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Abstract: As Industry 4.0, Industry 5.0, and Society 5.0 evolve, Automated Machine Learning 

(AutoML) acts as a cornerstone and catalyst for innovation and efficiency. It provides the role of 

AutoML in advanced paradigms, the automation of complex machine learning tasks, 

democratization of AI, and faster decision-making in industries. In Industry 4.0, AutoML enables 

smart manufacturing through predictive maintenance, quality control, and supply chain 

management. Industry 5.0 shifts the focus to collaboration between humans and machines; in this 

regard, AutoML promotes human-centered solutions to enhance creativity and innovation in 

collaborative environments. It also identifies a number of important opportunities, such as 

improved scalability, reduced time-to-market, and enhanced adaptability in dynamic 

environments. Moreover, during the research phase, transparency and interpretability, besides 

continuous learning, were underlined as important for the trustworthiness and long-term viability 

of AutoML models. This research points, for example, to future directions such as integrating 

AutoML with Edge Computing, AI Ethics, and Lifelong Learning Systems, which are all critical 

factors for ensuring a sustained approach of innovation and responsible development in the 

deployment of AutoML into an ever-evolving technological landscape. 
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5.1 Introduction  

The rapid technological development of industries and social paradigms pushes the world 

into a new era of junction between automation, data analytics, and Artificial Intelligence 

(Chauhan et al., 2020; Krauß et al., 2020). Automated Machine Learning (AutoML) is a 

transformative technology that would change Industry 4.0, Industry 5.0, and Society 5.0 

(Tuggener et al., 2019; Chauhan et al., 2020; Bachinger et al., 2024). With industries 

shifting from traditional models of manufacturing and service to more integrated and 

smart ones, there comes the need for developing, deploying, and maintaining machine 

learning models efficiently (Krauß et al., 2020; Mustafa & Rahimi Azghadi, 2021; Liang 

& Xue, 2023). AutoML accomplishes this by automating the end-to-end process of 

applying machine learning, generalizing it for much larger use and making it scalable, 

thus helping industries drive data-driven insight at an unprecedented scale (Leite et al., 

2022; Song et al., 2022; Waring et al., 2020). In the Industry 4.0 cyber-physical 

environment, where manufacturing and production are digitalized, AutoML is very 

relevant to operational optimization, cost reduction, and quality enhancement for 

products. That said, by automating somewhat complex tasks of model selection, 

hyperparameter tuning, and model evaluation involved in them, AutoML aids in 

responding with much more pace to the changes in the market and technological 

advancements (Mustafa & Rahimi Azghadi, 2021; Liang & Xue, 2023). The emerging 

concept of Industry 5.0 is an extension of this further to human-centric solutions and 

humans' collaboration with machines; in this case, the technology allows for the creation 

of systems that adapt to work with man and improve productivity and innovation. 

Moreover, in the scope of Society 5.0, which puts humans at the center and strives to 

balance economic progress with the solution to social problems, ample opportunities exist 

for AutoML. It is the technology that makes the development of personalized, data-driven 

solutions to the complex problems in society with regard to healthcare optimization, 

environmental sustainability, and smart cities development possible (Singh & Joshi, 2022; 

Maucec & Garni, 2019). On the other hand, several challenges exist toward the wide 

diffusion of AutoML, including transparency, fairness, and ethics concerns around 

automated decision-making (Imbrea, 2021; Singh & Joshi, 2022). This research has 

pointed out the several applications of AutoML in such industrial and social evolving 

frameworks, underlining opportunities and challenges. Moreover, some future directions 

of AutoML research and development are explored, proposing how to overcome current 

limitations in order to let this technology best show its contributions in the next phases of 

evolution in industry and society. 
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5.2 Applications of Automated Machine Learning (AutoML) in Various Industries 

Automated Machine Learning serves as an evolutionary force across several industries 

today, facilitating access to sophisticated analytics and machine learning tools (Vaccaro 

et al., 2021; Kocbek & Gabrys, 2019). This technology automates all activities relating to 

developing, selecting, and optimizing machine learning models, hence making them 

usable by non-experts (Song et al., 2022; Waring et al., 2020). Applications are growing 

fast, writing the new look of financial services, healthcare, manufacturing, and retail, 

among others (Garouani et al., 2022; Vaccaro et al., 2021; Kocbek & Gabrys, 2019). As 

businesses increasingly recognize the value of data-driven decision-making, AutoML is 

emerging as a critical enabler of innovation and efficiency. 

Healthcare: Diagnostic and Treatment Enhancements 

It, in particular, will make a very huge difference in health: AutoML is revolutionizing 

diagnostics, particularly individual treatment plans, and drug discovery. Conventionally, 

the development of an ML model targeting such tasks requires domain-specific 

knowledge both in machine learning and the healthcare domain data. AutoML removes 

these barriers through automation of algorithm selection, feature engineering, and 

hyperparameter tuning, which allows health professionals to focus on the clinical 

outcomes rather than the intricacies of the development of models in ML. It also finds one 

of the biggest applications in medical imaging: AutoML analyzes a huge set of data from 

X-rays, MRIs, and CT scans to find anomalies with very high accuracy, such as problems 

that may be related to the presence of tumors or fractures. For example, Google's AutoML 

Vision was applied to detect diabetic retinopathy for people who should be taken to see a 

doctor in time to avoid becoming blind. This process automation takes time from several 

weeks to just two or three days at the same time of diagnosis, and automation will lead to 

much greater accuracy, so in some cases, this can even save lives. In the process of drug 

discovery, AutoML helps to predict the efficacy of new drugs and possible side effects by 

analyzing complex datasets from clinical trials. It speeds up the process of drug 

development so that pharmaceutical companies can bring new treatments to the market 

much faster. Also, AutoML enables personalized medicine through the analysis of genetic 

data in order to tailor treatment programs on individual cases for better results with 

reduced risks of possible adverse reactions. 

Finance: Optimizing Risk Management and Fraud Detection 

The finance sector was among the very first adopters of data analytics, but it hardly 

stopped there; AutoML is taking it even further. Financial institutions use AutoML in 

ways that range from improving risk management to automating trading strategies and 

facilitating fraud detection with higher efficiency. In this respect, AutoML allows 
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financial analysts and data scientists to shift focus to interpreting results and making 

informed decisions by automating the development of predictive models. One critical area 

where the impact of AutoML can be felt is risk management. With AutoML tools, fast-

pace model building and deployment for credit, market, and operational risks facilitate 

portfolio management for banks and investment firms. These models analyze history in 

the light of data and current conditions of the market to forecast possible risks, hence 

facilitating a more proactive decision-making process. Another critical finance 

application is fraud detection. In this case, AutoML is able to analyze vast amounts of 

transaction data in real time and recognize suspicious activity indicative of fraud. This 

becomes very important in light of increasingly sophisticated cyber threats and financial 

crimes. With the capability to learn continuously from new data, AutoML models adapt 

to new rising patterns of fraud, hence arming financial institutions with a prospective tool 

for protecting customers and assets. 

