
 

   Indonesian Journal of Data and Science 

Volume 6 Issue 1 

ISSN 2715-9936 

https://doi.org/10.56705/ijodas.v6i1.219 
 

90 

 

Research Article 

Comparative Analysis of Gradient-Based Optimizers in 

Feedforward Neural Networks for Titanic Survival 

Prediction 
I Putu Adi Pratama 1,*, Ni Wayan Jeri Kusuma Dewi 2 

1 UHN IGB Sugriwa Denpasar, Bali, Indonesia, putuadi@uhnsugriwa.ac.id 
2 Institut Bisnis dan Teknologi Indonesia, Kota Denpasar, Bali 80225, Indonesia, wayan.kusumadewi@instiki.ac.id 

 

Correspondence should be addressed to I Putu Adi Pratama; putuadi@uhnsugriwa.ac.id 

 

Received 29 November 2024; Accepted 20 March 2025; Published 31 March 2025 

 
© Authors 2025. CC BY-NC 4.0 (non-commercial use with attribution, indicate changes).  

License: https://creativecommons.org/licenses/by-nc/4.0/ — Published by Indonesian Journal of Data and Science. 

 

Abstract: 

Introduction: Feedforward Neural Networks (FNNs), or Multilayer Perceptrons (MLPs), are widely recognized for 

their capacity to model complex nonlinear relationships. This study aims to evaluate the performance of various 

gradient-based optimization algorithms in training FNNs for Titanic survival prediction, a binary classification task on 

structured tabular data. Methods: The Titanic dataset consisting of 891 passenger records was pre-processed via 
feature selection, encoding, and normalization. Three FNN architectures—small ([64, 32, 16]), medium ([128, 64, 

32]), and large ([256, 128, 64])—were trained using eight gradient-based optimizers: BGD, SGD, Mini-Batch GD, 

NAG, Heavy Ball, Adam, RMSprop, and Nadam. Regularization techniques such as dropout and L2 penalty, along 

with batch normalization and Leaky ReLU activation, were applied. Training was conducted with and without a 
dynamic learning rate scheduler, and model performance was evaluated using accuracy, precision, recall, F1-score, 

and cross-entropy loss. Results: The Adam optimizer combined with the medium architecture achieved the highest 

accuracy of 82.68% and an F1-score of 0.77 when using a learning rate scheduler. RMSprop and Nadam also 

performed competitively. Models without learning rate schedulers generally showed reduced performance and slower 
convergence. Smaller architectures trained faster but yielded lower accuracy, while larger architectures offered 

marginal gains at the cost of computational efficiency. Conclusions: Adam demonstrated superior performance among 

the tested optimizers, especially when coupled with learning rate scheduling. These findings highlight the importance 

of optimizer choice and learning rate adaptation in enhancing FNN performance on tabular datasets. Future research 

should explore additional architectures and optimization strategies for broader generalizability. 

Keywords: Binary Classification, Feedforward Neural Networks (FNNs), Gradient-based Optimisation Algorithms, 

Learning Rate Scheduler, Titanic Survival Prediction. 

Dataset link: https://www.kaggle.com/datasets/tanlikesmath/diabetic-retinopathy-resized 

 

1. Introduction 

The Titanic dataset has long been recognised as a benchmark challenge in data science and machine learning, 

valued for its simplicity and historical significance. Originating from the 1912 Titanic disaster, the dataset offers 

structured data suitable for binary classification problems, making it ideal for testing algorithms and exploring 

predictive modelling techniques [1]−[3]. While numerous models, ranging from decision trees to support vector 

machines, have been applied to this dataset, neural networks, particularly Feedforward Neural Networks (FNNs), 

offer unparalleled capabilities in capturing complex, non-linear relationships within tabular data [4], [5]. 

Optimization in neural network training is pivotal, impacting convergence speed, model stability, and 

generalization. Gradient-based optimization algorithms are essential in this process, adjusting network parameters 

to minimize error. This includes algorithms like Batch Gradient Descent (BGD), Stochastic Gradient Descent 

(SGD), and more advanced methods like NAG, Heavy Ball Method, Adam, RMSprop, and Nadam, each designed 

to tackle different aspects of the optimization challenge [5]−[12]. 

https://doi.org/10.56705/ijodas.v6i1.219
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Despite their extensive use in areas like computer vision and natural language processing, their comparative 

efficacy on structured datasets such as the Titanic survival prediction has not been thoroughly investigated until 

recently. Emerging research, however, is beginning to shed light on this domain, emphasizing the need for 

nuanced evaluations in the context of tabular data [13]−[15]. This study aims to address this gap by scrutinizing 

how these optimization strategies perform across different FNN architectures when confronted with the Titanic 

dataset. 

