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Abstract: This study evaluates the predictive power of linear and 
logistic regression models on the Iris dataset, emphasizing feature 
importance and model performance, and comparing with 
construction assessment. Machine learning's role in predictive 
analysis is explored, with the Iris dataset serving as a benchmark 
for classification and regression tasks. The research addresses the 
need for robust methodologies to enhance model accuracy and 
interpretability. The objectives include comparing linear, logistic 
regression, and ANN approaches to highlight their strengths and 
limitations. Methodologically, data preprocessing, feature scaling, 
and Python-based implementations were employed to ensure 
reliable outcomes. Results indicate that ANN outperforms MLR 
(93.33%) in this research due to its adaptability to nonlinear 
relationships, achieving higher accuracy (97%). This aligns with 
findings in construction assessment studies, where ANN's 
advanced methodology also demonstrated superior performance 
over MLR. Future research should integrate advanced machine 
learning models such as Neural Architecture Search (NAS), 
multimodal approaches, and ensemble techniques—including 
bagging (e.g., Random Forest), boosting (e.g., AdaBoost, 
XGBoost), and stacking. Related methods, such as voting 
classifiers, blending, and mixture of experts, can further enhance 
feature selection, interpretability, and predictive performance 
across domains. 
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1 INTRODUCTION 
Machine learning has developed into a cornerstone in the field of data science, offering 
powerful tools for optimizing and controlling advanced predictive and classification 
models [1][2]. Among the most fundamental algorithms in machine learning are linear 
and logistic regression models, which are widely used given the simplicity of use, 
interpretability, and efficiency in various applications [3]. The Iris dataset, a classic 
dataset in the field of machine learning, provides an opportunity to evaluate the models' 
performance. This study aims to compare the predictive power of linear and logistic 
regression models on the Iris dataset, with a particular focus on feature importance 
and model performance. Additionally, Modern machine learning [4] offers accurate, 
cost-effective, and scalable predictive solutions in similar research [5] like applying in 
hybrid simulations to improve seismic safety [6] in civil engineering [4]. 

The Iris dataset, first introduced by Ronald Fisher in 1936, includes 150 iris 
flower samples, each of which has four attributes: petal width, petal length, sepal 
length, and sepal width. [7], [8]. The dataset is commonly used for classification tasks, 
where the objective is to forecast the species of iris based on these features [9]. 
However, the dataset can also be used for regression tasks, like as predicting one 
feature based on others [10]. 

Linear regression is a statistical approach for modeling the interactions among 
a dependent variable and one or more independent variables [11]. It is particularly 
useful for predicting continuous outcomes, such as the petal length of an iris flower 
based on its sepal width and length. In contrast, logistic regression is applied for 
classification problems, where the aim is to predict a categorical outcome, such as the 
species of an iris flower. Both models are widely used in machine learning due to their 
simplicity and interpretability, but they differ in their underlying assumptions and 
applications [12].  

The primary objective of this study is to evaluate the performance of linear and 
logistic regression models on this dataset, with a focus on feature importance [13]. 
Feature importance refers to each feature's contribution to predictions, evaluated using 
Normalized Root Mean Square Error (NRMSE) and metrics [14]. Understanding 
feature importance is crucial for model interpretability and can help identify the most 
relevant features for a given task. In this study, we will compare the performance of 
linear and logistic regression models in predicting different features of the Iris dataset 
and identify the most important features for each task. 

The study is structured as follows; after the overall evaluation presented in the 
first section, Section 2 reviews related work, providing context from previous studies 
and comparative analyses in the field. Section 3 details the methodology, including the 
implementation of linear and logistic regression models, data preprocessing, and 
evaluation metrics. Section 4 presents the results of the experiments, including the 
performance of the models and the importance of different features. Section 5 
discusses the implications of the findings, and Section 6 concludes the study with an 
overview of the key findings and recommendations for future research, including the 
integration of prescriptive analytics with advanced regression models for optimization. 

