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ABSTRACT 

 
Statistical optimization plays an important role in improving the performance of neural network (NN) models 
by optimizing their weights and biases. This study compares the performance of the Adaptive Moment 
Estimation (Adam) and Nelder-Mead (NM) simplex optimization methods for neural network-based relative 
poverty classification in Indonesia. Secondary data from Statistics Indonesia (BPS) in 2023 covering 514 
regencies/cities, nine explanatory variables, and one binary response variable representing relatively high-
poverty and relatively low-poverty areas were analyzed. The analysis included data preprocessing, 
exploratory data analysis, NN model development, hyperparameter tuning, and performance evaluation 
using the area under the receiver operating characteristic curve (AUC), accuracy, precision, sensitivity, 
specificity, and F1-score. The Adam model consistently outperformed the NM simplex model across almost 
all evaluation metrics, achieving an AUC of 0.818 compared with 0.735. Adam also obtained higher accuracy 
(0.777 vs. 0.738), precision (0.771 vs. 0.692), specificity (0.869 vs. 0.803), and F1-score (0.701 vs. 0.667), 
while both models achieved the same sensitivity (0.643). These findings demonstrate that Adam provides a 
more effective and computationally efficient optimization approach than the NM simplex for neural network-
based relative regional poverty classification in Indonesia. 

 

Keywords: Adam, Nelder-Mead simplex, neural network, optimization, poverty.  

 

INTRODUCTION 

Statistical optimization is the process of finding parameter values that minimize or maximize 
an objective function to obtain the best solution within a model. Optimization methods are generally 
divided into two categories, namely derivative-based (gradient-based) and derivative-free. 
Derivative-based methods use derivative information from the objective function to determine the 
direction of the solution search, while derivative-free methods search for solutions without using 
gradient information. 

Gradient descent is one of the most commonly used derivative-based optimization methods. 
This method uses an iterative algorithm that updates parameters by moving in the negative 
direction of the loss function gradient Gradient (Goodfellow et al., 2016). Gradient descent has 
been developed in various variations, one of which is adaptive moment estimation (Adam) that 
combines the advantages of momentum methods and root mean square propagation (RMSprop). 
Adam adjusts the learning rate for each parameter adaptively using estimates of the first and 
second moments of the gradients (Kingma & Ba, 2015). 

The second category of optimization is Simplex, which is one of the classical derivative-free 
methods in solving linear optimization problems (Apriza et al., 2025). Simplex works by forming a 
set of solution points in the parameter space and evaluating the objective function value at each 
point to determine a better search direction (Dantzig et al., 1955). This method is very effective for 
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linear problems but is less suitable for complex and nonlinear objective functions. A development 
of the simplex is the Nelder-Mead simplex (NM simplex), which can be used for derivative-free 
nonlinear function optimization, although it has limitations in high dimensions. This method utilizes 
reflection, expansion, contraction, and shrinking operations on the vertices of the simplex to find 
the local minimum of the objective function (Nelder & Mead, 1965). 

Statistical optimization, both derivative-based and derivative-free, plays an important role in 
training deep learning models such as neural networks (NN). Inspired by biological neural networks, 
NN have been widely applied in classification, prediction, and pattern recognition tasks (Windarto, 
2017). However, these methods may suffer from slow convergence, training instability, and 
susceptibility to local minima (Suhendra & Wardoyo, 2015). However, these methods often 
experience slow convergence, instability during training, and susceptibility to local minima 
(Suhendra & Saputra, 2020). As an alternative, derivative-free optimization methods such as the 
Nelder–Mead (NM) simplex optimize model parameters without gradient information and have 
demonstrated superior performance in NN-based age and gender classification (Ozaki et al., 2017). 