This study seeks to address this gap by investigating the performance of various gradient-based optimisation 

algorithms on FNN architectures for Titanic survival prediction. Specifically, the evaluation includes three FNN 

architectures— [64, 32, 16], [128, 64, 32], and [256, 128, 64]—and eight optimisation strategies: BGD, SGD, 

Mini-Batch Gradient Descent, NAG, Heavy Ball Method, Adam, RMSprop, and Nadam. Additionally, the effect 

of a dynamic learning rate scheduler on training efficacy and model performance is explored. 

The key contribution of this research lies in its comparative analysis of optimisers, training strategies, and 

FNN architectures, evaluated through multiple performance metrics including accuracy, precision, recall, F1 

score, loss, and training time. By doing so, this study provides valuable insights into optimising FNNs for tabular 

datasets, a topic of growing importance as machine learning applications continue to expand across diverse 

domains. 

2. Method: 

This study applies machine learning techniques to predict the survival of Titanic passengers based on several 

features, including age, sex, class, and embarkation details. The process involves a series of key steps, from data 

pre-processing to model evaluation, with a focus on optimizing the model's performance using different machine 

learning algorithms and hyperparameters (Figure 1). 

 

Figure 1. An overview of the process of the steps taken to create the Machine Learning models 

Data Collection 

This study utilizes the Titanic dataset, a widely used benchmark for binary classification tasks. Sourced from Kaggle, it 

comprises 891 passenger records with 12 features, including demographic data (age, sex, and class), socio-economic 

attributes (fare and ticket class), and familial relationships (number of siblings/spouses aboard). The target variable denotes 

survival status: 1 for survived and 0 for did not survive. 

Data Pre-processing 

Before model development, the dataset was preprocessed to ensure cleanliness and suitability for analysis. Irrelevant 

columns (PassengerId, Name, Ticket, and Cabin) were removed, and missing values were handled by imputing the median 

for continuous variables (Age and Fare) and the most frequent category ('S') for the categorical variable Embarked. 

Categorical features (Sex and Embarked) were one-hot encoded to enable their inclusion in the model, and all features were 

standardized using StandardScaler to ensure uniform scaling, improving model convergence and performance. 

Model Selection 

Architecture Configurations 

The architecture was experimented with across three configurations: 

• Small: [64, 32, 16] – a compact model with fewer neurons, providing faster training but potentially lower accuracy. 

• Medium: [128, 64, 32] – a balanced configuration that serves as a middle ground between model complexity and 

computational cost. 

• Large: [256, 128, 64] – a larger model with more neurons, better capturing complex patterns but requiring more 

computational resources and training time. 
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Activation Functions (Leaky ReLU Activation) 

In this study, the Leaky ReLU activation function, as shown in Equation 1, is employed to address the issue of dying 

neurons by allowing a small, non-zero gradient for negative inputs [16]. This activation function improves the model's ability 

to learn and generalize, particularly in deeper neural networks. 

𝒇(𝒙)  =  𝒙, 𝒊𝒇 𝒙 >  𝟎;  𝜶𝒙, 𝒊𝒇 𝒙 ≤  𝟎 (1) 

Where 𝒇(𝒙) is the output of the activation function, 𝒙 is the input to activation function, and α is the scale factor 

for negative values of x. Typically, α has a small value such as 0.01 or 0.1. 

Regularization Techniques (L2 Regularization / Weight Decay) 

In this study, L2 Regularization (Weight Decay), as illustrated in Equation 2 [4], is incorporated to penalize large weights 

in the model, promoting simpler models and reducing the risk of overfitting. This regularization technique improves 

generalization by constraining the magnitude of model parameters during training. 

𝑳reg = 𝑳original +
𝛌

𝟐
∑ 𝒘𝒊

𝟐

𝒊

 (2) 

Where 𝑳original is the original loss function (e.g., mean squared error or cross-entropy), wi represents the individual 

model weights, and λ is the regularization strength, controlling the trade-off between minimizing the original loss 

and penalizing large weights. 