The summary and novelty of this research lies in its comprehensive evaluation 
of linear and logistic regression models on the Iris dataset, implemented through 
custom like some special Python programming techniques, including innovative 
classification and optimization functions, and comparing the performance with the 
construction assessment. The study emphasizes feature importance while addressing 
real-world challenges like imbalanced datasets and missing data. Its methodology and 
focus on optimization provide practical implications, which may apply to diverse fields 
such as environmental monitoring [15], Hybridization and Optimization Modeling [16], 
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analytics tools [17], power extraction [18], manufacturing quality control [19], and 
advanced analysis modeling [20]. By combining foundational machine learning 
principles with scalable programming approaches, this demonstrates broad 
applicability and offers a transferable framework for predictive modeling across 
multiple domains. Moreover, in the previous research [21], it was explored that 
machine learning approaches for predictive modeling, focusing on feature selection 
and algorithm performance. Similarly, the integration of machine learning models for 
predictive analysis in sewer infrastructure and the new dataset highlights both shared 
methodologies and unique challenges. While the Iris study focuses on feature 
importance in regression and classification, the sewer condition research emphasizes 
real-world complexities [22] like environmental and operational factors [23]. Both 
studies underscore the critical role of preprocessing, model evaluation, and 
interpretability. For instance, the ANN's adaptability to nonlinear relationships in sewer 
data, compared to logistic regression's simplicity in classifying Iris species. 
 
2 RELATED WORKS 
Machine learning (ML) has emerged as a transformative [24] tool for predictive 
applications [25] across diverse domains [26], offering enhanced accuracy and 
efficiency [27] compared to traditional statistical approaches [28]. In this literature 
review, the application of ML in construction [29] and infrastructure management [30] 
has gained traction due to its ability to process complex [31], multidimensional datasets 
[32]. 

 In water distribution network management, Giraldo-González and Rodríguez 
(2020) conducted a comprehensive comparison of statistical methods against ML 
models, including Gradient-Boosted Trees (GBT), Artificial Neural Networks (ANNs), 
and Support Vector Machines (SVMs). Their findings revealed that GBT significantly 
outperformed other approaches with R² values ranging from 0.695 to 0.927, whereas 
ANNs demonstrated unexpectedly low predictive capability for pipe failure rates in this 
specific application. This performance variability highlights the context-dependent 
nature of ML model selection [33].  

In a similar infrastructure domain, Mohammadagha et al. (2025) demonstrated 
the efficacy of custom neural network architectures in optimizing urban transportation 
networks, achieving remarkable reductions in Root Mean Squared Logarithmic Error 
(RMSLE) from 0.7389 to 0.0154 for classification tasks[34]. Their work underscores 
the critical importance of architecture selection in neural network performance 
optimization, and XGboost with 89.58% prediction accuracy [35], and AdaBoost 
achieved 75% accuracy [36]. 

The comparative analysis of ML techniques extends to construction materials 
and environmental applications. Pakzad et al. (2023) explored predictive models for 
steel fiber-reinforced concrete, determining that Convolutional Neural Networks 
(CNNs) achieved superior performance with R² = 0.928 and MAE = 3.833, while K-
Nearest Neighbors (KNN) exhibited lower accuracy with R² = 0.881 and higher error 
margins [37]. In the environmental engineering sector, Wong et al. (2020) evaluated 
ANN, Adaptive Neuro-Fuzzy Inference System (ANFIS), and Multiple Linear 
Regression for Cu (II) ion adsorption using biochar, with ANFIS achieving 90.24% 
accuracy [38]. These diverse findings collectively emphasize the importance of task-
specific model selection, appropriate data architecture [39], and feature engineering 
[40] in ML applications across industries.  

Thapa et al. (2020) further demonstrated ML robustness in network security 
contexts, achieving 99% accuracy using CNNs with ensemble methods[41]. Yang and 
Su (2008) applied SVMs to sewer pipe defect detection, outperforming Bayesian 
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classifiers (60% vs. 57.4%) [42], while Shams et al. (2023) reported ANNs 
outperforming Multiple Linear Regression in air quality prediction (R² = 0.93 vs. 0.882) 
[43]. These comparative studies provide valuable insights for the evaluation of linear 
regression [44], logistic regression[45], and ANN models on the Iris dataset [46], with 
direct implications for construction assessment applications [21] where model selection 
significantly impacts predictive accuracy and reliability. The results of this research 
indicate that ANN outperforms MLR (93.33%) due to its adaptability to nonlinear 
relationships, achieving higher accuracy (96.70%). This aligns with findings in 
construction assessment studies, where ANN's advanced methodology also 
demonstrated superior performance over MLR. Future research should integrate 
advanced machine learning models like Neural Architecture Search (NAS) and 
multimodal approaches to optimize feature selection and expand applications across 
domains. These findings underscore the importance of feature importance analysis 
and methodological advancements in machine learning. 
 
