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Abstract: This comparative review explores the dynamic and evolving landscape of artificial intelligence (AI)-powered innovations within high-tech research and development (R&D). It delves into both theoretical models and practical applications across a broad range of industries, including biotechnology, automotive, aerospace, and telecommunications. By examining critical advancements in AI algorithms, machine learning, deep learning models, simulations, and predictive analytics, the review underscores the transformative role AI has played in advancing theoretical research and shaping cutting-edge technologies. The review integrates both qualitative and quantitative data derived from academic studies, industry reports, and real-world case studies to showcase the tangible impacts of AI on product innovation, process optimization, and strategic decision-making. Notably, it discusses the challenges of integrating AI within complex industrial systems, such as ethical concerns, technical limitations, and the need for regulatory oversight. The findings reveal a mixed landscape where AI has significantly accelerated R&D processes, reduced costs, and enabled more precise simulations and predictions, but also highlighted gaps in knowledge transfer, skills adaptation, and cross-industry standardization. By bridging the gap between AI theory and practice, the review offers insights into the effectiveness, successes, and obstacles faced by organizations as they implement AI-driven solutions. Concluding with a forward-looking perspective, the review identifies emerging trends, future challenges, and promising opportunities in AI-powered R&D, such as the rise of autonomous systems, AI-driven drug discovery, and sustainable energy solutions. It offers a holistic understanding of how AI is shaping the future of technological innovation and provides actionable insights for researchers, engineers, and policymakers involved in high-tech Research and Development (R&D).
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1  Introduction

The continuous change known as digitalization greatly impacts modern society [1]. Artificial intelligence (AI) is a comprehensive branch of computer science that is dedicated to the development of intelligent machines that are capable of completing tasks that are typically associated with human intelligence [2]. Deep and machine learning (ML) development is the primary factor influencing this perception [3–5]. These developments lower the expenses involved in changing each field or data type and enable the application of AI across various topic areas and data kinds. As a result, general AI is developing more broadly [6,7], opening up new applications for multiple purposes and data types. Given these noteworthy developments, scientists, businesspeople, and legislators view AI as vital for advancing economic and technical improvement [8,9]. Global economic change and the latest wave of scientific and technological upheaval are largely driven by AI [10]. Like the Internet did thirty years ago or electricity a century ago, AI is predicted to revolutionize every industry, generating an estimated $13 trillion in GDP growth between now and 2030 [11].

The discussion pertains to the definition of efficiency and productivity in research and the epistemological benefit of expediting the process to remain current. Although AI is perceived as having significant potential to facilitate the exchange of interdisciplinary knowledge, the potential consequences of utilizing AI to advance research policy and funders’ agendas may be more profound. These concepts may challenge conventional notions of a university and the definition of an academic, which may or may not have beneficial repercussions [12]. When it comes to technology-driven innovation, management scholars have so far mostly addressed issues like the challenges facing organizations when implementing AI systems and how AI can assist organizational decision-making, business models, operations, and processes [13].

The last ten years have seen a boom in AI and ML thanks to ground-breaking developments in computational technology. The capacity to gather and handle massive amounts of data has significantly improved [14]. Fig. 1 shows the main AI R&D milestones from early expert systems to powerful ML and deep learning models. Given AI’s capacity to do conventional “human” functions in organizations, one can wonder if AI has a place in the pursuit of innovation, one of the key activities influencing a firm’s long-term survival and competitive advantage [15].
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Figure 1: Evolution of AI technologies in R&D

AI is an emerging industry with significant competition and high entry barriers. Enterprises can only endure in a highly competitive environment by consistently investing in research and development (R&D). Nevertheless, the same level of R&D investment does not necessarily result in the same proportion of innovation performance enhancement [16]. Businesses may incorporate AI into their innovation processes for several important reasons, even though it may have drawbacks compared to people [15].

Digital transformation applications are prevalent due to the rapid development of digital network infrastructures and smart devices. Big data from smart digital gadgets has grown significantly. AI-driven big data processing systems that use pattern recognition, ML, and deep learning can handle large-scale heterogeneous data [17]. Given that the various R&D modes are typically linked to distinct managerial practices and organizational frameworks, examining how AI affects R&D could have significant managerial ramifications [18,19]. Using paradox theory as support, a recent study on whether AI leads to automation or augmentation contends that the two outcomes are linked over time and across functions rather than mutually exclusive [20].

Beyond encouraging both exploratory and exploitative breakthroughs, AI has the ability to improve organizational performance as a whole. Nevertheless, little is known about how R&D performance and AI capabilities interact [21]. High-tech R&D involves developing new goods or processes using cutting-edge technology in industries with high innovation and complexity [22,23]. High-tech products and industries are defined by high levels of R&D intensity, sophisticated technology, and the capacity to develop quickly, rendering outdated technologies obsolete [24,25]. High-tech R&D uses modern technologies like AI to innovate and address complicated issues across sectors [26,27]. AI-powered innovations use AI to improve processes, goods, and services, improving efficiency, effectiveness, and value generation for enterprises and their consumers [28]. This review will focus on how high-tech fields conceptualize and implement AI-powered breakthroughs.

