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ABSTRACT 
 

The evolution of artificial intelligence (AI) has progressed from rule-based systems to learning-
based models, integrating machine learning (ML) and deep learning (DL) to tackle complex data-
driven tasks. This review examines the synergy between ML, which utilizes algorithms like decision 
trees and support vector machines for structured data, and DL, which employs neural networks for 
processing unstructured data such as images and natural language. The combination of these 
paradigms through hybrid ML-DL models has enhanced prediction accuracy, scalability, and 
automation across domains like healthcare, finance, natural language processing, and robotics. 
However, challenges such as computational demands, data dependency, and model interpretability 
remain. This paper discusses the benefits, limitations, and future potential of ML and DL and also 
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provides a review study of a hybrid model makes use of both techniques (machine learning & deep 
learning) advantages to solve complicated problems more successfully than one could on its own. 
To boost performance, increase efficiency, or address scenarios where either ML or DL alone would 
not be able to manage, this approach combines deep learning structures with conventional machine 
learning techniques. 
 

 
Keywords: Artificial intelligence, machine learning; deep learning; hybrid models; neural networks; 

transfer learning; AI applications; model interpretability; computational complexity 
autonomous systems. 

 

1. INTRODUCTION 
 

Artificial intelligence (AI), once the application of 
rigid and over-strict rules and regulations, is 
today defined as the most elaborated algorithms 
that mimic human activity, thought, and 
perception. In the initial stages of AI growth, a 
symbolic AI approach of prescribing manual 
configurations to apply a particular strategy or 
model to a problem was typical. In addition, 
because of these computational facilities and the 
accessibility of bulky data, there is a distinct 
modified approach named ML and DL. These 
paradigms on how intelligent systems can be 
engineered and implemented and grown to a 
level where such systems can find patterns in 
data and learn by themselves are based on two 
crucial concepts known as ML and DL. Artificial 
Intelligence comprises Machine Learning- an 
aspect that allows the systems to learn from data 
using models like linear regression, decision tree, 
support vector machines, etc. Likewise, Deep 
Learning – a kind of higher evolution of ML- is 
related to artificial neural networks of any kind 
that possess more than one hidden layer, which 
can learn by using many selections of features 
out of the inputs (Brynjolfsson & McAfee 2017). 
The analyzed data states that the result of ML 
algorithms is more effective when the result is in 
a more structured data format and is easily 
interpretable. However, the DL is adequate for 
unstructured matrices such as image, voice, and 
language translation (Adadi et al. 2018).  
 
Both methods exhibit significant performance; 
nevertheless, combining ML and DL indicated 
the advantage of overcoming the shortcomings 
of the introduced schemes. ML is interpretable 
regarding data use, while DL has a drawback 
regarding high dimensionality; meaningfully, 
processing data requires a lot of computational 
power and data. This has made integrating the 
two approaches see that it is possible to develop 
an even better hybrid approach integrating DL 
feature extraction features with the ML prediction 
aspects, creating more effective, scalable, and 

interpretable systems (Chen et al. 2008). In this 
paper, an analysis is made of the role of ML in 
promoting DL and how both contribute towards 
the development of AI. The pros, cons, cases, 
and stories of this so-called mixed-use approach 
are illustrated, and domains like healthcare, 
autonomy, NLP, and finance are introduced. In 
addition, the paper also explores other trends, 
such as transfer learning, model stacking, and 
deep reinforcement learning, and how they 
effectively enhance the accuracy and 
performance of the models in practice 
(Goodfellow et al. 2016). Lastly, as AI 
progresses, it is crucial to consider ML and DL, 
which will guide the researcher, developer, and 
organizations that seek to embrace the new 
complex intelligent systems. The following 
sections briefly introduce ML and DL, explore 
how combining them addresses problems, and 
identify measures that can improve this symbiotic 
approach. 
 

2. MACHINE LEARNING AND DEEP 
LEARNING: A BRIEF OVERVIEW 
 

2.1 Machine Learning (ML) 
 
ML enables a computer to do better on small 
tasks than a programmer, which is more 
enhanced than being programmed. They are 
principally used in applications such as 
classification, regression, cluster analysis, fraud 
detection systems, credit scoring, and natural 
language processing (Bishop, 2006). 
 