3 METHODOLOGY   
The methodology section outlines the steps taken to implement and evaluate the linear 
and logistic regression models on the dataset [47]. The process includes data 
preprocessing, model implementation, training, and evaluation. The goal is to provide 
a comprehensive understanding of how the models were developed and how their 
performance was assessed [48].  
 
Data Preprocessing  
This dataset, obtained from the Repository for Machine Learning at UCI, consists of 
150 iris flower samples, each of which has four characteristics: petal length, and width, 
sepal length, and width. Each flower's species is also included in the dataset, which is 
used as the target variable in classification tasks. For regression tasks, one of the 
features is selected as the target variable, while the remaining features are used as 
predictors. Before training the models, the dataset was preprocessed to make sure it 
was appropriate for analysis. The preprocessing steps included: 
 
Data Splitting 
The dataset was split between training and testing sets with an 80;20 split. This 
indicates that 80% of the data was utilized to train the models, and the other 20% was 
used for testing. The split was accomplished using 'the train test split' analysis from the 
sklearn model selection module, with a random state of 42 to ensure reproducibility. 
The feature scaling was standardized using the StandardScaler from the sklearn. 
Preprocessing module [49]. Standardization entails scaling the characteristics such 
that they have a mean of zero and a standard deviation of one. This step is crucial for 
linear and logistic regression models; as such, it implies that every feature makes an 
equal contribution to the model's predictions. 
 
Target Variable Encoding  
For classification tasks, the target variable (species) was encoded into binary values. 
Specifically, the species were converted into binary labels (0 or 1) using the astype 
(int) method. This step is necessary for logistic regression, as it requires binary labels 
for classification. Model implementation involved implementing linear and logistic 
regression models from scratch using Python. The implementation details are as 
follows: 
 
Linear Regression 
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The linear regression model was implemented as a Python class, with methods for 
fitting the model, making predictions, and evaluating the model's performance. The key 
components of the linear regression model include initialization, in which the model 
was initialized with hyperparameters such as batch size, regularization factor, 
maximum number of epochs, and patience for early stopping. The weights and bias 
terms were initialized to zero. 
 
Fit Method 
The fit method was implemented to train the model using gradient descent. The 
method accepts the input data, target values, and other hyperparameters as input. 
Iterating over the data in small batches, calculating the gradients of the weights in 
connection with the loss function and bias, and adjusting the model parameters are all 
part of the training process. To avoid overfitting, early stopping was introduced, in 
which training is stopped after a certain number of epochs if the validation loss does 
not improve. 
 
Predict Method 
The predict method, as shown in formula (1), was implemented to use the learned 
model to provide predictions. [50]. The method accepts the input data and returns the 
predicted values based on the learned weights and bias [51]. 
 

𝑦 = 𝑋𝑊 + 𝑏 ∈ 𝑅("×$)	 (1) 
Score Method 
The score method was implemented to evaluate the model’s achievement using the 
mean squared error (MSE) metric. The method accepts the input data and target 
values, makes predictions, and computes the MSE between the predicted and actual 
values as shown in formula (2). 

𝑀𝑆𝐸 =
1
𝑛𝑚

2(𝑦& − 𝑦'4)(
"

&)*

(2) 

 
Save and Load Methods  
The save and load methods were implemented to save the model parameters to a file 
and load them back into the model, respectively. This allows the model to be reused 
without retraining. 

 
Logistic Regression 
The logistic regression model had been developed as a Python class, which included 
methods for fitting the model, making predictions, and assessing its performance.  The 
key components of the logistic regression model included Initialization with 
hyperparameters like learning rate, batch size, and maximum number of epochs were 
set when the model was first started. and patience for early stopping. The weights and 
bias terms were initialized to zero. 

