxen may be due to the fact that farmers with higher educational levels are 
more likely to engage in various personal (such as other business ventures), social, and governmental activities. Additionally, 
households with more oxen are more likely to benefit from the growing demand for animal products as a source of food and income, as 
opposed to traditional labor- and capital-intensive crop farming [83–86].

Covariates, the proportion of farmers who practice pure agriculture and the average area used per hectare per household, were also 
found to have positive and significant effects on crop production under the linear mixed model and additive mixed model analyses of 

Table 1 
Moran’s I and Geary’s C based on four neighborhood schemes.

Meher Season Statistic Spatial Weights

Rook/Queen Contiguity K (5)-Nearest Distance (Within 186 km)

Sample Estimate Sample Estimate Sample Estimate

Estimate Expectation Variance Estimate Expectation Variance Estimate Expectation Variance

2012/13 Moran’s I 0.340 − 0.011 0.004 0.330 − 0.011 0.004 0.275 − 0.011 0.003
Geary’s C 0.670 1 0.005 0.629 1 0.004 0.707 1 0.003

2013/14 Moran’s I 0.354 − 0.011 0.004 0.350 − 0.011 0.004 0.305 − 0.011 0.003
Geary’s C 0.651 1 0.005 0.618 1 0.004 0.682 1 0.003

2014/15 Moran’s I 0.340 − 0.011 0.004 0.312 − 0.011 0.004 0.275 − 0.011 0.003
Geary’s C 0.662 1 0.005 0.657 1 0.004 0.709 1 0.003

2015/16 Moran’s I 0.339 − 0.011 0.004 0.339 − 0.011 0.004 0.306 − 0.011 0.003
Geary’s C 0.644 1 0.005 0.627 1 0.004 0.682 1 0.003

2016/17 Moran’s I 0.344 − 0.011 0.004 0.343 − 0.011 0.004 0.328 − 0.011 0.003
Geary’s C 0.644 1 0.005 0.616 1 0.004 0.650 1 0.003

2017/18 Moran’s I 0.358 − 0.011 0.004 0.358 − 0.011 0.004 0.348 − 0.011 0.003
Geary’s C 0.653 1 0.005 0.603 1 0.004 0.622 1 0.003

2018/19 Moran’s I 0.528 − 0.011 0.004 0.448 − 0.011 0.004 0.459 − 0.011 0.003
Geary’s C 0.467 1 0.005 0.486 1 0.004 0.515 1 0.003

2019/20 Moran’s I 0.528 − 0.011 0.004 0.448 − 0.011 0.004 0.459 − 0.011 0.003
Geary’s C 0.467 1 0.005 0.486 1 0.004 0.515 1 0.003

p-value = 0.000 for all Meher seasons, neighborhood schemes, and assumptions
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the previous studies. The covariate proportion of educated farmers was also found to have a negative and significant effect on crop 
production under additive mixed model analysis but was insignificant under linear mixed model analysis of the previous studies [61,
62].

The covariates proportion of farmers who get credit service and proportion of farmers who hold only crop are insignificant as they 
were under linear mixed model analysis, but they were found to have negative and significant effects on crop production under 

Fig. 3. Moran scatterplot of the 2019/20 Meher season’s crop production.

Fig. 4. Local Moran’s I plot of the 2019/20 Meher season based on four neighborhood schemes.

Fig. 5. Maps of observed and fitted (top panel) and corresponding residual (bottom panel) values from linear (lm), additive fixed (af), and additive 
mixed (am) models.
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additive mixed model analysis of the previous studies. The covariate proportion of farmers who prevented erosion was insignificant 
under the linear mixed model and additive mixed model analyses of the previous studies. The covariate percentage of crop damage was 
found significant to affect crop production negatively under linear mixed model analysis but insignificant under additive mixed model 
analysis of the previous studies. The covariate number of oxen was found significant to affect crop production negatively under ad
ditive mixed model analysis but insignificant under linear mixed model analysis of the previous studies [61,62].

We also observed that the covariate irrigation is not significant in explaining crop production under this study and the previous 
studies using linear mixed model analysis and additive mixed model analysis, as this study mainly focuses on the Meher season’s crop 
production, which is the main and rainy season in the country [87].

Covariates non-linearly affecting crop production are shown with their magnitude and direction in Figs. 6a and 6b, and we can see 
that the posterior mean effects are positive above the red dashed lines, which are at the zero posterior mean effects.

Table 4 and Fig. 7 show the summary statistics and maps of observed and fitted crop production from each zone for the study 
period, respectively, using the Bayesian geo-additive mixed model. From the table and maps, we can see that the fitted values are very 
close to the observed values, indicting the predictive power and how the model fitted the data.

Fig. 8 shows the plots of the spatial random effects considered in the model that capture the zonal-level variability in crop pro
duction not explained by the linear and non-linear effects. The spatially structured random effects indicated the spatial clustering of 
crop production by zones, and we can see that the western and eastern zones of the country have higher crop production compared to 
the northern, central, and south-central zones of the country (Fig. 8(A)). The spatially unstructured random effects (Fig. 8(B)) show the 
randomness or independence of crop production by zones except some zones from southern Oromia and Somali regions.

Fig. 9 shows the PIT (top panel) and CPO (bottom panel) plots, and we can see that the number of model failures to predict each 
observation using leave-one-out cross-validation is zero, the distribution of observations’ PIT values closely follows a uniform 

Table 2 
Summary of information criteria values for the Bayesian models.