ML approaches are categorized into three 
types: 
 

• Supervised Learning: Models learn from 
labeled data to predict outcomes. 
Examples include predicting user behavior 
or product recommendations. 

• Unsupervised Learning: Models detect 
patterns in data without labels, such as 
clustering similar customers. 
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• Reinforcement Learning (RL): Models 
learn through trial and error by interacting 
with environments to maximize rewards, 
commonly used in game AI and robotics 
(Heinrich et al. 2019). 

 
Several daily use ML algorithms include 
regression, decision tree, SVM, and k nearest 
neighbor (KNN) (Amorós et al. 2020). These 
algorithms often require defining important data 
properties manually as feature engineering, 
which becomes a rather time-consuming 
process. 
 

2.2 Deep Learning (DL) 
 
DL is an ML technique that uses ANNs, with the 
layers in question being multilayer neural 
networks (Jayanth et al. 2018). Unlike the 
conventional ML approaches, DL extracts the 
features from the data, training models to           
learn higher-level features. Key architectures 
include: 
 

• Convolutional Neural Networks (CNNs): 
It's applicable for image recognition and 
computer vision. 

• Recurrent Neural Networks (RNNs): 
When used for the sequence data, as in 
time series prediction and language 
modeling (LeCun et al. 2015). 

• Transformers: NLP activities such as 
power translation and power sentiment 
analysis. 

• Generative Adversarial Networks 
(GANs): Create synthetic data for different 
purposes, including image synthesis and 
data diversification. 

 

DL models are ideal for big data with no fixed 
format data like image and text data and for high 
levels of abstraction and pattern recognition. 
Despite the advantages of DL over traditional ML 
in several use cases, it highly demands 
computing resources and shows difficulties in 
interpretability issues; in fact, the model is a 
'black box' (Eykholt, K. et al., 2018). 
 

3. ML AND DL ARCHITECTURES COM-
PARISON 
 

There is a synergy between the two approaches 
to reaching the set objectives: Machine learning 
(ML) and deep learning (DL). Although 
depending on the feature extraction and clear 
data format for better performance, the DL 
architectures scale well for unstructured data 
(image and text) where no features need to be 
extracted manually. Both approaches have 
evolved to address specific challenges. What's 
more, while the basic model of ML is easy to 
interpret and often significantly efficient, DL 
provides a higher level of performance due to the 
use of deep neural networks in its more 
advanced forms (Howard at el. 2017). 
 
In comparing both models, one gets the 
distinctions in terms of computational demand, 
the capability of expanding to other problems, 
and the interpretability of the two models, along 
with proper fields where each type can best be 
employed. Awareness of these differences is 
helpful as it defines when to use ML-DL. That is 
why the supplied diagram that compares the 
processes embedded into the ML and DL in 
classifying tasks, such as classifying an object as 
tree or not-tree, is quite helpful as seen in Fig. 2. 

 
 

Fig. 1. A Venn Diagram for Deep Learning, Machine Learning and Artificial Intelligence 
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Fig. 2. Input data processing flow using machine learning and deep learning 

 
3.1 Machine Learning Workflow 

 

• Input: First, raw input data is generated, 
which is an image of the car at this stage. 

• Feature Extraction: In traditional ML, this 
step demands some level of human 
interaction in which features such as 
edges, shapes, or colors are extracted 
from input data. These features are 
manually pre-specified to train the model 
with them. 

• Classification: The results are taken and 
passed to a classification model (decision 
tree, SVM, or random forest) to decide on 
the object in the input. 

• Output: The final output of the system is 
also presented along with the label as 
either a "Tree" or a "Not Tree" (Jordan at 
el.2015). 

 

3.2 Deep Learning Workflow 
 

• Input: The same input, the car image, is 
used. 

• Feature Extraction + Classification: 
While in ML, feature extraction and 
classification are two distinct processes, in 
deep learning, they are together in one 
network. Neurons in a multilayer network 
can independently learn a given problem's 
features and classify the problem 
simultaneously. This saves a lot of time 
and does not require feature extraction to 
be done manually. 

• Output: The DL model outputs whether 
the object is a "Tree" or "Not Tree." 

 

3.3 Key Difference Highlighted in the 
Diagram 

 

• In Machine Learning, the process is 
divided into two unique stages where 

feature extraction and classification can be 
different, and it is the human effort to 
create and choose features. 

