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 Economic growth and food security are closely interconnected dimensions 

of sustainable regional development, particularly in agrarian regions such as 

Lampung Province, Indonesia. However, conventional analytical approaches 

often fail to capture the complex and nonlinear relationships between 

agricultural productivity and socio-economic conditions. This study aims to 

analyze the determinants of regional economic growth by integrating 

agricultural and socio-economic indicators using a random forest–based 

modeling framework. Secondary panel data from 15 districts over the period 

2014–2024 were analyzed, comprising 165 observations and 14 explanatory 

variables. The results show that agricultural production plays a dominant 

role, with rice production and harvested area contributing approximately 

39.8% and 34.7% of total feature importance, respectively. The model 

achieved strong predictive performance with a coefficient of determination 

(R2) of 0.68 and root mean squared error (RMSE) of 6,346.82, indicating 

that the selected variables explain a substantial portion of gross regional 

domestic product (GRDP) variation. Socio-economic factors, including 

poverty rate, per capita expenditure, and human development index (HDI), 

also contribute meaningfully to regional economic outcomes. These findings 

highlight the importance of integrating agricultural productivity with social 

development policies to achieve inclusive and sustainable economic growth. 

The proposed approach provides a data-driven framework to support 

regional policy formulation and improve food security strategies. 
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1. INTRODUCTION 

The agricultural sector plays a pivotal role in the economic stability and growth of nations, 

particularly in developing economies, such as Indonesia, by providing raw materials, ensuring food security, 

and improving livelihoods [1]–[3]. Indonesia, an agrarian country with a tropical climate, possesses 

substantial potential for agricultural development that contributes significantly to regional economic 

performance and gross regional domestic product (GRDP) [4]–[6]. Agriculture consistently ranks among the 

major contributors to the national economy, often ranking behind manufacturing and the wholesale–retail 

sectors [7], [8]. This economic importance underscores the need for analytical frameworks that can understand 

and predict the contribution of agricultural productivity to regional economic development [9], [10]. However, 

https://creativecommons.org/licenses/by-sa/4.0/


Int J Adv Appl Sci  ISSN: 2252-8814  

 

Integrating agricultural productivity and socioeconomic indicators for … (Septafiansyah Dwi Putra) 

873 

the agricultural sector is characterized by complex interactions among environmental conditions, production 

capacity, infrastructure, and socio-economic factors, making accurate economic forecasting challenging. 

Traditional approaches used to analyze agricultural productivity and regional economic growth often 

rely on conventional econometric or statistical methods that assume linear relationships between  

variables [11], [12]. These models frequently fail to capture the nonlinear, multidimensional interactions 

among agricultural production, socioeconomic indicators, and regional development factors [13]. As a result, 

the predictive capacity of such models may be limited, potentially leading to incomplete or less effective 

policy recommendations. The increasing complexity of agricultural systems and regional economic 

dynamics, therefore, requires more advanced analytical methods capable of integrating diverse datasets and 

uncovering hidden patterns within them [14]. The development of robust predictive models that combine 

agricultural productivity metrics with socio-economic indicators is essential for designing sustainable 

agricultural policies and improving economic resilience, particularly in regions that rely heavily on agriculture 

for economic stability [15]. In this context, modern computational approaches and data-driven techniques offer 

promising alternatives for improving the accuracy and reliability of regional economic predictions. 

Recent advancements in machine learning have opened new opportunities for analyzing complex 

systems in agriculture and economics [16]–[18]. Machine learning models, including random forest, deep 

learning architectures such as long short-term memory (LSTM), and graph neural networks, have 

demonstrated superior predictive capabilities compared to traditional statistical methods by capturing 

nonlinear relationships and high-dimensional data structures [13]. These techniques have been increasingly 

applied in agricultural studies to forecast crop yield, analyze agricultural productivity, and model economic 

indicators using large-scale datasets derived from environmental sensors, satellite imagery, and  

socio-economic databases [19]. In addition, artificial intelligence–driven analytical frameworks have shown 

potential to improve supply chain efficiency, mitigate risks associated with climate variability, and support 

data-driven decision-making in the agricultural sector [20]. 

Despite the growing adoption of machine learning in agricultural research, most existing studies 

focus primarily on predicting agricultural outputs or crop yields without integrating broader socio-economic 

indicators that influence regional economic performance [21]. Meanwhile, economic growth and food 

security are closely interconnected dimensions of sustainable development, particularly in developing 

countries, such as Indonesia [22], [23]. Economic growth can enhance welfare, generate employment 

opportunities, and reduce poverty; however, growth that is not accompanied by improvements in food 

security may increase social inequality and exacerbate household vulnerability [24]. Food security extends 

beyond food availability to include access, utilization, and the stability of the food supply across society. 

