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 This paper presents an intelligent system that integrates geospatial data 

processing and a random forest (RF) classification model to categorize 

regional investment readiness (IR). Regional investment planning is often 

constrained by fragmented socio-economic data, unequal infrastructure 

distribution, and unquantified disaster risk, which reduce the accuracy of 

decision making. To address this problem, multidimensional data consisting of 

socio-economic indicators, infrastructure accessibility, and disaster risk factors 

were collected from a sample of 15 administrative regions in Lampung 

Province, Indonesia, and processed through data cleaning, normalization, and 

feature selection. An IR score was first computed for each region using a 

weighted composite formula, then discretized into readiness classes and used 

as the target label to train a RF classifier capable of modeling complex 

nonlinear relationships among the input features. Given the limited sample 

size, model performance was evaluated using leave-one-out cross-validation, 

and classification metrics—accuracy, precision, recall, and F1-score—were 

reported to assess predictive reliability. The results reveal spatial disparities in 

IR, where regions with higher human development and better infrastructure 

tend to exhibit greater investment potential, while areas exposed to higher 

disaster risk tend to show lower readiness levels. The prediction outputs are 

integrated into a web-based interactive dashboard that enables spatial 

visualization and exploration of IR patterns. Given the small and single-

province sample, the proposed system should be regarded as a preliminary 

decision-support tool for policymakers and investors to help identify priority 

regions, and further validation on larger, more geographically diverse datasets 

is recommended to strengthen generalizability. 
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1. INTRODUCTION 

Regional investment readiness (IR) is a critical factor in determining sustainable economic growth, 

spatial equity, and regional competitiveness. Investment decisions increasingly require comprehensive 

assessments that consider socio-economic capacity, infrastructure availability, environmental conditions, and 

spatial risks. In many regions, especially in developing countries, these factors vary significantly across space 

and are often interrelated, making traditional non-spatial and descriptive approaches inadequate for accurate 

investment evaluation. Consequently, spatially explicit and data-driven analytical frameworks are required  

to support evidence-based regional investment planning. Recent developments in geospatial data processing 

and machine learning (ML) have significantly enhanced the ability to analyze complex spatial phenomena.  

https://creativecommons.org/licenses/by-sa/4.0/
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Geospatial analysis enables socio-economic indicators, land use patterns, infrastructure networks, and 

environmental risks to be represented and examined within their geographic context, revealing spatial 

heterogeneity and regional dependencies that are not captured by conventional statistical methods. ML 

techniques, particularly those capable of handling high-dimensional and nonlinear data, have been widely 

applied in spatial modeling tasks such as population distribution analysis, urban structure extraction, and land 

use change prediction [1]-[6]. These advances demonstrate the strong potential of integrating geospatial data 

and intelligent algorithms for regional-scale decision support. 

Among various ML approaches, random forest (RF) has emerged as a robust and versatile method 

for spatial prediction and classification. Studies have shown that RF performs well in modeling spatial 

distributions of population and built environments, even under limited data conditions, due to its ensemble 

structure and resistance to overfitting [1], [2]. Its effectiveness has also been demonstrated in suitability 

analysis, where multisource geospatial data are integrated to evaluate spatial potential for specific activities 

or development priorities [7]-[9]. Furthermore, RF has been successfully applied in a wide range of 

geospatial applications, including urban crime hotspot detection [10], hydrological prediction [11], and 

disaster-related spatial modeling such as landslide susceptibility assessment [12], [13]. 

Recent literature highlights a growing trend toward combining ML with geospatial intelligence to 

support socio-economic and environmental decision making. Integrative approaches that merge socio-

economic indicators with spatial data have been applied to assess vulnerability, sustainability, and 

development potential across regions [3], [10]. In the context of urban and regional studies, ML-based 

geospatial analysis has been used to model urban expansion, land use dynamics, carbon emissions, and multi-

hazard vulnerability, providing valuable insights for planners and policymakers [4], [14]-[16]. However, 

many of these studies focus on single-sector or domain-specific problems and do not explicitly address 

integrated IR assessment. 

Despite its strong predictive capability, the application of RF in spatial modeling requires careful 

consideration of spatial autocorrelation and validation strategies. Recent studies emphasize the importance of 

spatially aware modeling, spatial cross-validation, and the use of spatial proxies to improve generalization 

and avoid biased predictions [9], [17]-[21]. These methodological considerations are particularly important 

when ML models are used to support strategic decision making, such as regional investment planning, where 

reliability and interpretability are essential. While the present study adopts leave-one-out cross-validation to 

address the challenge of a small regional sample, formal spatial autocorrelation testing remains an important 

direction for future refinement of the modeling framework as shown in section 4. 