• Deep learning enables the extraction of 
features from raw data and classification to 
be performed within the same framework, 
granting more performance to the system, 
especially in extensive data (Krizhevsky at 
el. 2012). 

 

3.4 Comparing ML and DL Architectures 
 

As subfields of artificial intelligence (AI), machine 
learning (ML) and deep learning (DL) 
concentrate on creating models that can 
recognize patterns in data and make decisions or 
predictions based on them without explicit 
programming. Depending on the technique  and 
application, machine learning architectures might 
differ significantly. In DL, intricate patterns in data 
are modeled using multi-layered neural networks. 
With their interconnected layers of nodes 
(neurons), the structures are modeled after the 
human brain. 
 

4. SYNERGY BETWEEN ML AND DL 
 

The Relationship Between Deep Learning ML, 
the diagram is suitable for depicting how DL and 
ML coexist and work together in every facet of 
AI. Here's an explanation tailored to this section: 
 

4.1 Comparing ML and DL and Expanding 
Its Use Across AI Areas 

 
The diagram represents the connection between 
AI technologies and indicates that ML and DL 
drive the identified AI. The current setup aligns 
with the ML and DL concepts of how such 
methods augment and improve the AI system's 
performance and the associated applications 
(Sarker et al. 2019). 
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i. Machine Learning and Deep Learning 
as Core AI Drivers: 

• Diagnostic and predictive technologies 
(blue branch) use machine learning as the 
basis for most AI tasks, such as predictive 
analytics and classification, supervised and 
unsupervised, including regression, 
decision-making, and grouping. 

• Further, deep learning enhances the 
possibilities offered by ML by adding 
superior neural networks such as                   
CNNs and RNNs to enhance data features 
from the enormous volume of                            
data automatically (M. Woschank at el. 
2020). 

ii. Natural Language Processing (NLP) and 
Speech: 

• In NLP, machine learning models classify 
features, use the emotion analyzer, and 
retrieve information. 

• The latest architectures, such as 
transformers used in BERT GPT,            
enhance NLP by achieving contextual 
textual understanding in translation and 
chatbots. 

• In speech applications, DL models convert 
speech to text and vice versa, supporting 
voice assistance and intelligent systems 
(Zhang et al. 2017). 

iii. Computer Vision and Robotics: 

• The diagram depicts how Computer and 
Machine vision uses Deep learning models 
such as CNN to perform image recognition 
and auto-piloting functions. 

• In robotics, ML and DL are used 
simultaneously to include reinforcement 
learning algorithms for optimizing the 
probable outcomes of a particular action in 
a specific situation, enabling robots to 
learn by trial and error. 

iv. Expert Systems and Optimization: 

• In decision-making, more modern systems, 
integrated with expert systems with rule-
based algorithms, are now being 
supplemented with machine learning 
models. 

• The significant potential benefit of deep 
learning is that models can be dynamically 
rewritten, meaning they will become more 
accurate as new data is accumulated. 

 
Table 1. Comparing ML and DL architectures 

 

Aspect Machine Learning 
Architectures 

Deep Learning Architectures 

General 
Structure 

Flat or shallow structures (e.g., 
decision trees, linear models) with 
limited interconnected units. 

It comprises multiple layers, often 
hierarchical (e.g., CNN, RNN), with many 
neurons in each layer. 

Data Flow Typically, direct or sequential flow, 
with one pass from input to output 
(e.g., in linear regression). 

Layered data flow, often with 
backpropagation through multiple hidden 
layers. 

Component 
Types 

Nodes representing decisions (e.g., 
in decision trees) or hyperplanes 
(e.g., SVM). 

Includes neurons, convolutions, pooling, 
and activation functions (e.g., ReLU, 
SoftMax). 

Layer 
Configuration 

Models like decision trees or linear 
regression often have single-layer 
architectures. 

Multilayer architectures; CNNs use 
convolutional layers; RNNs use loops and 
feedback connections. 

Connections Independent models with no 
recurrence (e.g., SVMs don't 
reference previous states). 

CNN: Local connections (filters); RNNs: 
Recurrent loops (for sequential data). 

Training 
Process 

Training with simple algorithms like 
gradient descent or rule-based 
updates. 