Poverty remains a crucial problem in Indonesia, especially in rural areas and regions with 
uneven development. The complexity of poverty factors makes poverty classification a challenging 
task that requires accurate predictive model, such as NN. Previous studies have applied NN trained 
using backpropagation algorithms poverty classification at the regency/city level in Indonesia 
(Saputri, 2023). In addition, studies in other classification domains have reported the effectiveness 
of Adam optimization in improving model performance (Saragih & Huda, 2022). However, 
optimization strategies in NN training are generally dominated by derivative-based methods, while 
the exploration of derivative-free optimization methods, such as the Nelder–Mead (NM) simplex 
method, remains limited, particularly in regional poverty classification problems. It should be noted 
that the classification used in this study is based on aggregate poverty rates at the regency/city 
level and therefore represents relative regional poverty conditions rather than the official poverty 
status of individuals or households. The classification threshold is based on the empirical mean 
poverty rate across the observed regencies/cities and should not be interpreted as an official 
national poverty threshold. Therefore, this study contributes by providing an empirical comparison 
between derivative-based (Adam) and derivative-free (NM simplex) optimization approaches in NN 
training for poverty level classification across regencies/cities in Indonesia. The findings are 
expected to provide insights into the suitability of alternative optimization strategies for improving 
NN classification performance.   

 
METHOD 

Data 

The data used in this study are secondary data with one response variable and nine 
explanatory variables. The data were sourced from the Statistics Indonesia (BPS) in 2023, 
consisting of 514 observations representing each regency/city in Indonesia. The outcome variable 
in this study represents a relative regional poverty classification rather than an official poor/non-
poor classification. The unit of analysis is the regency/city, and the poverty indicator used is the 
percentage of the population living below the poverty line as reported for each of the 514 
regencies/cities in Indonesia. To construct the binary classification target, an empirical benchmark 
was calculated as the unweighted arithmetic mean of the poverty rates across all 514 
regencies/cities included in the study. Specifically, the cut-off was calculated as: 

𝑐 =
1

𝑁
∑ 𝑝𝑖 =

𝑁

𝑖=1

 
1

514
∑ 𝑝𝑖 = 12.27%

514

𝑖=1

 

 



Jurnal Matematika, Sains, dan Teknologi, Volume 27, Nomor 2, September 2026, 16-29 

18 
 

Where: 

𝑐  : empirical cut-off value, 

𝑝𝑖 : poverty rate of the i-th regency/city 

𝑁  : total number of regencies/cities included in the study. 

Regencies/cities with poverty rates above 12.27% were classified as relatively high-poverty 
regions and assigned a value of 1, whereas those with poverty rates equal to or below 12.27% 
were classified as relatively low-poverty regions and assigned a value of 0. This approach was 
applied to transform the continuous poverty rate variable into a binary classification target for the 
subsequent modelling process (Wulandari et al., 2022). 

The 12.27% threshold should therefore not be interpreted as the official national poverty rate 
or as an official poverty line. Rather, it serves as a data-driven, cross-regional benchmark for 
distinguishing areas with poverty incidence above and below the average level observed among 
Indonesian regencies/cities in the study. This approach is consistent with the regional unit of 
analysis and with the objective of the study, which is to classify relative differences in regional 
poverty incidence rather than to determine the poverty status of individuals or households. 

The explanatory variables in the model are determined based on previous research and the 
author's preferences. Development and economic disparities result in high poverty rates in 
Indonesia, especially in certain regencies or cities. This condition is influenced by various factors, 
such as the open unemployment rate (𝑋7) (Wulandari et al., 2022), average years of schooling 
(𝑋1), economic growth (GRDP) (𝑋9) (Faritz & Soejoto, 2020), as well as life expectancy (𝑋4) and 
expected years of schooling (Allo & Fevriera, 2025). The use of adjusted per capita expenditure 
variable (𝑋2) refers to the latest BPS method that applies calculations between per capita 
expenditure and purchasing power parity (PPP), based on 96 current commodities as an update 
from the previous method (BPS Kabupaten Enrekang, 2024). Table 1 shows the variables used in 
this analysis and research. 

Table 1. The variables 

Code Variable Unit 

𝑌 Poverty classification Category (0 = relatively low-poverty, 1 = 
relatively high-poverty) 

𝑋1 Average years of schooling Years 

𝑋2 Adjusted per capita expenditure Thousand rupiah/person/year 
𝑋3 Human Development Index (HDI) Points 
𝑋4 Life expectancy Years 
𝑋5 Access to proper sanitation Percent 

𝑋6 Safe drinking water Percent 
𝑋7 Open unemployment rate Percent 
𝑋8 Labor force participation rate Percent 
𝑋9 Gross regional domestic product 

(GRDP) 
Rupiah 

 

Neural Network 

NN is a computational system consisting of a collection of processing units (neurons) for 
classification or regression with several layers, namely the input layer, hidden layer, and output 
layer. This concept mimics the human nervous system, which consists of nerve cells or neurons 
connected through structures like axons and dendrites, with junction points called synapses 
(Aggarwal, 2023). Each neuron in a given layer receives input from neurons in the previous layer, 
processes it through an activation function, and passes its output to neurons in the next layer 



Jurnal Matematika, Sains, dan Teknologi, Volume 27, Nomor 2, September 2026, 16-29 

19 
 

(Kurniati et al., 2023). Figure 1 shows a simple architecture of NN that has three neurons in the 
input layer, one hidden layer with two neurons, and one neuron in the output layer. Each inter-
neuron connection represents a weight, while each neuron has a bias added before the activation 
function is applied. 