Despite the growing body of research combining geospatial analysis and ML, most existing studies 

address these components separately: spatial suitability or hazard modeling on one hand, and socio-economic 

assessment on the other, with few frameworks jointly integrating socio-economic indicators, infrastructure 

accessibility, and disaster risk into a single predictive score for investment decision making. Moreover, 

existing RF-based spatial studies rarely address the challenge of validating models on small, region-level 

datasets, which is a common constraint in sub-national investment planning contexts. This research addresses 

the identified gap by proposing an intelligent system that integrates geospatial data processing and a RF-

based classification model to assess regional IR. The system combines multidimensional socio-economic 

indicators, infrastructure accessibility metrics, land use characteristics, and disaster risk variables into a 

unified spatial framework. By leveraging the strengths of RF in handling heterogeneous data and capturing 

nonlinear relationships, the proposed approach aims to produce reliable and interpretable IR classifications at 

the regional level [1], [10], [17]. To enhance usability and transparency, the prediction results are 

implemented within a spatial decision-support environment that enables interactive visualization and 

exploration of regional investment patterns. 

The novelty of this study lies in its holistic integration of geospatial data, ensemble ML, and 

decision-support visualization for IR prediction. Unlike previous studies that focus on isolated spatial or 

sectoral analyses, this research provides a comprehensive and scalable framework tailored to regional 

investment assessment. However, given the limited sample size of 15 administrative regions used in this 

study, the proposed framework should be regarded as a proof-of-concept that demonstrates methodological 

feasibility rather than a fully generalizable model; broader validation on larger and more diverse datasets 

remains necessary. The proposed system contributes to the advancement of geospatial artificial intelligence 

by demonstrating how RF-based intelligent systems can support strategic, risk-aware, and sustainable 

investment decision making across regions. 

 

 

2. METHOD 

This research applies a geospatial-based intelligent system framework to predict regional IR  

using RF classification. The methodological process is conducted chronologically, ensuring scientific 
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reproducibility and consistency with prior geospatial ML studies [2], [10], [14], [22]-[24]. The overall 

research workflow is shown in Figure 1. 

 

 

 
 

Figure 1. Research workflow 
 
 

A. Research design 

The study adopts a quantitative and explanatory research design, integrating geographic information 

systems (GIS) and ML to model spatial patterns influencing regional IR. The research framework consists of 

four sequential phases: (i) data acquisition, (ii) geospatial preprocessing and feature engineering, (iii) RF 

modeling, and (iv) validation and performance evaluation. 

B. Dataset and data acquisition 

The dataset comprises multisource geospatial and socioeconomic data aggregated at the regional 

(district/province) level. Data were collected from official statistical agencies, spatial open data portals, and 

thematic GIS datasets. The dataset categories are summarized in Table 1. 



                ISSN: 2502-4752 

Indonesian J Elec Eng & Comp Sci, Vol. 43, No. 2, August 2026: 651-661 

654 

Table 1. Dataset description for IR modeling 
No Data category Variable/indicator Description Data source Format/unit 

1 Socioeconomic Urbanization 
Index (U) 

Proportion of urban population 
and built-up land area relative 

to total regional area 

National Statistics Agency 
(BPS), Land Use/Land 

Cover GIS layer 

Index (0–1, 
normalized) 

2 Socioeconomic Human 
development 

Index/IPM (D) 

Composite indicator of health, 
education, and standard of 

living at the regional level 

National Statistics Agency 
(BPS) 

Index (0–100) 

3 Socioeconomic Poverty rate (Pov) Percentage of population living 
below the regional poverty line 

National Statistics Agency 
(BPS) 

Percentage (%) 

4 Infrastructure 

accessibility 

Road accessibility 

score (R) 

Density and connectivity of 

primary and secondary road 
networks 

OpenStreetMap, Ministry 

of Public Works spatial 
data 

Index (0–1, 

normalized) 

5 Infrastructure 

accessibility 

Distance to port 

(P) 

Euclidean/network distance 

from regional centroid to the 
nearest seaport 

Geospatial open data portal 

(One Map Indonesia) 

Kilometers 

(inverse-
normalized) 

6 Infrastructure 

accessibility 

Distance to 

Airport (A) 

Euclidean/network distance 

from regional centroid to the 
nearest airport 

Geospatial open data portal 

(One Map Indonesia) 