Manufacturing: To Enhance Quality Control and Predictive Maintenance 

In the manufacturing sector, AutoML is being used to enhance quality control processes, 

optimize supply chains, and implement predictive maintenance strategies. In this regard, 

through the adoption of AutoML, the manufacturer is in a good position to boost 

efficiency, cut down on costs, and reduce downtime. One of those high-value areas for 

AutoML is quality control. Traditional quality control methods include labor-intensive 

manual inspections, which take time and may have errors. AutoML can automate the 

analysis of images and sensor data from production lines to detect defects and anomalies 

with very high precision, ensuring that products do meet the required standards, while 

reducing waste by catching problems early on in the production process. 

 

Another application is predictive maintenance. One can use an AutoML model to analyze 

sensor data from machinery to predict likely points of failure. This way, manufacturers 

will be able to schedule a repair before it fails, minimizing the period of downtime and 

increasing the life of the expensive machinery. Reducing unplanned maintenance and 

minimizing equipment failure will significantly reduce operational costs and increase 

productivity. 

Retail: Personalizing Customer Experiences and Optimizing Supply Chains 

The retail sector is more and more turning to AutoML for the personalization of customer 

experiences, price strategies optimization, and supply chain smoothing. As e-commerce 

is becoming increasingly large every day, retailers have to turn to data to stay competitive; 

AutoML is the right tool for that.  Of the many important applications in retail, one is 
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personalization. By using AutoML, retailers can analyze customer data, such as purchase 

history, browsing behavior, and demographic information, to deliver relevant 

recommendations and marketing campaigns. This is what Amazon does with AutoML 

inside its recommendation engine, where relevant suggestions for a customer are made 

based on past purchases and interests. This level of personalization will give an improved 

customer experience, which drives customer loyalty and therefore sales. Apart from 

personalization, the other priority area for AutoML pertains to price-strategy 

optimization. With AutoML, by analyzing market trends, competitor pricing, and 

customer demand, retailers are able to arrive at dynamic prices that maximize revenue yet 

remain competitive. It is called dynamic pricing and finds wide application in e-

commerce, where prices could be changed in real time with any changes in demand and 

supply. Another area of influence for AutoML is in the optimization of supply chains. 

Using data from various sources, such as sales forecasts, inventory levels, and supplier 

performance, AutoML models can predict demand and can optimize decisions on the 

management of inventories. This helps avoid stock-out situations and reduces overstock, 

making certain there are appropriate quantities when the customer demands the product 

at minimal inventory cost. 

Telecommunications: Network Optimization and Improved Customer Support 

The telecommunications industry is likely to use AutoML in network optimization, 

customer support, and innovation in service delivery. With increasing pressure from the 

customer side of the business for high-speed, reliable connectivity, AutoML stands as a 

strategic lever that can be used to manage the most complex networks while delivering a 

differentiated experience for customers. Network optimization is one of the most applied 

AutoML techniques in the telecommunications sector. AutoML helps in using sensor 

network data and network logs to forecast potential network failures or congestion points. 

This way, the telecom providers can fix the problems beforehand—hence ensuring high 

reliability of service and less downtime to customers. Besides, AutoML, such as the 

optimization of several network resources like bandwidth allocation, is very important for 

ensuring that customers get the best service. Another such area where AutoML can make 

a difference in the industry is customer support. In this respect, chatbots and virtual 

assistants empowered with AutoML will be able to analyze customer queries and give 

instant, accurate responses, reducing the need for human intervention. Such AI-driven 

support systems will take up the most diverse tasks, from troubleshooting technical issues 

to billing-related requests, thereby improving overall customer experience and 

substantially saving operational costs. 

Education: Enhancing Personalized Learning and Administrative Efficiency 
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Applications of AutoML in education include personalization of learning experiences, 

administrative efficiency, and research support. With the fast-growing adoption of digital 

tools in educational institutions, AutoML comes loaded with powerful capabilities for 

enhancing teaching and learning outcomes. One of the most promising applications of 

AutoML in education includes personalized learning. AutoML will analyze student 

data—performance metrics, learning styles, engagement levels—to create customized 

learning paths for each. This enables educators to individualize the instruction based on 

students' needs, which will yield better academic results and create a more inclusive 

atmosphere within the classroom. For example, online learning platforms like Coursera 

and Khan Academy recommend courses or content based on learners' progress and 

interests, using AutoML in course/content recommendations. Besides personalization in 

learning, AutoML is also increasing administrative efficiency within the institution. 

AutoML models can automatically analyze vast data from areas such as enrollment, 

financial, and student feedback, thereby assisting administrative decision-making. This 

would affect fine resource allocation that befits our student services, keeping everything 

as smooth as possible. 

Energy: Resource Management Optimization and Equipment Failure Prediction 

With the key role it plays in optimizing resource management, improving operational 

efficiency, and enhancing predictive maintenance, AutoML has been widely accepted for 

deployment in the energy sector. As demand increases with a turn towards sustainability 

in energy, AutoML can offer the necessary solutions to help companies manage such 

challenges effectively. In resource management, AutoML can aid companies in projecting 

energy demand so that utility companies are better placed to optimize energy production 

and distribution. Having analyzed the historical patterns of consumption, weather 

patterns, and economic indicators, AutoML models can project changes in demand and 

recommend adjustments to reduce waste and ensure stable energy supplies in real time. 

Predictive maintenance is equally important in the energy sector, particularly on the issues 

concerning renewable sources of energy like wind and solar power. AutoML can analyze 

data from turbines and solar panels to predict when maintenance should be done to avoid 

unexpected failures, thus elongating the equipment's lifespan. This becomes especially 

important in locations that are remote, making it difficult to access maintenance services. 