The fit method was implemented to train the model using gradient descent. The 
method accepts the input data, target values, and other hyperparameters as input. The 
training process involves iterating over the data in mini batches, computing the loss 
function's gradients in relation to the bias and weights, then adjusting the model's 
parameters appropriately. Early stopping was implemented to prevent overfitting. 
 The trained model utilizes several essential methods to ensure effective 
operation and evaluation. The predict method is employed to generate predictions by 
accepting input data and returning the predicted class labels based on the model’s 
learned weights and bias. This allows the model to infer outcomes for new, unseen 
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data. To assess the model’s performance, the score method is used, which measures 
the accuracy by comparing the predicted results with the actual target values, thereby 
providing a quantitative evaluation of how well the model performs on a given dataset. 
Additionally, save and load methods are implemented to manage the model’s 
parameters efficiently; these methods enable the saving of model parameters to a file 
and the subsequent loading of these parameters back into the model when needed. 
This functionality is crucial for preserving the trained state of the model and facilitating 
its reuse or deployment without requiring retraining. 
 
Evaluation Metrics 
Depending on the objective, several measures were used to assess the models' 
performance. The model's performance was assessed using the mean squared error 
(MSE) for regression tasks. Better performance is shown by lower MSE values, which 
calculate the average squared difference between the anticipated and actual values. 
Accuracy was employed to evaluate the model's functionality. for classification tasks. 
The percentage of correctly identified samples is known as accuracy, and greater 
numbers denote superior performance. 
 
Training and Testing 
The preprocessed Iris dataset was used to train and test the models. Four distinct 
models were trained for regression tasks, each of which used the remaining data to 
predict a different feature. Three distinct models were trained for classification tasks, 
and each one used the attributes to predict a distinct species of iris. Gradient descent 
was used to update the model parameters during the training procedure, which also 
included iterating over the data in small batches and assessing the model's 
performance on the validation set. Using the proper evaluation measure, the model's 
performance on the test set was assessed as part of the testing procedure [21]. 
 
Summary 
This section outlines the study's methodology, which includes preparing the data, 
model implementation, and evaluation metrics. The linear and logistic regression 
models were implemented from scratch, and their performance was evaluated using 
accuracy for classification problems and MSE for regression tasks. The Iris dataset 
was used to train and evaluate the models, with a focus on feature importance and 
performance. 
 
 Feature Importance 

Through examining the weights of the linear regression models, the significance 
of various characteristics in the dataset was examined. Each feature's contribution is 
shown by the weights to the model’s predictions, and the results are as follows: 

Among the features analyzed, petal length emerged as the most significant 
predictor, playing a crucial role in forecasting both petal width and sepal length, which 
highlights its importance as a key indicator within the dataset. Sepal width also 
demonstrated substantial predictive power, particularly in relation to sepal width and 
petal width, suggesting that it too serves as an important feature for understanding 
relationships among these variables. In contrast, sepal length was found to be less 
influential in predicting sepal length itself when compared to the predictive strength of 
petal length and petal width, indicating that sepal length may not be as informative as 
the other features in this context. Petal width, similar to sepal width, was identified as 
an important attribute for predicting both petal width and sepal length, reinforcing the 
idea that both petal dimensions are central to understanding the interdependencies 
among these floral characteristics. Overall, the analysis underscores the dominant 



Mohammadagha et al. | Jun 2025 | p. 7 

predictive roles of petal length and width, while sepal width also contributes 
meaningfully, and sepal length appears less critical in comparison. 