When communities experience limited access to food or unstable food systems, labor productivity may 

decline, public health outcomes may deteriorate, and socio-economic pressures may intensify, creating a 

persistent cycle of poverty and food insecurity [25]. 

Lampung Province represents a particularly important case for examining the relationship between 

agricultural productivity and regional economic growth. As one of Indonesia’s major agricultural regions and 

a national food production center, Lampung plays a significant role in supporting the national food supply 

and regional economic development. Nevertheless, the province continues to face structural challenges to 

food security, including regional development disparities, limited agricultural infrastructure, and fluctuations 

in food commodity prices. These challenges often disproportionately affect smallholder farmers and rural 

communities, making the regional economy vulnerable to external shocks such as climate change and global 

market volatility [26]. Although Lampung has experienced relatively positive economic growth trends  

in recent years, food security challenges—particularly those related to access, distribution, and price 

stability—remain unresolved. 

Existing research examining the relationship between economic growth and food security at the 

regional level in Indonesia remains relatively limited, especially studies that employ data-driven and machine 

learning approaches to analyze integrated socio-economic and agricultural indicators. The lack of 

comprehensive provincial-level empirical analyses often leads to policy decisions that lack sufficient  

data-driven support. Consequently, policies designed to address food security and economic growth 

simultaneously may fail to achieve optimal outcomes. This situation highlights the importance of developing 

analytical models that incorporate local data and capture the multidimensional relationships among 

agricultural productivity, socio-economic welfare, and regional economic performance to address this 

research gap, this study aims to analyze the relationship between economic growth and food security by 

integrating agricultural productivity indicators with socio-economic variables using a machine learning 

approach. Specifically, this research seeks to: i) examine the relationships among food security indicators and 

socio-economic conditions in Lampung Province, ii) identify the key determinants influencing regional 

GRDP using random forest–based feature importance analysis, and iii) evaluate the predictive performance 

of selected indicators in modeling regional economic growth. 
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The findings of this study are expected to provide empirical evidence supporting more inclusive and 

sustainable regional development strategies. By identifying the most influential determinants of economic 

growth and food security, the results can inform data-driven policy interventions to strengthen agricultural 

productivity, improve social welfare, and enhance economic resilience. Ultimately, this research provides 

valuable insights for policymakers, researchers, and development practitioners seeking to promote sustainable 

food systems and equitable economic development in agrarian regions such as Lampung Province. 
 

 

2. METHOD 

This study adopts a quantitative and data-driven approach to examine the relationship between 

economic growth, agricultural productivity, and socio-economic conditions in Lampung Province, Indonesia. 

The analysis utilizes secondary panel data obtained from the Indonesian Central Bureau of Statistics (Badan 

Pusat Statistik (BPS)) covering the period 2014–2024 across 15 regencies and municipalities. The dataset 

consists of economic, agricultural, and socio-economic indicators that represent the multidimensional aspects 

of food security and regional development. 

The dependent variable in this study is GRDP, which serves as an indicator of regional economic 

growth. The independent variables include fourteen indicators related to food security and socio-economic 

conditions. These indicators were selected based on the global food security framework and its local 

adaptation in Indonesia. The variables include rice production, rice productivity, harvested rice area, 

percentage of food expenditure, access to safe drinking water, implicit price index, poverty rate, 

unemployment rate, per capita expenditure, Gini ratio, human development index (HDI), non-food 

expenditure, percentage of non-food expenditure, and percentage of food expenditure. 

The dataset contains 165 observations derived from the combination of 15 districts and 11 years of 

observation. Each observation includes 15 variables (1 dependent variable and 14 independent variables), 

resulting in a total of 2,475 data entries. Before model development, the dataset underwent a preprocessing 

stage to ensure consistency and comparability across variables and time periods. Figure 1 shows the research 

methodology framework. 
 