Another domain of application is grid management. Models of AutoML learn from data 

captured by several sensors and control systems to optimize electrical grid operations, 

ensuring supply-to-demand balance and averting failures. That will ensure a more reliable 

and efficient energy infrastructure—to which the world is getting more dependent with 

every passing day, right from transportation to air conditioning. 
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Fig. 5.1 Sankey diagram for Automated Machine Learning (AutoML) in Industry 

Agriculture: Enhancing Crop Yield and Reducing Environmental Impact 

Agriculture is another such industry in which AutoML is vastly achieving. In order to 

enhance crop yields, perfect resource usage, and lessen the ecological impact resulting 

from farming practices, farmers and agricultural companies are turning to AutoML. One 

of the major applications for AutoML in agriculture is in precision farming. AutoML can 

scan data from drones, satellites, and sensors for assessing crop health, monitoring soil 

conditions, and determining weather patterns. It, therefore, through the aid of data, 

enables farmers to support decisions on irrigation, fertilization, and pest control, hence 

optimizing the use of resources to their fullest capacity and optimizing crop yields. For 

example, AutoML models can be used in predicting the best time to plant or harvest crops, 

hence diminishing risks of crop failure due to adverse weather conditions. It is also 

developing more sustainable farming practices. AutoML can learn patterns from crop 

rotation, soil health, and environmental conditions to recommend farming techniques that 

reduce water, pesticide, and fertilizer use. This will not only help the environment from 

the impact of farming but also be economically helpful for farmers.  Within livestock 

management, AutoML will have the capability of analyzing data from wearable devices 

fitted on animals for monitoring their health and behavioral patterns. The methodology 

will help farmers identify potential signs of illnesses earlier than usual and take preventive 

measures, thus ensuring better welfare and reducing losses. 

Transportation and Logistics: Enhanced Route Optimization and Fleet Management 
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AutoML in transportation and logistics provides route planning optimization, fleet 

management improvement, and better supply chain visibility. As global trade increases, 

so is the need for efficient movement of goods and people, areas in which the role of 

AutoML becomes very central. One of the most high-impact applications of AutoML in 

transport is route optimization. The AutoML models can be trained using data containing 

traffic, weather conditions, and delivery schedules to understand which routes would be 

the most efficient for any set of vehicles. Not only does this bring down fuel consumption 

and associated transport costs, but it also opens up the possibility of on-time delivery, 

impacting customer satisfaction. For instance, UPS and FedEx—logistics companies—

have been able to save millions of miles and gallons of fuel every year using route 

optimization with the help of AutoML.  In fleet management, AutoML is applied in 

tracking vehicle performance to determine when maintenance may be required. The 

models of AutoML from data provided by sensors on the vehicle can predict with a good 

level of accuracy when a vehicle may need maintenance, thus avoiding breakdowns that 

may cut short fleet life. This is especially important to companies operating large fleets, 

reducing idle time and operational costs.  AutoML also enables greater supply chain 

transparency by analyzing data from multiple points along the supply chain, such as 

manufacturing, warehousing, and transportation. Companies can trace goods as they 

move in real time, thus locating bottlenecks and making data-driven decisions for 

improvements in efficiency. In times of global trade, where supply chains are more 

sophisticated, AutoML offers all the tools necessary to manage such complexities 

efficiently. 

Media and Entertainment: Personalize Your Offerings in Content, Better Engagements 

with the Audience 

The media and entertainment sector reaches for AutoML to personalize content and 

optimize advertisement strategies, making audience engagements better. Since consumer 

preferences are changing rapidly, the media companies have to efficiently use their data 

in order to serve the right content at the right place to the right audience, and AutoML 

does this. Other large application fields of AutoML in media and entertainment are in 

personalized content recommendations. In view of the user's history of viewed or listened-

to content, streaming services such as Netflix and Spotify have developed mechanisms 

using AutoML to suggest relevant content to individual tastes. The level of 

personalization enabled in this way improves the user experience, increases engagement, 

and helps to retain subscribers in a competitive market. AutoML is also applied in 

advertising for the optimization of ad placements and targeting strategies. From an 

analysis of the data on viewer demographics, behavior, and preferences, AutoML models 

will be able to predict which ads will most likely resonate with which audiences. This 
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helps media companies to deliver more relevant ads and hence improve campaign 

effectiveness and increase revenue. Other uses of AutoML involve increasing audience 

engagement on social media. Through analysis of data generated from user interaction, 

AutoML can suggest content likely to attract very high levels of engagement, measured 

through likes, shares, and comments. This will help the media companies build stronger 

relations with their audiences and increase their reach in the digital landscape. 

5.3 Opportunities of Automated Machine Learning (AutoML) in Various Industries 

Automated Machine Learning (AutoML) is a great technological advancement, saving 

time for complicated processes that generally require deep mastery in data science 

(Maucec & Garni, 2019; Imbrea, 2021;). It democratizes access to machine learning by 

automating the time-consuming and complex processes traditionally requiring deep 

expertise in data science (Singh & Joshi, 2022; Garouani et al., 2022). AutoML should 

bring both automation and specialization to the development of machine learning models 

(Kocbek & Gabrys, 2019; Vaccaro et al., 2021). It has spread rather quickly in a very 

short period to different industries, giving businesses an opportunity to harness AI and 

not necessarily have ML experts in-house. These opportunities, which AutoML avails as 

industries become heavily dependent on data-driven decisions, are huge and game-

changing. 

Healthcare and Life Sciences 

At the very front end of the industries being benefited by AutoML are healthcare and life 

sciences. It helps in predicting patient diagnoses based on historical data and developing 

early interventions and treatment plan optimization. With the power to go through big 

data volumes, AutoML empowers the making of predictive models in working toward 

improving patient outcomes and developing an optimal treatment plan—thus 

smoothening healthcare operations. For example, it will aid in the prediction of patient 

diagnoses based on historical data and thus help develop earlier interventions. In drug 

discovery, AutoML can speed up the process of candidate drug identification by fast 

analysis of chemical compounds and their interactions, thus shortening time and cost of 

developing new drugs for patients. In addition, AutoML can be employed effectively in 

the optimization of clinical trials used for prediction of patient response to treatment, thus 

securing the efficacy and safety of new therapies. Table 5.1. Shows the AutoML in 

industry 4.0 and 5.0. 
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Table 5.1. AutoML in industry 4.0 and 5.0 

