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ARTICLE INFORMATION ABSTRACT

This study evaluates the predictive performance of remote sensing variables,
socioeconomic indicators, and their integration for estimating regional economic
growth across 33 districts and municipalities in North Sumatra, Indonesia. A
quantitative cross-sectional design was employed using three predictor scenarios:
remote sensing variables (Nighttime Light, NDVI, Built-up Area, and Land Surface
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Temperature), socioeconomic indicators (Human Development Index, Open
Unemployment Rate, Fiscal Capacity Index, and Disaster Risk Index), and an
integrated dataset. Four regression algorithms (Linear Regression, Support Vector
Regression, Random Forest, and K-Nearest Neighbors) were optimized using
RandomizedSearchCV and validated through Leave-One-Out Cross Validation.

Model performance was evaluated using RMSE, MAE, and R2, while permutation
importance assessed predictor contributions. Support VVector Regression achieved the
best predictive performance across all predictor scenarios. The socioeconomic
dataset yielded the highest prediction accuracy (RMSE = 0.625, MAE = 0.480, R2 =
0.198), outperforming the remote sensing-only dataset (RMSE = 0.685, MAE =
0.471, R2 = 0.038) and the integrated dataset (RMSE = 0.647, MAE = 0.492, R2 =
0.140). Although the R2 values were relatively low, they reflect the complexity of
regional economic growth and the influence of factors beyond those included in this
study. Permutation importance identified the Human Development Index and
Disaster Risk Index as the most influential predictors. These findings indicate that
socioeconomic indicators are stronger predictors of regional economic growth, while
remote sensing variables provide complementary spatial information. Although
integrating remote sensing variables did not improve predictive accuracy, it offers
valuable environmental context for more comprehensive data-driven regional
development planning.
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INTRODUCTION

Economic growth is one of the primary indicators used to evaluate regional development because it reflects the capacity
of a region to generate production, create employment opportunities, and improve community welfare. In Indonesia,
regional economic performance is measured using Gross Regional Domestic Product (GRDP), which serves as an
important basis for development planning, policy evaluation, and resource allocation. According to Statistics Indonesia
(BPS), GRDP at constant prices is used to measure regional economic growth, whereas GRDP at current prices describes
the economic structure and production capacity of a region. Consequently, understanding the factors associated with
regional economic growth is essential for supporting evidence based regional development policies [1].
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Regional economic growth is influenced by interactions among physical, environmental, institutional, and socioeconomic
factors. Human capital, labour market conditions, fiscal capacity, infrastructure, land development, and environmental
characteristics collectively determine regional productivity and competitiveness. Consequently, regions with similar
economic structures may exhibit different growth trajectories because they possess different development capacities and
landscape characteristics. These variations indicate that analysing regional economic growth requires a comprehensive
framework capable of representing both the physical environment and socioeconomic conditions.

Recent advances in Earth observation technology have expanded the application of remote sensing beyond environmental
monitoring into socioeconomic and regional economic analysis. Satellite observations provide spatially continuous
information describing urban expansion, vegetation dynamics, land cover transformation, and human activities across
extensive geographic areas. Donaldson and Storeygard demonstrated that satellite observations have become an important
source of information for empirical economic research because they reveal spatial patterns that are difficult to capture
using conventional statistical indicators alone [2]. Similarly, Burke et al. emphasized that remotely sensed data contribute
significantly to sustainable development assessment by integrating environmental information with socioeconomic
analysis [3].

Among various remotely sensed variables, nighttime light has become one of the most widely adopted proxies for
economic activity because artificial illumination reflects the concentration of settlements, transportation networks,
commercial centres, and industrial activities. The harmonized nighttime light dataset developed by Li et al. has
substantially improved the temporal consistency of nighttime observations, enabling more reliable analyses of long term
regional economic dynamics [4]. Zhao et al. further demonstrated that nighttime light has been extensively applied to
analyse urbanization, regional development, disaster recovery, and socioeconomic activities across different geographical
contexts [5]. Proville et al. also reported consistent relationships between nighttime light intensity and a wide range of
socioeconomic indicators at the global scale, reinforcing the usefulness of nighttime light as a proxy for regional economic
activity and human development [6].