 

 
 

Figure 1. Research methodology framework 
 
 

2.1.  Data preprocessing 

Data preprocessing is an essential step in machine learning analysis to ensure that the dataset is 

suitable for modeling. First, the dataset was examined for missing values and inconsistencies across the 

observation period. Because the data were obtained from official statistical publications, the dataset showed 

minimal missing values. Any minor inconsistencies were handled through interpolation using adjacent year 

values to preserve temporal continuity. Second, all variables were standardized using z-score normalization 

to ensure that differences in measurement units did not bias the machine learning model. Standardization 

transforms the original data into a normalized scale with a mean of zero and a standard deviation of one. The 

normalization process can be expressed as (1). 
 

𝑋′ =
𝑋−𝜇

𝜎
 (1) 

 

Where 𝑋 represents the original data value, 𝜇 is the mean of the data, 𝜎 is the standard deviation of the data, 

and 𝑋′ is the value of the data after standardization. In addition, multicollinearity among predictors was 

examined using a correlation matrix. Highly correlated variables, particularly those related to household 
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expenditure composition, were carefully evaluated to avoid redundancy in the modeling process. The 

correlation analysis served as an exploratory step to understand the relationships among variables before the 

machine learning modeling stage. The research indicators are presented in Table 1. 
 

 

Table 1. Variables and research indicators 
No Variable Indicator Variable code 

1 GRDP The value of GRDP as an indicator of economic growth Y 

2 Food security Rice production X1  
 Rice productivity X2  
 Harvested rice area X3  
 Percentage of food expenditure X4  
 Access to clean water X5  
 Implicit price index X6 

3 Socio-economic factors Poverty rate X7   
Unemployment rate X8   
Per capita expenditure X9   
Gini ratio X10   
HDI X11   
Non-food expenditure X12   
Percentage of per capita expenditure on non-food X13   
Percentage of per capita expenditure on food X14 

 

 

2.2.  Random forest modeling 

To capture nonlinear relationships between agricultural productivity, socio-economic indicators, and 

regional economic growth, this study employs the random forest algorithm proposed by Sinuraya et al. [14]. 

Random forest is an ensemble learning method that constructs multiple decision trees using bootstrap 

sampling and aggregates their predictions to produce a more stable and accurate model. The prediction of the 

random forest model for regression problems is defined as the average of predictions from all decision trees, 

as in (2). 
 

𝑦̂ =
1

𝐵
∑ 𝑇𝑏(𝑥)𝐵

𝑏=1  (2) 

 

Where 𝑦̂ represents the prediction from the i-th decision tree, 𝐵 is the total number of trees in the random 

forest, 𝑇𝑏(𝑥) is the average of all tree predictions (for regression). Model development was conducted using 

Python 3.10 with several data science libraries, including pandas for data manipulation, NumPy for 

numerical computation, seaborn for visualization, and scikit-learn for machine learning. To improve model 

robustness and prevent overfitting, hyperparameter tuning was performed using grid search combined with  

k-fold cross-validation. The main parameters optimized in the random forest model include: 

i) Number of trees (n_estimators) 

ii) Maximum tree depth (max_depth) 

iii) Minimum samples required for splitting nodes (min_samples_split) 

iv) Minimum samples required at leaf nodes (min_samples_leaf) 

v) Number of features considered at each split (max_features) 

The dataset was divided into training and testing subsets using an 80:20 ratio. The training set was used to 

train the random forest model and tune hyperparameters, while the testing set was used to evaluate the 

model's predictive performance on unseen data. 
 

2.3.  Feature importance analysis 

In addition to predictive modeling, this study applies permutation-based feature importance to 

identify the most influential variables affecting GRDP. Permutation importance measures the contribution of 

each predictor by randomly shuffling its values and observing the resulting change in model performance. A 

larger decrease in prediction accuracy indicates a more important feature. This approach was selected 

because it is model-agnostic and provides a more reliable measure of variable importance compared to 

impurity-based methods, particularly in datasets containing correlated predictors. The results of the feature 

importance analysis are used to identify the most relevant indicators that explain regional economic growth 

and food security conditions. 
 

2.4.  Model evaluation 

The performance of the predictive model was evaluated using several regression evaluation metrics. 

These metrics provide complementary perspectives on prediction accuracy and model reliability. The root 

mean squared error (RMSE) is used to measure the magnitude of prediction errors and is defined as (3). 
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𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1  (3) 

 

 Where 𝑛 represents the total number of observations, 𝑦𝑖  denotes the actual value of GRDP, 𝑦𝑖̂ represents the 

predicted value from the model. In addition, the coefficient of determination (R2) was used to evaluate the 

explanatory power of the model. R2 measures the proportion of variance in the dependent variable that can be 

explained by the independent variables and is expressed as (4). 
 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦𝑖̂)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̅)2𝑛
𝑖=1

 (4) 

 

Where 𝑦̅ represents the mean of the actual values. To ensure robustness, model evaluation was conducted 

using both training and testing datasets, and cross-validation results were examined to assess the stability of 

model performance. 
 