S.N

o 

Industry Applications Opportunitie

s 

Challenge

s 

Future 

Directions 

1 Healthcare Predictive 

modeling for 

disease 

diagnosis, 

Personalized 

treatment plans 

Improved 

accuracy in 

diagnosis, 

Enhanced 

patient 

outcomes 

Data 

privacy 

concerns, 

High 

variability 

in 

healthcare 

data 

Integration 

with 

electronic 

health 

records, 

Advanced 

interpretabilit

y for clinical 

decision-

making 

2 Finance Fraud detection, 

Algorithmic 

trading, Credit 

scoring 

Real-time risk 

management, 

Automated 

financial 

advisory 

services 

Regulatory 

complianc

e, Model 

bias and 

fairness 

Development 

of explainable 

AI for 

regulatory 

needs, 

Enhanced 

real-time 

decision-

making 

capabilities 

3 Retail Customer 

segmentation, 

Demand 

forecasting, 

Personalized 

recommendatio

ns 

Enhanced 

customer 

experience, 

Improved 

inventory 

management 

High-

dimension

al data, 

Changing 

consumer 

behavior 

patterns 

Integration 

with edge 

computing for 

real-time 

analytics, 

Advanced 

personalizatio

n techniques 

4 Manufacturing Predictive 

maintenance, 

Quality control, 

Supply chain 

optimization 

Reduced 

downtime, 

Enhanced 

product 

quality 

Lack of 

skilled 

workforce, 

Integration 

with 

legacy 

systems 

Expansion of 

IoT 

integration, 

Real-time 

predictive 

analytics for 

production 

optimization 

5 Marketing Targeted 

advertising, 

Increased ROI 

on marketing 

Data 

quality 

Real-time 

marketing 
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Sentiment 

analysis, 

Customer 

journey 

optimization 

campaigns, 

Enhanced 

customer 

engagement 

issues, 

Consumer 

privacy 

concerns 

optimization, 

Greater focus 

on customer-

centric AI 

solutions 

6 Energy Load 

forecasting, 

Predictive 

maintenance, 

Smart grid 

optimization 

Improved 

energy 

efficiency, 

Reduced 

operational 

costs 

Data 

integration 

from 

diverse 

sources, 

Regulatory 

hurdles 

Expansion of 

renewable 

energy 

integration, 

Advanced 

predictive 

analytics for 

energy 

management 

7 Transportation Autonomous 

driving, Route 

optimization, 

Predictive 

maintenance 

Increased 

safety and 

efficiency, 

Reduced 

operational 

costs 

Safety 

concerns, 

High 

complexity 

in real-

world 

scenarios 

Enhanced AI 

models for 

autonomous 

systems, 

Real-time 

traffic 

management 

8 Education Personalized 

learning, 

Automated 

grading, 

Enrollment 

forecasting 

Improved 

learning 

outcomes, 

Enhanced 

student 

engagement 

Data 

privacy 

and ethics, 

Variability 

in 

educationa

l data 

Expansion of 

adaptive 

learning 

systems, 

Enhanced AI-

driven content 

delivery 

9 Telecommunicatio

ns 

Network 

optimization, 

Customer churn 

prediction, 

Fraud detection 

Improved 

network 

efficiency, 

Enhanced 

customer 

retention 

Scalability 

issues, 

Data 

integration 

across 

platforms 

Real-time 

network 

analytics, 

Advanced AI-

driven 

customer 

service 

solutions 

10 Insurance Risk 

assessment, 

Fraud detection, 

Customer 

segmentation 

Improved 

accuracy in 

risk 

assessment, 

Enhanced 

Regulatory 

complianc

e, High 

complexity 

in risk 

models 

Development 

of explainable 

AI for 

regulatory 

needs, 

Advanced 
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customer 

experience 

predictive 

models for 

risk 

management 

11 Agriculture Crop yield 

prediction, 

Precision 

farming, Soil 

health 

monitoring 

Enhanced crop 

productivity, 

Efficient 

resource 

utilization 

Data 

variability, 

Limited AI 

expertise 

in rural 

areas 

Integration 

with remote 

sensing 

technologies, 

Development 

of AI-driven 

sustainable 

farming 

practices 

12 Automotive Autonomous 

vehicle control, 

Predictive 

maintenance, 

Customer 

behavior 

analysis 

Improved 

vehicle safety, 

Enhanced 

driving 

experience 

High R&D 

costs, 

Legal and 

regulatory 

challenges 

Advancement

s in 

autonomous 

driving 

technologies, 

Integration 

with smart 

city 

infrastructure 

13 Aerospace Aircraft 

maintenance 

prediction, 

Flight route 

optimization, 

Satellite image 

analysis 

Reduced 

operational 

costs, 

Enhanced 

flight safety 

High 

complexity 

of systems, 

Data 

security 

concerns 

Expansion of 

AI for 

autonomous 

systems, 

Integration of 

AI in satellite 

operations 

14 Entertainment & 

Media 

Content 

recommendatio

n, Audience 

analysis, 

Automated 

video editing 

Improved 

content 

personalizatio

n, Enhanced 

audience 

engagement 

Data 

privacy 

concerns, 

High 

competitio

n for 

consumer 

attention 

Expansion of 

real-time 

content 

customization

, Integration 

of AI in 

content 

creation and 

distribution 

15 Government & 

Public Sector 

Public safety 

analytics, 

Predictive 

Improved 

public safety, 

Enhanced 

Ethical 

concerns, 

Data 

Development 

of transparent 

AI systems, 

Enhanced AI-
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policing, Citizen 

engagement 

service 

delivery 

privacy 

issues 

driven 

decision-

making for 

public 

services 

 

Finance and Banking 

The frontiers in advanced analytics and machine learning are already being pushed by the 

finance and banking industries. AutoML is going to revolutionize it once more in terms 

of more efficient and much smarter predictive modeling for risk, fraud, and customer 

service. In this sense, AutoML can be useful in risk management to develop models that 

calculate default probabilities for credit, thus enabling banks to make informed decisions 

on whether or not they should lend. AutoML can also be critically helpful in fraud 

detection; it can help identify transactional patterns that did not look ordinary, and such 

could be very helpful in raising an alarm early enough to block further occurrences. In 

customer service, AutoML will make the customer experience more satisfying with 

personalized recommendations, optimized chatbots, and, of course, improved delivery of 

service overall. 

Retail and E-commerce 

Now that retail and e-commerce are both machine learning-driven, to supercharge 

customer experiences and optimize operations, AutoML becomes the opportunity for 

scaling implementations of ML models towards better product recommendations, 

inventory management, and pricing strategies. AutoML enables retailers to provide 

customers with personalized shopping experiences by automatically developing 

recommendation systems. This can lead to higher sales and appreciative customers. In 

management inventory, AutoML can enable more accurate predictions for the demand of 

a product so that retailers can adjust their stock and reduce wastage. Moreover, dynamic 

pricing strategies with the help of AutoML can enable retailers to adjust prices in real-

time, considering market conditions, competitor pricing, and customer behavior, in the 

pursuit of maximizing profitability. 