The principal aim of this review is to close the current gap between theoretical developments and real-world applications of AI in high-tech R&D. Though a lot of research has been done on the theoretical possibilities of AI technologies like neural networks and ML algorithms, there aren’t many thorough examinations that compare these theoretical models to actual applications and results. For example, theoretical frameworks frequently highlight how AI may improve predictive analytics and optimize intricate processes [29,30]. The rigorous examination of how these theoretical potentials translate into real-world advantages and difficulties in various high-tech industries, including biotechnology, automotive, and aerospace, nevertheless needs to be explored in the literature.

To close this gap, this review offers a thorough comparative analysis that examines both cases when AI has performed as expected and successful applications, giving a balanced viewpoint. This review will add to a more sophisticated understanding of the usefulness of AI innovations in high-tech R&D by combining insights from academic research and industry case studies.

2  Background

R&D projects in high-tech sectors design new goods employing both established and innovative technologies. In fact, new technologies are often created concurrently with product design in such initiatives [22]. AI transforms conventional processes and makes new product development possible, therefore acting as both an inventor and facilitator of creativity [31]. Green radical innovation (GRI) resulting from AI integration in R&D is vital for high-tech companies’ sustainable development [10]. By means of predictive maintenance and effective resource allocation, AI technologies increase operational efficiency, so greatly lowering downtime and improving dependability [32]. Keystones that enable AI-driven innovation and enable companies to adapt and flourish in dynamic contexts include continuous learning and data analytics [17].

AI integration into R&D is based on numerous theories, including the Dynamic Capabilities Theory. This paradigm highlights an organization’s ability to integrate, grow, and reconfigure internal and external competences for quickly changing environments [33]. AI enables real-time data analysis and decision-making, helping firms adjust quickly to market demands. According to the Behavioral Theory of the Firm, organizations operate on bounded rationality and organizational learning, and AI systems may analyze large datasets to improve uncertainty-based decision-making [34]. AI automates regular work, generates ideas, and optimizes resource allocation, improving enterprises’ innovation capability [5].

AI has advantages but also assumptions and limitations. AI systems depend on data availability and quality, and poor data quality can lead to erroneous predictions and insights, reducing R&D AI effectiveness [34]. Organizations need to carefully handle ethical challenges including data privacy, algorithmic bias, and job displacement when integrating AI [33]. Over-reliance on AI can impede innovation and limit the importance of human intuition in the creative process, hence AI adoption in R&D must balance human creativity and machine efficiency [34].

AI-enabled systems at high-tech firms are changing their culture, but how this affects professional work is not understood [35]. AI’s involvement in high-tech R&D, from its early implementations in specific jobs to its current integration across varied industries, is explained in this section. It explains how ML, neural networks, and natural language processing have improved R&D efficiency and creativity. This section also discusses AI advances that enable complicated decision-making and predictive analytics, setting the framework for theoretical developments and practical implementations.

2.1 Overview of AI in R&D

When a business or research organization creatively uses new information and technology to improve products and technologies, it’s referred to as R&D [36]. R&D involves systematic creative work to increase knowledge, including knowledge of man, culture, and society, and the use of this knowledge to create new applications. It spans basic research to application and development and can lead to competitive advantages [37].

Early on, AI applications in R&D were mostly restricted to particular chores such as data processing and pattern detection. Expert systems were among the first AI technologies used in scientific study and engineering, which replicate human decision-making using rule-based reasoning. These systems gave a basis for improving decision-making procedures and automating repetitive chores [38–40]. However, their limited adaptability and dependence on set guidelines could have enhanced their relevance in dynamic and sophisticated R&D settings.

Largely enhanced data quantities are anticipated for the upcoming generation of scientific investigations. AI will be required to automate the data-gathering processes and move the analysis of these experiments forward. Large-scale, interdisciplinary AI programs for science and engineering ought to receive significant funding for R&D from the government for all of these reasons [41]. Basic ML algorithms and expert systems first emerged in R&D in the middle of the 20th century, marking the beginning of AI. From a theoretical idea to a useful tool applied across many high-tech sectors, developments in processing power, data availability, and algorithmic sophistication throughout the decades have driven AI [42–44]. Deep learning, a subclass of ML comprising neural networks with several layers, has shown a great ability to manage vast amounts of data and reveal complex trends. This has produced discoveries in disciplines including genomics, materials science, and drug development. For example, deep learning algorithms have been applied to forecast protein structures, therefore hastening the discovery of possible drug targets and saving the time needed for experimental confirmation [45]. Fig. 2 shows how AI boosts creativity and efficiency, solves complicated problems, personalizes user experiences, and helps data-driven decision-making.
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Figure 2: The impact of AI on high-tech industries

Beyond data analysis, AI affects R&D by using automation and optimizing experimental procedures. Labs now have robotics and AI-driven automation systems that provide exact control of experimental settings and high-throughput screening. This integration has simplified procedures, raised repeatability, and let scientists concentrate on their job’s more strategic and creative elements. AI-driven methods have been applied in materials research to forecast the features of new materials, thereby guiding experimental activities and lowering the trial-and-error phase [46].

In R&D, AI has also helped create predictive analytics and simulation models. Driven by ML, predictive analytics lets researchers project trends and results from past data. This capacity is absolutely important in disciplines like climate research, where accurate forecasts are vital for policy and planning. AI-enhanced simulation models offer virtual environments for testing hypotheses and investigating circumstances that would be expensive or unworkable for experimental study. For instance, AI-driven simulations are utilized in aerospace engineering to maximize aircraft designs and enhance safety without requiring large-scale physical prototypes [47–49].

