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Abstract:
Artificial Intelligence no longer requires an introduction and is an inherent part of

modern advancements in technologies. The two driving paradigms are
Machine Learning and Deep Learning, and this paper attempts to evaluate the
strengths and weaknesses in these two approaches by comparing two different
algorithms: Random Forest representing Machine Learning and Long Short-
Term Memory representing Deep Learning. These algorithms were applied
on two datasets: one simple, low-dimensional Iris dataset and another more
complex one concerning brain tumor detection. This was done to establish
how different complexities and structures of datasets influence the
performance and computational demands of ML and DL algorithms.

The results of the experiments showed that RF, as one of the traditional ML

algorithms, is quite efficient and relatively easy to implement. It ran smoothly
on the Iris dataset, giving competitive accuracy when compared to low
computation overhead, while LSTM, which belongs to the DL family, did
much better in the brain tumor detection dataset. Although computationally
expensive and more difficult to train, LSTM gave higher accuracy when
dealing with complex datasets such as medical image data .

This study infers that while the DL algorithms like LSTM are resource-intensive

and relatively complex, they tend to outperform the ML algorithms such as
Random Forest when applied to complex high-dimensional data, but the ML
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algorithms are good in simpler tasks where the execution pace is rapid enough
with sufficient accuracy. From this, the tradeoff between accuracy and
complexity comes into view in selecting Al models based on the nature of the
dataset.

Keywords: Artificial Intelligence, Machine Learning, Deep Learning, Random

Forest, LSTM, Iris Dataset, Brain Tumor Detection, Model Comparison,
Complexity Analysis.

Introduction

Although significant advances in Al have been made since the past decade,

RF,

(Machine Learning) ML and (Deep Learning DL have emerged as the prime
players in many such technical breakthroughs (Vaswani et al., 2017).
Traditional ML algorithms, though mostly successful in different application
domains, their variants using DL performed generally better in most such
complicated tasks with high-dimensional data inputs like image and speech
recognition problems (Gulati et al., 2020; Touvron et al., 2021). However,
most of the DL models require huge computational resources and large-sized
datasets for training, which is not easy in some domains to obtain (Brown et
al., 2020). This has influenced the researchers to investigate strengths and
weaknesses of both ML and DL approaches to identify suitable techniques
against different problem scenarios.

one of the most popular ML algorithms, applies an ensemble learning
approach by fitting multiple decision trees for a superior prediction to meet
the increasing robustness at (Zhang et al., 2021). In contrast, as a class of
recurrent neural network (Kaplan et al., 2020), LSTM networks have become
one of the strongest DL methods in analyzing sequential data, including tasks
like natural language processing and time series forecasting (Devlin et al.,
2018; Kaplan et al., 2020; Radford et al., 2019). In our work, we present both
RF and LSTM on two different datasets: one is Iris-a very simple, low-
dimensional problem, and then a complex one, that of brain tumor detection
using medical imaging data (Liu et al., 2019; Yang et al., 2020).

Related Work

Bathe et al. (Bathe et al., 2021) present an efficient comparison in the paper
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between various machine learning algorithms to be used for brain tumor
detection. The authors present different classifiers that include Random
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Forest, SVM, Logistic Regression, and KNN using a brain MRI dataset. The
various data preprocessing techniques and feature extraction methods were
considered and employed by the authors using different models for
classification. Their findings proved that the Random Forest algorithm
performed the best among classifiers, with a result of 97.8% accuracy in
classifying normal versus tumor-affected brain tissues. The study emphasized
that proper attention should be given to choosing an appropriate machine
learning algorithm along with preprocessing steps for efficient detection of
brain tumors from medical imaging data.

Wang et al. (Wang et al., 2022) have proposed the most competitive deep learning
architecture for tasks related to video understanding; this model is called the
Video Transformer Network (Arnab et al., 2021). in short ViT-N. The
proposed architecture uses the Transformer self-attention mechanism that
captures long-range dependencies in space-time while also integrating CNN-
based mechanisms for efficient local processing (Carion et al., 2020;
Kolesnikov et al., 2020). In addition, ViT-N was evaluated over several video
recognition benchmarks, such as action recognition and video captioning
(Wang et al., 2022). Results showed that this model outperformed state-of-
the-art models by achieving superior performance with fewer computations
against traditionally well-performing CNN-based architectures (Lin et al.,
2022).