Uses backpropagation and gradient 
descent across multiple layers for weight 
updates. 

Examples of 
Architectures 

Linear regression, decision trees, k-
NN, and random forests. 

CNNs for vision tasks, RNNs for sequential 
data, and GANs for generating content. 
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Table 2. Comparing machine learning and deep learning techniques 
 

Technique 
Category 

Machine Learning (ML) 
Techniques 

Deep Learning (DL) Techniques 

Linear Models Linear Regression, Logistic 
Regression 

N/A 

Tree-Based 
Models 

Decision Trees, Random 
Forest, Gradient Boosting 

N/A (used in ensemble architectures) 

Instance-Based 
Learning 

K-Nearest Neighbors (KNN) N/A 

Probabilistic 
Models 

Naive Bayes N/A 

Support Vector 
Machines 

SVM N/A 

Clustering 
Techniques 

K-Means, Hierarchical 
Clustering 

N/A 

Feature 
Extraction Models 

Principal Component Analysis 
(PCA), Factor Analysis 

Autoencoders, Variational Autoencoders 
(VAE) 

Neural Networks N/A Multilayer Perceptron (MLP), Convolutional 
Neural Networks (CNN), Recurrent Neural 
Networks (RNN) 

Advanced 
Architectures 

N/A Long Short-Term Memory (LSTM), 
Generative Adversarial Networks (GANs), 
Transformers, Attention Mechanisms 

Reinforcement 
Learning 

Q-Learning, SARSA Deep Q-Networks (DQN), Deep Deterministic 
Policy Gradient (DDPG) 

 

4.2 Role of ML-DL Synergy in AI Develop-
ment 

 
The given diagram also adds to the 
understanding that the two branches – deep 
learning and machine learning – are subdivisions 
of AI that focus on solving different aspects of the 
AI task (Tan C. at el. 2018). For example: 

 
• ML models are more interpretable and 

efficient if used for a small dataset. 

• DL models are suitable for high-
dimensional data such as speech, images, 
and video, but they can be improved by 
cascading or integrated with ML-based 
models. 

• Combining both leads to robust AI 
systems, as seen in deep reinforcement 
learning, where RL algorithms are 
integrated with neural networks to solve 
complex tasks such as autonomous driving 
and financial trading. 

 
A hybrid model that combines machine learning 
(ML) and deep learning (DL) techniques for 
training datasets can visually illustrate how data 
flows and is processed through both approaches 
(Zhang, C at el. 2021). Here's a description of 

the main components that could be included in 
the diagram: 
 

a) Data Input 
o The raw data (images, text, etc.) enters the 

pipeline. This data is either structured or 
unstructured and can include various types 
(numerical, text, image). 

b) Data Preprocessing and Feature 
Engineering 

o This stage applies traditional ML 
techniques to clean, preprocess, and 
extract features from the data, which could 
include normalization, dimensionality 
reduction, or applying domain-specific 
feature engineering. 

c) Feature Extraction via Deep Learning 
Model 

o The processed data is fed into a deep 
learning model (e.g., CNN for images, 
RNN for sequences) to automatically 
extract high-level, complex features. These 
features are typically more abstract and 
can capture complex patterns within the 
data. 

d) Hybrid Feature Fusion 
o The deep learning features and 

engineered features from ML are 
combined to form a hybrid feature vector. 
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Fig. 3 Hybrid model processing using machine learning and deep learning techniques within 
AI domains 

 
This stage merges features to create a 
comprehensive representation of the data. 

e) Machine Learning Model for Decision 
Making 

o This combined feature set is fed into a 
traditional ML algorithm (like SVM, gradient 
boosting, or random forest) for training and 
final decision-making. 

f) Output and Prediction 
o The ML model produces the final 

prediction or output based on the hybrid 
feature set. This output could be a 
classification, regression result, or any 
other type of prediction. 

 
This diagram illustrates the flow from data input 
through both ML-based feature engineering and 
DL-based feature extraction. After combining 
these features, a final ML model handles the 
prediction, providing a clear path for how both 
ML and DL techniques can be used together in a 
hybrid model. 
 

Here Fig. 3 shows of a hybrid model combining 
machine learning and deep learning              
techniques. 
 