 

Figure 1, Flowchart illustrating the comparative methodology for evaluating linear regression, logistic 
regression, and artificial neural network models on the Iris dataset, from data preprocessing to model 
selection, training, and result comparison 

Figure 1 shows the flowchart of the methodology that begins with preprocessing 
the Iris dataset, including data cleaning, feature scaling, and encoding target variables 
for classification. The data is split into training and test sets (80:20). Linear and logistic 
regression models are implemented from scratch in Python, with initialization of 
hyperparameters and early stopping to prevent overfitting. Models are trained using 
gradient descent, and performance is evaluated using mean squared error for 
regression and accuracy for classification. Feature importance is analyzed through 
model weights, revealing petal length and width as key predictors. Results are 
compared with an Artificial Neural Network (ANN), which demonstrates superior 
accuracy and adaptability. 
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      Table 1, Iris Dataset Sample [52] 

Index Sepal 
Width 

Sepal 
Length 

Sepal 
Width 

Petal 
Length 

Petal 
Width Species 

0 3.5 5.1 3.5 1.4 0.2 Setosa 
1 3 4.9 3 1.4 0.2 Setosa 
2 3.2 4.7 3.2 1.3 0.2 Setosa 
3 3.1 4.6 3.1 1.5 0.2 Setosa 
4 3.6 5 3.6 1.4 0.2 Setosa 

 
       Table 1, represents the first five rows of the Iris dataset out of 150, showing 
measurements for sepal length and width, petal length and width, along with the 
species classification. 
 

 
Figure 2, The 3D scatter plot visualizes, [53] 

 
 Figure 2, is a 3D scatter plot that visualizes Iris species distribution using sepal 

length, sepal width, and petal length. Distinct clusters for setosa (red circles), versicolor 
(green triangles), and virginica (blue squares) demonstrate clear morphological 
separation, highlighting these features’ effectiveness in differentiating species within 
the Iris dataset. 

The scatterplot in Figure 3, matrix visualizes pairwise relationships between Iris 
dataset features (sepal/petal length and width) across species. It highlights feature 
separability, aiding in classification tasks, and complements box plots for distribution 
analysis [54]. Diagonal plots show the distribution of each feature by species, while off-
diagonal scatterplots reveal correlations between feature pairs. Clear species 
separation is observed, particularly in petal dimensions, highlighting their 
discriminative power for classification. This visualization underscores the utility of petal 
length and width in distinguishing among the three Iris species. 
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Figure 3, Iris dataset scatterplot.svg 

 
Feature Distribution Comparison Using Box Plots 
This chart, Figure 4, compares the distributions of the Iris dataset has four features: 
petal length and width, sepal length and width. Box plots highlight feature variability, 
medians, and outliers, providing insights into data structure. Such visualizations are 
crucial for understanding feature importance and guiding model development in 
regression and classification tasks. 
 

 
Figure 4, Feature Distribution Visualization Using Box Plots 
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Table 2, shows the statistical analysis of the Iris dataset reveals that petal length, and 
width are the most significant predictors for both regression and classification tasks. 

 
Table 2, Summary Statistics of the Iris Dataset Features 

Feature Min Q1 Median Q3 Max 
Sepal 
Length 4.3 5.1 5.8 6.4 7.9 

Sepal Width 2 2.8 3 3.3 4.4 
Petal 

Length 1 1.6 4.3 5.1 6.9 

Petal Width 0.1 0.3 1.3 1.8 2.5 
 

Petal measurements exhibit strong predictive power, achieving low mean 
squared error (MSE) in regression, and high classification precision, particularly for 
Setosa and Virginica species. Conversely, sepal length contributes less predictively. 
 
Summary 
The outcomes of the tests carried out on the Iris dataset using the logistic and linear 
regression models are shown in this section. MSE for regression tests and accuracy 
for classification tasks were utilized to evaluate the models' performance. The 
significance of different elements in the dataset was analyzed, with petal length and 
width found to be the most important predictors. In addition, the previous research [21], 
which utilized machine learning techniques, emphasized data preprocessing and 
model evaluation to ensure robust predictions. Similarly, in this study, the methodology 
integrates advanced machine learning models like ANN and logistic regression to 
address distinct challenges. For sewer infrastructure, the focus lies on handling 
complex environmental variables, while for the Iris dataset, it involves feature 
importance analysis. Both methodologies prioritize adaptability, accuracy, and 
interpretability to achieve reliable outcomes. 
 
4 RESULTS 
The results section presents the findings from the experiments conducted using the 
linear and logistic regression models on the Iris dataset. Accuracy for classification 
tasks and mean squared error (MSE) for regression tasks are used to assess the 
models' performance. Additionally, the importance of different features in the dataset 
is analyzed to understand their contribution to the model’s predictions. 
 