Saha et al. (Saha et al., 2023) proposed a new approach to improving Random
Forest by incorporating temporal dependence in time series forecasting. This
new splitting criterion of decision trees basically used the temporal
dependency inside the time series data, which they called the Temporal
Splitting Criterion, or TSC. By integrating the TSC into the Random Forest
algorithm, these researchers introduced a new model called the Temporally
Dependent Random Forest. Their experiments on a variety of time series
datasets, including financial, energy, and environmental data, showed that
TDRF outperforms classic Random Forest and other state-of-the-art time
series forecasting methods by showing improved accuracy and robustness
regarding temporal pattern identification.

In this work, He et al. (He et al., 2022) revisited their pioneering work, the Long
Short-Term Memory architecture, and came up with a new type of learned
RNNs, called a Stable and Time-Consistent Recurrent Neural Network
(Merity, 2019). The STC-RNN combined learnable feedback connections and
the time-consistent gate, which turned out to be quite powerful in capturing
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long-range dependencies and temporal patterns compared to traditional
LSTM networks. They applied STC-RNN to several sequence modeling
tasks: language modeling, speech recognition, and music generation (Brown
et al., 2020). Results showed that STC-RNN could outperform LSTMs and
other RNN architectures, especially on longer sequences and more complex
temporal dependencies.

I11.  Proposed Methodology

Herein, two popularly used techniques-one from conventional ML algorithms,
namely Random Forest, and the other from the domain of DL, namely Long
Short-Term Memory networks-have been employed to evaluate the
performance exhibited by ML and DL algorithms on datasets with varying
complexities. These algorithms will be applied to two different datasets: the
simple and low-dimensional Iris dataset, and the more complex one for the
detection of brain tumors from medical imaging data. We will analyze the
execution time, computational complexity, and accuracy of these algorithms
on both datasets to get an idea about the strengths and limitations of different
ML and DL approaches in dealing with data of varying complexity.
Implementation steps, along with the complexity analysis and performance
evaluations of RF and LSTM on the respective datasets are provided in the
following subsections.

IRIS Dataset

Iris dataset is a popularly used dataset in the study of machine learning and data
analysis. The dataset consists of 150 instances, each corresponding to a
particular iris flower species. The four features of this dataset are sepal length,
sepal width, petal length, and petal width-all measured in centimeters.

Now, from the summary statistics, the average length of Sepal was 5.84 cm with
a standard deviation of 0.83 cm, ranging from 4.3 cm to 7.9 cm. While the
average width of the sepal was 3.05 cm with a standard deviation of 0.43 cm,
ranging from 2.0 cm to 4.4 cm. The petal length ranges from a minimum of
1.0 cm to a maximum of 6.9 cm with an average length of 3.76 cm + 1.76 cm.
Last but not least, the petal width varies from 0.1 cm to 2.5 cm, with an
average of 1.20 cm and a standard deviation of 0.76 cm.

IQR values show that 50% of the observations are between 5.1 and 6.4 cm for
sepal length, between 2.8 and 3.3 cm for sepal width, between 1.6 and 5.1 cm
for petal length, and between 0.3 and 1.8 cm for petal width. From the
obtained statistics, one can learn about the distribution and variability of
features in the Iris dataset.
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Figurel. provides a scatter plot for sepal length vs. sepal width for the same three
iris species, and reveals that the sepal measurements are far more overlapped
between species, and thus much harder to clearly differentiate. Iris setosa
again forms a fairly clear cluster, this time by virtue of having shorter sepal
lengths but a wide range of sepal widths. Iris versicolor and Iris virginica
show quite a large overlap in sepal size, although Iris virginica tends to have
longer sepals.

