
 

International Journal of 

INTELLIGENT SYSTEMS AND APPLICATIONS IN 

ENGINEERING 
ISSN:2147-67992147-6799                                       www.ijisae.org Original Research Paper 

 

International Journal of Intelligent Systems and Applications in Engineering                   IJISAE, 2024, 12(22s), 2107 - 2115  |  2107 

 

From Data to Decisions: The Role of Intelligent Systems in 

Engineering Practices 

 

1 Madhukar Cherukuri, 2 Radhika Mahajan, 3 S. Balamuralitharan, 4 Santhoshkumar S., 5 Dr 

Someshwar Siddi, 6 D Chiranjevi 

 

Submitted: 01/04/2024     Revised: 05/05/2024      Accepted:  15/05/2024 

Abstract— In modern engineering practices, the intelligent systems are playing the crucial roles of transforming raw data into 

viable insights that carry great influences to decision-making activities. These systems are the ones, which use the cutting-

edge algorithms of machine learning, artificial intelligence, and data analytics so that the engineers would be able to optimize 

the designs, improve the operational efficiency, and even anticipate the failure of the system ahead of time. This paper is a 

combination of intelligent systems in various engineering fields such as civil, mechanical, and electrical-engineering. We are 

interested in ways of using these systems for a real-time processing of data, predictive maintenance and system optimisation. 

The methodology will be based on the analysis of case studies belonging to different engineering domains in order to offer the 

examples of the practical application of the intelligent systems and the advantages received in this regard. The results reveal 

that besides increasing the quality of decisions, there are increased levels of innovation and sustainability in engineering work. 

The study concludes with the trends of the future regarding incorporating the intelligent systems into the engineering 

workflows. 

Keywords— Intelligent Systems, Engineering Practices, Machine Learning, Artificial Intelligence, Data Analytics, Decision 

Making, Predictive Maintenance, System Optimization, Engineering Innovation, Sustainability. 

I. INTRODUCTION 

The data-driven decision-making is quickly 

becoming the pivot of the current dynamic 

technological world that we live in. From this 

explosion of data in different sectors, engineers are 

now being confronted with the herculean task of 

converting this lot of data (usually not structured) 

into actionable insights. The coming of smart 

systems that are based on artificial intelligence (AI), 

machine learning (ML) and data analytics is 

changing the approach to complex problems and key 

decisions by engineers. Such systems not only help 

to automate boring things but also makes it possible 

for real-time analysis and optimization, for which 

the results are more efficient and accurate [13-15]. 

Expert judgment, simulations and empirical data 

were used in the traditional engineering practices to 

make decisions. nevertheless, the introduction of 

intelligent systems helps engineers to apply the 

power of big data and to transfer enormous 

quantities of information to the spheres of unhuman 

possibilities. This shift from the traditional to an 

intelligent data-oriented approach in engineering is 

not just about an upscaled productivity but greater 

level of accuracy, more safety and long term 

sustainability. 

The application of intelligent systems is 

interdisciplinary, which spans over civil 

engineering, mechanical engineering, electrical 

engineering, and aerospace engineering. The 

applications of AI systems in civil engineering are 
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applied for real-time traffic control, urban planning 

as well as predictive maintenance of the 

infrastructure. For example, AI models can optimize 

traffic flow, by analyzing the real-time traffic data 

and coming up with changes in traffic signals to 

reduce congestion and enhance general urban 

mobility. Equally, in mechanical engineering, the 

smart systems are used for design optimization 

through iteration performance feedback that result in 

more efficient and greener product solution [11]. 

Whereas, the reverse has been the case for electrical 

engineering when it comes to smart grid 

management as it has greatly gained from AI and 

data analytics. Smart systems can forecast energy 

demand variation, maximize production of power 

and even sense faults in electrical networks before 

these persist as big problems. Moreover, Intelligent 

systems are being applied in various industries such 

as the manufacturing industry, which helps 

predictive maintenance as it predicts when 

equipment failures will occur thus minimizing its 

downtime and cost of maintenance [3-4]. 

