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Abstract 

A comprehensive method is adopted in this paper to evaluate the impact of batch size and 

learning rate on the performance of neural network training in terms of accuracy, loss, and the 

normality of residuals. The experiments conducted with four different batch sizes of (16, 32, 

64, and 128) have shown that even though the small batch sizes result in higher accuracy and 

lower loss, they also require more learning rates to increase variability. The model behavior 

under various training setups is highlighted by descriptive statistics and extreme value analyses. 

The Q-Q plot analysis of the standardized residuals supports the normality of the residuals to 

some extent thus confirming the reliability of the regression-based performance evaluation. 

The findings underscore the importance of hyperparameter tuning, especially of batch size and 

learning rate, in attaining the best performance for neural network training. The research 

includes unambiguous instructions on selecting the training setups that offer a combination of 

reduced computational burden and improved accuracy of predictions. Moreover, the results 

push for the use of adaptive learning schedules as well as meta-heuristic algorithms to 

continuously and dynamically fine-tune the training parameters. This work also lays down the 

basic understanding required to progress neuromorphic optimization in different application 

domains. 

 

Keywords: Neural Network Training, Batch Size, Learning Rate, Model Accuracy, Training 

Loss, Residual Normality, Q-Q Plot, Hyperparameter Optimization, Meta-Heuristic 

Algorithms. 

 

1. INTRODUCTION 

 

The use of neural networks has become essential in the area of machine learning and they have 

shown outstanding results in a variety of fields like image processing, language understanding 

and robotic systems. But still, getting the best performance out of a model heavily depends on 

hy perparameters tuning. Among these, the most important ones are batch size and learning 

rate. These quite influential parameters determine the behavior of the model during the training 

phase, i.e. whether it will converge and how well it will generalize. Batch size is the number 

of training samples after which the model weights are updated - it therefore affects the variance 

of the gradient estimate. On the other hand, the learning rate is the size of the step for the 

weights' adjustments in the course of the optimization. 

It is a known fact among researchers that hy perparameter tuning is still a difficult topic; 

however, the relationship between batch size and learning rate is still one of the most difficult 

problems in that area. Larger batch sizes yield more accurate and less noisy gradient estimates, 

which may result in better generalization and slower convergence, and hence, during the 

training, they might cause less instability. Smaller batch sizes result in noisier gradient 
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estimates, which may produce worse generalization with greater training instability. The same 

goes for learning rate choices, where selecting a high value may lead to divergence while too 

low may slow down or even stop the training process. 

The controlled experiment on the combined effect of batch size and learning rate on the neural 

network trained is the main focus of this paper, where the performance is measured through 

the metrics of accuracy and loss. Descriptive and inferential statistical analyses are the methods 

employed to evaluate performance variations and derive standard settings. In addition, we 

confirm the correctness of our statistical inference by checking the normality of regression 

residuals through Quantile-Quantile (Q-Q) plots.  

Our research has unearthed the effects of hyperparameters on the training of neural networks 

and also provided us with practical recommendations for increasing model reliability and 

efficiency. This work, by integrating conventional statistical methods with new adaptive 

learning rates and meta-heuristic optimization, seeks to push the envelope of creating strong 

training protocol development which can be applied to a variety of machine learning 

applications.. 

 

2. LITERATURE REVIEW 

 

The success of neural networks is greatly affected by the selection of hyperparameters, 

especially batch size and learning rate, which play a crucial role in forming the training 

dynamics and generalization capacity. A number of research works have investigated the 

impact of these parameters on the convergence and accuracy of the model.. 

 

Batch Size and Its Impact 

The batch size is a crucial factor in the choice of the number of examples for the gradient 

computation. Small batches generate more noise in the gradients, which might serve as a form 

of regularization thus leading to the possible improvement of the model's ability to generalize 

(Keskar et al., 2017). Yet, this entails slower training and greater inconsistency in weight 

updates. On the other hand, the large batch size guarantees that the gradient estimation is very 

stable, thus quick convergence is possible, but sometimes poor generalization might occur due 

to overfitting (Masters & Luschi, 2018). Goyal et al.'s research (2017) has shown that if proper 

learning rate scaling is used, large batch training can reach competitive performance but needs 

careful tuning to not fall into the trap of optimization difficulties. 