These developments, notwithstanding, provide difficulties for incorporating AI into R&D. Still, important technical challenges include data quality, algorithm interpretability, and computer resource constraints. Ethical issues around data privacy, prejudice, and the possibility of job displacement also need attention. Their sustainable acceptance in R&D depends on AI systems being open, fair, and consistent with human values [50].

2.2 Importance of AI in High-Tech Industries

AI has become a major player in high-tech sectors since it drives unheard-of breakthroughs and changes in established procedures. High-tech sectors have been able to innovate quickly because of the combination of AI technologies, including ML, neural networks, and natural language processing. The diversity of research themes in bulks of scholarly literature published in key research channels reflects scholars’ and practitioners’ rising interest in AI [51].

Information exchange and efforts to create new goods and services have been mostly the domain of marketing and R&D departments for many years. It is doubtful that all pertinent information can be located in a single company or department, though, because knowledge is widely dispersed [52]. The innovation ecosystem is improved by natural language processing, which makes it easier for researchers to collaborate and share knowledge [36]. By processing enormous volumes of data, identifying trends, and making predictions, AI has transformed industries, including biotechnology, automotive, and aerospace, transforming R&D operations.

AI has sped drug discovery and development in biotechnology. Analyzing biological data and using ML techniques to find possible medication candidates, project their efficacy, and guide drug design. Along with accelerating the R&D process, this lowers expenses and raises the possibility of positive results. AI has been very helpful in the fight against diseases like COVID-19 [53] in uncovering fresh uses for current medications, a process sometimes referred to as drug repurposing.

Autonomous cars’ development greatly benefits the automobile sector from AI developments, which revolve around AI-powered systems that provide real-time data processing and decision-making needed for safe and effective self-driving cars. Through accident prediction and prevention, advanced driver-assistance systems (ADAS) use AI to improve vehicle safety. AI is also utilized in predictive maintenance, in which it examines vehicle data to forecast possible faults and schedule proactive repairs, hence lowering downtime and increasing dependability [54].

Beyond these illustrations, AI plays almost every function in highly advanced sectors. Intelligent systems and AI-driven automation have improved manufacturing techniques, raised product quality, and stimulated invention. Big data analysis has produced more informed decisions, strategic planning, and tailored client experiences. The influence of AI on high-tech sectors will only become more evident as it develops, therefore fostering new possibilities for investigation and growth as well as more advances.

Finally, it is impossible to overestimate the significance of AI in high-tech sectors. Its ability to transform R&D has promoted efficiency, creativity, and economy in many fields. High-tech companies embracing AI will be able to reach even more amazing technical innovations and achievements [55]. The fast developments in AI have significantly affected several fields, including R&D in many different sectors [56,57]. Understanding the fundamental theoretical concepts and frameworks influencing AI development would help one fully exploit its possibilities in R&D [58,59].

Early on in AI, the emphasis was on creating rule-based systems to address problems using explicit logical rules and heuristics based on. Still, as the availability of big datasets and processing capability grew, the area has shifted to statistical and machine-learning approaches, allowing AI systems to learn from data and make informed judgments [60]. DARPA has noted that this development has produced three separate waves of AI [61]. Whereas the second wave prioritized data-driven methods, the first stressed the value of handcrafted knowledge. Seeking more human-like decision-making and trustworthy human-AI cooperation, the third wave—which tries to mix the strengths of knowledge and data-driven approaches—is now beginning to emerge.

3  Methodology

This study uses a comparative review to bridge theoretical models and practical applications to provide a balanced and comprehensive knowledge of AI-powered high-tech R&D developments. This approach is especially essential in AI, where rapid technology breakthroughs sometimes exceed real-world applications. This review provides a more holistic view of AI’s effectiveness and problems in R&D by comparing theoretical models, algorithms, and frameworks with their real implementations across high-tech domains. The comparative technique shows AI technology achievements and failures as well as contextual aspects that affect performance in diverse situations. The literature search method includes databases, keywords, and search parameters used to find relevant studies. This section details inclusion, exclusion, data collecting, and analysis. This methodology examines theoretical models and AI applications in high-tech R&D in a methodical manner.

3.1 Research Design

To conduct a literature review on “AI-Powered Innovations in High-Tech R&D: From Theory to Practice” using the Scopus database, we first define primary concepts and keywords related to AI, high-tech R&D, and their theoretical and practical aspects. Keywords include “artificial intelligence,” “machine learning,” “neural networks,” “deep learning,” “high-tech,” “research and development,” “technology development,” “innovation,” “conceptual framework,” theory, and practice. We then construct comprehensive search queries combining these keywords using Boolean operators, such as: (“artificial intelligence” OR AI OR “machine learning” OR “neural networks” OR “deep learning”) AND (“high-tech” OR “research and development” OR R&D OR “technology development” OR innovation).

(Title/Abstract/Keywords (“artificial intelligence” OR AI OR “machine learning” OR “neural networks” OR “deep learning”) AND Title (“research and development” OR “R&D”)).

•   Inclusion Criteria:

∘Peer-reviewed journal articles.

∘Studies and articles published within the last 10 years (2014–present).

∘The research focused on AI applications in R&D.

Exclusion Criteria:

∘   Reviews, books, book chapters, editorials, conference papers, surveys, etc.

∘   Research focused on AI R&D.