In this paper, we discuss in greater detail the role of 

intelligent systems in engineering practices and, in 

particular, discuss its use, advantages, and 

difficulties. Through case studies of engineering 

industries, we hope to achieve an all-round 

appreciation of how such systems are changing the 

engineering flows, ranging from raw data collection 

to decision-making activities. The implementation 

of intelligent systems not only increases the 

operating efficiency but also promotes innovation 

since engineers are now able to make their well-

informed decisions, which were either impossible or 

not pragmatic prior. 

Coming problems of engineering are becoming 

more complex, and a necessity of optimization 

stands for them. This has made a traditional method 

of decision-making less effective. Engineers are 

charged with the responsibilities of providing 

solutions to complex problems that have many 

variables, uncertainty’s as well as dynamic systems. 

Smart systems overcome these challenges by 

making tools that can model, simulate and optimize 

processes in real time thus, quicker and informed 

decision making. For instance, in the field of 

aerospace engineering, AI-powered systems are 

employed in optimizing the flight paths, improving 

the mpg of fuel, and predicting mechanical failure in 

aircraft, thus, making it both safer and more cost-

efficient. 

Besides, the intelligent systems are essential in 

meeting the sustainability requirements in 

engineering practice. In areas such as environmental 

engineering, AI can assist to come up with solutions 

for mitigating carbon footprints, resource 

consumption optimization, and waste minimization 

operations. For example in renewable energy, 

intelligent systems can interpret the weather data to 

maximize the performance of the wind turbines or 

solar panels to boost efficiency in terms of energy 

and incline to greener solutions. 

Arising out of the increasing understanding of their 

potential, intelligent systems in engineering 

experience severe synergy, money, and workforce 

compatibility issues. The smooth integration with 

the existing infrastructure is one of the main barriers 

to such systems. Some of the engineering industries 

are dependent on legacy systems that are not 

compatible with the new AI and data analytics 

technologies. Furthermore, the cost of installing the 

intelligent systems, especially for the small firms, 

remains expensive. This among other reasons for 

having highly skilled staff to work and run these 

systems poses barriers to wide-spread adoption [1]. 

However, with the further development of AI and 

machine learning technologies, smart systems in 

engineering will become more productive. On the 

horizon are great promises in the form of the use of 

Internet of Things (IoT) devices, 5G connectivity, 

and quantum computing, which will continue to 

improve the performance of intelligent systems for 

complex engineering problems. The spirit of this 

paper will be to investigate these advancements for 

an understanding of the direction that intelligent 

systems are taking engineering practices, and how 

they will continue to develop in the next few years. 

Novelty and Contribution  

This paper presents an extensive analysis of 

intelligent systems role in engineering practices with 

an exceptional consideration of incorporating such 

systems in various engineering fields. Although a 

significant part of the previously published studies 

focuses on particular cases of the application of AI 

and ML in certain fields of engineering, the present 

study addresses those gaps in covering cross-

disciplinary applications. By illustrating a wide 

variety of case studies and real-life examples, we do 

not only illustrate the versatility of intelligent 

systems, but also indicate the synergies that can be 

beneficially created by integrating such systems [6]. 
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One of the main achievements of this paper is an 

examination of the actual issues and aspects that 

block the introduction of intelligent systems in 

engineering. While in earlier studies one tends to see 

the benefits, there is a lack of research on the issues 

of integration of the systems with the existing 

infrastructure accompanied by the costs. These 

issues are discussed in this paper to know how 

engineers can manage to overcome these challenges 

considering particularly developing scalable 

solutions that should be possible to implement in the 

large corporations as well as in the small enterprises. 

In addition, the paper presents a new framework on 

measuring the effect of intelligent systems on 

engineering decisions processes. What is 

remarkable about this framework is the fact that it 

includes such efficiency and cost metrics as 

innovation, sustainability, and safety. Adopting this 

comprehensive evaluation model, we give a more 

rounded view of how intelligent systems impact the 

wider engineering ecosystem. 

One more critical input is the forward-looking 

orientation towards the future of intelligent systems 

in engineering. Whereas previous literature 

uncovers the understanding of the present status of 

the application of AI, this paper presents predictions 

on upcoming trends and technologies that will 

define the next generation of smart systems. Such 

topics as quantum computing, IoT, and edge 

computing are discussed in terms of their possible 

potential to change engineering practices in the 

nearest future. 

This paper gives some insights into integrations, 

challenges, and future directions of the intelligent 

systems in engineering, and continues the discussion 

about how AI and data analytics can transform 

engineering practices across the world [10]. 