 

 
Figure 1. NN Architecture 

 

NN classification works by processing 𝑛-dimensional input data through hidden layers with 
activation functions such as rectified linear unit (ReLU), and generating probability outputs using a 
sigmoid activation function. The process involves optimizing weights (𝑤) and biases (𝑏) whose 

number depends on the network architecture; for instance, a single hidden layer with ℎ 
neuronscontains 𝑛 × ℎ + ℎ + ℎ × 1 + 1 trainable parameters. Model's performance is 
evaluated using loss function that measures the deviation between predicted and actual values, 
forming a fundamental part of supervised learning in NN training (Goodfellow et al., 2016). 

 

Adaptive Moment Estimation 

Adaptive moment estimation (Adam) is a gradient-based optimization algorithm designed for 
training networks with large-scale and non-stationary data. This optimization method combines the 
advantages of the momentum approach, which retains the previous gradient direction to accelerate 
convergence, and RMSprop, which adjusts the learning rate based on the squared average of the 
gradients (Reddi et al., 2018). Adam calculates the first moment (mean of the gradients) and the 
second moment (variance of the gradients) for each parameter, and then adaptively adjusts the 
parameter updates based on equations 1 to 4 with the gradient 𝑔𝑡 = ∇𝜃𝐽(𝜃𝑡) at time 𝑡 (Kingma 
& Ba, 2015). Calculating the first moment. 

𝑚𝑡 = 𝛽1 ∙ 𝑚𝑡−1 + (1 − 𝛽1) ∙ 𝑔𝑡   (1) 

1. Calculating the second moment. 

𝑣𝑡 = 𝛽2 ∙ 𝑣𝑡−1 + (1 − 𝛽2) ∙ 𝑔𝑡
2 (2) 

2. Correcting bias. 

𝑚̂ =
𝑚𝑡

1−𝛽1
𝑡  ,   𝑣̂ =

𝑣𝑡

1−𝛽2
𝑡  (3) 

3. Updating parameters. 

𝜃𝑡+1 = 𝜃𝑡 − 𝛼 ∙
𝑚𝑡̂

√𝑣𝑡̂+𝜖
  (4) 

The learning rate in the formula is indicated by the symbol alpha, with 𝜖 as a small constant 
to avoid division by zero, and 𝛽1 and 𝛽2 as moment decay parameters. Adam can handle sparse 
gradients with convergence stability and adaptive learning rate settings for all parameters (Si et al., 
2023). This optimization method relies on the backpropagation process to calculate the gradient of 
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the loss function with respect to the model parameters in the form of network weights using the 
chain rule. Backpropagation in the Adam optimization method has an advantage in generalization 
capability, meaning that a trained network can recognize patterns from training data and apply them 
to new data (Agustin & Prahasto, 2012). 

 

Nelder-Mead Simplex 

The Nelder–Mead (NM) simplex method is conceptually distinct from the classical simplex 
method used in linear programming, although both methods use the term “simplex”. The term 
simplex is used in different optimization contexts. The classical simplex method is designed to solve 
linear programming problems involving linear objective functions and constraints, whereas the NM 
simplex method is a derivative-free optimization algorithm for unconstrained nonlinear optimization 
(Dantzig et al., 1955; Nelder & Mead, 1965). Thus, the classical simplex method and the NM 
simplex method should not be interpreted as the same algorithm or as linear and nonlinear versions 
of a single optimization procedure. In this study, the term NM simplex refers specifically to the NM 
method. Unlike the classical simplex method, the NM simplex forms a simplex, a geometric shape 
consisting of 𝑛 + 1 vertices in an 𝑛-dimensional parameter space, and iteratively updates its 
position through reflection, expansion, contraction, and shrinkage operations to approach a local 
optimum (Nelder & Mead, 1965). 