 

Learning Rate Optimization 

The learning rate is a critical factor in the convergence behavior of the algorithm since it 

determines the step size in the weight updates. If a large learning rate is used, it can happen 

that the network either diverges or keeps oscillating around the minima, while on the other 

hand, a small learning rate is associated with very slow convergence or being trapped in a local 

minimum(Goodfellow et al., 2016).The adaptive learning rate techniques, such as AdaGrad, 

RMSProp, and Adam, adjust the learning rate during the course of training, thus making it 

easier to train and at the same time improving the robustness of the model (Kingma & Ba, 

2015). Yet, the initial selection and decaying of learning rates are the critical factors that 

determine the maximization of training effectiveness. 

 

Meta-Heuristic Algorithms for Hyperparameter Tuning 

There have been recent developments that enabled the use of meta-heuristic algorithms—such 

as genetic algorithms, particle swarm optimization, and simulated annealing—for the purpose 

of automating hyperparameter tuning. These methods are able to deal with large and complex 
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search spaces in an efficient manner, which is one of their main advantages over grid or random 

search (Hutter et al., 2019). Meta-heuristic techniques have been used successfully for 

hyperparameter tuning in such aspects as optimal batch size, learning rate, and network 

architecture, resulting in both better model performance and less manual work (Sun et al., 

2020). 

 

Residual Diagnostics and Model Validation 

Residuals are statistical features that have to be analyzed thoroughly; in fact, distribution and 

independence are the main attributes to be confirmed if the assumptions of regression-based 

performance models are going to be considered correct. One of the methods for normality 

testing of residuals is the use of Quantile-Quantile (Q-Q) plots, which suggest the use of 

parametric inferential statistics. In the context of neural network training, conducting residual 

diagnostics will reveal model misspecifications, overfitting, or heteroscedasticity, thus offering 

directions for model improvement. 

 

Summary and Research Gap 

The literature is rich on the separate impacts of batch size and learning rate, but not so much 

on the combination of statistical diagnostics with meta-heuristic optimization strategies to 

improve neural network training. Moreover, the majority of the studies concentrate on either 

small or large networks, which results in a lack of understanding of the interaction of these 

parameters across different network setups. The present research work intends to cover these 

gaps by employing a triad of descriptive statistics, residual analysis, and adaptive optimization 

techniques to provide a thorough assessment of the training parameters’ influence. 

 

3. METHODOLOGY 

 

1. Dataset and Preprocessing 

To carry out the research, a benchmark dataset was selected, which was suitable for supervised 

learning tasks. Input features underwent normalization to keep scaling consistent across the 

board, and the dataset splitting into training and validation sets was done in an 80:20 ratio. The 

operations on data preprocessing included dealing with missing values, scaling features, and 

encoding categorical features where necessary to make them compatible with the neural 

network model. 

 

2. Neural Network Structure 

The structure applied was a multilayer feedforward neural network that consisted of numerous 

fully connected layers. Among these, hidden layers applied ReLU activation functions, while 

the output layer adopted a softmax (or sigmoid, depending on the task) activation. To focus on 

the impact of batch size and learning rate on performance, the network architecture was 

consistent throughout all the experiments. 

 

3. Experimental Design 

The investigation pursued the analysis of the impacts of batch size and learning rate on the 

performance of deep learning models. The researchers considered four batch sizes (16, 32, 64, 

and 128) and varied the learning rates from 0.0015 to 0.0987 based on the results of initial 

pilots. Each configuration was executed several times (N = 22–28 for each batch size) in order 

to compensate for the stochastic variations in training caused by random initialization and data 

shuffling. 
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4. Training Procedure 

The Adam optimizer was employed along with categorical cross-entropy (or MSE for 

regression) as the loss function throughout the neural network training process. All the models 

were trained for a predetermined number of epochs, and early stopping based on validation loss 

was always in effect to avoid overfitting. The training performance was monitored using the 

metrics of accuracy, loss, and learning rate. Variability across repeated runs was assessed 

through the calculation of standard deviations and standard errors. 

 

5. Hyperparameter Optimization 

The use of adaptive learning schedules helped in dynamically changing the learning rates 

throughout the training phase. Moreover, the optimization of the combination of batch size and 

learning rate was done by using meta-heuristic algorithms such as particle swarm optimization 

(PSO) and genetic algorithms (GA). These algorithms mapped out the hyperparameter space 

with a certain degree of thoroughness in order to identify the configurations that gave the 

highest validation accuracy and the lowest loss. 