Optimization Techniques 

In this study, the following optimisation methods were employed: Batch Gradient Descent (BGD), Stochastic Gradient 

Descent (SGD), Mini-Batch Gradient Descent, Nesterov Accelerated Gradient (NAG), Heavy Ball Method, Adam 

(Adaptive Moment Estimation), RMSprop, and Nadam (Nesterov-accelerated Adaptive Moment Estimation). Each 

optimiser offers distinct advantages, allowing for a comprehensive evaluation of their performance in training models for the 

Titanic survival prediction task. 

Basic Gradient Descent Algorithms 

The basic update rule for gradient descent is expressed as Equation 3: 

𝛉𝒕+𝟏 = 𝛉𝒕 − 𝛈𝛁𝐉(𝛉𝒕) (3) 

Where θ𝑡 is the model parameters at iteration t, ∇J(θ𝑡) is the gradiant of the loss function J(θ) with respect 

parameters θ at iteration t, η it the learning rate, a hyperparameter that controls the step size of aech update, and 

θ𝑡+1 is the updated parameters after the gradient descent step. 

The update rule iteratively adjust the parameters θ in the direction of the negative gradient (steepest descent) 

to minimise the loss function J(θ). 

In this study, Batch Gradient Descent (BGD), Stochastic Gradient Descent (SGD), and Mini-Batch Gradient 

Descent are employed to explore their distinct approaches to updating model parameters during training. BGD 

computes gradients using the entire dataset, ensuring precise updates but requiring significant computational 

resources and memory, making it less practical for large datasets. In contrast, SGD updates parameters using a 

single, randomly selected data point, enabling faster iterations and lower computational costs but introducing 

higher variance and less stable convergence. Mini-Batch Gradient Descent strikes a balance by using small subsets 

(mini-batches) of the dataset, combining BGD's stability with SGD's efficiency [17]. This hybrid approach reduces 

gradient variance, enables faster updates, and optimizes resource usage, making it ideal for large-scale models. 

Momentum-Based Algorithms 

The general formula for updating parameters θ with momentum is consist of compute the velocity (Equation 4) and 

update the parameters (Equation 5) [17]. 

Compute the velocity: 

𝒗𝒕 = 𝜷𝒗𝒕−𝟏 − 𝜼𝜵𝑱(𝜽𝒕) (4) 
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Where 𝒗𝒕 is the velocity term (momentum-adjusted gradient), 𝛃 is the momentum coefficient (typically 

between 0.5 and 0.9), 𝛈 is the learning rate, and ∇J(θt) is the gradient of the loss function at time step 𝐭. 

Update the parameter: 

𝛉𝒕+𝟏 = 𝛉𝒕 + 𝒗𝒕 (5) 

In this study, Nesterov Accelerated Gradient (NAG) and the Heavy Ball Method are employed to enhance optimization 

performance. NAG improves upon the momentum method by applying the velocity term to the anticipated future parameter 

position, enabling more accurate gradient updates and faster convergence in complex optimization landscapes. Similarly, the 

Heavy Ball Method emphasizes momentum to overcome local minima and accelerate convergence, particularly in quadratic 

loss functions, by effectively utilizing accumulated gradients [17]. 

Adaptive Gradient Descent Algorithms 

Adam (Adaptive Moment Estimation) 

The following formulas represent the key steps in the Adam optimizer algorithm: gradient calculation (Equation 6), 

running average of the gradients (first moment estimate, Equation 7), running average of the squared gradients (second 

moment estimate, Equation 8), bias correction (Equation 9 and 10), and parameter updates (Equation 11) [17]. 

𝐠𝐭  =  𝛁𝛉𝐭
 𝓛(𝛉𝐭) (6) 

𝐦𝐭  =  𝛃𝟏 𝐦𝐭−𝟏  +  (𝟏  −  𝛃𝟏) 𝐠𝐭 (7) 

𝐯𝐭  =  𝛃𝟐 𝐯𝐭−𝟏  +  (𝟏  −  𝛃𝟐) 𝐠𝐭
𝟐  (8) 

𝐦𝐭̂  =  
𝐦𝐭

𝟏 − 𝛃𝟏
𝐭   (9) 

𝐯𝐭̂  =   𝐯𝐭

𝟏 − 𝛃𝟐
𝐭   (10) 

𝛉𝐭+𝟏  =  𝛉𝐭  −  𝛂 
𝐦𝐭̂

√𝐯𝐭̂  + 𝛜
  (11) 

Where: 

gt : Gradient of the loss function ℒ with respect to the parameters 𝜃𝑡 at time step 𝑡. 