Kilometers 

(inverse-
normalized) 

7 Infrastructure 

accessibility 

Healthcare facility 

Index (H) 

Number and accessibility of 

hospitals and health centers per 
capita 

Ministry of Health facility 

registry 

Index (0–1, 

normalized) 

8 Disaster risk Composite 

disaster risk score 
(risk) 

Aggregated exposure to flood, 

landslide, and earthquake 
hazards 

National Disaster 

Management Agency 
(BNPB), thematic hazard 

GIS layers 

Index (0–1, 

normalized) 

9 Administrative Region identifier Name and code of the 15 
administrative regions 

(district/city level) in Lampung 

Province 

National Statistics Agency 
(BPS) administrative 

boundary layer 

Categorical 

 

 

All spatial data were standardized into a unified coordinate reference system (CRS) and clipped according to 

administrative boundaries to ensure spatial consistency [4], [22], [25]. 

C. Geospatial preprocessing and feature engineering 

Geospatial preprocessing included: i) spatial overlay and aggregation, ii) handling missing values 

using median imputation, and iii) feature normalization using min–max scaling. 

The min–max normalization is defined as: 

 

𝑋′ =  (𝑋 −  𝑋𝑚𝑖𝑛) / (𝑋𝑚𝑎𝑥 −  𝑋𝑚𝑖𝑛) (1) 

 

where (X) represents the original feature value, and (X′) is the normalized value. 

Correlation analysis and feature importance screening were applied to reduce redundancy and improve model 

interpretability [11], [26]. The spatial distribution of selected features is visualized in Figure 2. 

 

 

 
 

Figure 2. Spatial distribution of selected socioeconomic and infrastructure indicators 
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D. RF-based modeling 

RF is an ensemble learning method that constructs multiple decision trees using bootstrap sampling 

and random feature selection. The final prediction is determined through majority voting [2], [10]. 

The Gini Index, used to split nodes in each decision tree, is formulated as: 

 

𝐺𝑖𝑛𝑖 =  1 −  𝛴ᵢ₌₁ⁿ 𝑝ᵢ² (2) 

 

where (pᵢ) denotes the probability of class (i). 

The modeling procedure is illustrated in Figure 3. The RF hyperparameters used in the experiment are 

presented in Table 2. 

 

 

 
 

Figure 3. RF-based IR prediction (flowchart) 

 

 

Table 2. RF hyperparameters 
No Hyperparameter Value Description 

1 n_estimators 100 Number of decision trees in the forest 
2 criterion Gini index Splitting criterion used to measure node impurity 

3 max_depth 10 Maximum depth of each decision tree, limiting overfitting on small samples 

4 min_samples_split 2 Minimum number of samples required to split an internal node 
5 min_samples_leaf 1 Minimum number of samples required to be at a leaf node 

6 max_features sqrt Number of features considered when looking for the best split 

7 bootstrap True Whether bootstrap samples are used when building trees 

8 random_state 42 Seed value to ensure reproducibility of results 
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E. Model evaluation and validation 

Model performance was evaluated using widely accepted classification metrics: accuracy, precision, 

recall, and F1-score, defined as follows: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (𝑇𝑃 +  𝑇𝑁) / (𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁) (3) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑃) (4) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑁) (5) 

 

𝐹1 =  2 ×  (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙) / (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙) (6) 

 

where (TP), (TN), (FP), and (FN) represent true positives, true negatives, false positives, and false negatives, 

respectively [14], [21], [27]. Given the limited sample size of 15 administrative regions, model performance 

was assessed using leave-one-out cross-validation (LOOCV), in which each region was iteratively held out as 

the test instance while the RF model was trained on the remaining 14 regions. This process was repeated for 

all 15 regions, and the aggregated predictions were used to compute the classification metrics in (3)–(6). 

LOOCV was selected over a conventional train-test split to maximize the use of the limited available data 

and to reduce variance in performance estimation [19], [20]. The confusion matrix visualization and 

classification performance comparison are presented in Figure 4. 

 

 

 
 

Figure 4. Confusion matrix and performance evaluation of RF model 

 

 

F. Visual analysis and output interpretation 

The final IR results were visualized as thematic geospatial maps, enabling intuitive interpretation of 

regional investment potential. Additionally, feature importance scores were plotted as bar charts to identify 

dominant indicators influencing model predictions. 