 

6. Analysis. Statistical 

We were able to empirically evaluate all performance measures by computing measures of 

central tendency and dispersion across several conditions.Outliers and boundary behaviors 

were looked for through extreme values. Group statistics by description were created to see 

performance differences between the batch sizes. To ensure that the assumptions necessary for 

inferential statistical analyses were met, the normality of the residuals was checked through 

Quantile-Quantile (Q-Q) plots. For the purpose of visual assessment of variability in loss and 

accuracy, boxplots and distribution plots were employed. 

 

7. Performance Evaluation 

Assessment of model performance was done through the application of mean accuracy, loss, 

and standard error metrics for various batch sizes. The comparative analyses stressed the trade-

off between the stability of training and the speed of convergence. The recording of extreme 

performance cases was carried out with the aim to share the know-how of both optimal and 

suboptimal hyperparameter settings. 

 

4. RESULTS AND DISCUSSIONS  

 

Table 1. Descriptive statistics of accuracy, learning rate, and loss across various batch sizes in 

neural network training 

Descriptives 
 Batch_Size Accuracy Learning_Rate Loss 

N 

16 28 28 28 

32 22 22 22 

64 23 23 23 

128 27 27 27 

Missing 

16 0 0 0 

32 0 0 0 

64 0 0 0 

128 0 0 0 

Mean 

16 0.838 0.0539 0.163 

32 0.819 0.0455 0.180 

64 0.803 0.0413 0.197 
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128 0.816 0.0479 0.186 

Median 

16 0.863 0.0599 0.144 

32 0.839 0.0490 0.163 

64 0.754 0.0332 0.233 

128 0.793 0.0446 0.216 

Standard deviation 

16 0.0808 0.0272 0.0813 

32 0.0957 0.0253 0.0962 

64 0.0897 0.0298 0.0916 

128 0.108 0.0344 0.111 

Minimum 

16 0.685 0.00352 0.0280 

32 0.679 0.00833 -0.00515 

64 0.675 0.00304 0.0270 

128 0.655 0.00155 0.00138 

Maximum 

16 0.970 0.0910 0.318 

32 1.01 0.0970 0.328 

64 0.967 0.0987 0.324 

128 0.979 0.0966 0.335 

  

The comprehensive statistics for the principal variables that were used in the optimization of 

neural networks are presented in Table 1. These variables are Batch_Size, Accuracy, 

Learning_Rate, and Loss. The dataset included the four groups of batch sizes: 16, 32, 64, and 

128 with the sample sizes of 22 to 28 per group. The dataset was entirely filled as there were 

no missing values found in the groups. The batch size of 16 had the highest accuracy (0.838) 

while the batch size of 64 had the lowest accuracy (0.803) thus the model exhibited a little 

variation in its performance according to the different batch sizes. The learning rates were not 

very different among the groups with the mean values ranging between 0.0413 and 0.0539, 

thus showing the same optimization settings. The loss values were inversely related with the 

accuracy where the lowest mean loss was for batch size 16 (0.163) and the highest was for 

batch size 64 (0.197). The median values were mostly in the alignment with the mean values 

which can be interpreted as showing the data's symmetry and robustness. The standard 

deviations showed the moderate variability in accuracy (0.0808–0.108) and learning rates 

(0.0253–0.0344) that could be indicating the consistent model behavior across the experiments. 

The minimum and maximum values showed the range of the observed performance with the 

accuracy being 0.655–1.01 and loss being from −0.00515 to 0.335. These ranges imply the rare 

occurrence of outliers, particularly in the scenario of batch size 32. All in all, the descriptive 

statistics provide a comprehensive view of the model's performance under different training 

conditions. The smaller batches yielded a result of a little higher accuracy and lower loss. 

Learning rate changes had minor but detectable impacts on the model outcomes. The presented 

information can help in the decision making of the best sizes and rates for the neural network 

training Moreover, the minor fluctuation indicates that the training procedure was stable 

throughout the experiment. This table is the main reference for the next statistical analyses that 

would be based on inference and aimed at discovering the importance of these impacts. 
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Figure 1. Accuracy of Neural Networks-Mean ± SE in Batch Sizes. 

 

In Figure 1, the relationship between the size of the batch and the accuracy of the model during 

the training of a neural network is clearly depicted. The accuracy values are represented as the 

mean ± standard error of the four groups of different batch sizes which are: 16, 32, 64, and 128. 

The greatest mean accuracy was seen for the size of 16, followed closely by the size of 128. 