Although Nighttime Light (NTL) is widely used as a proxy for economic activity and urbanization, it captures only one
dimension of regional development because agricultural production, vegetation productivity, and land-based economic
activities may contribute substantially to regional economies despite generating limited artificial illumination [7]. This
finding has encouraged researchers to integrate additional remotely sensed variables capable of describing complementary
characteristics of regional landscapes.

Several studies have shown that combining multiple remotely sensed variables improves the representation of regional
economic conditions. NDVI reflects vegetation productivity, built up area represents urban expansion and infrastructure
development, while Land Surface Temperature (LST) captures thermal characteristics associated with land cover
transformation and urbanization. Pagaduan demonstrated that integrating nighttime light with land cover and net primary
productivity produced more accurate estimates of subnational Gross Domestic Product than models relying solely on
nighttime light [8]. Similar findings were reported by Kurnia et al., who confirmed the usefulness of VIIRS nighttime
light for modelling regional economic activity in Central Java [9]. Kamal et al. also showed that combining remote sensing
variables with alternative digital information improved the estimation of Indonesia's Gross Domestic Product, indicating
that economic conditions are better represented through the integration of multiple information sources [10]. More
recently, Wang et al. further demonstrated that integrating nighttime light with OpenStreetMap data improved the
assessment of regional economic development across multiple spatial scales compared with models based on a single data
source, highlighting the advantage of data fusion for representing regional economic characteristics [11].

Remote sensing variables describe the spatial manifestation of economic activities, whereas socioeconomic indicators
explain the structural capacity of a region to transform available resources into economic output. Human Development
Index reflects the quality of human capital, the open unemployment rate represents labour market conditions, fiscal
capacity indicates the financial capability of local governments to support development programmes, and disaster risk
influences regional resilience through its effects on production activities and infrastructure. Rather than representing
competing sources of information, remotely sensed and socioeconomic variables provide complementary perspectives for
understanding regional economic growth.

Machine learning has become an increasingly important approach for analysing regional economic systems because it
can model complex relationships among heterogeneous variables without requiring restrictive statistical assumptions. The

https://doi.org/10.30743/XXXXX Dian Septiana 41



DIAN SEPTIANA / HANIF JOURNAL OF INFORMATION SYSTEMS- VoL. 4 No. 1 (2026) AuGusT EDITION ISSN 3025-2342 (ONLINE)

integration of machine learning with satellite imagery has further expanded the application of remote sensing in
socioeconomic studies. Jean et al. demonstrated that deep learning models trained on daytime satellite imagery were able
to predict poverty with remarkable accuracy, providing early evidence that remotely sensed data can effectively capture
latent socioeconomic characteristics beyond conventional environmental applications [12]. Random Forest has been
widely applied in remote sensing owing to its ability to model nonlinear relationships and evaluate variable importance
[13]. Maxwell et al. also reported that machine learning algorithms substantially improve predictive performance in
remote sensing applications involving multidimensional datasets [14]. Support Vector Regression has demonstrated
competitive performance in nonlinear prediction problems and maintains good generalization ability across different
sample characteristics [15]. At the national level, Muchisha et al. showed that machine learning algorithms provide
reliable predictions of Indonesia's economic growth and outperform several conventional approaches [16].

Previous studies generally follow three research directions. The first uses nighttime light as the primary proxy for
economic activity and regional development [4], [5]. The second integrates multiple remotely sensed variables, including
vegetation indices, land cover, and built-up information, to improve the estimation of regional economic performance [8],
[17], [18]. The third applies machine learning algorithms to predict economic indicators using either remotely sensed
variables or socioeconomic data [14], [15], [16]. These developments demonstrate that remote sensing and machine
learning have become important components of regional economic analysis. However, studies integrating remotely sensed
variables describing landscape characteristics with socioeconomic indicators representing regional development capacity
within a unified prediction framework remain relatively limited. Since regional economic growth reflects interactions
between physical environments and socioeconomic conditions, combining these complementary information sources is
expected to provide a more comprehensive representation of regional economic dynamics.