Reflection reflects the worst point with respect to the centroid of the other points, and if 
successful, indicated by a decrease in the loss value, the point search will be further extended in 
that direction during the expansion process. Contraction is performed if the reflection step fails, by 
taking a step back toward the centroid. The simplex will be reduced to the current best point when 
all steps fail in the process called reduction. The shape of the simplex changes according to the 
pattern of the function surface being minimized during the expansion or contraction process. This 
method allows the simplex to adapt to the local conditions of the function, making the search for 
the minimum value more efficient and precise (Baudin, 2010). 

The NM simplex is used to directly optimize weights and biases based on the results of the 
forward pass process, without going through backpropagation in the NN. Each point in the simplex 
represents a set of weights and biases that are evaluated through a loss function. The parameter 
update process is carried out based on the actual loss, not the gradient, making this method flexible 
for simple networks or cases with complex loss function structures (Ozaki et al., 2017). This method 
is indeed superior for low-dimensional problems and non-smooth functions, but its performance 
can decline in high dimensions, so it does not guarantee global convergence (Kolda et al., 2003). 
Since each trainable parameter corresponds to one dimension in the optimization space, the 
number of simplex vertices increases linearly with the number of network parameters (𝑛 + 1 

vertices for 𝑛 parameters). Consequently, the computational cost and memory requirements of the 
NM simplex increase substantially as the neural network architecture becomes larger. Therefore, 
the NM simplex is generally more suitable for relatively low-dimensional neural network 
architectures, whereas gradient-based optimizers such as Adam remain computationally efficient 
for larger networks. 

 

Evaluation Metrics 

Evaluation is carried out using the area under the curve (AUC) value and a confusion matrix. 
AUC is the area under the receiver operating characteristic (ROC) curve. The AUC value 
summarizes the model's performance across all classification thresholds (Li, 2024). The confusion 
matrix represents classification results through four categories, namely true positive (positive data 
correctly predicted), true negative (negative data correctly predicted), false positive (negative data 
incorrectly classified as positive), and false negative (positive data incorrectly predicted as 
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negative) (Rainio et al., 2024). These components form the basis for calculating evaluation metrics 
such as accuracy, precision, sensitivity, specificity, and F1-score to assess the model's 
performance comprehensively. 

Accuracy is the proportion of total correct predictions, both positive and negative predictions, 
to all observations. Precision, also known as the positive predictive value, assesses the accuracy 
of positive predictions made by the model. Sensitivity is an indicator for evaluating the model's 
ability to identify all actual positive cases. This metric is often used when failing to detect positive 
cases (FN) has a significant impact. Specificity measures how well the model identifies all actual 
negative cases, the opposite of sensitivity. The F1 score is an indicator that combines the metrics 
of precision and sensitivity through the harmonic mean. The value of this indicator will only improve 
if both metrics are good. A model is considered better if these metrics have higher values (Rainio 
et al., 2024). Nevertheless, all five need to be considered proportionally because the dominance of 
one metric at the expense of others does not always indicate good overall performance. 

 

Analysis Procedure 

Data analysis was conducted using Python software. The procedures include exploration 
and modeling with two different types of optimization in NN classification. 

1. Conducting exploratory data analysis by evaluating the balance of the relative regional poverty 
classification response variable; identifying and addressing multicollinearity among the 
explanatory variables. 

2. Splitting the data into training and testing sets with an 80:20 ratio based on previous research 
that produced the best model from various proportions in ANN (Sakti et al., 2024). 

3. Normalizing the data using the min-max method based on Equation 5 (Allorerung et al., 2024), 

𝑥′ =
𝑥𝑖−min(𝑥)

max(𝑥)−min(𝑥)
  (5) 

4. Performing NN modeling using the Adam optimization method with gradient calculation through 
the backpropagation algorithm. 
a. Performing hyperparameter tuning using a combination based on Table 2 on training data 

with scenarios from the best parameter results in previous (Alkhairi & Windarto, 2023; 
Prasetyawan et al., 2018). 
 