∘   Articles not available in full text.

Peer-reviewed journal articles on AI applications in high-tech R&D published within the last 10 years (2014–present) were carefully selected for inclusion. This criterion ensures that the assessment considers industry trends, fashions, and technologies. The emphasis on peer-reviewed publications ensures properly studied research, which strengthens the conclusions. We considered theoretical and practical research since the report evaluates AI-powered innovations’ real-world application. Exclusion criteria ensured review clarity and relevance. Reviews, books, book chapters, editorials, conference papers, and polls were ignored to focus on original AI R&D research. Conference papers that could be expanded in peer-reviewed publications were omitted to avoid repetition. Books and book chapters can dive into topics, but include them in a peer-reviewed research article may dilute the detail. We wanted to give a quick, concentrated study for academics, practitioners, and policymakers interested in the latest AI breakthroughs and uses in high-tech industries by eliminating these sources. We excluded studies that were not available in full text since critical evaluation of methodologies, data, results, and conclusions requires complete text. To avoid translation biases and ensure analytical consistency, non-English research was removed.

Fig. 3 illustrates the literature review process, depicting the stages from initial search and document identification. This search identified 593 documents. We then applied criteria to include only peer-reviewed journal articles from the last 10 years focusing on AI in R&D, excluding reviews, books, and non-full-text articles. This process filtered 136 articles and further narrowed them down to 35 based on Title and abstract review before final inclusion in the review.
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Figure 3: Stages of selecting papers

3.2 Limitations

∘   Articles are limited to those available in the Scopus database.

∘   Focused on high-tech industries, potentially excluding relevant studies from other fields.

∘   Potential bias due to the inclusion of only peer-reviewed articles.

∘   Studies published in languages other than English may be excluded.

4  Theoretical Innovations

AI can help solve climate change by promoting sustainable development [62]. Fig. 4 compares the performance of many AI methods (e.g., decision trees, reinforcement learning, and neural networks) across several high-tech industries, including renewable energy, biotechnology, automotive, and aerospace. Hermann et al. [62] proposed a unique chemical R&D process underpinned by AI and ethical principles to account for process- and outcome-related sustainability. In ethically salient contexts, AI R&D should promote social and environmental good and sustainability (beneficence) while preventing harm (non-maleficence) for all stakeholders (companies, individuals, and society at large). Several theoretical models and frameworks that direct its application and use serve as the foundation for the integration of AI in R&D. The Assignment Decision Support System (ADSS), put forth by Liu et al. [63], is one noteworthy framework that optimizes the reviewer assignment process in R&D project selection by fusing operations research methodologies with heuristic knowledge. By increasing assigned reviewers’ knowledge, balancing proposal distribution, and avoiding conflicts of interest, this system seeks to improve the quality of project selection. The ADSS exemplifies how AI can enhance R&D decision-making procedures, resulting in more fair and knowledgeable assessments. The R&D Process Improvement System, created by Lee et al. [64], is another important theoretical model that evaluates and improves R&D processes in small and medium-sized businesses (SMEs). To find and fix flaws in R&D operations, this system combines performance level analysis, comparison analysis, and performance simulation analysis. Especially for resource-constrained firms, this framework offers an organized method for increasing R&D management efficiency and effectiveness by modeling the influence of important processes on R&D outcomes.
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Figure 4: AI algorithms for different high-tech sectors

Project selection is key to innovation management in R&D firms. Selection methods must be improved in public sector R&D. These enhancements should address these organizations’ unique obstacles to improve decision-making. Modern DSS can meet these needs. Effective DSS supported by good data management and AI can improve public sector R&D innovation management [65]. Jang’s [66] decision support framework maximizes R&D production in budget allocation by combining ML and optimization methodologies. This approach provides more effective and efficient resource allocation by projecting future R&D outcomes and includes robust optimization to control uncertainty. The approach shows how AI may significantly increase the expected returns on R&D investments by transforming budgetary decisions. Wang et al.’s exploration [67] of the idea of cascading failures in R&D networks presents a methodology to comprehend and reduce schedule risks by managing cascading failures. This framework aids in developing methods to lower the risk of delays in R&D projects by utilizing the BBV algorithm and the CA model. This theoretical advancement emphasizes how crucial it is to comprehend network dynamics and take preventative action to guarantee project deadlines are met.

Table 1 lists studies’ theoretical frameworks, R&D applications, and AI technologies’ roles in improving R&D. Zhang et al.’s Knowledge Spillover Effect model [68] uses spatial econometrics to examine how innovation spreads throughout different geographic areas. This approach captures the influence of proximities in terms of geography, technology, economy, and human capital on R&D activities by employing a variety of spatial weight matrices. The results emphasize the differing effects of local vs. transnational knowledge spillovers and stress the significance of spatial aspects in promoting innovation. Villani [69] demonstrated that the neural network methodology and Least Squares Monte Carlo approach can help value R&D investment opportunities. The start of the next phase of an R&D project depends on completing the previous phase. This sequential investment makes R&D initiatives compound choices. R&D investments frequently have high-cost unpredictability, making them an exchange alternative for an uncertain gross project value. Finally, production investment can be made before maturity, and R&D impacts diminish. Thus, R&D is a compound American exchange option. The Least Squares Monte Carlo approach is effective and adaptable for capital budgeting and valuing American-type options. But, using the simulated values as “targets,” a neural network can expand the results for any R&D valuation and reduce the least-squares Monte Carlo simulation time. Geerts et al.’s study [70] on Quantitative Systems Pharmacology (QSP) for CNS drug discovery similarly revolves mostly around simulations and predictive analytics. The QSP model offers an understanding of the possible clinical results of drug candidates by simulating the impact of therapeutic interventions on neural circuit activity. This method raises the success rate of CNS R&D projects and increases the predictive value of preclinical models.
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5  Practical Applications