Iris Sepal Length vs Sepal Width

4 5.0 55 8.0

Figure N° 1. Iris Sepal Length vs Sepal Width

The relationship between sepal length and width is also less obvious compared
with petals, with a weaker positive correlation. The above plot would tend to
show that, though the separation of species is still reasonable using sepal
measures, it is poorer compared with using petal measures. There is so much
overlap, particularly between Iris versicolor and Iris virginica, that it would
take many more features to correctly classify the species using sepal
measurements alone.

This scatter plot shows the relationship between iris petal length and petal width
for three different iris species: setosa, versicolor, and virginica. The points in
the scatter plot are colored according to the species, where by color the
species setosa is blue, the species versicolor is orange, and the species
virginica is green.

From Figure2. we can observe that there is a positive correlation between petal
length and petal width; for every increase in the length of the petals, the width
of the petals usually increases. However, it varies in strength from one species
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to another.

Figure N° 2. Iris Petal Length vs Petal Width

The setosa species is very separated from the two other species, by having the
smallest petal length and width values combined in the lower left of the plot.
While the versicolor and virginica species increase in the petal length and
width variety, partial overlapping of the two groups is shown, in orange and
green dots. It will visualize petal size for three species of Iris, which could
help in learning the differences that can lead to identification and
classification based on these morphological variables.

Brain Tumor Detection Dataset

Fig. 3. shows series of grayscale medial scans, in particular, MRI (Magnetic
Resonance Imaging) brain scans of humans: Cross-sectional images carry the
finer details of the structures tucked within the brain and expose the complex
anatomy of the cerebral hemispheres and ventricles among other regions.

These are scans arranged in a grid format numbered 1 to 12, which enable the
comprehensive examination of various sections of the brain. The contrast
between the different shades of gray outlines different anatomical features
like white matter and gray matter and also abnormalities or points of interest.
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Figure N° 3. Brain Tumor Dataset Instances

These brain scans are an irreplaceable diagnostic tool in neurology and
neuroscience, which allow the doctor to reveal and assess various
pathological conditions, traumas, or disorders of the nervous system.
Observation by experts can give very valuable details concerning the anatomy
and physiology of the brain, thus helping to create proper treatment plans or
further our knowledge about the way the human mind works.

First Stage:

1. Simple Dataset (Iris) with Random Forest Model

First, the Methodology imports the necessary libraries and loads Iris from a CSV
file. It then carries out EDA by printing a number of the first rows, data types,
and summary statistics in the dataset, and it also creates a scatter plot for
visualization. It proceeds to split the features-sepal length, sepal width, petal
length, and petal width-from the target variable, species. This example uses
the function train_test_split from scikit-learn to divide the data into training
and testing sets.

Then, a new Random Forest Classifier model is instantiated with 100 trees and
trained based on the training data. Finally, this model is evaluated with the
test data, and some performance measures are calculated such as accuracy,
precision, recall, F1-score and the area under the ROC curve (AUC-ROC).
Then, it plots a confusion matrix and a bar plot of performance metrics using
the Matplotlib and Seaborn libraries. It also plots the AUC-ROC curve for

354



Wisdom Journal For Studies And Research volume 04 Issue 06(20) 15/11/2024~

ISSN print/ 2769-1926 ISSN online/ 2769-1934

each class. Lastly, it prints the complexity of the Random Forest Classifier
model, mentioning a number of trees, features used in each tree, the maximum
depth of the trees, the size of the model, and prediction time.

Table N°1. Random Forest Model Parameters for First Stage

Parameter Value Description

n_estimators 100 The number of trees in the forest.

random_state 42 Controls the randomness of the
bootstrapping used to create the trees.

max_features 4 The number of features to consider

when looking for the best split. By
default, it uses all features.

max_depth 10 The maximum depth of the trees. By
default it is 10.

2. Simple Dataset (Iris) with LSTM Model
The implementation of an LSTM neural network for solving the classification

problem on the Iris dataset. First, import the necessary libraries; afterwards,
load the Iris dataset from a CSV file. It then proceeds with (Exploratory Data
Analysis) EDA-printing first few rows and data types and summary statistics
of the dataset-and visualizes the data using scatter plots.