2.5.  Limitations of data and model for interpretation or policy 

Although the dataset provides valuable insights into regional economic dynamics, several limitations 

should be acknowledged. First, the study relies on secondary statistical data, which may not capture  

short-term fluctuations in agricultural productivity caused by climate variability or extreme weather events. 

Second, the dataset focuses primarily on rice-related indicators because rice is the dominant staple crop in 

Lampung; therefore, other agricultural commodities may not be fully represented in the model. Finally, while 

random forest is effective for capturing nonlinear relationships, the model does not explicitly provide causal 

interpretations, and the results should therefore be interpreted primarily as predictive and exploratory insights 

rather than causal conclusions. 
 

 

3. RESULTS AND DISCUSSION 

Building upon the analytical framework described in the previous section, this section presents and 

interprets the empirical findings obtained from the correlation matrix analysis and the random forest 

modeling. The objective of this analysis is to identify the main determinants of regional economic growth 

and food security in Lampung Province. The results are structured to provide both statistical evidence and 

substantive economic interpretation. The analysis begins with correlation matrix diagnostics to identify the 

strength and direction of relationships among socio-economic and agricultural indicators. This step serves as 

an exploratory analysis to detect potential associations and multicollinearity among predictors before 

implementing machine learning models. Subsequently, random forest modeling is applied to quantify the 

relative importance of each variable in predicting GRDP. This combined approach enables a deeper 

understanding of how agricultural productivity, welfare indicators, and infrastructure jointly influence 

regional economic performance. 
 

3.1.  Analysis of gross regional domestic product, food security, and socio-economic conditions  

The correlation matrix analysis of the dataset for Lampung Province during the period 2014–2024 

reveals several statistically meaningful relationships among economic, agricultural, and socio-economic 

indicators (Figure 2). Each value in the matrix represents the Pearson correlation coefficient (r), which 

measures the strength and direction of linear relationships between variables within a range of −1 to +1 [16]. 

The analysis highlights a strong relationship between welfare indicators and economic development. GRDP 

exhibits a positive correlation with several socio-economic indicators, particularly per capita expenditure  

(r =0.42) and the HDI. More notably, per capita expenditure shows a very strong correlation with HDI  

(r =0.91), suggesting that higher household income levels are closely associated with improvements in 

education and health outcomes. This relationship reflects a widely observed pattern in development 

economics where economic growth contributes to human capital development and improved living standards. 

Infrastructure indicators also demonstrate meaningful relationships with welfare outcomes. Access 

to safe drinking water shows a moderate positive correlation with HDI (r =0.55), indicating that improved 

access to basic infrastructure contributes to better public health conditions and overall quality of life. 

Conversely, these welfare indicators display negative correlations with the percentage of the poor population, 

suggesting that improvements in income, infrastructure, and human development tend to coincide with 

reductions in poverty levels. Household consumption patterns further illustrate economic behavioral 

dynamics consistent with Engel’s Law. The correlation matrix reveals an almost perfect negative relationship 

(r ≈−1.00) between the percentage of expenditure on food and the percentage of expenditure on non-food 

items. This pattern occurs because both variables represent complementary components of total household 

expenditure. Nevertheless, the relationship also reflects a well-established economic phenomenon in which 
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rising income levels reduce the proportion of household expenditure allocated to food while increasing 

spending on non-essential goods and services such as education, healthcare, and recreation. As indicated by 

the positive relationship between per capita expenditure and the share of non-food consumption (r =0.70), 

higher-income households allocate a greater share of their budgets to services and investments that enhance 

long-term welfare. From a modeling perspective, this near-perfect correlation implies a risk of 

multicollinearity if both variables are included simultaneously in predictive models. Multicollinearity can 

inflate variance and reduce the reliability of coefficient estimates, which justifies the use of feature selection 

techniques during the machine learning stage [27]. 