Table 2. Hyperparameter Combination 

Scenario Epoch Learning Rate Batch Size 

1 

100 

0.1 
64 

2 128 

3 
0.01 

64 
4 128 

5 
0.001 

64 
6 128 

7 

500 

0.1 
64 

8 128 

9 
0.01 

64 
10 128 

11 
0.001 

64 
12 128 

 
b. Building a model by applying the following architecture: 

1) One hidden layer containing 64 neurons with a ReLU activation function. 
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2) One dropout layer with a ratio of 0.2 to prevent overfitting. 
3) One output layer with a sigmoid activation function (for binary classification). 
4) Loss function: Binary crossentropy. 

c. Choosing the best hyperparameter combination through cross-validation (5-fold cross 
validation) based on the highest average area under the curve (AUC) value. 

d. Determining the best classification threshold value based on the probability prediction results 
on the validation data using the maximum Youden index value from the receiver operating 
characteristic (ROC) curve. 

e. Applying the model with the best hyperparameters and threshold value to the test data. 
f. Evaluating the model performance on the test data using AUC metrics and other 

classification metrics, such as accuracy, precision, specificity, sensitivity, and F1 score. 
5. Performing NN modeling using the NM simplex optimization method. 

a. Defining the activation function used, namely ReLU for the hidden layer and sigmoid for the 
output layer in binary classification as shown by Equations 6 and 7 (Szandała, 2020). 

ReLU(z) = max(0, z) (6) 

𝜎(𝑧) =
1

1+𝑒−𝑧  (7) 

b. Building the forward pass structure of NN with the following architecture: 
1) One hidden layer with 𝑛ℎ neurons, where 𝑛ℎ ∈ {2,3, … ,20} as a hyperparameter to be 

tuned. 
2) One output layer with a sigmoid activation function. 
3) The forward pass process is carried out with an activation function that can be adjusted 

according to application needs (Goodfellow et al., 2016). Equations 8 to 11 describe the 
steps of this forward pass calculation. 

Z1 = 𝑋. 𝑊1 + 𝑏1 (8) 
𝑎1 = 𝑅𝑒𝐿𝑈(𝑍𝑖) (9) 

𝑍2 = 𝑎1. 𝑊2 + 𝑏2 (10) 

𝑦𝑝𝑟𝑒𝑑 = 𝜎(𝑍2) (11) 

The initial weights and biases are randomly initialized from a normal distribution 
𝑁(0,0.12). The weights and biases are packed into a single parameter vector 𝜃 that will 
be optimized. 

c. The objective function is defined as the log loss function (binary cross-entropy) as in 
Equation 12 (Bishop, 2006). 

LogLoss = −
1

n
∑ [𝑦𝑖 log(𝑦𝑖̂) + (1 − 𝑦𝑖) log(1 − 𝑦̂𝑖)]𝑛

𝑖=1   (12) 

Evaluation was conducted using 5-fold cross-validation and the final log loss value was 
calculated as the average of each fold for each 𝑛ℎ configuration. 

d. Optimization was performed using the NM simplex method with a maximum of 300 iterations. 
Weights and biases were initialized, weight optimization was done using the NM simplex to 
minimize log loss through cross-validation, and the best weights were selected based on the 
lowest average log loss for each 𝑛ℎ configuration. 

e. Tuning of the best hidden layer neuron count was performed within the range of 2 to 20 
based on the lowest average log loss value from cross-validation. 

f. The best classification threshold was determined based on the maximum Youden index 
value from the ROC curve on validation data from the model with the best hidden layer 
neuron count. The Youden index is a method for determining the optimal cutoff point that 
combines sensitivity and specificity, as in Equation 13 (Bantis et al., 2019). 

𝐽 = sensitivity + specificity − 1  (13) 
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g. Apply the model with optimal parameters (forward pass with the 4 best weights) and the best 
number of hidden layer neurons on the test data. 

h. Evaluate the model's performance on the test data using the AUC metric and other 
classification metrics, such as accuracy, precision, specificity, sensitivity, and F1 score. 

6. Compare the evaluation metrics on the test data for both optimization methods. 

Interpret and draw conclusions. 

 

RESULTS AND DISCUSSION 

Data Explorations 

The relative regional poverty classification resulted in 302 regencies/cities being categorized 
as relatively low-poverty regions (0), while the remaining 212 were categorized as relatively high-
poverty regions (1), as presented in Figure 2. The classification was based on the empirical mean 
poverty rate of 12.27% across the 514 regencies/cities included in the study. This value serves only 
as a relative regional benchmark and should not be interpreted as the official national poverty 
threshold. The ratio between the two classes was approximately 4:5, indicating a reasonably 
balanced class distribution. Therefore, no additional data-balancing procedure was applied. These 
labels were subsequently used as the classification target in the modelling process. 