Based on this perspective, this study integrates nighttime light, NDVI, built up area, and Land Surface Temperature with
the Human Development Index, open unemployment rate, fiscal capacity index, and disaster risk index to predict regional
economic growth in North Sumatra. Linear Regression is employed as a baseline model and compared with Support
Vector Regression, Random Forest, and K-Nearest Neighbours Regression using Leave One Out Cross Validation.
Furthermore, permutation importance analysis is performed to identify the relative contribution of each predictor. The
findings are expected to enrich the application of remote sensing and machine learning in regional economic analysis
while providing empirical evidence to support data driven regional development planning.

METHOD

Research Design

This study employed a quantitative cross-sectional research design to compare the predictive performance of remote

sensing variables, socioeconomic indicators, and their integration in estimating regional economic growth in North

Sumatra Province, Indonesia. The unit of analysis consisted of 33 districts and municipalities, representing all

administrative regions in North Sumatra.

Three predictor scenarios were evaluated:

1. Remote sensing dataset, consisting of Nighttime Light (NL), Normalized Difference Vegetation Index (NDVI), Built-
up Area, and Land Surface Temperature (LST);

2. Socioeconomic dataset, consisting of Human Development Index (HDI), Open Unemployment Rate (OUR), Fiscal
Capacity Index (FCI), and Disaster Risk Index (DRI);

3. Integrated dataset, combining all remote sensing and socioeconomic variables.

The response variable was the regional economic growth rate (%), measured at the district/city level.

To evaluate the predictive capability of each dataset, four regression algorithms were employed: Linear Regression (LR),
Support Vector Regression (SVR), Random Forest (RF), and K-Nearest Neighbors (KNN). Linear Regression was
included as a baseline statistical model, whereas SVR, RF, and KNN were selected because they represent machine
learning approaches capable of capturing complex relationships between predictor variables and economic growth. The
predictive performance of all models was compared using identical validation and evaluation procedures to ensure a fair
comparison across the three predictor scenarios.

The analytical workflow was implemented using the Python programming language. Data manipulation and numerical
computation were performed using the Pandas and NumPy libraries, whereas machine learning model development,
hyperparameter optimization, cross-validation, and performance evaluation were conducted using the Scikit-learn library.
Remote sensing variables were extracted and processed using Google Earth Engine (GEE) prior to model development.
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To ensure reproducibility, all stochastic procedures were initialized using a fixed random seed (random_state = 123). The
overall research workflow is illustrated in Figure 1.

REMOTE SENSING DATA SOCIOECONOMIC DATA
(Google Earth Engine) (BPS, Ministry of Finance, BNPB)
- Nighttime Light (NL) e - HDI
- NDVI - OUR
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Figure 1. Research Workflow

Data Collection

This study employed a cross-sectional dataset comprising 33 districts and municipalities in North Sumatra
Province, Indonesia. The response variable was the annual regional economic growth rate (%) at the district/city level.
Two categories of predictor variables were used: remote sensing variables and socioeconomic variables.

Remote sensing variables

Remote sensing variables were extracted using Google Earth Engine (GEE), a cloud-based geospatial analysis
platform that enables large-scale processing of satellite imagery. GEE provides direct access to numerous satellite image
collections and allows efficient preprocessing, including cloud masking, temporal compositing, and spatial aggregation
[19].

Four remote sensing indicators were generated:

1. Nighttime Light (NL) derived from the VIIRS Day/Night Band annual composite;

2. Normalized Difference Vegetation Index (NDVI) derived from MODIS vegetation products;

3. Built-up Area, derived from ESA WorldCover land-cover products;

4. Land Surface Temperature (LST) derived from MODIS Terra Land Surface Temperature products.
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For each district/city, annual composite images representing the study period were generated in GEE. Subsequently, zonal
statistics were performed using the administrative boundary of each district/city to calculate the mean value of each remote
sensing variable. The resulting values were exported from GEE in tabular format for subsequent statistical analysis. The
selected remote sensing variables were chosen to represent complementary dimensions of regional characteristics. NL
has been widely used as a proxy for economic activity and urbanization, whereas NDV| reflects vegetation conditions
and land productivity. Built-up Area represents urban expansion and infrastructure development, while Land Surface
Temperature (LST) captures environmental conditions associated with land-use change and urbanization [2], [3], [4],
[12].