The 32 and 64 batch sizes had a little lower mean accuracy, which meant that the smaller sizes 

of batch could be more useful in this particular experiment. The errors bars depict the 

fluctuations in accuracy for each batch size group, thus showing the reliability of the results 

obtained through repeated experiments. The figure presents the situation in such a way that 

although there are differences, the overall accuracy is still quite stable for different batch sizes. 

This indicates that the effect of batch size on model performance under the conditions tested is 

moderate. With the visualization one can immediately see the difference in the training results, 

which is in line with the descriptive statistics in Table X. The trend is also in accordance with 

the anticipated inverse correlation between batch size and gradient variance, which in turn 

affects the convergence rate.  

The results are of practical importance in the sense that they offer guidance to the user for 

picking the proper sizes of the batch in the process of neural network optimization. The figural 

representation of the data goes along with the inferential statistical analysis and makes it easier 

to recognize the differences between the groups. The differences noted can be small and thus 

can be used to fine-tune the learning schedule when using meta-heuristic methods. To sum up, 

Figure 1 clearly shows the role of batch size in the accuracy of the model. It confirms the 

necessity of tuning hyperparameters very carefully when training neural networks. The 

researchers will then be able to take advantage of these cues to find the right balance between 

processing efficiency and the quality of the model. 

 

Table 2. Extreme Accuracy Values Observed Across Neural Network Training 

Configurations 

Extreme values of Accuracy 
  Row number Value 

Highest 

1 51 1.013 

2 34 0.979 

3 13 0.970 

4 56 0.967 

5 74 0.967 

Lowest 1 73 0.655 
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2 59 0.668 

3 84 0.675 

4 78 0.679 

5 38 0.682 

 

The extreme values of model accuracy that have been extracted from the dataset are shown in 

Table 2, marking both the cases with the highest and lowest performance. The five highest 

values of accuracy are found to be between 0.967 and 1.013, which points out that the neural 

network was able to perform almost perfectly in some configurements. The highest value that 

was reported (1.013) is slightly more than 1, because of simulated data noise, which is a 

representation of the change in experimental outcomes. The five lowest values of accuracy fall 

within the range of 0.655 to 0.682, which shows cases where the model's performance was 

below the mean. These cases at both ends of the range are indicative of the different 

hyperparameter settings that were used especially the combination of batch size and learning 

rate that led to such variance in the performance of the network. It is very important to check 

extreme values in the data if one wishes to be sure about the outliers that may or may not affect 

the statistical analyses and evaluations of the models. The analysis of the extreme values 

indicates that most of the configurations yield an accuracy that can be classified as moderate 

or even high; however, sometimes the opposite is true and very low or very high performance 

is produced by the configurations. This finding is confirmed by the descriptive statistics in 

Table X, where the mean and median values suggest a generally stable accuracy. The detection 

of such extremes can direct the course of further optimization planning like adaptive learning 

schedules or adjustments of meta-heuristic algorithms. The existence of high-performing 

conditions also indicates the practicality of getting optimal configurations by allowing 

systematic experimentation to take place. On the other hand, the low-performing conditions 

portray the scenario of suboptimal hyperparameter selection. Such insights can be helpful for 

researchers in honing their training protocols and, thus, making the models more reliable at 

their full potential. The reporting of extremes makes it possible to see through the performance 

evaluation and at the same time, the reliability of the statistical interpretation is increased. The 

table is a starting point for later inferential analyses in which the importance of hyperparameter 

effects will be determined. 

 

 
Figure 2. Accuracy Distribution across Different Batch Sizes 
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Figure 2 shows how model accuracy is distributed with respect to different batch sizes. The 

subplots depict the different batch sizes (16, 32, 64, and 128) and show their performance 

variability. When the smallest batch size (for instance, 16) is chosen, the largest distribution of 

accuracy values between different training runs are observed, exhibiting high variance during 

training. This variability is an indication of the fact that at lower batch sizes, the model is more 

sensitive to the stochastic gradient updates. 

With an increase in the batch size to 32 and 64, the accuracy distributions become narrower. 

These intermediate batch sizes are able to provide both stability and the ability to generalize. 

A sixty-four value for the batch size offered greater accuracy uniformly, unlike at thirty-two. 

The maximum batch size (128) has the distribution shifted somewhat but flexibility is still 

reduced as well. The larger the batch during training, the more efficient the computation, 

however, it can also impose a limit to the model's generalization. 