Regression Results 
Four different regression models were trained, each predicting a different feature of 
the Iris dataset based on the remaining features. The MSE measure was applied to 
evaluate the performance of each model, and the results are as follows: 
 
Model 1: Predicting Petal Length Using Sepal Length and Width 
MSE on Test Data: 0.3318 
Interpretation: The model achieved a relatively low MSE, indicating that it can predict 
petal length with reasonable accuracy using sepal length and width. However, there is 
room for improvement, as the error is not negligible. 
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Figure 5, Model 1: Predicting Petal Length Using Sepal Length and Width (Original work created using 
Python programming, Figures 4 to 10) 
 
This graph, Figure 5, shows training loss decreasing steadily over epochs as the model 
learns. The error starts high and quickly reduces, indicating effective training and 
improved predictions during learning for regression. 
 
Model 2: Predicting Sepal Width Using Sepal Length and Petal Length 
MSE on Test Data: 0.1001 
Interpretation: The model achieved a very low MSE, indicating that it can predict sepal 
width with high accuracy using sepal length and petal length. This suggests that these 
features are highly predictive of sepal width. 
 

 
Figure 6, Model 2: Predicting Sepal Width Using Sepal Length and Petal Length 

 
This graph, Figure 6, displays the training loss curve when predicting sepal 

width using sepal length and petal length. The loss steadily drops, demonstrating 
effective model improvement and convergence towards lower error. 
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Model 3: Predicting Petal Width Using Sepal Width and Petal Length 
MSE on Test Data: 0.0459 
Interpretation: The model achieved an exceptionally low MSE, indicating that it can 
predict petal width with very high accuracy using sepal width and petal length. This 
suggests that these features are highly predictive of petal width. 
 

 
Figure 7, Model 3: Predicting Petal Width Using Sepal Width and Petal Length 
This graph, Figure 7, shows the training loss when predicting petal width using sepal 
width and petal length. The loss drops at first and then decreases, demonstrating 
successful model learning and convergence. 
 
Model 4: Predicting Sepal Length Using Petal Length and Width 
MSE on Test Data: 0.1495 
Interpretation: The model achieved a moderate MSE, indicating that it can predict 
sepal length with reasonable accuracy using petal length and width. However, the error 
is higher compared to the other models, suggesting that these features are less 
predictive of sepal length. 
 

 
Figure 8, Model 4: Predicting Sepal Length Using Petal Length and Width 
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This graph, Figure 8, displays the training loss when predicting sepal length using petal 
length and width. The loss starts high, decreases rapidly, and eventually converges, 
reflecting effective model learning progress. 
 
Classification Results: 
Three different classification models were trained, each predicting a different species 
of iris based on the features. Each model's performance was assessed using the 
accuracy metric, and the results are as follows: 
 
Model 1: Classifying Setosa Using Petal Length and Width 
Accuracy on Test Data: 1.0 
Interpretation:  
The model achieved perfect accuracy, indicating that it can correctly classify all 
samples of setosa using petal length and width. This suggests that these features are 
highly predictive of the setosa species. 

 
Figure 9, Model 1: Classifying Setosa Using Petal Length and Width 
 
Model 2: Classifying Versicolor Using Sepal Length and Width 
Accuracy on Test Data: 0.7 
Interpretation: The model achieved moderate accuracy, indicating that it can correctly 
classify 70% of the samples of versicolor using sepal length and width. This suggests 
that these features are somewhat predictive of the versicolor species, but there is room 
for improvement. 

 
Figure 10, Model 2: Classifying Versicolor Using Sepal Length and Width 
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Model 3: Classifying Virginica Using Sepal Length and Petal Length 
Accuracy on Test Data: 0.9333 
Interpretation: The model achieved high accuracy, indicating that it can correctly 
classify 93.33% of the samples of virginica using sepal length and petal length. This 
suggests that these features are highly predictive of the virginica species. 
 