Socioeconomic variables

Socioeconomic variables were obtained from official government institutions. The Human Development Index (HDI) and
Open Unemployment Rate (OUR) were collected from Statistics Indonesia (BPS). The Fiscal Capacity Index (FCI) was
obtained from the Ministry of Finance, while the Disaster Risk Index (DRI) was collected from the National Disaster
Management Agency (BNPB). All variables correspond to the 2025 observation year to ensure temporal consistency with
the remote sensing variables.

The selected socioeconomic variables represent key dimensions of regional development that are theoretically associated
with economic growth. HDI reflects the quality of human capital through education, health, and living standards, whereas
OUR describes labor market conditions and workforce utilization. FCI represents the financial capacity of local
governments to support regional development through public investment and service provision, while DRI captures
regional vulnerability to natural hazards that may disrupt economic activities and development. Collectively, these
variables provide complementary information on the socioeconomic conditions influencing regional productivity and
economic performance.

Data Preprocessing

Before model development, all predictor variables were examined for missing values and consistency across
districts/cities. Since Support Vector Regression (SVR) and K-Nearest Neighbors (KNN) are sensitive to differences in
variable scales, predictor variables were standardized using the StandardScaler, which transforms each variable into zero
mean and unit variance. In contrast, Linear Regression and Random Forest were trained using the original predictor values
because Random Forest is inherently scale-invariant, while Linear Regression does not require standardization for
prediction. The preprocessing procedure was implemented within a machine learning pipeline to ensure that scaling was
performed exclusively on the training data during cross-validation, thereby preventing data leakage.

Machine Learning Models

Four regression algorithms were employed in this study, namely Linear Regression (LR), Support Vector Regression
(SVR), Random Forest (RF), and K-Nearest Neighbors (KNN). These algorithms were selected because they represent
different regression paradigms, ranging from conventional statistical modeling to nonlinear machine learning approaches.
Linear Regression was used as the baseline model, whereas SVR, RF, and KNN were adopted to investigate their
capability in modelling both linear and nonlinear relationships between remote sensing variables, socioeconomic
indicators, and regional economic growth.

Linear Regression

Linear Regression (LR) was employed as the baseline model because of its simplicity, computational efficiency, and ease
of interpretation. The model assumes a linear relationship between predictor variables and the response variable by
estimating regression coefficients that minimize the residual sum of squares. Owing to these characteristics, Linear
Regression is commonly used as a benchmark for comparing the predictive performance of more advanced machine
learning models [20]. The regression model is expressed as

P
y=B+D.BX+e 1)
i=1

where y denotes the regional economic growth rate, x; represents the predictor variables, f; denotes the regression
coefficients, 3, is the intercept, and ¢ is the random error term.

Support Vector Regression
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Support Vector Regression (SVR) was selected because of its strong generalization capability for regression problems
involving nonlinear relationships and limited sample sizes. Instead of minimizing only the prediction error, SVR applies
the Structural Risk Minimization principle to balance model complexity and prediction accuracy, thereby reducing the
risk of overfitting [15]. This characteristic makes SVR particularly suitable for cross-sectional datasets with relatively
few observations. The regression function is defined as

f(X)=w'g(x)+b )
where ¢ (x) denotes the nonlinear mapping function, w is the weight vector, and b is the bias term.

Both linear and Radial Basis Function (RBF) kernels were considered during hyperparameter optimization. The RBF
kernel is expressed as

K(xi,xj):exp(—yuxi—xjHZ) (3)

where y controls the influence of neighbouring observations. The optimal kernel and corresponding hyperparameters
were determined through cross-validation.

Random Forest

Random Forest (RF) is an ensemble learning algorithm that constructs multiple decision trees using bootstrap sampling
and random feature selection. The final prediction is obtained by averaging the predictions generated by individual trees,
resulting in improved predictive accuracy and reduced variance. Moreover, RF effectively captures nonlinear
relationships and interactions among predictor variables without requiring assumptions regarding data distribution [13].
The prediction is computed as

1
y =§ZTb(X) @)

where B is the total number of decision trees and T;, (x) represents the prediction produced by the b-th tree.

K-Nearest Neighbors

K-Nearest Neighbors (KNN) regression is a non-parametric learning algorithm that estimates the response variable using
the average value of the nearest neighboring observations in the predictor space. Because KNN makes no assumptions
regarding the functional relationship between predictors and the response, it is capable of modelling local nonlinear
patterns [21], [22]. The prediction is calculated as

1
y=EZyi 5)

where k denotes the number of nearest neighbors and y; represents the observed response values of neighboring
observations.