𝑚𝑡 : First moment estimate (exponential moving average of gradients). 

𝑣𝑡 : Second moment estimate (exponential moving average of squared gradients). 

𝛽1 : Decay rate for the first moment estimate (typically 𝛽1 = 0.9) 

𝛽2 : Decay rate for the second moment estimate (typically 𝛽2 = 0.999) 

𝑚𝑡̂ : Bias-corrected first moment estimate. 

𝑣𝑡̂ : Bias-corrected second moment estimate. 

𝛼 : Learning rate. 

𝜖 : Small constant added for numerical stability (e.g., 10−8). 

𝜃𝑡 + 1𝜃𝑡+1 : Updated parameters at time step 𝑡 + 1. 

RMSprop 

The following formulas represent the key steps in the RMSprop algorithm: gradient calculation (Equation 12), running 

average of squared gradients (Equation 13), and parameter updates (Equation 14), with the learning rate dynamically adjusted 

based on the accumulated information from the gradient history [17]. 

𝒈𝒕 = 𝛁𝛉𝒕𝓛(𝛉𝒕) (12) 

𝒗𝒕 = 𝒗𝒕−𝟏 + (𝟏 − 𝛃)𝒈𝒕
𝟐 (13) 

𝛉𝒕+𝟏 = 𝛉𝒕 −
𝛂

√𝒗𝒕+𝛜
𝒈𝒕  (14) 

Where:  

𝑔𝑡 : is the gradient of the loss function with respect to the parameters θ𝑡. 

𝑣𝑡 : is the running average of the squared gradients. 
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β : is the decay rate. 

α : is the learning rate. 

ϵ : is a small constant for numerical stability. 

Nadam (Nesterov-accelerated Adaptive Moment Estimation) 

The following formulas outline the key components of the Nadam optimizer algorithm: the momentum update with 

Nesterov acceleration (Equation 15) and the parameter update (Equation 16). Nadam extends the standard Adam optimizer 

by integrating Nesterov momentum, which incorporates a lookahead mechanism that anticipates the future gradient [17]. 

This adjustment improves the update dynamics, potentially leading to more efficient parameter updates and faster 

convergence, particularly in optimization tasks involving deep learning models. 

𝒎𝒕̂ = 𝛃𝟏𝒎𝒕−𝟏 + (𝟏 − 𝛃𝟏)𝒈𝒕 (15) 

𝛉𝒕+𝟏 = 𝛉𝒕 − 𝛂
𝒎𝒕̂

√𝒗𝒕̂ + 𝛜
 (16) 

Where: 

𝑚𝑡̂ : is the bias-corrected first moment estimate (momentum term). 

β1 : is the exponential decay rate for the first moment estimate (usually close to 1). 

𝑚𝑡−1: is the previous first moment estimate. 

𝑔𝑡 : is the gradient of the loss function with respect to the parameters at time step t. 

θ𝑡+1: is the updated parameter at time step t + 1. 

θ𝑡 : is the parameter at time step t. 

α : is the learning rate. 

𝑚𝑡̂ : is the bias-corrected first moment estimate. 

𝑣𝑡̂ : is the bias-corrected second moment estimate. 

ϵ : is a small constant added to prevent division by zero (typically 10−8). 

Hyperparameter Tuning 

In this study, several hyperparameters and techniques were utilized to optimize model training and prevent 

overfitting. Various learning rates were tested to identify the optimal balance between efficient convergence and 

stability, as overly large rates caused instability, while small rates led to slow or suboptimal convergence. A 

dropout rate of 0.2 was employed to deactivate 20% of neurons during training, enhancing generalization by 

reducing reliance on specific features. Batch sizes of 32 were used for most experiments, balancing efficiency and 

stable gradient estimation, while Batch Gradient Descent used the full dataset for updates, and Mini-Batch 

Gradient Descent maintained a fixed size of 32. Early stopping was applied, halting training if validation loss did 

not improve for 10 epochs, thereby preventing overfitting and ensuring better performance on unseen data. 