 
Figure 11, Model 3: Classifying Virginica Using Sepal Length and Petal Length 

 
Comparison with Artificial Neural Network (ANN) Model Result: 
Artificial Neural Networks (ANNs) offer significant advantages in classification tasks 
due to their ability to handle non-linear decision boundaries, making them adept at 
capturing complex patterns beyond linear models. They excel in feature learning, 
automatically identifying and combining relevant features, and serve as universal 
approximators capable of modeling any continuous function. ANNs also possess multi-
task capabilities, allowing a single architecture to perform both regression and 
classification. Implementation involves using ReLU activation for efficient gradient flow, 
early stopping to prevent overfitting, and mini-batch gradient descent for stable 
training. Loss functions like Mean Squared Error (MSE) and Cross Entropy are 
customized for regression and classification actions, respectively, which are shown in      
Table 3 and Table 4. 
 

     Table 3, Accuracy with An ANN Classification Approach 
 Classification    MLR Acc   ANN Acc    Improvement  

Versicolor 70% 83% 15% 
Virginica 93.33% 97% 3.4% 

 
 

   Table 4, Result with An ANN Target Methodology Approach 
 Target Feature   MLR Acc ANN MSE Improvement 

Petal Length 0.3318 0.2887 13%* 

Sepal Width 0.1001 0.0872 12.80% 
Petal Width 0.0458 0.0391 14.60% 
Sepal Length 0.1494 0.1328 11.10% 

               (*1- 0.2887/0.3318 = 13%) 
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Figure 12 illustrates that Artificial Neural Network (ANN) classifiers trained on 

the Iris dataset to distinguish Versicolor and Virginica species. The left plot shows the 
Versicolor classifier’s loss steadily decreasing over 1000 epochs, achieving a test 
accuracy of 83%. The right plot depicts the Virginica classifier’s loss, which declines 
more rapidly and stabilizes at a lower value, corresponding to a higher test accuracy 
of 97%. These results indicate that the ANN model learns more effectively for Virginica 
classification under the same training conditions, reflecting differences in class 
separability and model performance for these species. 
  

Figure 12, Training loss curves and test accuracies for ANN classifiers distinguishing Versicolor and 
Virginica 
 
In summary, the previous study [21], our approach achieved 90.66 % accuracy with 
ANN and 84.74% with logistic regression, underscoring the role of optimal feature 
selection and preprocessing. In contrast, current research demonstrates significantly 
improved performance, with ANN accuracy reaching 70% and 93.3%, and logistic 
regression 83% and 97%, and the plots in Figure 12 display training loss over epochs, 
not accuracy. These improvements reflect refined methodologies and advanced model 
tuning, illustrating progress compared to earlier findings. Such compelling results 
confirm the superiority of current strategies. 
 

This section addresses the implications of the findings, highlighting the 
significance of feature selection, model evaluation, and model interpretability in 
machine learning practice. The findings demonstrate the value of understanding each 
feature's contribution to the model's predictions and the essential of carefully 
considering the relevance of each feature when building predictive models. So, in the 
previous research [21], sewer condition prediction using ANN achieved an R2 of 
0.9066, outperforming MLR's R2 of 0.8474, emphasizing ANN's ability to model 
nonlinear relationships. In contrast, current research on the Iris dataset demonstrates 
logistic regression's classification accuracy of 93.33% and ANN's adaptability in 
complex scenarios. This comparison highlights the differing challenges and strengths 
of these methodologies across domains, emphasizing feature importance and 
predictive accuracy. 
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5 DISCUSSION 
The results of this investigation offer insightful information on the predictive power of 
linear and logistic regression models on the Iris dataset. The findings highlight the 
importance of feature selection and the effect of several elements on the performance 
of the model. The discussion section explores the implications of these findings and 
their relevance to machine learning practice. 
 
Feature Importance 
One of the key findings of this study is the importance of petal length and width in 
predicting various features of the Iris dataset. Petal length was found to be the most 
important feature in predicting petal width and sepal length, while petal width was also 
found to be an important predictor of these features. This suggests that petal 
measurements are highly informative and should be given priority when building 
predictive models for the Iris dataset. 
On the other hand, sepal length was found to be less important in predicting sepal 
length compared to petal length and width. This suggests that sepal length is less 
predictive of itself compared to other features. This finding has important implications 
for feature selection, as it highlights the need to carefully consider the relevance of 
each feature when building predictive models. 
 