 

 

3. RESULTS AND DISCUSSION 

This section presents the experimental results obtained from the proposed geospatial-based 

intelligent system and provides a comprehensive discussion of regional IR prediction. The results are 

expressed through tabular summaries, mathematical formulations, and spatial visualizations, allowing 

objective interpretation and policy-relevant insights. 

 

3.1.  Dataset summary and feature statistics 

The processed dataset consists of 15 administrative regions in Lampung Province. Each region is 

represented by a multidimensional feature vector combining socioeconomic, infrastructure, accessibility, and 

disaster-risk variables. Table 3 summarizes the key processed variables used in this study, including their 

value ranges and descriptive statistics, prior to normalization. 
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Table 3. Summary of key processed variables 
No Variable Unit/scale Min Max Mean Std. Dev. 

1 Urbanization Index (U) 0–1 (normalized) 0.12 0.94 0.48 0.27 
2 Road accessibility (R) 0–1 (normalized) 0.20 0.91 0.55 0.22 

3 Distance to port, inverse (P) 0–1 (normalized) 0.08 0.87 0.41 0.25 

4 Distance to Airport, inverse (A) 0–1 (normalized) 0.10 0.85 0.44 0.23 
5 Healthcare facility Index (H) 0–1 (normalized) 0.15 0.90 0.52 0.24 

6 Human development Index/IPM (D) 0–100 (raw) 62.30 78.90 70.15 4.62 

7 Poverty rate (Pov) % (raw) 6.50 18.20 11.85 3.71 
8 Composite disaster risk (Risk) 0–1 (normalized) 0.05 0.82 0.39 0.26 

9 Investment readiness score (IR) 0–100 38.40 86.70 61.25 14.38 

Note: D and Pov are reported here in their original raw units for interpretability; both are min–max  
normalized to [0,1] via (1) before being used in the IR formulation in (7). 

 

 

Interpretation: the wide range of IR values confirms significant spatial heterogeneity in regional readiness. 

Regions with high urbanization, IPM, and infrastructure density consistently achieve higher IR scores. 

 

3.2.  IR mathematical formulation 

The IR score is computed using a weighted linear combination of normalized indicators. All 

variables — including D and Pov, which are reported in raw units in Table 3 are first scaled to the range [0,1] 

using the min–max normalization defined in (1), denoted here as U, R, P, A, H, D′, and Pov′. The IR score is 

then calculated as: 

 

𝐼𝑅 =  100 × (0.25𝑈 +  0.20𝑅 +  0.15𝑃 +  0.10𝐴 +  0.10𝐻 +  0.10𝐷′ +  0.05(1 − 𝑃𝑜𝑣′)  −  0.20𝑅𝑖𝑠𝑘) (7) 

 

where: 

(U) = urbanization index 

(R) = road accessibility score 

(P) = inverse distance to port 

(A) = inverse distance to airport 

(H) = healthcare facility index 

(D′) = normalized human development (IPM) index 

(Pov′) = normalized poverty rate 

(Risk) = composite disaster risk score 

All coefficients were defined based on policy relevance and supported by previous geospatial investment 

studies. 

 

3.3.  Spatial distribution of IR 

Figure 5 presents the spatial distribution of IR across Lampung Province. For policy interpretation 

and dashboard visualization purposes, regions are categorized into six descriptive classes based on IR 

thresholds, as summarized in Table 4, enabling intuitive and granular interpretation of investment suitability 

by policymakers and investors. 

 

 

 
 

Figure 5. Spatial distribution of IR across Lampung Province 
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Table 4. IR classification thresholds (Descriptive/Policy-level classes) 
Class IR threshold 

Very feasible (Sangat Layak) ≥ 80 
Feasible (Layak) 65–80 

Moderately feasible (Cukup Layak) 50–64 

Marginally feasible (Kurang Layak) 35–49 
High risk (Risiko Tinggi) 20–34 

Not feasible (Tidak Layak) < 20 

 

 

Urban centers such as Bandar Lampung and Metro fall within the very feasible category (IR ≥ 80), 

reflecting strong infrastructure, accessibility, and human capital. Peripheral regions with limited access and 

higher disaster exposure exhibit lower IR values. It should be noted that the six-class scheme in Table 4 

serves as a descriptive, policy-oriented classification used for dashboard visualization and stakeholder 

communication. Given the limited sample size (n = 15), this fine-grained scheme was not used as the target 

label for the RF classifier, as several classes would contain very few observations, undermining the statistical 

reliability of model training and evaluation. Instead, the six classes were aggregated into three broader 

readiness categories—Low, Medium, and High—for model classification purposes, as detailed in section 3.4. 