Training and Evaluation 

a. Accuracy: Accuracy measures the proportion of correct predictions made by the model out of the total 

predictions [18], [19]. It provides an overall assessment of model performance, but it may not be reliable 

for imbalanced datasets. 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚
𝑻𝑷 + 𝑻𝑵

𝑻𝑷 + 𝑻𝑵 + 𝑭𝑷 + 𝑭𝑵
 (17) 

 

b. Precision: Precision evaluates the fraction of predicted positive instances that are actually true positives 

[20]. It is a crucial metric when the cost of false positives is high, as it reflects the model's ability to make 

accurate positive predictions. 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏
𝑻𝑷

𝑻𝑷 + 𝑭𝑷
 (18) 

 

c. Recall: Recall measures the fraction of actual positive instances that the model correctly identifies [18], 

[21]. It is particularly important when missing positive instances (false negatives) has severe consequences, 

as it reflects the model’s sensitivity. 
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𝑹𝒆𝒄𝒂𝒍𝒍
𝑻𝑷

𝑻𝑷 + 𝑭𝑵
 (19) 

 

d. F1-Score: The F1 Score is the harmonic mean of precision and recall, offering a balanced metric when 

there is a trade-off between the two [22]. It is especially useful for evaluating model performance on 

imbalanced datasets where both precision and recall are important. 

𝑭𝟏 − 𝑺𝒄𝒐𝒓𝒆 = 𝟐.
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 .  𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 +  𝑹𝒆𝒄𝒂𝒍𝒍
 (20) 

e. Cross-entropy Loss: Cross-entropy loss quantifies the difference between the predicted probability 

distribution and the true labels [23], [24]. It is commonly used for classification tasks, guiding the model 

to output probabilities that closely match the actual class labels. 

𝑳 = −
𝟏

𝑵
∑ ∑ 𝒚𝒊,𝒄

𝑪
𝒄=𝟏 𝐥𝐨𝐠(𝒑𝒊,𝒄)𝑵

𝒊=𝟏   (21) 

Model Comparison: With and Without Learning Rate Scheduler 

The performance of various neural network models was evaluated both with and without the use of a Learning 

Rate Scheduler (LRS) [25]. The primary objective of this comparison was to assess the effect of dynamically 

adjusting the learning rate during training on model performance, particularly in terms of convergence speed and 

generalization. 

Training Configuration 

Models were trained under identical configurations, differing only by the presence or absence of the Learning 

Rate Scheduler. The initial learning rate for all models was set to 0.001. The Learning Rate Scheduler adjusted 

the learning rate as follows: 0.001 for the first 10 epochs, 0.0005 for epochs 11–20, and 0.0001 for epochs 21 and 

beyond. 

In contrast, models without the Learning Rate Scheduler maintained a constant learning rate of 0.001 

throughout the entire training process. 

 

3. Results and Discussion 

Results 

The performance of various machine learning models was evaluated using different optimizers, architectures, and the 

inclusion or exclusion of a learning rate scheduler. The key metrics assessed include accuracy, precision, recall, F1 score, 

loss, and training time. 

With Learning Rate Scheduler: 

The models with the learning rate scheduler demonstrated improved consistency across performance metrics (Please 

refer to Tables 1 through 6). Among these, the Adam optimizer with the 128-64-32 architecture achieved the highest 

accuracy (82.68%), accompanied by strong precision (84.13%) and F1 score (77.37%). In contrast, the batch gradient descent 

(bgd) optimizer consistently underperformed, recording the lowest accuracy (41.90%) and a high loss (0.85). Notably, the 

RMSprop optimizer with the 256-128-64 architecture provided a balanced trade-off, achieving 81.01% accuracy and an F1 

score of 75.71%. These results highlight the utility of fine-tuned learning rates for performance enhancement. 

Table 1. Performance metrics for 128 - 64 – 32 architecture with learning rate scheduler 

Optimizer Accuracy Precision Recall F1-Score Loss Training Time 

adam 0.826816 0.841270 0.716216 0.773723 0.536194 7.720.988 

rmsprop 0.782123 0.710843 0.797297 0.751592 0.540710 3.906.668 

nadam 0.798883 0.779412 0.716216 0.746479 0.556580 4.984.274 

sgd 0.648045 0.559140 0.702703 0.622754 0.747231 3.503.747 

nag 0.575419 0.484848 0.432432 0.457143 0.595325 3.576.082 

heavy_ball 0.743017 0.712121 0.635135 0.671429 0.604799 3.486.997 
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Optimizer Accuracy Precision Recall F1-Score Loss Training Time 

b_gd 0.418994 0.412791 0.959459 0.577236 0.852602 2.833.640 

mini_batch 0.564246 0.471429 0.445946 0.458333 0.771178 2.948.721 

Table 2. Performance metrics for 256 - 128 – 64 architecture with learning rate scheduler 