AI is changing industry practices and spurring innovation in high-tech sectors. AI adoption success gives companies a competitive edge in their markets. Fig. 5 depicts data collection, preprocessing, model training, validation, and deployment of AI-driven predictive analytics for R&D. This section explores the practical applications of AI in high-tech industries, including important impediments to adoption, lessons learned from successful implementations, and the impact on industry practices and outcomes.
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Figure 5: Flowchart of AI-driven predictive analytics in high-tech R&D

5.1 Implementation in Industry

From theory to practice, several studies have proposed a theoretical framework for analyzing cooperation dynamics and practical suggestions for improving R&D collaboration. Zhou et al. [72] used patent application data from 2337 Chinese biopharmaceutical enterprises to offer a combined impact framework to examine R&D team networks, knowledge diversity, and breakthrough technological innovation. It uses K-means clustering and decision tree models to identify three R&D team configurations—tight cooperation, knowledge expansion, and scale orientation—highlighting the crowding-out and complementary effects of knowledge diversity and team network features. Using data mining approaches to innovation management, the study addresses gaps in linear effect studies and improves social network theory, delivering actionable insights for organizations. A network model based on patent data and evolutionary game theory on complex networks was used by Guo et al. [73] to study how heterogeneous reference-point-based aspirations affect R&D alliance portfolio cooperation and recurrent project collaboration cooperation. It shows that aggressive decision-makers (DMs) are more likely to cooperate and that effort complementarity, knowledge rearrangement, and supervision affect cooperation tactics. It advises governments to identify and manage ambition to boost R&D cooperation and use detailed contracts with enterprises with high knowledge reorganization capabilities. Keding et al. [74] took a psychological approach to AI-augmented decision-making, examining theoretical and practical impacts. It theoretically examines how AI and human judgment interact, showing a transition from algorithm aversion to appreciation. The study uses vignettes to show that AI-based advising systems improve choice behavior and perception of decision quality among 150 senior executives. The findings imply that overreliance on AI is caused by increased trust in AI advisers and a perceived more structured decision-making process, providing strategic innovation management insights.

Operational efficiency and effectiveness have advanced greatly as AI and ML have been included in many sectors. For instance, Viberg et al.’s study [75] showed how ML improves knowledge integration inside technological companies. These firms increase their organizational performance and innovation capacity by using ML to transcribe spoken words and combine implicit and explicit knowledge. This useful application of ML shows how using cutting-edge data analysis techniques may simplify procedures and enable improved decision-making in high-tech companies.

Regarding energy management, Liao et al. [76] created a prediction model for air-conditioning energy usage using several ML approaches. Their research showed how highly accurate techniques—including random forest and deep neural networks—can estimate energy use. Apart from helping to lower energy usage, this model offers insightful analysis for building owners to maximize their energy management techniques. Industries driven by sustainability and resource efficiency are seeing a growing frequency of AI and ML use in forecasting and energy consumption control.

Lutnick et al. [77] first presented an AI system for histology image processing in pharmaceutical R&D. Through an open-source platform; this user-friendly solution lets non-data scientists—such as doctors—analyze and interpret challenging histology data. Using effective data cataloging, interactive visualization, and model deployment made possible by integrating AI tools, R&D is accelerated, and multidisciplinary cooperation is enhanced. Chen et al. [78] also used AI technology and computer molecular simulation to advance drug R&D. Their strategy greatly raised the safety and efficiency of medication development procedures, demonstrating how AI may transform the pharmaceutical sector by improving research methods and results. The research on the use of AI and cutting-edge technologies in several R&D fields is compiled in Table 2.
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The study by Jun et al. [80] on a hybrid recommendation model for R&D cooperation showed how ML may greatly improve the success rate of SMEs’ alliances with different R&D companies. The approach has helped SMEs choose suitable partners and enhance their R&D results by precisely estimating the possible success of partnerships with public research institutes, academic institutions, and other companies. The creation of a decision assistance system by Kocak et al. [84] for choosing reviewers for R&D projects shows still another noteworthy result. Classifying projects and ranking reviewers using natural language processing and fuzzy multi-criteria decision-making techniques, this AI-based system, the effective application of the system has raised the accuracy and efficiency of the review process, thereby proving how AI may simplify difficult decision-making responsibilities and increase the quality of R&D project evaluations.

Regarding drug research, Huang et al. [85] presented HiRAND, a new deep learning-based system for drug response prediction. Using gene and sample data integration via graph convolutional networks, HiRAND beats conventional techniques. The framework’s capacity to identify important genes engaged in drug reactions and forecast drug responses with great accuracy highlights its possibilities to progress personalized medicine and drug development. The achievements of HiRAND show how AI and ML could improve predicted accuracy and support innovative drug development ideas.