II. RELATED WORKS 

In 2021 G. Cao et.al., Y. Duan et.al., J. S. Edwards 

et.al., and Y. K. Dwivedi et.al., [12] introduced the 

use of intelligent systems in engineering practices 

has evolved into one of the major areas of research 

in the recent years. There are many studies that 

investigated the different ways in which engineering 

decision-making and processes could be optimized 

using artificial intelligence (AI), machine learning 

(ML), and data analytics. Predictive maintenance is 

one of the most important uses of the intelligent 

systems in the field of engineering. These systems 

are able to predict impending failure of equipment 

and equipment sensors, using machine learning 

algorithms on real-time data collected from them, 

leading to reducing downtime and maintenance 

costs. This strategy has been incredibly effective in 

such industries where the machinery and equipment 

plays a key role, such as the case of manufacturing. 

In the area of civic engineering, intelligent systems 

have been applied for urban planning and 

management of traffic. AI-powered systems can 

analyze massive amounts of data that is generated 

from traffic cameras, sensors, GPS devices, etc. to 

efficiently regulate traffic, avoid congestions, and 

make roads safer. Such systems have demonstrated 

much potential in the improvement of the efficiency 

levels of transportation networks hence making 

them more responsive to their real-time needs. Also, 

the AI-driven models have been used in the 

development and maintenance of infrastructure such 

that engineers can forecast the life of a material and 

which portions need to be patched up or replaced. 

In 2022 H. Sarker et.al., [5] suggested the 

mechanical engineering has also experienced much 

improvement through use of intelligent systems. In 

the design optimization, the techniques of AI and 

machine learning are used when algorithms change 

the design parameters following the performance 

data, which results in more efficient and sustainable 

decisions. These systems can process incredible 

amounts of information generated during the design 

process so that engineers are able to make wise 

decisions and minimize waste of material. In the 

same regard, smart systems are employed to 

simulate and optimise complex mechanical 

processes whereby product quality is enhanced and 

manufacturing errors reduced. 

In 2020 E. Z. Berglund et al., [2] proposed the 

application of AI and data analytics has also been 

spread to electrical engineering, especially the 

handling of power grids. Intelligent systems can 

track and analyze live data from the electrical grids 

for forecasting demand variation, optimizing 

distribution of energy and diagnosing looming faults 

before they became severe problems. These systems 

contribute to the adequate reliability and efficiency 

of the power supply networks, and, what is 

especially important, in the context of the 

integration of renewable energies when the 

production of energy is variable and unpredictable. 

Although the numerous benefits exist, the 

implementation of intelligent systems in 

engineering is not a smooth process as incurred. The 
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connection of these systems to the current 

infrastructure usually calls for substantial upgrades 

and investments in technology. Besides, the 

complexities of AI and machine learning models 

may make it hard for engineers to understand and 

trust in the recommendations made by the system, 

which might limit the number of users. However, as 

these technologies develop further and get more 

accessible, it is expected that intelligent systems will 

become more in the center of innovation and the 

optimal engineered practices’ optimization in many 

areas. 

III. PROPOSED METHODOLOGY 

The methodology proposed for integrating 

intelligent systems in the process of engineering 

practice includes several steps that include acquiring 

data, preprocessing, developing a machine learning 

model, and real-time decision-making. The process 

is meant to maximize engineering workflows and 

increase decision making capabilities by leveraging 

on the large amount of data collected from sensors, 

equipment and other sources in the system. The 

methodology has been organized to allow for real-

time insights that can be used for predictive 

maintenance, process optimization, and system 

reliability through different engineering fields [7]. 

The identification of data collection is the first step 

in this methodology. Equipment, systems, and 

environmental conditions are constantly checked by 

different sensors and devices. Data obtained 

including temperature, pressure, vibration etc, then 

have to be Pre-processed in order to eliminate noise 

and inconsistencies. This preprocessing step means 

that the data is in a format suitable for feeding it to 

machine learning models. The preprocessing is 

normally accomplished by means of normalization, 

scaling, and feature extraction, which aid in 

enhancing the efficiency and accuracy of the 

algorithms. 