Optimizer Accuracy Precision Recall F1-Score Loss Training Time 

adam 0.798883 0.771429 0.729730 0.750000 0.658257 4.484.004 

rmsprop 0.810056 0.803030 0.716216 0.757143 0.653955 3.786.197 

nadam 0.810056 0.794118 0.729730 0.760563 0.663502 5.161.725 

sgd 0.581006 0.480000 0.162162 0.242424 0.841467 3.124.715 

nag 0.715084 0.645570 0.689189 0.666667 0.726186 3.591.099 

heavy_ball 0.715084 0.641975 0.702703 0.670968 0.722435 3.702.605 

b_gd 0.407821 0.257576 0.229730 0.242857 0.970837 2.144.826 

mini_batch 0.575419 0.472222 0.229730 0.309091 0.859582 3.072.036 

Table 3. Performance metrics for 64 - 32 - 16 architecture with learning rate scheduler 

Optimizer Accuracy Precision Recall F1-Score Loss Training Time 

adam 0.815642 0.815385 0.716216 0.762590 0.496800 9.711.076 

rmsprop 0.793296 0.703297 0.864865 0.775758 0.505699 4.765.330 

nadam 0.726257 0.658228 0.702703 0.679739 0.510001 4.931.016 

sgd 0.525140 0.420290 0.391892 0.405594 0.735625 2.880.930 

nag 0.553073 0.453125 0.391892 0.420290 0.574668 3.483.740 

heavy_ball 0.692737 0.787879 0.351351 0.485981 0.618826 3.547.900 

b_gd 0.435754 0.357895 0.459459 0.402367 0.786849 2.136.626 

mini_batch 0.469274 0.379310 0.445946 0.409938 0.696302 3.019.075 

Without Learning Rate Scheduler: 

In the absence of a learning rate scheduler, performance generally declined, with accuracy and F1 scores 

dropping for most configurations. The RMSprop optimizer with the 256-128-64 architecture performed best, 

achieving 81.01% accuracy and a competitive F1 score of 75.00%. However, without the scheduler, training times 

were slightly reduced across all models. Interestingly, models such as heavy ball and Nadam showed resilience 

with moderate metrics, indicating their adaptability even without learning rate modulation. 

Table 4. Performance metrics for 128 - 64 - 32 architecture without learning rate scheduler 

Optimizer Accuracy Precision Recall F1-Score Loss Training Time 

adam 0.765363 0.686047 0.797297 0.737500 0.557728 4.464.359 

rmsprop 0.804469 0.774648 0.743243 0.758621 0.552221 3.603.284 

nadam 0.770950 0.698795 0.783784 0.738854 0.558508 5.010.076 

sgd 0.463687 0.401786 0.608108 0.483871 0.715697 2.988.414 

nag 0.731844 0.671053 0.689189 0.680000 0.602635 3.469.756 

heavy_ball 0.698324 0.666667 0.540541 0.597015 0.596084 3.437.803 

b_gd 0.424581 0.418079 1.000.000 0.589641 0.834218 2.202.016 

mini_batch 0.407821 0.375000 0.648649 0.475248 0.764953 2.966.333 

Table 5. Performance metrics for 256 - 128 - 64 architecture without learning rate scheduler 

Optimizer Accuracy Precision Recall F1-Score Loss Training Time 

adam 0.798883 0.806452 0.675676 0.735294 0.676148 4.449.394 

rmsprop 0.810056 0.822581 0.689189 0.750000 0.666917 4.573.398 
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Optimizer Accuracy Precision Recall F1-Score Loss Training Time 

nadam 0.810056 0.785714 0.743243 0.763889 0.659236 5.134.668 

sgd 0.368715 0.365517 0.716216 0.484018 0.844684 3.035.601 

nag 0.737430 0.642105 0.824324 0.721893 0.712914 3.640.618 

heavy_ball 0.759777 0.712329 0.702703 0.707483 0.707158 3.597.630 

b_gd 0.497207 0.136364 0.040541 0.062500 0.967988 2.100.201 

mini_batch 0.441341 0.401515 0.716216 0.514563 0.877617 3.029.622 

Table 6. Performance metrics for 64 - 32 - 16 architecture without learning rate scheduler 