Then, it separates features-sepal length, sepal width, petal length, and petal width-
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and labels-species. The labels are encoded by one-hot encoding. Finally, it
splits the data into training and testing sets using the train_test_split from
scikit-learn. It reshape the input data to the dimension of the LSTM input
format. Then, an LSTM model using Keras is built with one LSTM layer and
a dense output layer. Compile it with categorical cross-entropy loss with
Adam optimizer and accuracy metric. Now, the model trains the training data.
Finally, report the time it takes to train the model. The rest is predicting on
the test set by the trained model and calculating various performance
measures such as accuracy, precision, recall, F1-score, and AUC-ROC.
Finally, Matplotlib and Seaborn are used to visualize the confusion matrix as
an image, and to visualize performance metrics as a bar plot. Furthermore, it
plots the AUC-ROC for each class. Finally, the code prints - the complexity
of the LSTM model: number of layers, number of parameters, model size, and
prediction time (Jumper et al., 2021). Also, it plots the training and validation
accuracy and loss curves.



Wisdom Journal For Studies And Research volume 04 Issue 06(20) 15/11/2024~

ISSN print/ 2769-1926 ISSN online/ 2769-1934

Table N°2. LSTM Model Parameters for First Stage

Parameter Value Description

input_shape 1,4 The input shape for the
LSTM layer, where 1 is the
time step, and 4 is the number
of features.

units 64 The number of units
(neurons) in the LSTM layer.
activation 'softmax’ The activation function for
the output layer.

loss ‘categorical_crossentropy' | The loss function for the
model.

optimizer Adam() The optimization algorithm
used for training the model.
metrics ['accuracy] The metrics to be evaluated
by the model during training
and testing.

epochs 100 The number of epochs
(iterations over the entire
dataset) for training.
batch_size 32 The number of samples per
gradient update.

Second Stage

1. Complex Dataset (Brain Tumors) with Random Forest Model

The methodology of random forest model starts by importing the needed libraries,
besides defining the image size and the number of trees that should be
considered within the Random Forest model. Then, it defines the function
load_data() to load images and labels from the current working directory,
taking into consideration that the data is organized into a folder for each
class:. It also provides options to load up to 320 images per class, normalize
the pixel values between 0 and 1, and change the labels to categorical format
(one-hot encoding), then calls the function to load the images and labels from
the dataset and split the data into training and validation sets by using a
train_test_split function from scikit-learn.

356



Wisdom Journal For Studies And Research volume 04 Issue 06(20) 15/11/2024~
ISSN print/ 2769-1926 ISSN online/ 2769-1934

It then trains the Random Forest Classifier model on the training data with the
specified number of trees and makes the prediction on the validation set using
it. The code calculates the confusion matrix and displays it using a heatmap
plot from the Seaborn library. It further assesses the model's performance
through precision, recall, and F1-score using the precision_score,
recall_score, and f1_score functions from scikit-learn.

Then, the Random Forest Classifier model complexity is checked by printing the
number of trees, the number of features used by each of the trees, and the
maximum depth of each of the trees. The size of the model is estimated as the
total size from all the trees forming this ensemble. The computational
complexity is finally assessed by measuring prediction times on the validation
set.

Table N°3. Random Forest Model Parameters for second Stage

Parameter Value Description

image_size (224, 224) | The size of the input images

num_trees 100 The number of trees in the
Random Forest model

n_estimators num_trees | The number of trees in the

(100) Random Forest Classifier

random_state 42 The seed value for random
number generation

max_images_per_class | 320 The maximum number of images
to load per class

test_size 0.2 The proportion of data to use for
the validation set

2. Complex Dataset (Brain Tumors) with LSTM Model

The methodology of implementation-LSTM in Second stage is described in the
following lines, first it imports all the libraries required to set the environment
variable for disable GPU usage. It defines image size, batch size, and number
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of epochs to train the model. The function load_data() is the same as in first
stage; it will load images and labels from the current working directory with
320 images maximum per class:. The images are normalized, and the labels
are converted to categorical format. Once the data is loaded, it splits the data
into training and validation sets using train_test_split. It then reshapes the
input images to the format required for the ConvLSTM2D layer in samples,
time steps, rows, cols, channels order (Touvron et al., 2021).