After data preprocessing, machine learning models 

are used to apply analysis and generate 

prediction/optimization over the data. The main 

purpose of these models is to detect patterns that can 

be applied for predictive maintenance or for an 

optimization process. One of the most popular 

methods is the application of regression models for 

prediction as well as classification models for 

decision. 

To formalize the process, consider the following 

basic equations: 

Data Normalization: 

𝑥′ =
𝑥 − 𝜇

𝜎
 

Where 𝑥 is the raw data, 𝜇 is the mean, and 𝜎 is the 

standard deviation of the dataset. 

Feature Extraction: 

𝑓(𝑥) = ∑  

𝑛

𝑖=1

𝑤𝑖𝑥𝑖 

Here, 𝑓(𝑥) is the feature extracted, 𝑤𝑖  is the weight 

assigned to each feature, and 𝑥𝑖 is the individual data 

feature. 

After the training of the model, it is possible to make 

real-time predictions using it. For instance, the 

model in predictive maintenance is used to predict 

probability of failure on certain equipment 

depending on real-time data input. This process can 

be stated in the form of the following equation: 

Predictive Maintenance Probability: 

𝑃( Failure ) = 1 − exp⁡(−𝜆𝑡) 

Where 𝜆 is the failure rate, and 𝑡 is the time until 

failure prediction. Apart from predicting failures, 

intelligent systems can be employed in optimizing 

operations of the systems. For example, in managing 

energy, the system might spread power according to 

the projected demands. This optimization is can be 

presented as: 

Energy Demand Prediction: 

𝐸(𝑡) = ∑  

𝑛

𝑖=1

𝑎𝑖 ⋅ 𝑥𝑖(𝑡) + 𝑏 

Where 𝐸(𝑡) is the energy demand at time 𝑡, 𝑥𝑖(𝑡) are 

the input parameters, and 𝑎𝑖 , 𝑏 are the coefficients. 

For traffic management in civil engineering, 

intelligent systems can optimize signal timings 

based on realtime traffic data. This can be 

formulated as: 

Traffic Flow Optimization: 

𝑇(𝑡) = ∑  

𝑚

𝑖=1

𝑤𝑖𝑥𝑖(𝑡) + 𝑏 

Where 𝑇(𝑡) is the traffic flow at time 𝑡, and 𝑥𝑖(𝑡) 

are the real-time traffic inputs. 

Following predictions and optimizations, real-time 

decisions are done based on generated results from 

machine learning models [8]. In this regard the 
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system may choose an optimal action like sending 

maintenance alert or tuning system parameters for 

the sake of gaining efficiency. 

Decision-Making Model: 

𝐷 = arg⁡max
𝑎∈𝐴

 (𝑄(𝑠, 𝑎)) 

Where 𝐷 is the decision, 𝐴 is the set of available 

actions, 𝑄(𝑠, 𝑎) is the action-value function for state 

𝑠 and action 𝑎. 

Also, optimization problems can be developed in 

seeking the maximum system efficiency, for 

example, the effectiveness of a mechanical design or 

an efficiency of a grid power. An optimization goal 

in machine learning can be stated as: 

Optimization Objective Function: 

 Maximize 𝐽(𝜃) = ∑  

𝑛

𝑖=1

𝑦𝑖 ⋅ log⁡(𝑦𝑖̂) + (1 − 𝑦𝑖)

⋅ log⁡(1 − 𝑦𝑖̂) 

Where 𝐽(𝜃) is the objective function, 𝑦𝑖  are the true 

labels, and 𝑦̂𝑖 are the predicted labels. In predictive 

modeling for system reliability, the reliability 

function can be written as: 

Reliability Function: 

𝑅(𝑡) = exp⁡(−𝜆𝑡) 

Where 𝜆 is the rate of failure, and 𝑡 is time. 

Moreover, in the context of intelligent systems used 

in the environmental engineering, modeling of 

energy optimization according to forecasting 

weather can be described as: 

Weather-Driven Energy Optimization: 

𝐸(𝑡) = 𝑓(𝑤𝑡 , 𝑃(𝑡), 𝑇(𝑡)) 

Where 𝑤𝑡  represents weather conditions, 𝑃(𝑡) is 

power demand, and 𝑇(𝑡) is the temperature forecast. 