Because ML is frequently quicker than DL, 
combining the two methods can increase 
prediction accuracy while potentially lowering 

computing costs. More types of data, including 
both structured and unstructured data, can be 
handled by hybrid models. 
 

5. APPLICATIONS OF SYNERGISTIC 
MACHINE LEARNING AND DEEP 
LEARNING APPROACHES 

 

5.1 Healthcare 
 

In healthcare, deep learning models, including 
CNNs, identify diseases by analyzing images 
such as X-ray, MRI, and CT scans, thus enabling 
early diagnosis (S. He at el 2021). These 
systems are supported by machine learning 
algorithms that take these extracted features to 
perform predictive analysis, including predicting 
patient outcomes or treatment regimens. For 
instance, to duplicate the role that CNNs 
performed, random forests can be used to 
classify different risk levels of patients to improve 
the diagnosis and prognosis outcomes (Assaf, R. 
& Schumann, 2019). 
 

5.2 Natural Language Processing (NLP) 
 

DL and ML have advanced tasks such as 
sentiment analysis, chatbots, and machine 
translation. For instance, BERT secures 
complicated language features, while Naïve 



 
 
 
 

Choudhary and Choudhary; J. Sci. Res. Rep., vol. 30, no. 11, pp. 865-875, 2024; Article no.JSRR.126828 
 
 

 
872 

 

Bayes takes simple approach to categorizing text 
into sentiments or intents. Likewise, DL-based 
language models drive real-time translation 
services, using hardware ML-based post-editing 
that enhances the accuracy of the translation 
process by eliminating minor mistakes (Da'u & 
Salim 2020). 
 

5.3 Autonomous Systems and Robotics 
 
A combination of DL and ML enhances 
innovation efficiency in self-driving cars and 
industrial robots. DRL helps self-driving cars 
move in shared environments and pick the best 
path, while ML algorithms forecast road 
conditions and find obstacles to choose safer 
paths. In industrial robotics, ML provides the best 
solution to the issue of control of movements, 
while DL networks learn about sensor data and 
facilitate decision-making in real-time (Badillo S 
et al. 2020). 

 
5.4 Finance and FinTech 
 
In finance, DL models are CNN, which is used to 
analyze market trends. In contrast, ML 
algorithms, like SVM, classify transactions for 
fraudulence detection and stock price prediction. 
These techniques are synergistic concerning 
algorithmic trading, where ML algorithms find the 
tradable opportunities and DL networks and then 
look at the unstructured financial data to 
understand further the opportunities found by the 
ML algorithms through notable accuracy in 
predicting the trends and managing risks 
(Heinrich, K. et al., 2021). 

 
5.5 Cybersecurity 
 
DL and ML are used in cybersecurity to prevent 
and detect threats. DL models are used to detect 
anomalies in the traffic in the network, and the 
ML classifiers are used to classify the anomalies 
into specific types of threats like malware or 
phishing, etc. This synergy strengthens intrusion 
detection systems, enabling improved, speedy, 
and perhaps higher-responsive recognition and 
real-time reaction to threats (Adadi et al. 2018).  
 

5.6 E-commerce and Personalization 
 

Recommendation engines are driven by DL and 
ML working together while trying to make sense 
of customers' behaviors and tastes. DL models 
analyze multifaceted patterns of user behaviors, 
and ML sharpens these product 

recommendations. In dynamic pricing strategies, 
demand fluctuations are predicted with the help 
of Analytical models. In contrast, Dynamic 
models analyze real-time customer feelings to 
set optimal prices, which can help maximize the 
company's revenues and ensure 
competitiveness (Kotsiantis et al. 2006). 

 
5.7 Gaming and Virtual Assistants 
 
In gaming, for instance, DRL allows the AI 
agents to learn the player's strategy to make                
the overall experiences more real. Players 
interact with other players in specific ways to 
which the ML models base the findings                    
of the gameplay recommendation and offer 
bonuses. Speech recognition interfaces                       
such as Amazon's Alexa and Apple's Siri 
incorporate DL for speech comprehension and 
ML for intent analysis, providing customized 
responses that get better with time based on                  
the amount of experience (Goodfellow et al. 
2016). 