Now, the ConvLSTM2D model is defined using the Keras Functional API. The
model architecture has a ConvLSTM2D layer that is trailed by
BatchNormalization, MaxPooling2D, Flatten, and two Dense layers. It uses a
model compiled with the categorical cross-entropy loss, an Adam optimizer,
and accuracy as the metric. Subsequently, the following code shows a
summary of the model and trains the model on the training data in the number
of epochs with batch size using validation data for evaluation.

In the next step, after the training, the model is used to make predictions on the
validation set, and the predictions are converted into categorical format; then,
it calculates the confusion matrix and plots it using the heatmap plot from
Seaborn. After that, plotting training and validation loss curves over the
epochs for visualization purposes in order to show model performance during
the training process.

That means the code then finally computes the precision, recall, and F1-score of
the model for its predictions on the validation set. In addition, it computes the
size of the model and computes time of prediction on the validation set as an
estimate of computational complexity.

Table N°4. LSTM Model Parameters for second Stage

Parameter Value Description

image_size (224, 224) | The size of the input images

batch_size 32 The number of samples per gradient
update
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epochs 70 The number of epochs (iterations
over the entire dataset) for training

max_images_per_class » maximum number of images to load
per class

test_size 0.2 The proportion of data to use for the
validation set

random_state 42 The seed value for random number
generation

filters 16 The number of filters in the
ConvLSTM2D layer

kernel_size (3,3) The size of the convolutional kernel
in the ConvLSTM2D layer

padding 'same’ The padding method used in the
ConvLSTM2D layer

return_sequences False Whether to return the full sequence
or only the last output in the
ConvLSTM2D layer

pool_size (2,2 The size of the pooling window in
the MaxPooling2D layer

learning_rate 0.001 The learning rate for the Adam
optimizer

IV.  Results and Discussions
The experiments performed on applying the RF and LSTM models to the iris and

brain tumor datasets have brought out some very interesting results and
underlined the relative strengths and limitations of the traditional machine
learning versus deep learning techniques (Kolesnikov et al., 2020).
Consequent to this, the salient results obtained from training and testing the
RF and LSTM models on the two datasets of different complexities are
presented and discussed in the ensuing section.

The relevant performance metrics considered are prediction accuracy, model
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training time, and computational resource requirements. For the simple, low-
dimensional iris dataset, we will evaluate how the RF model compares against
LSTM in terms of both prediction performance and efficiency. Then, for the
more complex, high-dimensional brain tumor image dataset, we assess
whether and to what degree the LSTM deep learning model is capable of
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outperforming the RF algorithm by better capturing intricate patterns of the
data.

These results underline the trade-off that must be carried out between model
accuracy and computational complexity while choosing between machine
learning and deep learning approaches. Additionally, they provide insight into
the nature of the datasets and problem domains where classical machine
learning models can be sufficient versus situations where more powerful deep
learning techniques are justified, being computationally intensive. The
discussion elaborates on these findings in context with a broader perspective
on model selection criteria.

First Stage

1. Simple Dataset (Iris) with Random Forest Model

Figured4. illustrates a confusion matrix, which summarizes the performance of the
random forest classifier against the iris dataset. A confusion matrix is a table
used to describe the performance of a classification model, and it visualizes
the number of correct and incorrect predictions (Chen et al., 2020).

The matrix here is three rows and three columns; in this dataset, there are three
classes, which are the species of iris flowers. The diagonal elements 10, 9,
and 11 represent the number of correctly classified instances for each class.
The misclassifications are given by the off-diagonal elements.
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Confusion Matrix

1
Predicted

Figure N° 4. Confusion Matrix of Random Forest Model on Iris Dataset

Because from this matrix, we can judge that the random forest classifier did a great
job on this data set. On the first class, which is probably Iris-setosa, all 10
instances were correctly classified. For the second class, 9 out of 9 instances
without any misclassifications. Lastly, the third class with 11 instances also
correctly classified 11 of its instances. In general, the random forest classifier
performed with very high accuracy on the iris dataset, misclassifying only a
few of all the samples in three classes. This proves the effectiveness of the
random forest algorithm for the right prediction of species of iris flowers
based on given features.