In the agricultural sector, rice production exhibits a very strong positive correlation with harvested 

area (r =0.99) and a relatively weak correlation with rice productivity (r =0.29). This pattern indicates that 

variations in total rice production in Lampung are primarily driven by changes in cultivated land area rather 

than improvements in yield per hectare. The finding suggests that agricultural expansion has historically 

played a larger role than technological intensification in increasing regional rice output. Agricultural 

productivity also shows a modest relationship with welfare indicators. Rice productivity demonstrates a weak 

negative correlation with the poverty rate (r =−0.23), implying that improvements in agricultural efficiency 

may contribute to poverty reduction in rural areas. Although the magnitude of this relationship is relatively 

small, it aligns with previous studies showing that increased agricultural productivity can enhance rural 

incomes and strengthen food security among farming communities [28]. Overall, the correlation analysis 

provides important preliminary insights into the structural relationships among agricultural production, 

household welfare, and regional economic development. These findings serve as the empirical foundation for 

the subsequent machine learning analysis. 
 

 

 
 

Figure 2. Heatmap of the correlation matrix of regional indicators in Lampung Province, 2014–2024 
 

 

3.2.  Feature importance analysis 

To further investigate the determinants of regional economic growth, random forest modeling was 

applied to evaluate the relative importance of each predictor variable in explaining variations in GRDP. 

Random forest is particularly suitable for multidimensional socio-economic datasets because it can capture 

nonlinear relationships and interactions among variables without requiring strict distributional assumptions. 

We evaluated the predictive performance of the model using RMSE on the test dataset. As shown in Table 2, 

we compared three model configurations: a model using all features, a model using the top 5 features, and a 

model using the top 10 features selected through permutation importance. 
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Table 2. Test set RMSE evaluation 
Feature permutation RMSE 

Top 10 features (permutation) 6,346.82 
Top 5 features (permutation) 6,439.56 

All features 6,872.47 

 

 

The results demonstrate that the model using the top-ten features achieved the lowest prediction 

error (RMSE =6,346.82), outperforming both the full-feature model and the reduced top-five model. 

Compared with the model using all variables, the top-ten features model reduced prediction error by 

approximately 7.6%, indicating that removing less informative variables improved model generalization. 

This outcome is consistent with theoretical findings in machine learning research showing that feature 

selection can reduce model complexity, minimize redundancy, and mitigate multicollinearity, particularly 

when predictors are strongly correlated. Permutation importance was used to identify influential variables 

because it evaluates each predictor’s contribution by measuring the decline in model performance when the 

variable is randomly permuted. The performance of the final regression model based on the selected 

predictors is presented in Table 3. 

 

 

Table 3. Evaluate the performance of the trained regression model on the test data using appropriate metric 
Evaluation methods Score 

R2 score 0.68 

Mean squared error (MSE) 40,282,062.84 

RMSE 6,346.82 

 

 

The model achieved an R2 value of 0.68, indicating that approximately 68% of the variation in 

GRDP across districts and time periods can be explained by the selected socio-economic and agricultural 

indicators. In the context of regional economic modeling, this level of explanatory power is considered 

relatively strong given the inherent complexity and variability of socio-economic systems. The selected 

predictors include key agricultural indicators (rice production, harvested area, and productivity), welfare 

indicators (poverty rate, per capita expenditure, and HDI), labor market conditions (unemployment rate), 

inequality (Gini ratio), infrastructure (access to safe drinking water), and price indicators (implicit price 

index). These variables collectively capture multiple dimensions of regional development, including 

production capacity, human capital, economic distribution, and infrastructure accessibility. 

 

3.3.  Interpretation of feature importance 

The ranking of feature importance derived from the random forest model is illustrated in Figure 3. 

The analysis reveals that rice production and harvested area are the two most influential predictors, with 

relative importance scores of approximately 40% and 35%, respectively. These findings highlight the 

dominant role of agricultural production capacity in shaping regional economic performance in Lampung. 

Socio-economic indicators such as the poverty rate, per capita expenditure, and HDI also contribute 

meaningfully to the prediction of GRDP, although their relative influence is lower compared to agricultural 

production variables. This suggests that while agricultural output remains the primary driver of regional 

economic growth, improvements in welfare, human capital, and income distribution also play important 

supporting roles. Other variables, including the open unemployment rate, rice productivity, and access to safe 

drinking water, exhibit moderate contributions to the model. In contrast, indicators such as the Gini ratio, 

implicit price index, and household expenditure composition have relatively smaller importance values. 

From a regional development perspective, these findings suggest that economic differentiation 

among districts in Lampung is strongly influenced by differences in agricultural production capacity, 

particularly the scale of cultivated land and total rice output. The relatively lower importance of productivity 

per hectare indicates that regional economic growth has historically been driven more by the expansion of 

cultivated land than by technological intensification. However, relying solely on agricultural expansion may 

pose long-term sustainability challenges, particularly in the context of land limitations and climate change. 