Fitted Model (Zone as random effects) CPO DIC WAIC ML (Gaussian)

Without random effects − 521.4705 − 1102.35 − 1064.08 460.32
With random effects, assuming iid − 637.0227 − 1394.53 − 1340.49 528.90
With structured and unstructured random effects, for Queen/Rook contiguity − 638.4874 − 1399.49 − 1345.15 470.96
With structured and unstructured random effect, for Distance contiguity − 637.2573 − 1395.73 − 1341.57 444.83

Table 3 
Posterior means, standard deviations, and 95 % credible intervals of fixed effects and model hyperparameters.

Fixed effects:

mean sd 0.025quant 0.5quant 0.975quant mode kld

(Intercept) 0.701 0.228 0.249 0.703 1.146 0.703 0
Educ_Prop − 0.002 0.001 − 0.004 − 0.002 − 0.001 − 0.002 0
PureAgr_Prop 0.004 0.001 0.003 0.004 0.005 0.004 0
CropHold_Prop − 0.001 0 − 0.002 − 0.001 0 − 0.001 0
BothHold_Prop − 0.001 0.001 − 0.003 − 0.001 0.001 − 0.001 0
PrivateOwner_Prop 0.002 0.001 − 0.001 0.002 0.004 0.002 0
Credit_Prop − 0.001 0.001 − 0.002 − 0.001 0 − 0.001 0
Advice_Prop 0 0.001 − 0.001 0 0.001 0 0
CropRotat_Prop 0 0.001 − 0.001 0 0.001 0 0
Extension_Prop 0.001 0.001 − 0.001 0.001 0.002 0.001 0
Irrigation_Prop 0 0.001 − 0.002 0 0.003 0 0
PrevErosion_Prop − 0.002 0.001 − 0.003 − 0.002 − 0.001 − 0.002 0
ImpSeed_Prop − 0.001 0.001 − 0.003 − 0.001 0.002 − 0.001 0
CropDamage_Prop 0.001 0.001 0 0.001 0.002 0.001 0
MeasureDamage_Prop 0 0.001 − 0.002 0 0.001 0 0
HH_Size 0.011 0.01 − 0.01 0.011 0.032 0.011 0
Area 1.345 0.207 0.939 1.345 1.75 1.345 0
DA_Product − 0.001 0 − 0.001 − 0.001 0 − 0.001 0
Imp_Seed 0 0 0 0 0 0 0
DAP_Fert − 0.001 0.001 − 0.002 − 0.001 0.001 − 0.001 0
Other_Fert 0.001 0.001 0 0.001 0.003 0.001 0
Dam_Perc − 0.003 0.001 − 0.004 − 0.003 − 0.001 − 0.003 0
Num_OXEN − 0.151 0.037 − 0.224 − 0.151 − 0.077 − 0.151 0
FruBear_Trees 0 0 0 0 0 0 0
Random effects:
Model hyperparameters: mean sd 0.025quant 0.5quant 0.975quant mode
Precision for the Gaussian observations 156.56 10.47 136.92 156.22 178.12 155.58
Precision for Zone.struct 2140.39 9113.07 11.13 454.84 14,579.67 12.62
Precision for Zone 126.53 33.05 74.4 122.23 203.61 113.9
Adjusted R-Squared (R2-adj) 0.923 ​ ​ ​ ​
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Fig. 6a. Non-linear effects; (A) Meher season, (B) proportion of female farmers, (C, D, and E) proportion of farmers who practiced other agriculture, 
broadcast sowing, and used any fertilizer, respectively.

Fig. 6b. Non-linear effects; (F) household age, (G) farmers association crop production (in quintals), (H) indigenous seed used (in kg), and (I) only 
UREA fertilizer used (in kg).
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distribution between zero and one (top panel), and there are no unusual or unlikely observations to indicate outliers or extreme values 
(bottom panel), all of which indicated the goodness of the final model to fit the data.

Conclusion

Relaxing the linearity assumptions and incorporating spatially structured and unstructured random effects into the model 
improved the predictive power of the model, and the Bayesian geo-additive mixed model best fitted the data compared to the classical 
linear fixed, additive fixed, and additive mixed models.

Based on the posterior mean and uncertainty (95 % credible interval) estimates of linear effects, we conclude that covariates 
educational level, soil erosion, crop damage, and number of oxen have negative effects on crop production, while covariates pure 
agricultural practice and cropland (area) have positive effects on crop production. Among the linearly affecting covariates, area used 
and number of oxen are the most significant positively and negatively, respectively, contributing factors for crop production in the 
administrative zone.

The spatially structured random effects showed spatial clustering of crop production by zones, and we observed that the western 

Table 4 
Summary of observed and fitted log crop production.

Log crop 
production

Mean Sd 0 % 
(Min)

25 % 
(Q1)

50 % 
(Median)

75 % 
(Q3)

100 % 
(Max)

Observed 0.8496 0.2665 0.2083 0.6736 0.8445 1.0360 2.1698
Fitted 0.8502 0.2541 0.2237 0.6884 0.8483 1.0229 2.0372

Fig. 7. Fitted Meher season crop production by zones from 2012/13 to 2019/2020 using Besag-York-Mollie model.

Fig. 8. Spatial random effects; (A) spatially structured, (B) spatially unstructured.
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and eastern zones of the country are more effective in crop production than the northern, central, and south-central zones of the 
country.

A Bayesian geo-additive mixed model is used when the functional relationship between covariates and the response variable is not 
strictly linear and there are spatial dependencies between observations. If the dataset is both spatially and temporally referenced, 
spatial modeling has the limitation of capturing the dependency and variation of observations over time. So, the spatial and temporal 
nature of the dataset leads to spatial and temporal dependence of observations, which needs spatiotemporal modeling to effectively 
capture the complex patterns and trends by including spatial and temporal random effects and possibly their interaction effects.
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