Manufacturing and Industry 4.0 

Within an Industry 4.0 dispensation, manufacturing is bound to increasingly rely on data, 

and smart factories will greatly embrace advanced analytics toward optimizing production 

processes without raising downtime. In such a scenario, AutoML has huge opportunities 

for developing predictive maintenance models that can foresee equipment failures before 

they actually happen, thus minimizing downtime and reducing maintenance costs. It also 
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optimizes supply chain operations, predicting demand changes and the impact such 

changes will have on logistics and inventory management. In quality control, AutoML 

can be useful in improving the defect detection system through a study of production data 

for patterns showing possible quality problems in the production process, thereby 

resulting in an improved product and reduced wastage. 

Energy and Utilities 

It is a highly transforming sector, driven by numerous forces that imperatively demand 

higher efficiency and sustainability. AutoML itself is going to be useful in this 

transformation of model development for optimization of energy production, distribution, 

and consumption. For instance, AutoML could be used in the better prediction of the 

energy demand of energy companies and in the more accurate forecast and optimization 

of power production that will reduce costs. In the field of renewable energy, AutoML can 

do so much better at learning the variations in supply and producing the complementary 

energy required to meet demand. Further, in utilities management, AutoML can dig deep 

down and optimize the distribution of waters and electricity in learning user usage patterns 

in a bid to pinch on resources that can be saved. 

Telecommunications 

The telecommunications industry is defined by its high volumes of information being 

generated from network operations, client interactions, and service usage. The major 

scope that AutoML can effect to telecom companies is in improving their operation and 

service through the data. Important applications for AutoML in telecom include network 

optimization to predict and prevent outages, optimize bandwidth, and in general, improve 

the performance of the network. AutoML can also improve customer experience by 

powering personalized service offerings, optimizing customer support systems, and 

predicting customer churn, so that a telecom company would take proactive measures to 

prevent this. In fraud detection, AutoML can track call and usage patterns of a customer 

to identify and prevent fraudulent activities from taking place, thereby saving the interests 

of both customers and the company. 

It allows for the development of an improved user experience within transportation and 

logistics e-services. Nowadays, machine learning is widely applied in the transportation 

and logistics sectors to improve routing, reduce costs, and optimize service delivery. 

AutoML is, therefore, quite suited to significantly boosting these efforts through the 

development of predictive models considering optimization within logistics operations. 

For instance, this will be effective in making delivery time predictions more accurate, 

routing delivery vehicles for optimization, and saving fuel. In the field of transportation, 

AutoML can enhance fleet management through the prediction of vehicle repair needs to 
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eliminate downtime and extend the life of a vehicle. It can be applied to better traffic 

management through the prediction of traffic movement and optimalization into lower 

forms of congestion and risk to safety. 

Marketing and Advertising 

Interactivity is the key to winning the interest of users in the growingly saturated 

marketing and advertising industry. AutoML actually will give a way to scale their 

personalization efforts since the model built by the system is automatically predicted with 

consumer behavior and preferences. By analyzing a customer's data, AutoML can help a 

marketer easily cluster and segment audiences, and consequently generate tailored 

marketing campaigns besides performing ad optimizations. This leads to more effective 

marketing strategies and higher conversion rates. Besides that, AutoML can optimize the 

budget allocation through forecasting performances of different marketing channels and, 

hence, make the right adjustments on resource allocations for marketing to ensure that 

marketing resources are appropriately used. 

Education and E-Learning 

The education sector is gradually embracing digital technologies in order to provide and 

support improved learning experiences and outcomes. AutoML can significantly be 

involved in that transformation by making it possible to develop personalized learning 

models intended to fit individual students' unique needs. A use case example regards 

identifying learning gaps and recommending learning resources that will support students 

in improving their academic performances. E-learning enabled with AutoML is not 

merely a course or learning material recommendation engine; instead, it transforms the 

learning experience into an engaging and productive exercise. Furthermore, AutoML 

leverages administrative tasks within educational institutes through student enrollment 

prediction, allocation of resources, and improvement of operational efficiencies. 

Challenges of Automated Machine Learning (AutoML) in Various Industries 

Automated machine learning has been positioned as an effective tool for democratizing 

machine learning and for automating the complex and time-consuming tasks involved in 

building and deploying models. While AutoML holds a great deal of promise in these 

industries, it is far from a trivial task to get such applications to work. This arises both 

from the varied demands and constraints that characterize different sectors and, more 

fundamentally, from the intrinsic complexity of machine learning and the limitations of 

today's AutoML technologies.  

Quality and availability of data 
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These are the two excellent AutoML deployment challenges in the industry of industries. 

Accurate machine learning models require immense and widespread access to high-

quality training data. Widespread access of such involves high quality. The healthcare, 

finance and manufacturing industries have fragmentation, inconsistency and noise of 

sources of data. For example, in healthcare, there is the possibility of the electronic record 

containing a manual entry or having incorrect data about an individual, in which case the 

record might be incomplete or incorrect. In the financial sector, most mundane 

information usually resides in cross-silos of different systems, so it's very difficult to bring 

all the information together for analysis. AutoML tools generally have problems with 

these kinds of inconsistencies, resulting in less robust or weaker models. Lastly, when 

applied to industries like healthcare and finance, which mainly demand respect for data 

privacy, the requirement to train the models with enough data can be challenging due to 

tough regulatory conditions, greatly reducing the capability of an AutoML solution. 

Interpretability and Explainability 

Another big challenge of AutoML is the interpretability and explainability of models built 

using AutoML. For such highly regulated industries as pharmaceuticals, finance, and law, 

there is a critical stakeholder need to understand how a model makes a decision. This 

stakeholder issue resonates with the goal of assurance in meeting regulatory compliance, 

making informed decisions, and trust in automated systems. However, very many models 

generated by AutoML, particularly the one developed on advanced algorithms, such as 

deep learning, are black boxes and quite challenging for users to interpret the outputs from 

the models. The lack of transparency can really hinder the adoption of AutoML in 

scenarios that require understanding the reason for making decisions. While over the last 

few years positive steps have been made in developing techniques for XAI, being able to 

strike the right balance between model performance and interpretability remains a 

challenging task for AutoML. 