Accuracy, precision, recall, and F1-score. The most catching observation is that
all four metrics have reached a value of 1.0, hence they are performing
perfectly. It infers that this Random Forest achieved a 100% rate in terms of
accurately classifying instances of the Iris dataset.

Precision-technically defined as the ratio of positive predictions that are actually
positive-is also 1.0. That would further suggest that no false positive
predictions have been made by the model, as shown in Figure5.
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Model Performance Metrics
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Figure N° 5. Performance Metrics of Random Forest Model on Iris Dataset

Recall is out at 1.0, which refers to the proportion of actual positives correctly
identified as perfect, with no positive instances missed by the model. The F1-
score, being the harmonic mean of precision and recall, is 1.0, indicating a
perfect balance between precision and recall. These results suggest that the
patterns in the Iris dataset were learned really well by the Random Forest
model, which did a flawless job in distinguishing between the three classes of
iris flowers, namely setosa, versicolor, and virginica, based on the provided
features.

Note that, although perfect scores on the Iris dataset are impressive, it is a small
dataset and well-known, used mainly for educational purposes. The true test
of any model's performance will always be its generalization capability on
more diverse and complex datasets. The plot underlines the very good
performance of the Random Forest model on the Iris dataset and shows how
efficiently it will classify instances in such a problem setting.

2. Simple Dataset (Iris) with LSTM Model

Confusion matrix of LSTM model performance on Iris dataset. The confusion
matrix is a table that outlines the numbers of correct and incorrect predictions
by the model for each class, as shown in Figure6.
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Confusion Matrix

AKtual

5 1
Precicted

Figure N° 6. Confusion Matrix of LSTM Model

The Iris dataset contains three classes, denoted on both the x-axis (Predicted) and
y-axis (Actual) with numbers 0, 1, and 2. In the confusion matrix, the correct
predictions for each class are along the diagonals, and the off-diagonal
elements denote incorrect predictions.

From the confusion matrix, we can glean the following:

1. The model correctly predicted all 10 instances of class 0.

2. Class 1 had 9 instances predicted correctly, with no misclassifications.

3. Class 2 had 11 instances predicted correctly, with no misclassifications.

On the whole, from the confusion matrix, the LSTM model did exceedingly well
on Iris. The accuracy was perfect in the classification with no instance
misclassified to the other classes. Another thing to point out is that the Iris
dataset is quite simple and usually used when it comes to testing and
benchmarking machine learning algorithms. The high performance of the
LSTM model, on this dataset, tends to point out that the model effectively
learned the patterns present within the data and could distinguish between
them.

Figure7. presents the performance metrics of the Iris dataset in the LSTM model.
From this bar chart, we can see there are four types of evaluation metrics:
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Accuracy, Precision, Recall, and F1-score. All these metrics have a perfect
score of 1.0, therefore, this implemented LSTM model performed incredibly
well in classifying Iris dataset.

Model Performance Metrics

1.00 1.00 100 100

104

0.8 4

06 4

04 1

0.2

00-
Accuracy Precision Recall F1-Score
Metric

Figure N° 7. Performance Metrics of LSTM Model on Iris Dataset

The Accuracy metric defines the general accuracy of the model's predictions,
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taking into consideration both true positives and true negatives. A score of
1.0 would indicate that the LSTM model classified each instance in the
dataset correctly. Precision describes how well a model can avoid false
positives. When it predicts a class, it is correct every time, as given by its
precision score of 1.0. Recall, on the other hand, is a metric that determines
how well the model can identify all positives correctly. A recall score of 1.0
would mean that not a single positive instance was missed by the LSTM
model and it has correctly identified all instances from each class. The F1-
Score is a harmonic mean of Precision and Recall. It gives a perfect balance
in the measure of performance regarding the model. The best score, 1.0, in
F1-Score means that for both Precisions and Recall, the performance of the
LSTM model was exemplary, hence producing the highest value.
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Second Stage