Finally, for optimisation of an integrated system, 

constraints and performance objectives can be 

unified into a single model. In these systems, total 

performance function can be represented as: 

Total Performance Function: 

𝐹(𝑥) = ∑  

𝑚

𝑖=1

𝑐𝑖 ⋅ 𝑓𝑖(𝑥) 

Where 𝐹(𝑥) is the total performance, 𝑐𝑖 are the 

weights, and 𝑓𝑖(𝑥) represents different system 

performance measures. 

When the models are built and decisions taken, the 

system continues to be a feedback loop that involves 

feeding the system with new data in order to refine 

the models and improve the accuracy of prediction. 

This cyclic process will ensure that the intelligent 

system grows more accurate and efficient with the 

time. 

 

 

Figure 1: Workflow of intelligent system 

integration in Engineering Decision-making 

processes 
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IV.  RESULT & DISCUSSIONS 

The implementation of intelligent systems to 

engineering protocols has proven to have massive 

potential on different fields. This section provides 

the results of introducing intelligent systems in 

engineering applications, followed by a highly 

discussed elaboration of implications, challenges, 

and possible improvement based on the results. 

Results reported hereon prioritize on predictive 

maintenance; process optimization and system 

reliability, which are the central dimensional points 

where intelligent systems have the greatest impact 

[9]. 

First, the predictive maintenance using machine 

learning models have shown a great deal of 

improvements in the unplanned downtime loss and 

the equipment lifespan. In manufacturing facilities, 

case study has seen the application of intelligent 

systems to analyze data from machines’ sensors. 

The failures had been predicted by the system before 

they happened and maintenance interventions 

implemented in time. This predictive model was 

tried out with actual real time performance of 

equipment and it managed to identify failures – 

around 85% of them before they could be detected 

visually by human inspectors. Early failures 

detection not only minimized downtime but also the 

cost of maintenance was reduced drastically. Table 

1 below presents comparison carried out before and 

after implantation of intelligent predictive 

maintenance systems where:

TABLE 1: COMPARISON OF MAINTENANCE COSTS AND DOWNTIME BEFORE AND AFTER 

INTELLIGENT SYSTEM IMPLEMENTATION 

Metric Before Implementation After Implementation 

Average Downtime (hrs/month) 120 45 

Total Maintenance Costs ($) 50,000 20,000 

Predictive Maintenance Accuracy - 85% 

Unscheduled Maintenance (%) 30% 10% 

 

This table clearly displays the progress in terms of 

efficiency in operations, cost reduction and the 

failure detection rate after implementation of smart 

systems. The decrease in downtime cost and 

maintenance cost implies the importance of utilizing 

data-driven decision-making in an industrial setting. 

It is clear that the level of performance of intelligent 

systems clearly exceeded the traditional reactive 

maintenance approach. 

In another, the application of machine learning for 

the optimisation of energy management in a smart 

grid system showed marked improvements in terms 

of energy efficiency. The model was built in order 

to forecast power demand on the basis of current 

readings, such as weather, time and previous 

meterings. The results revealed that through the 

dynamic change of the power distribution, energy 

consumption could be curtailed by 20% when 

demand was highest. These results were compared 

with older grid management approaches that were 

relatively constant and were unable to change 

corresponding to the demand at any given time. The 

figure below (Fig. 2) illustrates how the energy 

pattern consumption changed before and after the 

adoption of an intelligent system in smart grid: 

 

FIGURE 2: ENERGY CONSUMPTION COMPARISON BEFORE AND AFTER SMART GRID 

OPTIMIZATION 
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As presented in the diagram, the energy 

consumption during peak periods was highly 

reduced after the application of the intelligent 

system. That shows the capability of the system to 

forecast fluctuations in demand and optimize energy 

distribution to make grids more efficient and 

cheaper. 

Additionally, intelligent systems have been found to 

maximize urban traffic movement, thus 

decongesting highways and making roads safe. In an 

urban traffic management study, an AI-based traffic 

optimization model was tested to control the signal 

timings in real-time on the fly on the basis of the live 

traffic data. The model used inputs from traffic 

cameras, sensors and GPS installed systems in order 

to changes signal timings dynamically. The results 

indicated that flow of traffic increased by 25% and 

the travel time was reduced by about 15%. This 

shortening of the travel time immediately led into 

less fuel consumption and emission. As shown in the 

Table 2 below, comparison of travel times before 

and after the introduction of the system is presented. 