Hyperparameter Optimization

Hyperparameter optimization was performed using Randomized Search Cross Validation (RandomizedSearchCV)
implemented in the Scikit-learn library. Compared with exhaustive Grid Search, RandomizedSearchCV explores
randomly selected combinations of hyperparameters within predefined search spaces, thereby substantially reducing
computational cost while maintaining competitive optimization performance. This approach is particularly suitable for
studies involving multiple machine learning algorithms and relatively limited computational resources [23].
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The search space was defined individually for each algorithm according to their respective hyperparameters. For SVR,
optimization included the kernel function, regularization parameter (C), kernel coefficient (y), and epsilon (¢). RF
optimization considered the number of decision trees, maximum tree depth, minimum samples required for node splitting,
minimum samples required at leaf nodes, and the maximum number of features considered at each split. For KNN
regression, the optimization process included the number of neighbors, distance metric, and weighting scheme.

A total of 30 randomly sampled hyperparameter combinations were evaluated for each algorithm. The optimal
hyperparameter configuration was selected based on the lowest cross-validation prediction error obtained during the
optimization process. To ensure reproducibility, all stochastic procedures were initialized using a fixed random seed
(random_state = 123).

Table 1. Hyperparameter search space for machine learning models

Model Hyperparameter Search Space
SVR Kernel Linear, RBF, Polynomial
C 0.01,0.1, 1, 5, 10, 50, 100, 500
Gamma scale, auto, 0.001, 0.01,0.1,1
Epsilon 0.001, 0.01, 0.05, 0.10, 0.20, 0.50
Random Forest Number of Trees 100-700
Maximum Depth None, 2, 3,5,7,10

Minimum Samples Split 2, 3,5, 10
Minimum Samples Leaf 1,2,3,5

Maximum Features sqrt, log2, None
KNN Number of Neighbors 2-9

Distance Metric Manhattan, Euclidean

Weight Function Uniform, Distance

Model Validation

Model validation was performed using Leave-One-Out Cross Validation (LOOCV) because the dataset consisted of only
33 observations, making conventional train-test splitting or k-fold cross-validation less suitable. LOOCV is a special case
of k-fold cross-validation in which the number of folds equals the number of observations (k = n). Consequently, one
observation is used as the testing sample, while the remaining n — 1 observations are used to train the model. This
procedure is repeated until every observation has served exactly once as the testing sample, ensuring that all available
data contribute to both model training and evaluation [20], [23]. The prediction error across all validation iterations is
estimated as

CVioo =%ian]L(yi,yi) ©

where CV,,, denotes the Leave-One-Out Cross Validation error, n is the total number of observations, L(-) represents
the loss function, y; is the observed value of the i-th observation, and J; is the predicted value obtained from a model
trained using all observations except the i-th observation [23].

The prediction error was computed for each iteration and subsequently averaged across all observations to obtain an
overall estimate of model performance. Compared with conventional train-test splitting, LOOCV maximizes the amount
of training data available in each iteration, which is particularly advantageous when the sample size is limited.
Furthermore, LOOCYV provides a nearly unbiased estimate of prediction performance while reducing the dependence of
model evaluation on a single random partition of the dataset [23].

In this study, LOOCV was implemented using the LeaveOneOut and cross_val_predict() functions available in the Scikit-
learn library. The predicted values generated from each validation iteration were aggregated to compute the overall
prediction accuracy using the evaluation metrics described in next section. The validation procedure was applied
consistently to all machine learning models and predictor scenarios to ensure a fair comparison of predictive performance
[20].
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Performance Evaluation

The predictive performance of each machine learning model was evaluated using three widely adopted regression metrics:
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and the Coefficient of Determination (R?). These metrics
were selected because they provide complementary information regarding prediction accuracy. RMSE measures the
magnitude of prediction errors while assigning greater penalties to large deviations, MAE quantifies the average absolute
prediction error regardless of its direction, and R2evaluates the proportion of variance in the response variable explained
by the prediction model. The combined use of these metrics provides a comprehensive assessment of model performance
and facilitates an objective comparison among the evaluated algorithms [20], [23].