5.2 Challenges in Practical Implementation

Despite the encouraging developments, applying AI and ML ideas in real-world environments presents various difficulties. Behr et al. [89] underlined in their research the challenges in interpreting RWD in pharmaceutical R&D. Managing limited and skewed data is one of the difficulties; this might result in errors in AI-driven findings. They underline the requirement of strict approaches and domain knowledge to solve these problems and guarantee that AI studies yield accurate and practical findings. The use of ML to forecast energy demand also presents difficulties. Although deep neural networks and random forests are among ML models that exhibit great accuracy, their efficacy relies on the quality and volume of the data. Maintaining their predictive ability depends on constant updates and validation for the models, which can be challenging and costly for resources. Including these models in current energy management systems presents technological and logistical difficulties that need to be resolved if effective deployment is to take place [76].

Gutierrez et al. [86], on AI in R&D, reviewed the difficulties of hastening R&D using intelligent experiment design. The study emphasizes that although AI can maximize data management and experiment design, the shift from conventional trial-and-error procedures to data-driven approaches calls for overcoming cultural and procedural constraints inside research organizations. Adopting AI-driven solutions may be greatly hampered by researchers’ adaptation to new technology and methods.

5.3 Lessons Learned

AI and ML implementation comes with difficulties and mistakes, with no exceptions. Tafferner et al. [83] expressed some limits of ChatGPT in electronics R&D, namely in offering correct recommendations for sensors and hardware design. The sporadic mistakes in the ideas and created references draw attention to the requirement of careful and critical review of AI-generated content. This event emphasizes the need to confirm AI outputs and add knowledge to support them in front of false information and guarantee the dependability of technical advice. In low-performance R&D project prediction, Ma et al. [90] discovered that although their ML model showed promise, their inability to forecast project outcomes precisely and adequately account for all influencing elements limited it. The framework’s reliance on several elements, including money and organizational traits, may not adequately reflect the complexity of R&D initiatives. This work emphasizes the need to always improve prediction models and include extra factors to raise applicability and accuracy.

Sterlacchini [93] investigated the economic effects of AI patenting and employment, exposing a paradox whereby high AI patenting corresponds with job declines in several industries. This result shows the complicated and even unexpected effects of AI developments on job trends. This study teaches the need to consider AI technologies’ wider social and economic impact so that their deployment corresponds with sustainable and fair development objectives.

6  Comparison

AI has a theoretically limitless potential that offers transforming effects in sectors from finance to healthcare. Projections and theoretical models indicate that AI could transform difficult systems, alter decision-making processes, and reach superhuman performance in some tasks. For pattern recognition, predictive analytics, and automation, for example, AI theories hold that ML algorithms could finally surpass human capacity [77]. These ideas stress how quickly and precisely AI can process enormous volumes of data, fostering innovative ideas and efficiency.

Practical results, meantime, expose a more complex reality. Although AI has great theoretical potential, actual uses sometimes run up restrictions that lower expectations. For instance, the study by Behr et al. [89] emphasized the difficulties in evaluating RWD inside pharmaceutical R&D. Data sparsity, prejudice, and the necessity for domain expertise highlight how theoretically capable AI may only sometimes fit pragmatic limitations. Data quality problems and the complexity of real-world situations often impede the actual performance of AI in practice, although developed algorithms and models.

In the same vein, Liao et al. [76] showed in the context of energy consumption prediction that although ML models such as random forests and deep neural networks can achieve high accuracy, their practical implementation depends mostly on the quality of the input data and the model’s continuous verification. Though practical issues like data integration and model maintenance can influence their efficacy, theoretical models indicate that these algorithms can offer exact forecasts. This difference between theoretical potential and actual performance emphasizes how difficult it is to implement AI ideas from theory.

Evaluating the impact and success of AI developments depends critically on their practical application efficiency. One well-known example is an easy-to-use AI system for image analysis of histograms [77]. Designed for non-data scientists like doctors, this system highlights how effectively AI is included in medical research and treatment. The practical advantages of AI developments in improving research efficiency and multidisciplinary cooperation are shown by the capacity to effectively catalog data, visualize results, and employ models in a user-friendly manner. Combining computer molecular simulation with AI technology has simplified medication development, improving efficiency and safety. This success narrative shows how AI developments are expediting R&D operations and enhancing medication development approaches [78].

Predicting the success rate of alliances between SMEs and R&D companies has helped the model enable more strategic cooperation choices, thereby enhancing innovation output. This application emphasizes that AI is important in improving R&D initiatives and encouraging effective teamwork [80]. Even with these achievements, the impact of AI developments is general. For electronics R&D, for example, Tafferner et al. [83] discovered limits in ChatGPT’s ability to provide correct hardware design and sensor recommendations. The investigation exposed sporadic mistakes and fake references, therefore stressing the need for accuracy in the outputs of AI to ensure its efficacy. Such restrictions highlight the need to carefully evaluate i-generated content with professional knowledge and supplement to guarantee consistent results.

To make AI technologies effective and usable across high-tech sectors, a systematic methodology that blends theoretical insights with practical considerations is needed to bridge the gap between theoretical AI concepts and actual R&D implementations. AI algorithms are contextually adapted to R&D environments to manage domain-specific data, regulatory constraints, and operational requirements. Customizing AI models for real-world applications requires interdisciplinary collaboration from computer science, engineering, domain-specific sciences, and business management. Through small-scale pilot studies, AI models are refined through an iterative cycle of design, testing, and validation to address data quality and algorithmic biases. AI technologies must integrate seamlessly with R&D procedures and systems to improve workflows. AI systems must be scalable and flexible, leveraging transfer learning to adapt models across projects. To earn stakeholder trust and comply with rules, practical implementation must include ethical issues including data protection and fairness. Finally, measuring AI impact with measures like time-to-market, cost savings, and quality improvements allows continual monitoring, learning, and development.