1. Complex Dataset (Brain Tumor) with Random Forest Model

Figure8. is the confusion matrix illustrating the performance of the random forest
classifier on the Brain Tumor Dataset. A confusion matrix is a kind of table
that provides a summary of predictions against the actual outcomes that can
be used to evaluate the performance of the model. In this case, the matrix
presents the predictions made by the random forest model in four different
classes: gma_Tumor, glioma_tumor, No_tumor, and ary_tumor.

The rows of the confusion matrix represent true classes, while columns are the
predicted classes given by the model. The elements in the diagonal, which are
58, 57, 53, 57, represent the correct predictions that the model gave for every
class. Off-diagonal elements will show misclassifications.

Confusion Malrix

Figure N° 8. Confusion Matrix of Random Forest Model on Brain Tumor
Dataset

The diagonal elements of the table show that a relatively good performance was
achieved by the model in predicting the glioma_Tumor class, with 58 correct
predictions. Another such class is meningioma_tumor, which received a good
prediction rate of 57 correct predictions, while the No_tumor class was
classified correctly 53 times. The model performed well again in classifying
the pituitary_tumor, giving 57 correct predictions.

There were misclassifications, though. For instance, there are 6 misclassifications
for glioma_Tumor with meningioma_tumor and 3 for pituitary_tumor. Also,

365



Wisdom Journal For Studies And Research volume 04 Issue 06(20) 15/11/2024~
ISSN print/ 2769-1926 ISSN online/ 2769-1934

13 instances of meningioma_tumor were misclassified as No_tumor, and 5
instances of No_tumor were misclassified as meningioma_tumor. The
confusion matrix is an excellent summary of model performance and points
to strengths and relative weaknesses in performing the classification between
all classes of brain tumors. This information can also be useful for further
analysis, model refinement, or even understanding the underlying pattern in
data.

Fig. 9. The expected performance of a Random Forest model that was previously
trained on a brain tumor dataset. Accuracy, precision, recall, and F1-score are
some of the most important metrics in terms of the evaluation of a
classification model.
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Figure N° 9. Performance Metrics of Random Forest Model on Brain
Tumor Dataset

The accuracy of the model is about 0.88, suggesting that about 88% of instances
in the dataset were classified correctly by the model. It is reasonably good
accuracy, but note that if data is imbalanced, or there is a difference in costs
concerning false positives and false negatives, other metrics bear special
relevance.

Other important scores are the precision score, which for this class also comes to
circa 0.88 and expresses the fact that the share of true positive instances
classified as positive is big, or in other words, the number of false positive
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entities is low, what again is a very positive result in most real-world
applications, medical ones in particular, as it would prevent unnecessary
treatments or procedures. Recall is the ratio of true positives among the actual
positive instances and amounts to about 0.88. This will say that the model
correctly identifies roughly 85% of the positive instances in the dataset. In
some applications, a low recall might be acceptable; it really depends on the
specific application and how much one wants to balance false negatives
against false positives (Liu et al., 2021).

2. Complex Dataset (Brain Tumor) with LSTM Model

Fig. 10. depicts a confusion matrix giving an overview of the performance of a
model classifying brain tumor images, classes including glioma_Tumor,
meningioma_tumor, No_tumor, and pituitary_tumor by showing true vs.
predicted classification.

Confusion Matrix

40

K}

-0
Figure N° 10. Confusion Matrix of LSTM Model on Brain Tumor Dataset
The diagonal terms of this matrix correspond to the proper predictions, whereas
the off-diagonal ones correspond to the misclassifications. For instance, the
confusion matrix illustrates that the model has correctly classified 35
glioma_Tumor instances, and has misclassified 2 instances into
meningioma_tumor. Conversely, it also correctly classifies 35
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meningioma_tumor instances, and misclassifies 8 instances to
glioma_Tumor.