 
Figure 2. Distribution of the relative regional poverty classification 

Feature redundancy among input variables was examined using the variance inflation factor 
(VIF). Although multicollinearity does not directly violate assumptions in neural network models as 
it does in regression models, highly correlated variables may provide redundant information and 
increase model complexity. Therefore, VIF analysis was applied as a preprocessing step to identify 
variables with excessive linear relationships among predictors. A VIF value greater than 10 was 
considered an indication of severe multicollinearity (Mohtasham et al., 2026). 

 

Table 3. VIF test results for all variables 

Variable Code 𝑋1 𝑋2 𝑋3 𝑋4 𝑋5 𝑋6 𝑋7 𝑋8 𝑋9 

VIF with 𝑋3 9.488 8.581 36.070 4.491 2.278 1.637 2.159 1.951 1.578 

VIF without 𝑋3 2.365 2.873 - 1.652 2.207 1.605 2.133 1.808 1.443 

 

The VIF values in Table 3 show that the Human Development Index (HDI) (𝑋3) variable has 
a value greater than 10, indicating high redundancy with other socioeconomic indicators. Therefore, 
the HDI variable was excluded from the model. This decision was also supported by the formulation 
of HDI, which is calculated as a composite index consisting of the average years of schooling index 
(𝐼𝑋1

), adjusted per capita expenditure index (𝐼𝑋2
), and life expectancy index (𝐼𝑋4

), as shown in 

Equation 14 (BPS Kabupaten Enrekang, 2024).  

𝐻𝐷𝐼 = 𝑋3 = √𝐼𝑋1
×  𝐼𝑋2

 ×  𝐼𝑋4

3  × 100  (14) 
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After variable selection, all remaining explanatory variables obtained VIF values below 10, 
indicating reduced redundancy among inputs. The selected variables were then divided into training 
and testing data with an 80:20 ratio. Subsequently, all input variables were standardized into a 
range of 0 to 1 using the min-max scaler method to ensure comparable variable scales during 
machine learning optimization (Prasetyo et al., 2022). 

 

NN Modeling with Adam Optimization 

The classification model is built with an architecture consisting of one hidden layer containing 
64 neurons (ReLU), one dropout layer (rate 0.2), and one output layer (sigmoid). The training 
process is carried out using the backpropagation algorithm and the binary crossentropy loss 
function with the Adam optimization method for updating weights and biases. This process is 
applied to the model with the constructed architecture and algorithm on normalized training data. 
The model runs over several epochs with a certain batch size, with each iteration involving 
feedforward and backpropagation processes to minimize the loss value. 

Weights and biases are determined through a gradient-based learning process carried out 
iteratively using the Adam optimization algorithm in classification using NN. Optimization is 
performed by calculating the derivatives (gradients) of the loss function with respect to each weight 
and bias through the backpropagation method. These weights and biases are then updated using 
a combination of the first and second moment averages of the gradients, which adaptively adjust 
the update step for each parameter (Kingma & Ba, 2015). Weights and biases are directly 
influenced by hyperparameters such as learning rate, batch size, and epoch. The learning rate 
determines the size of the weight update step in each iteration, while batch size affects the number 
of samples used to estimate the gradient. Epoch also influences how often the entire training data 
is used to update parameters (Goodfellow et al., 2016) The process of updating weights and biases, 
which is fully derivative-based in Adam optimization, makes the choice of activation function very 
important. ReLU, which is piecewise linear and non-saturating, allows the process of updating 
weights and biases to be more efficient and stable (Szandała, 2020). The details of hyperparameter 
tuning results are shown in Table 4. 