7  Future Prospects

AI and ML have great future possibilities and could revolutionize many industries. As AI technologies develop, unprecedented changes in healthcare, banking, transportation, education, and other sectors are predicted. Improvement of AI algorithms and models is one major area of growth. Future AI systems will be more advanced and able to manage difficult tasks with better accuracy and efficiency. AI-driven automation, quantum computing integration, and sustainable R&D may be future AI breakthroughs (Fig. 6).
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Figure 6: Future mind map of AI in high-tech R&D

Advances in natural language processing and computer vision will allow AI to more successfully grasp and interpret human languages and visual inputs, improving human-machine interactions and generating more user-friendly AI-driven apps. In the healthcare sector, AI could transform medical research and patient treatment. Future AI systems could offer real-time diagnosis and customized treatment programs by leveraging enormous volumes of patient data and sophisticated analysis tools. Predictive analytics could enable preventative actions to predict illness outbreaks, greatly enhancing public health results. AI-driven drug discovery and development procedures are projected to quicken, saving time and money for launching new drugs. This will be vital to guarantee quick reactions to new ailments and to handle world health issues.

AI models will have automated trading systems, improved risk assessment, and fraud detection. These technologies will examine financial data and market patterns with hitherto unheard-of speed and accuracy, guiding wiser investments. AI-driven customer support systems such as virtual assistants and chatbots will also offer tailored and quick services, raising operational effectiveness and customer happiness for financial institutions. AI integration into financial technologies (Fintech) will inspire creativity, creating fresh financial products and services that meet changing customer demand.

Another industry where AI will be quite important is transportation. Autonomous cars driven by AI change our way of transportation. To properly and effectively negotiate challenging surroundings, these vehicles depend on sophisticated sensors, ML algorithms, and real-time data processing. In addition to lowering human error, this will improve traffic control and help ease congestion, enhancing road safety. AI will also maximize supply chains and logistics, facilitating more effective delivery, inventory control, and routing. More environmentally friendly and reasonably priced mobility options will follow from the general acceptance of AI in transportation.

AI will transform teaching and learning strategies in education. Driven by AI, personalized learning systems will change to fit the demands of certain students and offer tailored materials and comments to improve learning results. These sites will use data analytics to pinpoint areas of strength and weakness in pupils, providing focused tools and assistance. AI-powered tools will also help teachers with administrative chores, including lesson preparation and grading, freeing them to concentrate more on student involvement and instructional quality. By including AI in the classroom, access to top-notch learning materials will be democratized, therefore closing gaps in educational possibilities and promoting lifetime learning.

In addition to improving decision-making, a hybrid strategy that blends human and machine intelligence also solves AI’s drawbacks. AI lacks contextual knowledge and ethical reasoning that human specialists supply, ensuring that innovations are in line with society ideals [96]. Human judgment may greatly enhance algorithmic predictions in difficult problem solving, especially in subtle situations where AI can struggle [97].

To overcome issues like algorithmic bias, a hybrid intelligence system promotes cooperation between human cognition and AI, increasing productivity and creativity [98]. Concerns about an over-reliance on AI, which might erode human intuition and creativity, highlight the necessity for a balanced approach [99]. According to Cohen et al. [100], the utilization of human experience in a “human in the loop” approach can enhance decision-making procedures while preserving efficiency.

The hybrid approach shows promise, but it’s important to be aware of the hazards associated with AI and make sure that human judgment plays a significant part in directing technology progress. Problems with data privacy, security, and algorithmic bias must be addressed as AI systems grow increasingly entwined into society. Maximizing the advantages of AI technology and reducing possible hazards will depend on how they are developed and used ethically. Strong legislative frameworks, multidisciplinary cooperation, and ongoing AI system monitoring and evaluation will all be needed. Moreover, addressing the possible social and financial effects of AI, such as inequality and job displacement, will be crucial to promote inclusive and sustainable development.

AI integration into R&D presents major ethical questions with wider society consequences going beyond specific initiatives (Fig. 7). The possible bias in AI algorithms, which can result in unfair results for certain demographic groups, is one of main worries. For example, if AI systems are taught on biased data, they could reinforce current disparities, therefore influencing hiring policies, healthcare availability, and even law enforcement actions. This prejudice not only compromises the fairness of AI applications but also aggravates social inequities since automated systems devoid of consideration for their particular circumstances might provide greater disadvantage to underprivileged people. Dealing with these prejudices calls for a dedication to openness and responsibility in AI development so that different datasets are used and that the justifiable and understandable AI system decision-making is ensured.
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Figure 7: Ethical framework for AI deployment in R&D

AI deployment in R&D runs the danger of social manipulation and invasions of privacy. Concerns about monitoring and the degradation of individual privacy rights get more strong as AI systems grow abler of processing enormous volumes of personal data. Using AI for social manipulation—that is, to change public opinion or behavior by means of deliberate misinformation—has ethical ramifications that seriously jeopardize democratic processes and society confidence. Establishing clear ethical rules that give human rights and social justice first priority together with strong systems of responsibility would help to reduce these hazards. Including many stakeholders in the creation of AI technologies can help to guarantee that these systems are built with ethical issues first in mind, therefore advancing a fairer and equal society.