The matrix also shows that the model had difficulty distinguishing between the
classes of No_tumor versus pituitary_tumor. This is because 3 instances of
No_tumor were misclassified as pituitary_tumor and 1 instance of
pituitary_tumor was misclassified as No_tumor.

Figurell. illustrates the performance metrics of the LSTM model against the brain
tumor dataset. Some of the metrics used in the evaluation included Accuracy,
Precision, Recall, and F1-score.

Metric

0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1

0

Accuracy Precision Recall Fl-score

B Metric

Figure N° 11. Performance Metrics of LSTM Model on Brain Tumor
Dataset

Accuracy This plot shows the high accuracy value of approximately 0.90 for the
LSTM model, which means this model did a good job in terms of classifying
the positive brain tumor cases correctly. The Precision metric, referring to the
ratio of true positive predictions against all positive predictions, is also
relatively high at about 0.90, indicating accurate positive predictions by the
model.

Among these metrics, Recall reaches the highest value of approximately 0.90,
because it measures the ratio between true positive predictions concerning the
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total actual positive instances. That would indicate that the LSTM model
correctly classified most of the cases in the dataset as having brain tumors.
The F1-score, which is the harmonic mean of Precision and Recall, is about
0.90, depicting very well-balanced performance between precision and recall.
This gives a better measure with regard to the overall performance of the
model, since it includes the accuracy of predicting positives and the ability of
the model to actually detect all the positive cases.

Complexity Analysis
These results underline two machine learning models-namely, Random Forest

V.

Classifier and ConvLSTM2D-each performing a certain task (Wang et al.,
2022). The model of the Random Forest Classifier weighs about 4800 bytes
in size, while the time for prediction is 0.065961 seconds, which can also
demonstrate its efficiency regarding both storage and inference speed. In
contrast, the model ConvLSTM2D is huge in size-12891040 bytes, and its
prediction takes approximately 4.685382 seconds. This could mean that
Random Forest Classifier might be better in applications where low model
size and fast predictions are crucial. However, when tasks require more
complex feature extraction and modeling, then ConvLSTM2D could serve
better.

Table N°5. Complexity Analysis

Metric Random Forest | LSTM Classifier
Classifier

Model Size (bytes) 4800 12891040

Prediction Time | 0.065961 4.685382

(seconds)

Conclusions

These experimental results were presented in this work and therefore allowed
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seeing some strengths and weaknesses of machine learning and deep learning
approaches. The analysis, conducted on the simple Iris dataset, showed that
the Random Forest algorithm, as a representative of traditional machine
learning, performed quite efficiently and gave competitive accuracy
compared to the computationally less intensive nature of the algorithm. This
shows how performance and robustness can be given by ML methods such as
RF for simple datasets that are low-dimensional, well-defined features, and
having not very complex relations among them.
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Contrary to that, for the more challenging task of detecting brain tumors with a
high-dimensional medical imaging dataset, an LSTM network showed very
effective performance and gave much better results compared with the RF
algorithm. It is expected, even if it comes at the price of being resource-
intensive and requiring more complex training than LSTM alone, that it
would encapsulate all these intricate patterns and features presented through
brain MRI scans to achieve a higher classification accuracy. This underlines
the superior capability of deep learning approaches in handling complex
unstructured data where conventional ML algorithms may fall short and fail
to extract the necessary insights.

This study shows that the choice between machine learning and deep learning
must be conditioned by the nature and complexity of the dataset in hand.
While ML algorithms, such as RF, are more convenient to work with when
swift execution and acceptable accuracy is satisfactory for simple problems
at hand, high-dimensionality complex data performs better on DL models like
LSTM, notwithstanding the fact that they are computationally intensive and
requiring far more training effort. Selection of the right Al approach should
carefully consider the tradeoff between the achieved accuracy and the model
complexity with respect to the tackled problem.

It finally compares the ML and DL techniques, showing their relative strengths
and weaknesses when handling different complexity levels in datasets. These
findings can be useful in referring to the selection of an Al approach that best
fits any given application in this field of study.
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