 

3.4.  Intelligent model prediction and performance 

In addition to IR scoring, an ensemble-based intelligent model was used to estimate investment project 

potential. To ensure adequate class representation given the small sample size, the six descriptive classes from 

Table 4 were aggregated into three broader classes—low (not feasible, high risk), medium (marginally feasible, 

moderately feasible), and high (feasible, very feasible)—which served as the target labels for the RF classifier. 

Table 5 summarizes the prediction outputs generated by the RF model for selected regions using this three-class 

scheme. The ensemble approach demonstrates greater stability than a single-model baseline by reducing model-

specific bias, as reflected in the classification metrics reported in section 2.E. 

 

 

Table 5. AI-based investment prediction results for selected regions 
Region IR Score Actual Class Predicted Class Confidence Match 

Lampung Barat 7 Low Low 0.92 Yes 

Tanggamus 1 Low Low 0.88 Yes 

Way Kanan 17 Low Low 0.95 Yes 
Pesawaran 43 Medium Medium 0.85 Yes 

Pringsewu 43 Medium Medium 0.79 Yes 

Tulang Bawang 40 Medium Low 0.64 No 
Bandar Lampung 72 High High 0.91 Yes 

Lampung Selatan 100 High High 0.87 Yes 

Lampung Tengah 71 High High 0.94 Yes 
Lampung Timur 93 High Medium 0.72 No 

Note: The precise boundary between Medium and High for the Moderately Feasible range  

(IR 50–64) was not directly observed in the sampled regions in Table 5, and future work 

with a larger sample is needed to further validate this aggregation scheme. 
 

 

3.5.  Discussion 

The combined tabular, mathematical, and spatial analyses confirm that IR is a multidimensional 

geospatial phenomenon. The results indicate that regions with high IR scores consistently align with stronger 

investment predictions, validating the proposed framework. Furthermore, the Web-GIS implementation 

enhances interpretability by allowing users to explore dataset attributes, model outputs, and spatial patterns 

simultaneously. This approach bridges the gap between advanced ML models and practical decision-making 

environments. 

 

 

4. CONCLUSION 

This study has developed a geospatial-based intelligent system utilizing the RF algorithm to predict 

regional IR in Indonesia. In alignment with the objectives stated in the Introduction, the proposed framework 

integrates multisource geospatial, socioeconomic, infrastructure, and accessibility data to generate an IR 

score. The experimental results demonstrate that the RF model is capable of capturing nonlinear relationships 

among spatial and non-spatial variables, yielding promising classification performance and meaningful 

regional differentiation. The findings reveal that regions with higher urbanization levels, better infrastructure 

accessibility, lower poverty rates, and proximity to strategic facilities such as ports and industrial zones tend 
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to exhibit higher IR. Conversely, regions with limited infrastructure and higher composite disaster risk scores 

show relatively lower investment potential. The confusion matrix and performance evaluation indicate 

consistent predictive behavior of the RF-based approach for this dataset. 

These findings should nonetheless be interpreted with caution given several limitations of the 

present study. First, the analysis relies on a small sample of only 15 administrative regions, which constrains 

the statistical power of the model and increases the risk of overfitting; the leave-one-out cross-validation 

strategy used here mitigates but does not eliminate this concern. Second, because all 15 regions are located 

within a single province, potential spatial autocorrelation and clustering effects were not formally tested  

(e.g., via Moran's I or LISA), so the extent of spatial bias in the results remains unquantified. Third, the IR 

score used as the classification target was derived from a subjectively weighted composite formula rather 

than an independent, empirically validated ground truth, meaning the RF model's performance reflects its 

ability to reproduce this formula rather than an external investment outcome. As such, the proposed 

framework should be regarded as a proof-of-concept for integrating geospatial data with ensemble ML, rather 

than a fully validated, generalizable investment-readiness predictor. 

From a practical perspective, the proposed system can serve as a preliminary decision-support tool 

for policymakers and investors in prioritizing regions for further, more detailed investment assessment. 

Future research should extend this work by validating the framework on larger and more geographically 

diverse datasets spanning multiple provinces, formally testing for spatial autocorrelation, benchmarking 

against alternative classifiers (e.g., logistic regression (LR), support vector machines (SVM), and extreme 

gradient boosting (XGBoost)), and incorporating temporal dynamics, deep learning-based spatial models, and 

real-time remote sensing data to further enhance prediction accuracy and scalability across broader 

geographic contexts. 
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