 

Table 4. AUC values for each scenario 

Scenario Epoch Learning Rate Batch Size AUC values 

1 

100 

0.1 
64 0.825 

2 128 0.835 

3 
0.01 

64 0.826 
4 128 0.823 

5 
0.001 

64 0.813 
6 128 0.803 

7 

500 

0.1 
64 0.823 

8 128 0.805 

9 
0.01 

64 0.833 
10 128 0.824 

11 
0.001 

64 0.829 
12 128 0.826 

 

The best hyperparameters used consisted of a batch size of 128, a learning rate of 0.1, and 
a total of 100 epochs or in the second scenario, which resulted in the highest AUC value of 0.835. 
The model with this combination was retrained using all training data and produced an AUC value 
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of 0.855. The model was also applied to the test data to form a classification with an AUC result of 
0.818. The relatively small difference between the two AUC values indicates that the model did not 
experience overfitting and has good generalization ability. The binary classification process was 
carried out using the optimal threshold through the ROC-Youden index method. The best threshold 
value obtained was 0.582, so observations that generated a probability higher than this limit would 
be classified as relatively high-poverty areas (1) and otherwise as relatively low-poverty areas (0). 

 

NN Modeling with NM Simplex 

The NM simplex algorithm is used to optimize weights and biases in NN classification without 
using any derivatives. The NN model is built using one hidden layer with a ReLU activation function 
and a single output neuron with a Sigmoid activation function. The objective function used is the 
average log-loss from 5-fold cross-validation. The NM simplex algorithm is executed for each 
hidden neuron configuration ranging from 2 to 20 neurons, with initial weights randomly initialized 
using a normal distribution 𝑁(0,0.1). This optimization process is carried out iteratively with a 
maximum limit of 300 iterations per neuron configuration. 

Unlike the Adam model, the number of hidden neurons in the NM simplex model was limited 
to 2–20. This limitation was adopted because the NM simplex directly optimizes all trainable 
weights and biases without gradient information, making the optimization dimension equal to the 
total number of trainable parameters. Increasing the number of hidden neurons substantially 
enlarges the simplex size and computational burden. Therefore, a relatively compact network 
architecture was used to ensure computational feasibility while maintaining representative 
classification performance. A dropout layer was not incorporated into the NM simplex model 
because the optimization algorithm evaluates deterministic objective function values at each 
simplex vertex. The stochastic behavior introduced by dropout would change the objective function 
between evaluations, potentially affecting the stability of the simplex search. 

Weights and biases are treated as a single large parameter vector whose optimal values are 
sought through direct evaluation of the loss function. Unlike gradient-based approaches, the NM 
simplex does not require hyperparameters such as learning rate or batch size, because this 
algorithm works with the entire data directly to calculate the loss function value. The optimization 
process is carried out by changing the position of the parameters through reflection, expansion, 
contraction, and reduction steps to find the combination of weights and biases that produces the 
lowest global loss value. The presence of activation functions such as ReLU still affects the shape 
of the loss surface that must be explored by the algorithm, even though this method does not rely 
on gradients. This can impact the algorithm's ability to reach the global minimum, especially if the 
loss surface has many local minima. 

The model configuration with two neurons in the hidden layer produced the lowest average 
log-loss of 0.653 based on cross-validation evaluation. The model was applied to the test data to 
evaluate predictive performance. Based on probabilistic results, the AUC value obtained on the test 
data was 0.735 and on the training data was 0.719. The small difference between the two indicates 
that the model does not experience overfitting and has good generalization ability. The 
classification threshold was determined through the ROC curve by maximizing the statistic value 
of Youden's index (Attwood et al., 2014). This approach resulted in an optimal threshold value of 
0.402, so prediction probabilities exceeding this value will be classified as relatively high-poverty 
areas (1) and otherwise as relatively low-poverty areas (0). The NM simplex is relatively rarely 
applied in NN optimization, but this modeling was able to provide fairly good predictive performance 
results despite limited stability. 
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Model Comparison 

The best NN model will be chosen based on the best evaluation scores. Evaluation is carried 
out on the performance of both models, the results of different optimization approaches on the test 
data, based on evaluation metrics such as AUC, accuracy, precision, sensitivity, specificity, and 
F1-score. The results in Table 5 explain that the model with Adam optimization consistently 
produces better performance across all evaluation metrics. The Adam model produces higher AUC 
and F1-score values. This indicates a better ability to classify regencies/cities as relatively high-
poverty or relatively low-poverty areas while maintaining a balance between precision and 
sensitivity. The higher specificity in Adam indicates better capability in recognizing relatively low-
poverty areas; however, the sensitivity value for identifying relatively high-poverty areas remains 
limited. 