The Root Mean Square Error (RMSE) is calculated as

RMSE = /%;(y -y, )2 @)

where n is the number of observations, y; denotes the observed value, and y; represents the predicted value.

The Mean Absolute Error (MAE) is defined as

MAE = |13

i=1

= @

and the Coefficient of Determination is computed as
n

Y (vi-v)

RZ :1_ i=1 (9)

S(v-v)

i=1
where ¥ is the mean of the observed response values.

Lower RMSE and MAE values indicate better predictive accuracy because they correspond to smaller prediction errors.
Conversely, a higher R?value indicates that a larger proportion of the variability in regional economic growth is explained
by the model. In this study, model performance was primarily compared using RMSE as the principal evaluation metric
because it penalizes large prediction errors more heavily than MAE, making it particularly suitable for regression-based
prediction problems. MAE and R?*were employed as complementary measures to provide a more comprehensive
evaluation of predictive performance [20], [23].

Variable Importance
To interpret the contribution of each predictor, Permutation Importance was applied to the best-performing
model. For each variable, predictor values were randomly permuted while the remaining variables were kept unchanged.

The decrease in model performance after permutation represents the importance of the corresponding variable [24]. The
permutation importance score is defined as

PI,=E~EP™" ©)

where Edenotes the original prediction error, and Ejp"mdenotes the prediction error after permuting variable j.

RESULTS AND DISCUSSION

Comparative Performance of Machine Learning Models
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The predictive performance of the four machine learning algorithms was compared under three predictor scenarios:
remote sensing variables, socioeconomic variables, and their integration. Model performance was assessed using Leave-
One-Out Cross Validation (LOOCV) together with three evaluation metrics, namely Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), and the Coefficient of Determination (R?). Lower values of RMSE and MAE indicate
higher prediction accuracy, whereas larger R?values indicate better explanatory capability. The comparison of predictive
performance for all evaluated models is presented in Table 2.

Table 2. Predictive performance of machine learning models under different predictor scenarios
Predictor Scenario ~ Model RMSE MAE R2

Remote Sensing LR 0.752 0.567 -0.161
SVM 0.685 0.471  0.038

RF 0.790 0.610 -0.283

KNN 0.792 0.614 -0.289

Socioeconomic LR 0.702 0.547 -0.012
SVM 0.625 0.480 0.198

RF 0.653 0.482 0.124

KNN 0.657 0.494 0.112

Integrated LR 0.654 0504 0.121
SVM 0.647 0.492  0.140

RF 0.684 0.496  0.039

KNN 0.682 0.525 0.043

Table 2 shows that SVR consistently achieved the best predictive performance across all predictor scenarios. Compared
with LR, RF and KNN, SVR produced the lowest RMSE and MAE values while simultaneously yielding the highest
coefficient of determination. This consistent performance indicates that SVR was more effective in modelling the
relationship between predictor variables and regional economic growth, particularly for the relatively small cross-
sectional dataset used in this study.

Among the three predictor scenarios, the socioeconomic dataset produced the highest prediction accuracy. Using only
four socioeconomic variables, SVR achieved an RMSE of 0.625, MAE of 0.480, and an R?of 0.198, outperforming both
the remote sensing and integrated datasets. These findings suggest that socioeconomic characteristics provide more direct
information regarding regional economic performance than remotely sensed environmental indicators. Variables
describing human development, labour market conditions, fiscal capacity, and disaster risk appear to explain regional
economic growth more effectively than satellite-derived variables alone.

The remote sensing dataset yielded the lowest predictive performance, with the best model (SVR) obtaining an RMSE of
0.685 and an R?of 0.038. Although remotely sensed variables such as Nighttime Light, NDVI, Built-up Area, and Land
Surface Temperature contain valuable spatial information, these variables alone were insufficient to explain the
complexity of regional economic growth. Economic performance is influenced by multiple socioeconomic dimensions
that cannot be directly observed from satellite imagery, thereby limiting the predictive capability of remote sensing
variables when used independently.