Optimizer Accuracy Precision Recall F1-Score Loss Training Time 

adam 0.765363 0.735294 0.675676 0.704225 0.512029 4.192.075 

rmsprop 0.798883 0.763889 0.743243 0.753425 0.503299 3.598.486 

nadam 0.681564 0.585859 0.783784 0.670520 0.511419 4.989.890 

sgd 0.430168 0.367925 0.527027 0.433333 0.722079 2.967.985 

nag 0.664804 0.567308 0.797297 0.662921 0.575418 3.448.653 

heavy_ball 0.687151 0.586538 0.824324 0.685393 0.555722 3.372.678 

b_gd 0.586592 0.000000 0.000000 0.000000 0.814174 2.131.908 

mini_batch 0.614525 0.545455 0.405405 0.465116 0.700288 2.883.502 

Discussion 

The results from the comparative evaluation of optimizers, network architectures, and the influence of a 

learning rate scheduler reveal critical insights into model performance. The discussion is structured to analyze the 

impact of the learning rate scheduler, the efficacy of different optimizers, and the role of network architectures on 

key performance metrics, including accuracy, precision, recall, F1 score, and loss. 

 

Figure 2. Heatmap of Accuracy Improvement Percentages with Schedulers 

The heatmap in Figure 2 illustrates the accuracy improvement percentages when learning rate schedulers are 

applied. Key observations include: 

• Mini-batch Gradient Descent with the 128 - 64 - 32 architecture shows the highest improvement at 

68.12%, indicating a substantial benefit from the scheduler. 

• Batch Gradient Descent with the 64 - 32 - 16 architecture experiences the largest decrease at -32.98%, 

suggesting that the scheduler was detrimental in this scenario. 



98   Indonesian Journal of Data and Science 

 

 

• Adam optimizer generally exhibits positive improvements across all architectures, with the 128 - 64 - 32 

architecture showing an improvement of 8.82%. 

• Nadam with the 64 - 32 - 16 architecture shows a notable increase of 33.33%, highlighting the efficacy 

of the scheduler in this configuration. 

• SGD presents mixed results, with a significant improvement of 50.85% for 64 - 32 - 16 but a decrease 

for 256 - 128 - 64. 

 

Figure 3. Precision comparison with and without learning rate scheduler 

 

Figure 4. Recall comparison with and without learning rate scheduler 

 

Figure 5. Recall comparison with and without learning rate scheduler 

 

Figure 6. Loss comparison with and without learning rate scheduler 
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Figure 7. Training time comparison with and without learning rate scheduler 

 

 

Impact of Learning Rate Scheduler 

The integration of a learning rate scheduler consistently enhanced the performance of most optimizers across 

various architectures (Please refer to Figure 1 through 7). For example, when combined with the Adam optimizer, 

the learning rate scheduler led to a notable improvement in accuracy, achieving 82.68% with the 128-64-32 

architecture, compared to 76.54% without the scheduler. Additionally, other performance metrics, such as F1 

score and recall, exhibited significant improvements with the use of the scheduler. 

These findings underscore the importance of learning rate schedulers in optimizing model convergence and 

mitigating overfitting. Specifically, for optimizers such as Adam and RMSprop, the learning rate scheduler plays 

a crucial role in fine-tuning the learning rate throughout training, leading to more efficient convergence and 

improved generalization. The results suggest that the dynamic adjustment of learning rates, as facilitated by 

schedulers, is particularly beneficial in deep learning tasks where adaptive optimization strategies are essential. 

Optimizer Performance 

Among the optimizers evaluated, Adam demonstrated the most robust performance across all architectures, 

consistently achieving a favorable balance between accuracy, precision, recall, and F1 score. For example, with 

the 256-128-64 architecture, Adam achieved an accuracy of 81.56% and an F1 score of 76.25% when combined 

with the learning rate scheduler, highlighting its ability to optimize model performance effectively. 

RMSprop also performed strongly, often approaching or even matching Adam's performance, particularly in 

smaller architectures such as 64-32-16. In this configuration, RMSprop achieved an accuracy of 79.33% and an 

F1 score of 77.58%, demonstrating its effectiveness in certain settings where Adam's performance was 

comparable. 