 

Table 5. Comparison of evaluation metrics 

Evaluation Metrics 
Optimization Method 

Adam NM Simplex 

AUC 0.818 0.735 

Accuracy 0.777 0.738 

Precision 0.771 0.692 

Sensitivity 0.643 0.643 

Specificity 0.869 0.803 

F1-score 0.701 0.667 

 

The performance of the NM simplex model is lower on most metrics compared to Adam. The 
weakness of this optimization approach can be explained by its nature of not using derivative 
information, thus not leveraging the gradient structure of the loss function. This method is indeed 
suitable for use when the function's derivatives are difficult to compute, but its performance tends 
to be less efficient when applied to functions that are very complex in shape, especially if the 
function is non-convex or has many local minima (Cerdà et al., 2015). This method also results in 
slow and less stable convergence in optimizing large-scale NN parameters (Silva et al., 2018). 
Computation time can be much longer without guaranteeing better results. These results 
emphasize the importance of selecting an optimization method that matches the characteristics of 
the data and model structure. Derivative-based methods such as Adam provide more stable and 
efficient performance, making them more feasible to use in supporting data-driven policies. 
Therefore, NN models with Adam are a more viable choice to be implemented to support data-
based social policy classification systems at the regional level. 

 

Best Model 

The best model in this study was obtained from the NN algorithm with the Adam optimization 
method and produced the best prediction threshold value of 0.582. The threshold value was 
determined based on the maximum Youden index from the ROC curve to obtain an optimal balance 
between sensitivity and specificity. This threshold selection provides a classification boundary that 
balances the identification of relatively high-poverty and relatively low-poverty areas. The test data 
AUC value of 0.818 indicates that the model has good overall classification ability, with optimal 
performance between the true positive rate and the false positive rate. 

A fairly good performance was achieved in the evaluation of the test data model with an 
accuracy of 0.777, indicating that 77.7% of the test observations were correctly classified. The 
sensitivity value of 0.643 indicates that the model successfully identified 64.3% of actual relatively 
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high-poverty areas, while the specificity value of 0.869 demonstrates its ability to correctly identify 
relatively low-poverty areas. The F1-score of 0.701 indicates a balanced trade-off between 
precision and sensitivity in handling classification errors. The confusion matrix results show that 
out of 103 test observations, 53 relatively low-poverty areas were correctly classified (true negative) 
and 27 relatively high-poverty areas were correctly identified (true positive). Meanwhile, 8 relatively 
low-poverty areas were misclassified as relatively high-poverty areas (false positive), and 15 
relatively high-poverty areas were misclassified as relatively low-poverty areas (false negative). 

Despite achieving the best overall performance, the Adam model still has limitations in 
identifying relatively high-poverty areas, as indicated by the sensitivity value of 0.643. The false 
negative cases are important to consider because some relatively high-poverty areas may not be 
identified correctly and could receive less attention in targeted interventions. Therefore, model 
performance should not only be evaluated based on overall accuracy but also by considering the 
trade-off between sensitivity and specificity. 

The threshold of 0.582 represents the statistically optimal trade-off between sensitivity and 
specificity based on the Youden index. However, in practical policy implementation, threshold 
selection may depend on the objective of the classification system. A lower threshold could be 
considered when the priority is to identify more potential relatively high-poverty areas, although this 
may increase false positive classifications by labeling some relatively low-poverty areas as 
relatively high-poverty areas. 

 

CONCLUSION 

This study compared the performance of the Adam and NM simplex optimization methods 
for NN-based relative poverty classification across regencies/cities in Indonesia. The findings 
demonstrate that gradient-based optimization provides a more effective and computationally 
efficient training strategy than derivative-free optimization for this classification task. Although the 
NM simplex can optimize neural network parameters without gradient information, its performance 
is constrained by the high-dimensional optimization space, resulting in lower overall classification 
performance under feasible computational settings. These findings provide empirical evidence that 
the choice of optimization method substantially influences neural network performance and 
highlight the suitability of gradient-based optimization for regional relative poverty classification. 
This study also demonstrates that the comparison should be interpreted as a practical evaluation 
under computationally feasible settings rather than a strictly controlled comparison using identical 
network architectures. Future research may investigate multiclass relative poverty classification, 
evaluate scalable derivative-free optimization methods or deeper neural network architectures 
under comparable computational budgets, and compare Adam with other metaheuristic 
optimization methods, such as genetic algorithms and particle swarm optimization (PSO). 
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