Interestingly, integrating remote sensing and socioeconomic variables did not produce the highest predictive accuracy.
Although the integrated dataset improved upon the remote sensing-only scenario, its performance remained slightly
inferior to the socioeconomic dataset, with SVR achieving an RMSE of 0.647 and an R2of 0.140. This result indicates
that incorporating additional remote sensing variables did not substantially enhance prediction accuracy under the present
dataset. One possible explanation is the limited sample size (33 districts and municipalities), which may reduce the ability
of machine learning models to fully exploit the complementary information contained in heterogeneous predictor
variables.

Overall, the comparative analysis demonstrates that SVR is the most suitable algorithm for predicting regional economic
growth in North Sumatra. Notably, the socioeconomic dataset achieved superior predictive accuracy compared with both
the remote sensing and integrated datasets. Although the highest-performing model produced a relatively low R2 (0.198),
this suggests that regional economic growth is influenced by numerous economic, institutional, and environmental factors
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beyond the variables considered in this study. The addition of remote sensing variables also did not substantially improve
predictive performance, possibly due to the limited sample size (n = 33) and the complexity of regional economic systems.
Nonetheless, the integrated dataset remains valuable for contextualizing environmental conditions alongside
socioeconomic drivers and supporting more comprehensive regional economic assessments.

Best Hyperparameter Configuration

Hyperparameter optimization was conducted using RandomizedSearchCV to identify the optimal parameter configuration
for each machine learning algorithm under the three predictor scenarios. The optimization process evaluated 30 randomly
sampled parameter combinations using Leave-One-Out Cross Validation (LOOCV), and the parameter set yielding the
lowest cross-validation RMSE was selected as the optimal configuration. The resulting hyperparameters are summarized
in Table 4.

Table 3. Best hyperparameter configuration obtained by RandomizedSearchCV

Predictor Model Best Hyperparameter Configuration

Scenario

Remote Sensing SVR Kernel = Linear, C = 0.01, Gamma = 0.001, Epsilon = 0.10
Random n_estimators = 100, max_depth = 2, min_samples_split = 3, min_samples_leaf =
Forest 3, max_features = log2
KNN n_neighbors = 6, weights = uniform, distance = Manhattan

Socioeconomic SVR Kernel = Linear, C = 0.10, Gamma = auto, Epsilon = 0.20
Random n_estimators = 100, max_depth = 2, min_samples_split = 10, min_samples_leaf
Forest =5, max_features = None
KNN n_neighbors = 5, weights = distance, distance = Euclidean

Integrated SVR Kernel = RBF, C = 10, Gamma = 1, Epsilon = 0.10
Random n_estimators = 500, max_depth = 3, min_samples_split = 5, min_samples_leaf =
Forest 3, max_features = log2
KNN n_neighbors = 9, weights = uniform, distance = Manhattan

The optimization results indicate that different predictor scenarios required different hyperparameter configurations to
achieve optimal predictive performance. For the remote sensing and socioeconomic datasets, the optimal SVR model
employed a linear kernel, suggesting that the relationships between predictors and regional economic growth could be
adequately represented in the transformed linear feature space. In contrast, the integrated dataset selected the Radial Basis
Function (RBF) kernel, indicating that combining remote sensing and socioeconomic variables introduced more complex
nonlinear relationships that were better captured by a nonlinear kernel.

For the Random Forest model, the optimal configurations generally consisted of shallow tree depths and relatively large
leaf sizes, indicating that simpler tree structures produced better generalization performance for the limited number of
observations. Likewise, the K-Nearest Neighbors model selected different neighborhood sizes and distance metrics across
the three predictor scenarios, reflecting differences in the local structure of each dataset. Overall, these results demonstrate
that hyperparameter optimization successfully adapted each algorithm to the characteristics of the corresponding predictor
scenario, thereby improving the fairness of the comparative evaluation presented in the previous section.

Prediction Performance of the SVR Model Using the Integrated Predictor Set

Although the socioeconomic predictor set achieved the highest predictive accuracy, of the SVR model using the integrated
predictor set was selected for further interpretation because it incorporates both remote sensing and socioeconomic
variables within a single prediction framework. This enables a comprehensive evaluation of prediction performance while
simultaneously examining the contribution of all predictor variables. Figure 2 illustrates the relationship between the
observed and predicted values of regional economic growth generated by the integrated SVR model.
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Figure 2. Actual versus predicted regional economic growth using the integrated SVR model.