Customization and Flexibility 

The AutoML solutions are built in a generalized way across various use cases, but that 

could turn out to be a limitation. Most industries need high specialization, and it's hard 

for AutoML platforms to embody them. For example, in the pharmaceutical domain, 

models for drug discovery should leverage not just general domain knowledge on 

chemical properties but also on biological interactions, which are usually not very rich in 

standard AutoML tools. By the same token, manufacturing predictive models for 

maintenance may need to take into account the particular operational characteristics of 

machinery, therefore requiring a level of customization that most AutoML platforms do 

not have access to. Therefore, sectors that require very specific machine learning 
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solutions, "designed from scratch," may not always be best befit for AutoML frameworks 

due to their conditionality. 

Computational Resources and Scalability 

While AutoML is a leap towards automating the whole pipeline of machine learning 

models, its associated cost, mainly in terms of computation, is very high—more especially 

during stages of model selections and hyperparameter optimization. Most industries 

dealing with a lot of big data, such as those in retail or telecommunications, have found 

the computational demands of AutoML to be very high. They come with the need of 

analyzing vast data sets in real time, having not just accurate but also efficient models. 

However, the computational overhead related to AutoML, such as extensive cross-

validation and model ensemble techniques, can consume excess resources with great 

pressure, ultimately limiting the desired scalability. This is more applicable to small 

enterprises or in cases where firms are running on tighter budgets because the resources 

to be invested in implementing AutoML would not be within range for their pocket.  

Integration with Existing Systems 

Integration of AutoML-developed models with pre-existing systems remains one of the 

biggest challenges today in many industries. In a majority of the cases, these new machine 

learning models at an enterprise level are not intended to seamlessly work with the legacy 

systems in a time-effective manner. In settings such as manufacturing or energy, where 

many OT and IT systems are brought in, this integration becomes especially challenging. 

Compatibility, therefore, is called for to protect the integrity of the data flow and minimize 

the interruptions in the on-going process. In addition, in such industries as finance or 

logistics where real-time decision-making is a critical step, the integration of AutoML 

models must be optimized under these conditions so that it can act under certain specified 

time constraints, rendering its implementation even more complex. 

Ethical and Bias Concerns 

This is quite a very important challenge that is incurred in ethical and bias concerns in 

AutoML models, more so in that industry that directly affects the lives of humans: the 

healthcare, financial, and criminal justice industries. AutoML is trained on historical data 

that may contain underlying biases—the model might therefore learn and later on pass on 

these biases without intent. For instance, a lending company in the financial industry may 

train a model on previous lending data, which passes through biases that are related to 

race or gender and which might have been present in some previous lending decisions. 

This could apply similarly in healthcare, where biases in model training data may create 

less accurate models for some demographic groups and therefore cause disparities in 
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treatment. Reducing such biases will likely require significant oversight, data 

preprocessing, and continuous monitoring—not those things easily done with fully 

automated systems. 

Regulatory Compliance 

Regulatory Compliance is relatively high in challenge for AutoML, and the more 

regulated industries are finance, healthcare, and telecommunications. These industries are 

very specific; their policies on data privacy, security, and model transparency are so strict 

that the automation system has to be devised to maintain these regulations. This is 

particularly challenging because of the complexity of the laws, as well as the regulatory 

environments that are constantly in motion. For example, in Europe, the General Data 

Protection Regulation encompasses strict requirements related to data usage and the "right 

to explanation," which can be quite challenging for AutoML models to adhere to, 

especially when these models include rather complex algorithms. Effort-intensive and 

highly expert work is required to ensure that compliant industry-specific models are 

generated, hence significantly limiting the ability to embrace such tools widely. 

Expertise and Talent 

While most of the work in this space has been automated with the burgeoning number of 

AutoML solutions, deploying these successfully still commands expertise in the field of 

machine learning. That being said, you still need a workforce competent enough to 

configure AutoML tools, interpret the results, and make further fine-tuning on the models 

according to business needs. The global labor force in the field of data science and 

machine learning is really under-supplied for the same reason. The situation might 

become even more challenging in non-tech industries, such as agriculture or real estate, 

where finding and holding the expertise for putting AutoML into application turn out to 

be in high demand. This talent gap can lead to AutoML tools not being used to their full 

potential, reducing effectiveness and return on investment. 

Security and Data Privacy 

Growing industries for AutoML raise the growing concern of the security of data and 

models. Automated systems can potentially introduce new vulnerabilities, particularly 

while handling sensitive data. In the finance, healthcare, and government sectors, 

possibilities of severe outcomes from data breaches make the security of the AutoML 

systems highly essential. Deployment of machine learning model serving generally 

implies data transfer across systems or different platforms, which intensifies the data 

exposure risks. These two issues, making sure data privacy regulations are complied with 

and implementing strong security, are vital but difficult tasks for industries to follow. 
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Continuous Learning and Adaptation 

The last but not least key issue is to face the challenge of continuous learning and 

adaptation in the field of rapidly changing conditions. Thus, the relevance of AutoML 

systems has to be dovetailed with new dynamism in data, newly emerging trends, and 

incorporating new and modifying business requirements. This has to be quite frequent 

when the modeling is applied in an e-commerce or social media industry, where users 

tend to change their behavior relatively quickly. Most AutoML tools are designed for one-

fit modeling; hence, the editing needs to make them efficiently serve relearning or 

updating of models. This might fragment the model, leading to outdated versions of the 

models and hence bad performance and business value over time. 

5.4 Future Directions of Automated Machine Learning (AutoML) in Various 

Industries 

Just over the past several years, the field of Automated Machine Learning has extensively 

and swiftly advanced the shifting paradigm within artificial intelligence. Automated in 

this context, AutoML automates the process of machine learning model selection, 

hyperparameter tuning, and feature engineering: it reduces the need for deep expertise in 

data science, and thus it allows broad access to AI technologies by different industries. 

Many general trends, technological advancements, and industrial needs that are seen 

today paint the background for future directions from which AutoML can make a 

difference in a host of sectors and beyond. 