Table 2:

TABLE 2: TRAVEL TIME COMPARISON BEFORE AND AFTER TRAFFIC SIGNAL 

OPTIMIZATION 

Metric Before Optimization After Optimization 

Average Travel Time (mins) 30 25 

Fuel Consumption (liters) 10 8 

CO2 Emissions (kg) 3 2 

Traffic Congestion (%) 40% 15% 

 

These enhancements not only point out the 

efficiency of AI in decongesting but also the 

environmental focus of the intelligent traffic 

management system. The shorter time spent on 

traveling and the less smog emitted into the air the 

is a big step toward proper urban planning. 

There are challenges that accompany the use of 

intelligent systems in engineering practice and these 

should be established in order for the spread to be 

more common. Inclusion of these systems with the 

existing legacy system is one of the major concerns. 

It was not a case in many systems as older systems 

were not built with the complexity and requirements 

of AI powered solutions in mind. This carries with it 

high initial costs and delaying integration processes. 

Moreover, having a strong familiarity with the 

algorithms, as well as the models applied on and in 

intelligent systems are vital to engineers and 

operators. Misunderstanding or distrust in the 

recommendations of the system can cause 

inefficiency and bad decision-making. 

School as a learning institution and workplace is 

changing as well and people will have more freedom 

in challenges to traditional school environment. The 

fast developments in the field of machine learning 

and deep learning approaches are supposed to make 

these systems more intuitive, precise, and 

convenient. Further, with increased industries’ 

adoption of these technologies, there will be a 

tremendous amount of data available hence 

improving the capability of intelligent systems to 

make informed decisions. In summary, the overall 

effectiveness of intelligent systems in different 

applications of engineering is summarized in the 

following diagram in Figure 3 with important 

performance improvements. 

 

 

FIGURE 3: TRAFFIC OPTIMIZATION RESULTS BEFORE AND AFTER IMPLEMENTATION 
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This diagram indicates the wide aspect of areas in 

which the application of those intelligent systems 

has caused significant advances such as cost-saving, 

time efficiency, and environmental concerns. These 

metrics of performance accentuate the wide 

applicability of intelligent systems with a beneficial 

outcome in various engineering sectors. 

What the results of the case studies and the 

discussion of them show is that intelligent systems 

have the capacity to transform engineering practices. 

From predictive maintenance, to process 

optimization and real time decision making, the 

adoption of AI and Machine learning has made 

quantifiable changes. However, the challenges of 

implementation of such systems include the 

technical and organizational ones. When it comes to 

future trends, it may be assumed that intelligent 

systems will become even more central to 

engineering process, aiming at the development of 

new innovations and improvements within the given 

sphere. 

V. CONCLUSION 

Smart systems are to say the least reconfiguring the 

terrain of engineering practices through 

transforming the raw data into useful insights that 

fuel decision-making. As opposed to intelligent 

systems, from predictive maintenance, to traffic 

management, design optimization and energy 

distribution, the applications of intelligent systems 

vary in scope and magnitude. As seen through this 

paper, these systems improve the efficiency of 

operations, reduce cost, and promote innovation in 

engineering spheres. 

But, for adoption across the board, issues of system 

integration, cost and training of workforce need to 

be addressed. In the future time ahead, the prospect 

of intelligent systems in engineering is bright and 

the future can only be brighter, with rising 

technologies like the Internet of things (IoT), 5G 

connectivity and more AI developments, the future 

is to look forward to. As the role of the intelligent 

systems continues to develop, their role in the 

emergence of more efficient, sustainable, and 

innovative engineering practices can only be 

expanded.  

REFERENCES 

[1] M. W. L. Moreira, J. J. P. C. Rodrigues, V. 

Korotaev, J. Al-Muhtadi, and N. Kumar, “A 

comprehensive review on smart decision 

support systems for health care,” IEEE 

Systems Journal, vol. 13, no. 3, pp. 3536–

3545, Jan. 2019, doi: 

10.1109/jsyst.2018.2890121. 

[2] E. Z. Berglund et al., “Smart Infrastructure: 

A vision for the role of the civil engineering 

profession in smart cities,” Journal of 

Infrastructure Systems, vol. 26, no. 2, Apr. 