Therefore, policies aimed at strengthening regional food security and economic resilience should combine 

production expansion strategies with productivity improvements and socio-economic development initiatives. 

Overall, the results demonstrate that agricultural productivity, human development, and socio-economic 

welfare collectively shape regional economic performance in Lampung Province. The integration of machine 

learning techniques with socio-economic indicators thus provides valuable insights for designing  

evidence-based policies aimed at achieving sustainable and inclusive regional development. 
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Figure 3. The ranking of feature importance derived from the random forest 
 

 

3.4.  Robustness analysis 

 To ensure the reliability and stability of the predictive results, we conducted several robustness 

checks. These analyses aim to verify that the predictive performance and variable importance remain 

consistent under different modeling conditions and are not driven by overfitting or sampling bias. First, we 

evaluated model stability using k-fold cross-validation (k =5) during the training phase. We partitioned the 

dataset into five equally sized folds, with four-folds used for training and one-fold used for validation in each 

iteration. The cross-validation results showed a mean RMSE of 6,412.37 with a standard deviation of 214.65, 

indicating that the prediction error remained stable across different data partitions.  

Similarly, the average cross-validated R2 score reached 0.66±0.03, demonstrating consistent 

explanatory power across validation folds. These results suggest that the model generalizes well and is not 

sensitive to a particular train–test split. Second, we assessed robustness by comparing model performance 

under different feature selection scenarios. As shown in Table 2, the model using the top ten features 

identified through permutation importance achieved the lowest prediction error (RMSE =6,346.82), 

outperforming the model using all predictors (RMSE =6,872.47). This represents a 7.6% reduction in 

prediction error, indicating that eliminating redundant variables improves model generalization. The model 

using the top five features produced a slightly higher RMSE (6,439.56), suggesting that excessive 

dimensionality reduction may omit relevant predictive information. Third, the stability of feature importance 

rankings was examined across repeated random forest runs. The importance scores for the two dominant 

predictors—rice production and harvested area—remained consistently above 70% of the total cumulative 

importance, with average scores of approximately 39.8% and 34.7%, respectively. The remaining predictors, 

including poverty rate, per capita expenditure, and HDI, individually contributed between 3% and 7% to the 

model’s predictive performance. The consistency of these rankings across model iterations confirms that the 

dominance of agricultural production variables is not a random artifact but reflects a stable structural 

relationship in the dataset.  

Finally, a sensitivity analysis was conducted for highly correlated predictors identified in the 

correlation matrix. Variables representing household expenditure composition—specifically the percentage 

of food and non-food expenditure—showed an almost perfect negative correlation (r ≈−1.00). To avoid 

redundancy and instability caused by multicollinearity, the feature selection process retained only the most 

informative expenditure-related indicators. This procedure improved the model’s predictive stability while 

preserving the explanatory capacity of socio-economic variables. Overall, the robustness analysis confirms 

that the model results remain consistent across different data partitions, feature configurations, and model 

 
Features 
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iterations. The relatively low variance in RMSE and the stability of feature importance rankings provide 

strong evidence that the identified determinants—particularly rice production, harvested area, and key  

socio-economic indicators—represent reliable predictors of regional economic growth in Lampung Province. 
 

 

4. CONCLUSION  

This study examined the relationships among agricultural productivity, socio-economic indicators, 

and regional economic growth in Lampung Province by integrating correlation analysis and random forest 

modeling using data from 15 districts during 2014–2024. The results show that agricultural production 

capacity is the dominant determinant of GRDP, with rice production and harvested area contributing 

approximately 39.8% and 34.7% to total feature importance, respectively, while poverty rate, per capita 

expenditure, and HDI also provide meaningful contributions. The model achieved satisfactory predictive 

performance, with an R2 of 0.68 and an RMSE of 6,346.82, and robustness analysis confirmed stable  

feature-importance rankings and consistent model performance. These findings indicate that integrating 

agricultural and socio-economic indicators within a machine-learning framework can provide useful  

data-driven support for regional planning, particularly in strengthening agricultural productivity, 

infrastructure development, poverty reduction, and sustainable economic growth. Future research may extend 

this approach by incorporating climate variables, spatial analysis, satellite imagery, and multi-commodity 

agricultural data to improve predictive accuracy and policy relevance. 
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