Democratization of AI Across Sectors 

The most profound impact of AutoML will be in democratizing AI. Historically, the 

development of machine learning models demanded expertise in the domain and, thus, 

was essentially implemented only in technically advanced sectors where data scientists 

could be sourced. On the other hand, AutoML tools democratize machine learning by 

making model construction so easy; this trend can only continue as more and more 

industries adopt AutoML for innovation. In healthcare, for example, AutoML makes the 

way easier for the development of predictive models about the outcome of patients, 

disease detection, and personalized treatment plans for clinicians and researchers lacking 

AI expertise. In the near future, more and more industries are set to understand the power 

of AI, leading to AutoML diffusing to set up a data-driven mindset in sectors like finance, 

retail, manufacturing, and logistics. 

Personalization and Domain-Specific Solutions 

While the first generation of AutoML focused on general-purpose solutions, there is a 

growing trend nowadays toward customizing and developing domain-specific AutoML 
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tools. Since industries differ a lot in data structures, requirements, and regulations, one 

glove for all is likely to be too small. The future of AutoML lies in developing tools that 

can be used to answer specific industrial needs. In the financial domain, AutoML is 

developing under stringent regulatory requirements, explainability, and handling of 

complex and high-dimensional data. Similarly, in manufacturing, AutoML systems are 

being customized for optimized production processes, predictive maintenance, as well as 

quality control by infusing domain knowledge and specific industry data. This trend of 

customization would make AutoML much more relevant and valuable for industries of a 

completely diversified kind. 

The Convergence of AutoML with IoT and Real-Time Analytics.  

Real-time data insights generation will become a norm with large-scale adoption of IoT 

devices across industries. Herein, AutoML is said to play a crucial role in enabling the 

creation of machine-learning-based models that can process and analyze data on the fly. 

This will mean a real revolution for different industry verticals such as manufacturing, 

smart cities, and energy, where predictions can be made in real time and decisions can be 

optimized based on streaming data. In smart manufacturing, AutoML can help in 

dynamically setting production parameters to optimize output, minimize wastage, and 

avert equipment failures. This kind of integration with AutoML, IoT, and real-time 

analytics can drive efficiency, reduce downtime, and open new opportunities for 

innovation. 

Explainability and Transparency 

As machine learning models become more complex, there is a need to ensure its 

transparency and explainability, in particular, in regulated industries such as finance, 

healthcare, and insurance. It is most likely that the future of AutoML will increase its 

focus not just on building models that have better predictive power but are also 

interpretable. This is driven by the need to understand how models make decisions, 

support fairness, and comply with regulatory requirements. An explanation of AutoML 

models will provide an understanding of what is driving predictions, allowing all involved 

to be empowered through more informed decision-making and trust in AI systems. 

Suppose the domain is healthcare. A diagnostic model can be used for the most accurate 

medical predictions. Here, Explainable AutoML can provide better patient care and 

ensure ethical criteria for medical procedures.  

AutoML for Edge Computing and Low-Power Devices  

New opportunities for AutoML are opened with the emergence of edge computing 

scenarios, where data processing is executed on local devices and not on central servers. 
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Edge computing is thus particularly relevant in environments where even slight lags might 

be critical—such as in autonomous vehicles, wearable technology, or remote monitoring 

systems. In the very near future, AutoML will cease to mean just training models quickly; 

it will encompass training models that will run efficiently on energy-efficient, small-

powered, and resource-constrained devices in ensuring that machine learning models 

support AI deployment in really tough environments that cloud computing simply can't 

deal with. Here in agriculture, specific models will be built to run on drones or local 

sensors to analyze crop health and soil conditions in real time, independent of the cloud 

infrastructure. This particular trend will further widen the reach of AI application into 

settings and cases where it was previously inaccessible or unfeasible. 

Human Expert and AutoML Collaboration 

Even with recent progress in AutoML, human experts will always be irreplaceable in 

complex and sensitive domains. In the future, much closer collaboration between human 

experts and automated systems will be experienced under AutoML. It is believed that 

AutoML will not replace data scientists but will help in augmenting their capacities so 

that they concentrate more on strategic tasks related to problem formulation and curation 

of data, including result interpretation. This way, the joint operation ensures more 

effective machine learning model construction and guarantees it happens in accordance 

with business goals and ethical standards. In the legal, financial, and health sectors where 

effective context understanding matters most, mutual support between the human expert 

and AutoML will ensure more precise and reliable outcomes. 

Scalability and Automation of Entire ML Pipelines 

Eventually AutoML is going to go beyond selecting a model and hyperparameter tuning. 

It will include even the full scale of machine learning pipelines: data preprocessing, 

feature engineering, model deployment, monitoring through its life cycle, and 

maintenance. By scaling AI applications further across industries, the time and effort 

invested in building as well as maintaining and extending machine-learning models will 

reduce with end-to-end process automation. For example, AutoML will help them 

automate end-to-end development of recommendation systems, from data ingestion to 

model deployment, which in turn evidently and consequentially lets businesses rapidly 

catch up with changing behaviors and preferences of their end-users. And in an industry 

where data is huge, real-time, and changes often, the scalability of AutoML will be the 

critical adoption driver. 

Ethical AI and Responsible Development of AutoML 
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In the process, as the pervasiveness of AI increases, so does the awareness about the 

ethical implications of automated decision-making. Of course, this vision of the AutoML 

future includes the development of frameworks and tools to ensure the responsible use of 

AI, techniques for handling bias in training data, fairness of model outcomes, and 

considerations around AI potentially perpetuating or worsening existing inequalities. 

AutoML tools should include functionalities to detect and mitigate bias so that the models 

are fair and do not discriminate against certain groups. In industries like hiring, education, 

and lending where decisions from AI have high social impacts, responsible development 

of AutoML systems will become a requirement. They drive much-needed, more fair, 

socially responsible AI systems. 

Continuous Learning and Adaptation 

One of the main focus areas of the future shall be the continuous learning and adaptation 

to new data and changing environments by AutoML systems. Continuous learning is an 

imperative feature in industries operating in dynamic and fast-changing environments. 

This capability in the evolution of AutoML systems will assist businesses to maintain 

accurate and relevant models over time. For instance, the retail business can continuously 

adapt the pricing and inventory models based on real-time sales data and market trends. 

Such features will become instrumental in retaining a competitive edge and responding 

readily to market variations. 

Moving into New and Emerging Industries 

The future growth will come from new and emerging industries that are now on the 

frontier of exploring AI. New technologies becoming more mainstream will bring new 

opportunity for AutoML, from 5G, blockchain, through to quantum computing. For 

example, AutoML in the energy sector could help create optimization for renewable 

energy production and distribution through the analysis of vast amounts of data from 

smart grids. Similarly, AutoML can be done in the entertainment industry for 

personalization technology and driving marketing strategies, which are to be optimized 

with the data of consumer behavior. Expansion of AutoML to these growing directions 

produces innovation and opens wide opportunities of AI applications. 