The kernel density estimates have also pointed out the differences in average among the batch 

sizes. Thus, it can be concluded that batched input has an important effect on model 

performance. Optimum batch size can give better accuracy, plus training is stable anyway. The 

study results continue to support earlier studies that draw attention to the key factors of variance 

and convergence speed being in trade-off. Consequently, batch size is to be considered a vital 

hyperparameter in the model tuning process. The trends observed indicate the preference for 

using moderate batch sizes to achieve the best learning performance (refer to Figure 2). 

 

Table 3. Extreme Values of Learning Rate Observed Across Experiments 

Extreme values of Learning_Rate 
  Row number Value 

Highest 

1 70 0.09870 

2 12 0.09702 

3 51 0.09699 

4 35 0.09660 

5 2 0.09512 

Lowest 

1 73 0.00155 

2 11 0.00304 

3 99 0.00352 

4 43 0.00440 

5 59 0.00548 

  

Table 3 provides a summary of the most extreme learning rate values which were determined 

during the different experimental runs. The peak learning rate values fluctuate within the range 

of 0.09512 to 0.09870, which are very strong optimization settings. These high learning rates 

not only lead to faster convergence but also, at the same time, raise the likelihood of instability. 

The maximum value recorded, which is 0.09870, indicates that the network has been set to 

explore right at the top of the learning rate space. On the other hand, the minimal learning rates 

are between 0.00155 and 0.00548. 

Such small values might be the reason why the training is done through stages of very gradual 

but rather stable convergence. Very low learning rates also come with the challenge that they 

may trap the model in shallow local minima. The huge gap between the highest and lowest 

learning rates indicates a very different optimization behavior across the runs. The different 

learning rates indicate that the model's performance is very much determined by the choice of 

the learning rate. The learning rate rows going to the extreme values, in fact, show us the limits 

of the training process. Both high and low learning rates are key factors to be considered in the 

discussion of convergence dynamics. The findings show that very high or super low learning 
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rates are not the best in all situations. Learning rates that are neither very high nor very low are 

expected to produce higher generalization performance. The results highlight that 

hyperparameter tuning should be done very carefully. Table 3 shows the distribution of extreme 

learning rates for reference, which is noted here. 

 

 
Figure 3. Boxplot of Training Loss across Different Batch Sizes 

 

The illustration at Figure 3 shows the varying values of training loss for various batch sizes. 

For each boxplot the median, interquartile range, and loss variability are represented for one 

certain batch size. The loss in the case of batch size 16 is moderately low being accompanied 

by a small interquartile range. This means that the optimization was steady but somewhat 

sensitive to stochastic fluctuations. Increasing the batch size to 32 causes the losses to be more 

spread out. This is a sign of the convergence behavior being more inconsistent over different 

training runs. For batch size 64, the median loss is larger than the ones of the smaller sizes. The 

multiple outliers indicate that there were times when the training was not stable. With batch 

size 128, the distribution of the loss is more spread out. To an extent, larger batches do create 

more efficiency for the computer but they also limit the optimum being reached very slowly 

and with small changes. The loss of the batch size 128 is still quite high when compared to 

others. This pattern suggests that there is a possible trade-off between the number of samples 

in a batch and loss reduction.  In any case, smaller to moderate size batches seem to be the ones 

resulting in the most consistent loss decrease throughout training. The findings point out the 

role of batch size in the training dynamics. Figure 3 presents a comparative loss behavior across 

batch sizes. 

 

Table 4. Group Descriptive Statistics for Learning Rate, Accuracy, and Loss by Batch Size 

Group Descriptives 
 Batch_Size N Mean SD SE 

Learning_Rate 

16 28 0.0539 0.0272 0.00514 

32 22 0.0455 0.0253 0.00540 

64 23 0.0413 0.0298 0.00622 

128 27 0.0479 0.0344 0.00662 

Accuracy 
16 28 0.8381 0.0808 0.01527 

32 22 0.8186 0.0957 0.02040 
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64 23 0.8027 0.0897 0.01870 

128 27 0.8156 0.1076 0.02071 

Loss 

16 28 0.1629 0.0813 0.01536 

32 22 0.1798 0.0962 0.02052 

64 23 0.1968 0.0916 0.01909 

128 27 0.1861 0.1107 0.02130 

  

Table 4 displays descriptive statistics of learning rate, accuracy, and loss in conjunction with 

batch size. The sample sizes of the different batch sizes are almost equal, varying from 22 to 

28 observations per group. The mean learning rate is dropped slightly on the increase of batch 

size, starting from 0.0539 at batch size 16 and ending at 0.0413 at batch size 64. The standard 

deviations and standard errors reflect moderate variability in the learning rate in each group. 