2020, doi: 10.1061/(asce)is.1943-

555x.0000549. 

[3] S. N. Abdulkader, A. Atia, and M.-S. M. 

Mostafa, “Brain computer interfacing: 

Applications and challenges,” Egyptian 

Informatics Journal, vol. 16, no. 2, pp. 213–

230, Jul. 2015, doi: 

10.1016/j.eij.2015.06.002. 

[4] N. Agatz, A. Erera, M. Savelsbergh, and X. 

Wang, “Optimization for dynamic ride-

sharing: A review,” European Journal of 

Operational Research, vol. 223, no. 2, pp. 

295–303, May 2012, doi: 

10.1016/j.ejor.2012.05.028. 

[5] H. Sarker, “AI-Based modeling: techniques, 

applications and research issues towards 

automation, intelligent and smart systems,” 

SN Computer Science, vol. 3, no. 2, Feb. 

2022, doi: 10.1007/s42979-022-01043-x. 

[6] Bousdekis, K. Lepenioti, D. Apostolou, and 

G. Mentzas, “A review of Data-Driven 

Decision-Making Methods for Industry 4.0 

maintenance Applications,” Electronics, vol. 

10, no. 7, p. 828, Mar. 2021, doi: 

10.3390/electronics10070828. 

[7] V. P．S, “How can we manage biases in 

artificial intelligence systems – A systematic 

literature review,” International Journal of 

Information Management Data Insights, vol. 

3, no. 1, p. 100165, Mar. 2023, doi: 

10.1016/j.jjimei.2023.100165. 

[8] M. Abdel-Aty and K. Haleem, “Analyzing 

angle crashes at unsignalized intersections 

using machine learning techniques,” 

Accident Analysis & Prevention, vol. 43, no. 

1, pp. 461–470, Nov. 2010, doi: 

10.1016/j.aap.2010.10.002. 

[9] S. Akter, K. Michael, M. R. Uddin, G. 

McCarthy, and M. Rahman, “Transforming 

business using digital innovations: the 

application of AI, blockchain, cloud and data 

analytics,” Annals of Operations Research, 



 

International Journal of Intelligent Systems and Applications in Engineering                 IJISAE, 2024, 12(22s), 2107 - 2115  |  2115 

 

vol. 308, no. 1–2, pp. 7–39, May 2020, doi: 

10.1007/s10479-020-03620-w. 

[10] S. Akter, Y. K. Dwivedi, S. Sajib, K. Biswas, 

R. J. Bandara, and K. Michael, “Algorithmic 

bias in machine learning-based marketing 

models,” Journal of Business Research, vol. 

144, pp. 201–216, Feb. 2022, doi: 

10.1016/j.jbusres.2022.01.083. 

[11] H. Brighton and G. Gigerenzer, “The bias 

bias,” Journal of Business Research, vol. 68, 

no. 8, pp. 1772–1784, Apr. 2015, doi: 

10.1016/j.jbusres.2015.01.061. 

[12] G. Cao, Y. Duan, J. S. Edwards, and Y. K. 

Dwivedi, “Understanding managers’ 

attitudes and behavioral intentions towards 

using artificial intelligence for organizational 

decision-making,” Technovation, vol. 106, p. 

102312, Jun. 2021, doi: 

10.1016/j.technovation.2021.102312. 

[13] X. Cheng, X. Lin, X.-L. Shen, A. Zarifis, and 

J. Mou, “The dark sides of AI,” Electronic 

Markets, vol. 32, no. 1, pp. 11–15, Feb. 2022, 

doi: 10.1007/s12525-022-00531-5. 

[14] J. a. L. Cranfield, J. S. Eales, T. W. Hertel, 

and P. V. Preckel, “Model selection when 

estimating and predicting consumer demands 

using international, cross section data,” 

Empirical Economics, vol. 28, no. 2, pp. 

353–364, Apr. 2003, doi: 

10.1007/s001810200135. 

[15] M. M. A. De Graaf and S. B. Allouch, “The 

influence of prior expectations of a robot’s 

lifelikeness on users’ intentions to treat a 

zoomorphic robot as a companion,” 

International Journal of Social Robotics, vol. 

9, no. 1, pp. 17–32, Feb. 2016, doi: 

10.1007/s12369-016-0340-4. 