The Sankey diagram (Fig. 5.1) provides a wide and detailed picture of the streams of 

concepts and their relationships flowing within the domain of AutoML, while it is being 

integrated with Industry 4.0, Industry 5.0, and Society 5.0. The following three different 

frameworks—the Industry 4.0, Industry 5.0, and Society 5.0—illustrate how they 

contribute to the development and application of AutoML. Industry 4.0, focused most of 

all on automation, digitalization, and the Internet of Things, has huge investments in 

AutoML, considering that large-scale adoption of these technologies is underway for 



  

203 

 

smart factories and automated systems of production. Industry 5.0, oriented to human-

machine collaboration, customization, and a more sustainable approach to technology, 

also contributes to AutoML, although with a stronger emphasis on enhancing human 

capabilities, creating more intelligent, responsive systems. Society 5.0 is the view of a 

super intelligent society, where digital transformation is percolated in walks of life, 

opening another dimension of perspective focused on how AutoML can contribute to 

societal well-being from health to urban living. 

It then flows into several key applications across different sectors through the node of 

AutoML, identifying the wide usage of AutoML in different ways. These applications 

span from IIoT and smart manufacturing, predictive maintenance, autonomous robotics, 

human-robot collaboration, not forgetting personalized healthcare and smart cities. Each 

of these applications has an important area where significant advances can be driven by 

AutoML. For example, IIoT in AutoML is central in collecting data and doing real-time 

analytics that better informs decision-making in the operation of complex industrial 

systems. Smart Manufacturing harnesses AutoML for process optimization and quality 

control to ensure industries realize higher efficiency and product standards. Predictive 

Maintenance: AutoML is used in monitoring equipment and predicting failures, therefore 

avoiding downtime and maintenance costs. Other important areas include Autonomous 

Robotics and Human-Robot Collaboration, whereby AutoML will make machines do 

their work more precisely and more safely while improving human capabilities. AutoML 

allows, in the healthcare sector, the analysis of patient data and the development of 

individual recommendations for treatment, expanding personalized medicine. Another 

domain of application is smart cities, in which AutoML supports traffic and energy 

management to make urban environments more sustainable and efficient. 

Each of these applications further contributes to either opportunities or challenges within 

their respective domains. For example, data collection of Industrial IoT materializes into 

operational efficiency optimization opportunities but also offers opportunities for real-

time analytics to engender other challenging problems related to robust data security and 

privacy measures. As an example, Smart Manufacturing's process optimization presents 

opportunities for production streamlining, but ensuring constant quality control over 

increasingly complex manufacturing processes poses challenges. Predictive maintenance 

has the potential to achieve great savings in operational costs and increase the life of 

equipment but comes with prominent technical challenges, especially in the accuracy of 

prediction for failures marked by incomplete or noisy data. At the same time, autonomous 

robotics and human-robot collaboration bring opportunities to drastically decrease the 

time of routine operations and bolster safety; these breakthroughs do bring not small 

challenges in the reliability and safety of such systems in different environments. This can 
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use the data analysis of patients for the identification of more personalized and more 

effective treatments within healthcare; however, there are challenges in dealing with 

sensitive health information and integration into pre-existing workflows of healthcare. 

Smart cities' traffic and energy management systems present opportunities for creating 

more sustainable urban environments but bring about issues that pertain to scaling these 

solutions and ensuring they meet the needs of diverse populations. 

The synthesis of these opportunities and challenges culminates the diagram, and the 

synthesis collectively feeds into the node labeled "Future Directions." The final node thus 

represents the occurrence of the insight gained from different applications of AutoML 

under the banner of Industry 4.0, 5.0, and Society 5.0. The future of AutoML is going to 

be balanced between leveraging these opportunities and fighting back the penetrated 

challenges. Opportunities suggest further improvements in efficiency, sustainability, and 

well-being if AutoML continues to evolve and becomes further integrated into sectors. 

On the other side, challenges highlight that additional research, innovation, and new 

strategy development will be needed to answer suitably to technical, ethical, and societal 

issues arising with increasingly ubiquitous AutoML. The diagram, therefore, gives a 

mapping of the auto-ML's current status in respect to different sectors, but also shows the 

dynamic and changing nature of the field, emphasizing that the future direction of auto-

ML.  

 

5.5 Conclusions 

In the context of Industry 4.0, 5.0, and Society 5.0, automated machine learning becomes 

very key technology with its potential for transformational applications in diverse sectors. 

In Industry 4.0, characterized by smart manufacturing and integration of cyber-physical 

systems, AutoML has streamlined development of sophisticated machine learning models 

that enable real-time analytics, predictive maintenance, and increased operational 

efficiency. Industry 5.0 describes a shift toward more human-centered manufacturing; 

thus, it opens new opportunities for AutoML in enriching human intelligence, 

personalization of production, and collaborative robotics. These developments are of key 

importance in a time when industries are seeking a balance between novelty in technology 

and human values and creativity. In this respect, Society 5.0, aiming to harmonize 

economic advancement with the resolution of issues in society, finds in AutoML a major 

player for AI democratization. By lowering the barriers in the path of developing models 

of machine learning, AutoML can empower non-experts to use artificial intelligence tools 

for solving a wide array of complex societal challenges related to healthcare, education, 

and environmental sustainability. Applications of AutoML in society will help to close 

the digital divide, drive inclusive innovation, and improve quality of life. On the other 
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hand, while AutoML enjoys wide adoption, several challenges arise. One of the top 

concerns is that it can also result in an overdependency on automated systems, thus erasing 

human expertise and intuition from a variety of critical decision-making processes. 

Moreover, the level of opacity in many AutoML models introduces serious challenges 

related to transparency, accountability, and bias, which are of special concern in high-

stakes environments such as health and finance. The challenge to make AutoML systems 

both interpretable and ethically sound remains open, and continuous research and 

development are required for these considerations. Looking ahead, the next step of 

evolution in AutoML will be when edge computing and IoT further develop; this will 

come with more localized and real-time decision-making. Other more advanced 

technologies, such as quantum computing, might further raise efficiency and applicability 

for AutoML. Interdisciplinary collaboration will acquire unprecedented significance in 

the development of AutoML, solving its ethical, social, and technical challenges, and 

making sure that it drives not only industrial and societal progress but also aligns with 

larger human values and goals. 
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