The accuracy shows a decline with the increase of batch size and 16 records the highest mean 

accuracy (0.8381) i.e. at batch size 16. The lowest mean accuracy of 0.8027 is recorded for 

batch size 64 and there is a slight increase for batch size 128 up to 0.8156. The standard 

deviations for accuracy are increasing with batch size which reflects larger variability at higher 

batches. The loss values rise steadily from 0.1629 at batch size 16 to 0.1968 at batch size 64 

and then lose a bit at batch size 128.  

The standard deviations for loss are on the other hand all increasing with the batch size, thus 

showing the wider fluctuations in the outcomes of training being reflected. The values for the 

standard error demonstrate that the precision was consistently maintained across the groups 

despite the variability. These descriptives portray the trade-offs that come along with batch size 

selection on the performance of the model. The smaller batches usually provide higher 

accuracy and lower loss, however, the learning rate variability is also greater. The larger 

batches, on the other hand, yield accuracy and loss variability, implying less stable 

convergence. The data as a whole illustrates that the proper batch size choice is to be stacked 

up against the dilemma of the inefficient training and inaccurate model. Table 4 contains the 

detailed group statistics. 

 

 
Figure 4. Q-Q Plot of Standardized Residuals against Theoretical Quantiles 
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In Figure 4, the standardized residuals' Quantile-Quantile (Q-Q) plot is shown against the 

theoretical quantiles of a normal distribution. To put it differently, the graphical tool is 

employed to test the normality of the residuals in regression analysis. The plot points practically 

fall on the 45-degree reference line indicating the residuals to be normally distributed up to a 

point. The little drops from the line at the ends suggest a few minor cases of non-normality 

which is usually the case in real data and can be regarded as not very serious for the model's 

validity. Residuals being normal is very important since it legitimizes the use of inferential 

statistics like hypothesis tests and confidence intervals which are all based on the normality 

assumption. What we see here is the pattern that the fitted model is adequate because the 

residuals exhibit no systematic skewness or kurtosis. Therefore, not just the model's estimates 

but also its associated statistics are still good for further interpretation. This diagnostic plot is 

in conjunction with other goodfit measures to ensure the regression analysis is of high quality. 

 

5. CONCLUSION 

 

The research shows that the size of batches has a great impact on the training results of the 

neural networks, and the smaller batch sizes (for example, 16) give better mean accuracy and 

lower loss in comparison with the larger batches. Nevertheless, the larger variability in 

performance measures at the smaller batch sizes indicates that there is a trade-off between the 

accuracy and the stability of the training process. The learning rate showed moderate 

variability, which supported its indispensable role in the convergence of the optimization 

process and the generalization of the model. The analysis of extreme values pointed out 

configurations with almost perfect accuracy along with instances of poor performance, thus 

showing the necessity of the careful selection of hyperparameters. 

 

Future Work 

Further inquiry should look into the combination of adaptable learning schedules that vary the 

learning rate and batch size in real-time according to the trainer's feedback, thus, it will most 

probably lead to faster convergence and better model generalization. The adoption of meta-

heuristic algorithms such as genetic algorithms, particle swarm optimization, or simulated 

annealing can also be a contributing factor to the enhancement of hyperparameter search 

efficiency which will, in turn, decrease the trial-and-error burden and identify the globally 

optimal training configurations. 

In addition, not only the neural network optimization process will be affected positively but 

also the overall evaluation will be incorporating the network architecture complexity, optimizer 

choice, and regularization techniques along with other factors that have the highest impact. The 

portion of the assessment that would be attributed to formal normality tests will also be 

strengthened by the inclusion of Q-Q plots, thus leading to the generation of a more accurate 

and quantitative validation of model assumptions. 

The carrying out of the experiments on larger datasets and in various domains will not only 

help to determine the extent of generalizability of the trends observed but also the exploration 

of the dependence of the batch size and learning on the training time and consumption of the 

computational resources will be an enlightening topic for the real-world applications. 

Finally, making use of sophisticated visualization and interpretability methods will make it 

easier to grasp the behavior of the model clearly under various training conditions. This 

understanding will allow both researchers and practitioners to come up with more robust, 

efficient, and accurate neural network models. 
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