 
6. CHALLENGES 

 
Combining ML with DL has certain advantages 
but also has several drawbacks that effort must 
be made to overcome to the highest degree. A 
significant problem includes computational 
complexity. Degree models like CNNs and 
transformers demand massive computation – 
that raises resource utilization and organizational 
expenses. However, if those are incorporated 
with the ML algorithms, the time required for 
training and the energy consumed tends to 
increase; thus, the efficiency of optimizers gains 
paramount importance. Data requirements are 
also generally significant, based on what we 
have noted in various contextualization studies. 
DL models are usually effectively applied to large 
sets, whereas ML models are more applicable to 
small data. Still, the combination of both                
models runs into the problem of requiring large 
datasets for each component to be efficient 
(Bishop et al. 2006). This becomes aggravated 
by the lack of labeled data or noise in real-world 
datasets. Moreover, the problem of model 
interpretability remains for consideration. While 
the decision tree methodology used in ML offers 
clear results, DL creates black boxes, as                        
is well known. Applying all these methods makes 
it more challenging to make them transparent, 
especially in areas that require high                        
levels of accountability, such as health and 
finance.  
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Optimization techniques like gradient-based 
optimizers (e.g., Adam and RMSprop), adaptive 
learning rate strategies, and parallel computing 
help reduce training time. Additionally, model 
pruning and quantization techniques can 
significantly decrease computational demands 
without a substantial loss in model performance. 
By reducing the size of DL models and 
eliminating redundant computations, pruning 
allows for a more computationally efficient 
training and inference process. Quantization, 
which involves using lower-precision data types 
for model parameters, also cuts down on 
memory and processing requirements, making it 
possible to deploy complex models on resource-
constrained devices.  

 
Bias and fairness problems are also experienced 
as ML and DL models have a massive propensity 
to use bias encountered in the training data. The 
paper shows that such biases compound these 
issues and can lead to biased or incorrect results 
when combined. Training and optimization are 
more complex tasks as they depend on 
interdisciplinary knowledge and several 
techniques, such as transfer learning, which 
imply domain knowledge. Extension of such 
hybrid models for deployment and flexibility in 
real-world settings adds the following sub 
challenges: The more extensive and integrated 
the models become, the more they are prone to 
increased response time, and even the resource 
demand might be high, leading to decreased 
efficiency. Finally, privacy and security issues    
are raised, especially in health and financial 
areas. 

  
Hybrid approaches usually involve big data, and 
questions about privacy and legal considerations 
emerge. This issue is often mitigated by data 
augmentation techniques, which artificially 
expand datasets by creating variations of existing 
data, and transfer learning, where models pre-
trained on large, related datasets are fine-tuned 
for specific tasks with less data. However, these 
difficulties can be constantly mitigated by 
advances in optimization methods, post-MIC 
interpretable artificial intelligence, and data 
management that should improve the feasibility 
of ML-DL integration. Given that more research 
has been directed towards overcoming these 
barriers, support for hybrid approaches is 
anticipated to introduce transformative change 
across industries in the future (LeCun et al. 
2015). 

 

7. CONCLUSION 
 
Therefore, rising from the idea of AI, the 
introduction of ML alongside DL experiences a 
fusion of innovative trends in this generation's 
setup by intending to provide practical, scalable, 
and accurate approaches in various fields or 
domains. Whereas ML offers efficiency, 
tunability, and explicability, DL can learn from 
extensive, high-dimensional data. These 
techniques enable one to develop hybrid solid 
models using different methods provided by the 
two approaches. A synergy between ML and DL 
makes innovations possible easier in various 
fields, such as healthcare, finance, autonomous 
systems, speech recognition, text classification 
and image analysis with natural language 
processing etc. However, it must be noted that 
there are some hurdles, including high 
computational cost, concerns about data inputs, 
and worries about the interpretability of models 
and their bias. These barriers highlight the need 
for further research on optimizing models, model 
interpretability, and implementing different 
aspects of applications. Given these novel 
technology development trends, techniques, 
including transfer learning, model compression, 
and explainable AI, are expected to narrow the 
gap between ML and DL in the future. So 
combined form of ML & DL handles improved 
accuracy of large data sets during complex 
patterns handling, provides versatility with 
respect to structured and unstructured data, 
reduces computational cost and enhances 
feature extraction from raw data using machine 
learning and deep learning models.  
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