As shown in Figure 2, most predicted values generally follow the distribution of the observed values, indicating that the
model captures the overall pattern of regional economic growth across districts and cities. The points are concentrated
around the central region of the plot, although several observations exhibit noticeable deviations, particularly for regions
with relatively high or low growth rates. These deviations indicate that prediction errors remain for some observations,
reflecting the complexity of regional economic growth and the heterogeneous influence of environmental and
socioeconomic factors.

The integrated SVR model provides a reasonable representation of the observed variation in regional economic growth.
Although its predictive accuracy is slightly lower than that of the socioeconomic model, it offers a more comprehensive
analytical framework by incorporating complementary information from both remote sensing and socioeconomic
variables. This integrated representation provides the basis for examining the relative contribution of each predictor,
which is discussed in the following section.

Variable Importance

Permutation importance was applied to evaluate the contribution of each predictor variable to the predictive performance
of the integrated Support Vector Regression (SVR) model. Variables with higher importance scores have a greater
influence on the model predictions. The ranking of predictor importance is presented in Figure 3.

Permutation Importance of Predictor Variables

HDI

DRI

OUR

LST

NDVI

redictor Variables

= Built-up Area
FCI

NTL

0.0 01 02 03 0.4 05 0.6
Permutation Importance

Figure 3. Permutation importance of predictor variables in the integrated SVR model.
Figure 3 shows that the Human Development Index (HDI) was the most influential predictor, with an importance score
of 0.600. This was followed by the Disaster Risk Index (DRI) (0.513) and the Open Unemployment Rate (OUR) (0.474).

These results indicate that socioeconomic indicators contributed more substantially to the prediction of regional economic
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growth than the other variables included in the model. Among the remote sensing variables, Land Surface Temperature
(LST) exhibited the highest importance score (0.402), followed by NDVI (0.380) and Built-up Area (0.318). Nighttime
Light had the lowest importance score (0.214), while the Fiscal Capacity Index (FCI) also showed a relatively limited
contribution (0.217). Although these variables ranked below the leading socioeconomic indicators, they provided
complementary environmental and spatial information that enhanced the predictive capability of the integrated model.

The dominance of socioeconomic variables is consistent with the comparative model performance presented before,
where the socioeconomic dataset achieved the highest prediction accuracy. At the same time, the contribution of several
remote sensing variables, particularly LST and NDVI, demonstrates that satellite-derived information can complement
conventional socioeconomic indicators by capturing environmental characteristics associated with regional economic
conditions.

CONCLUSION

This study compared the predictive performance of remote sensing variables, socioeconomic variables, and their
integration for predicting regional economic growth in North Sumatra using four predictive models. The results show that
Support Vector Regression (SVR) consistently achieved the best predictive performance across the three predictor
scenarios. Although the socioeconomic predictor set produced the highest prediction accuracy, the integrated predictor
set provided a more comprehensive representation by combining environmental and socioeconomic information within a
single prediction framework.

The comparison of the three predictor scenarios indicates that socioeconomic variables play a dominant role in predicting
regional economic growth, achieving higher accuracy than both the remote sensing and integrated models. While
integrating remote sensing data does not automatically improve predictive accuracy, likely due to sample size constraints,
it offers valuable complementary spatial and environmental context (such as LST and NDV1) that cannot be captured by
socioeconomic indicators alone. Therefore, data integration provides a more holistic analytical perspective, even though
socioeconomic indicators remain the stronger primary predictors in small-sample subnational contexts.

The proposed framework provides a practical approach for comparing different predictor scenarios in regional economic
prediction using machine learning. It also provides empirical evidence that remote sensing data can complement
socioeconomic indicators, supporting the development of more comprehensive data-driven models for regional economic
assessment and development planning.

Several limitations should be acknowledged. The analysis was based on a cross-sectional dataset covering only 33 districts
and municipalities in North Sumatra and included observations from a single year. In addition, only a limited number of
remote sensing and socioeconomic variables were considered. Future research may incorporate multi-year observations,
additional predictor variables, and broader geographic coverage to further evaluate the potential of integrating remote
sensing and socioeconomic information for regional economic prediction
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NOMENCLATURE
y Observed regional economic growth
y Predicted regional economic growth
v Mean of the observed regional economic growth
X Predictor variable
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