Model Performance 
The performance of the linear and logistic regression models varied depending on the 
task and the features used. For regression tasks, the models achieved low MSE 
values, indicating that they can predict the target features with reasonable accuracy. 
However, the performance varied depending on the features used, with petal length 
and width being the most predictive features. 
For classification tasks, the models achieved high accuracy values, particularly for the 
setosa and virginica species. However, the accuracy was lower for the versicolor 
species, suggesting that the features used (sepal length and width) are less predictive 
of this species. This result emphasizes how crucial feature selection is for classification 
tasks because it may significantly affect the model's performance by the characteristics 
selected. 
 
Implications for Machine Learning  
The outcomes of this study have significant ramifications for the practice of machine 
learning. They start by emphasizing how crucial feature selection is for creating 
predictive models. When creating models, it is important to carefully analyze the 
importance of each feature because feature selection can have a big influence on the 
model's performance. Second, the results emphasize how crucial model assessment 
is. The job and features employed affected the models' performance; thus, it's critical 
to assess the models' effectiveness using the right measures. Other measures could 
be more suitable based on the job and the dataset, but this study employed MSE for 
regression tasks and accuracy for classification activities. 
Finally, the findings highlight the importance of model interpretability. Linear and 
logistic regression models are widely used due to their simplicity and interpretability, 
and the findings of this study demonstrate the value of understanding how each feature 
affects the model's predictions. This knowledge can assist in determining the most 
important characteristics for a given task and improve the performance of the model. 
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6 CONCLUSION  
This study evaluated the predictive power of linear and logistic regression models on 
the Iris dataset, with a focus on feature importance and model performance. The 
findings highlight the importance of feature selection and the impact of different 
features on the model’s performance. Petal length and width were found to be the most 
important features in predicting various features of the Iris dataset, while sepal length 
was found to be less important. The performance of the models varied depending on 
the task and the features used, with petal length and width being the most predictive 
features. 
  The study demonstrates the value of understanding the contribution of each 
feature to the model’s predictions and the importance of carefully considering the 
relevance of each feature when building predictive models. The findings have 
important implications for machine learning practice, highlighting the importance of 
feature selection, model evaluation, and model interpretability. 
 
Summary 
This section concludes the study, summarizing the key findings and their implications 
for machine learning practice. The study highlights the importance of feature selection 
and the effect of different characteristics on the model's functionality, highlighting the 
need to comprehend how each element affects the model's predictions. Lastly, 
previous research [21] emphasized ANN's strength in modeling nonlinear data, while 
current findings are similar in approach but highlight improved accuracy and 
adaptability across domains. 
 
 
7 RECOMMENDATION 
Future research on the Iris dataset should integrate advanced machine learning 
models to optimize feature selection, model evaluation, and interpretability. Automated 
Capability Discovery (ACD) [55] enables self-exploration of AI capabilities, uncovering 
hidden strengths, while Microsoft’s Phi 3.5 models [56]—including Mixture of Experts 
(MoE) [57] and Vision—excel in reasoning and multimodal tasks. Flow Matching 
enhances generative modeling by training Continuous Normalizing Flows (CNFs) [58] 
with robust probability paths, and Scientific Machine Learning (SciML) [59] combines 
physics-based principles with machine learning for domain-specific challenges. GAMI-
Lin-T offers interpretable models through linear fits within tree-based frameworks, and 
Asynchronous Real-Time Federated Learning (ART-FL) [60] addresses anomaly 
detection in distributed systems. Additionally, future studies should incorporate 
ensemble techniques [61]—including bagging (e.g., Random Forest), boosting [62] 
(e.g., AdaBoost, XGBoost), and stacking [63]—as well as related methods such as 
voting classifiers [64], blending [65], and mixture of experts [66], to further enhance 
feature selection, interpretability, and predictive performance across domains. 
Multimodal models, capable of processing diverse data types such as text, images, 
and video, enable richer predictions, while Neural Architecture Search (NAS) [67] 
automates model design for optimal performance. Collectively, these models allow 
researchers to leverage the Iris dataset’s key features—petal length and width—to 
build accurate, explainable models and to explore novel applications in generative AI, 
anomaly detection, and multimodal learning.  
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