In contrast, gradient descent-based optimizers, such as Basic Gradient Descent (BGD) and Stochastic Gradient 

Descent (SGD), exhibited significantly lower performance metrics across all tested architectures. These results 

suggest that modern optimizers, particularly Adam and RMSprop, are better equipped to handle the complexities 

of contemporary deep learning models, which involve dynamic learning rate adjustments and more intricate loss 

landscapes. 

Influence of Network Architecture 

The size and complexity of the network architecture significantly impacted model performance. In general, 

medium-sized architectures, such as the 128-64-32 configuration, demonstrated the best balance between 

computational efficiency and accuracy, outperforming both smaller (64-32-16) and larger (256-128-64) 

architectures. While larger architectures, such as the 256-128-64 configuration, achieved comparable accuracy, 

they incurred notably longer training times. For instance, when using the RMSprop optimizer, the 256-128-64 

architecture required an average of 3.78 seconds per epoch, whereas the smaller 64-32-16 architecture required 

only 2.88 seconds per epoch. 
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These results highlight the importance of finding an optimal balance between architectural complexity and 

computational cost. While deeper and more complex architectures may provide greater representational power, 

they come with the trade-off of increased computational demands, which can impact training efficiency and 

overall model performance. Future research may explore strategies for optimizing network architecture to achieve 

a better balance between accuracy and efficiency. 

General Observations on Loss and Training Time 

The observed loss values across the experiments were consistent with the performance metrics, showing a 

clear correlation between lower loss values and higher accuracy as well as F1 scores. Specifically, the Adam and 

RMSprop optimizers demonstrated superior performance, consistently yielding lower loss values compared to the 

more traditional Stochastic Gradient Descent (SGD) and Batch Gradient Descent (BGD) optimizers. This aligns 

with the known efficiency of adaptive learning rate methods in minimizing the loss function. 

Training time varied significantly across different model configurations, with more complex network 

architectures and optimizers, such as Adam, requiring longer training durations. For example, when using the 128-

64-32 architecture with Adam and a learning rate scheduler, the training time was 7.72 seconds per epoch. This 

indicates that while optimizers like Adam may offer superior performance, they often come at the cost of increased 

computational expense, reflecting the trade-off between model performance and training efficiency. 

Limitations and Future Work 

Although the current study offers valuable insights into the performance of different optimizers and 

architectures, it is limited in scope by the specific set of optimizers and network architectures evaluated. Future 

research could broaden this scope by exploring additional optimization algorithms, such as newer variants or 

hybrid approaches, to further understand their impact on model performance. 

Furthermore, alternative learning rate schedulers, activation functions, and regularization techniques were not 

fully explored in this study. Investigating the effects of these factors could provide deeper insights into optimizing 

model training and improving generalization. 

Expanding the evaluation to include a wider variety of datasets and tasks, particularly those with different data 

characteristics or from other domains, would facilitate the generalization of the findings and contribute to a more 

comprehensive understanding of the factors influencing model performance across different contexts 

4. Conclusion 

We have developed and evaluated a novel model for Titanic survival prediction that employs a structured 

neural network architecture with varying configurations and optimizers. The model was tested on the Kaggle 

Titanic dataset, which comprises 891 records with 12 demographic, socio-economic, and familial relationship 

features. Using a systematic evaluation framework, we compared model performance across architectures and 

optimizers, both with and without learning rate schedulers. 

Our results demonstrate that models using the Adam optimizer consistently achieve higher accuracy, with the 

best-performing configuration (128-64-32 architecture, Adam, with learning rate scheduler) achieving an 

accuracy of 82.68%. This configuration outperformed others in terms of precision (84.13%), recall (71.62%), and 

F1-score (77.37%). The integration of learning rate schedulers was found to enhance overall performance metrics, 

particularly for optimizers like Adam and RMSprop, underscoring their efficacy in stabilising training and 

improving convergence. 

Additionally, our experiments reveal that deeper architectures (e.g., 256-128-64) do not necessarily yield better 

performance without careful tuning of hyperparameters such as learning rates and optimizers. Lightweight 

configurations (e.g., 64-32-16) showed competitive results, indicating the potential for resource-efficient 

implementations. 

Future work will focus on incorporating feature engineering techniques, including interaction terms and non-

linear transformations, to enhance model interpretability and predictive power. We also plan to experiment with 

ensemble methods and more advanced neural network architectures, such as attention-based models, to further 
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improve survival prediction. By extending our work to other datasets, we aim to generalize our findings and 

validate the robustness of our proposed methodologies. 
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