8  Conclusion

AI has the potential to revolutionize high-tech R&D across various industries, including biotechnology, automotive, aerospace, renewable energy, Fintech, and cybersecurity. This review has explored the theoretical foundations and practical applications of AI, highlighting its transformative capacity while acknowledging the associated challenges and limitations. Our analysis demonstrates that, while AI offers significant opportunities for innovation and efficiency, its deployment must be managed carefully to ensure ethical considerations and social equity.

The findings indicate that AI can significantly enhance R&D processes by automating repetitive tasks, optimizing decision-making, and enabling data-driven insights. However, these benefits are not without challenges. Technical barriers such as data quality, algorithmic biases, and the integration of AI systems into existing infrastructures can limit the effectiveness of AI-powered innovations. Moreover, social and ethical issues, including data privacy concerns, potential job displacement, and the risk of exacerbating social inequalities, need to be addressed to ensure the responsible use of AI.

Moving forward, several emerging trends and future directions are likely to shape the role of AI in high-tech R&D. AI-driven automation will continue to evolve, enabling more sophisticated and autonomous R&D processes. The integration of quantum computing could further enhance AI capabilities, allowing for the processing of vast datasets at unprecedented speeds, potentially unlocking new scientific discoveries and technological advancements. Moreover, there is a growing emphasis on sustainable R&D practices, where AI can play a critical role in optimizing resource use and reducing environmental impact.

To maximize the benefits of AI while mitigating its risks, we propose a roadmap for future R&D. This includes fostering multidisciplinary collaborations to enhance AI model development, ensuring transparency and fairness in AI algorithms, and developing comprehensive guidelines for ethical AI deployment in high-tech industries. Future research should also focus on understanding the long-term impacts of AI adoption on social structures, workforce dynamics, and economic development.
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Table 1: Overview of theoretical frameworks in selected studies

Study Theoretical R&D application Al role
Aspect/Framework

[63] Heuristic knowledge Reviewer assignment A decision support system
integration with in R&D project (ADSS) maximizes expertise,
operations research selection balances resources, and

automates reviewer assignments.

[64] Standard R&D process Assessing and Decision support system with
evaluation improving R&D performance analysis,

processes for SMEs comparison, and simulation
modules to enhance R&D.

[67] BBV algorithm and CA Mitigating schedule Simulation of cascading failure in
model risks in R&D project R&D networks to develop and

management analyze mitigation strategies.

[68] Spatial econometric Knowledge spillover Analyzing spatial correlations
model using various effects in high-tech and impacts of various factors on
spatial weight matrices R&D innovation output.

[66] ML for prediction, Government R&D Predicting R&D output and
robust optimization for budget allocation optimizing budget allocation to
allocation maximize efficiency and manage

uncertainty.

[70] QSP CNS drug discovery Modeling biological processes,

and development simulating drug effects, and
enhancing translational research
accuracy.

[65] Modern decision Innovation Enhancing project selection
support systems backed management in processes through data
by Al public sector R&D management and Al-driven

decision support systems.

[62] Ethical principles Sustainable chemical Ensuring ethical considerations
guiding Al-backed R&D processes in Al applications to promote
chemical R&D for social and environmental
sustainability sustainability.

[71] ML and acoustic Acoustic monitoring Implementing Al for real-time
intelligence and analysis in sound analysis and application in

various fields traffic, industry, safety, and
security.

[69] Neural network Valuing R&D Extending Monte Carlo
methodology coupled investment simulation results and reducing

with Least Squares
Monte Carlo method

opportunities as
compound options

waiting time through neural
network implementation.
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Table 2: Applications and impacts Al and advanced technologies in R&D

Study Practical aspect High-tech application Al in R&D

[72] Examines how R&D team ML (K-means, Decision Al is used to analyze team
configurations and knowledge trees) configurations and
diversity impact breakthrough knowledge diversity,
innovation in enhancing innovation
biopharmaceuticals mechanisms.

[73] Investigates the impact of Evolutionary game theory Al models analyze
different aspiration levels on on complex networks cooperative behaviors and
R&D cooperation within aspirations to optimize
alliances R&D partnerships.

[74] Analyzes how Al-based Al-based advisory systems Al impacts decision quality
advisory systems affect R&D perception and trust in
investment decisions and R&D investment contexts.
decision-making behavior

[18] Explores AT’s role in Al for augmentation and Al is primarily used to
augmenting or automating exploration augment human activities
R&D activities, focusing on its and explore new research
application in various sectors areas in R&D.

[79] Develops a personalized CBT  AI-CBT (Reinforcement Al customizes and
pain management service learning) optimizes pain management
using Al to adapt treatments treatments based on
based on patient feedback real-time patient data.

[76] Creates models to predict and ~ ML (Support vector Al is applied to predict and
optimize energy consumption  machine, Random forest, manage energy usage,
in R&D buildings Neural networks) improving efficiency in

R&D facilities.

[75] Investigates the role of ML in ML (Knowledge ML is used to integrate tacit
integrating organizational integration) and explicit knowledge,
knowledge and enhancing aiding organizational
performance performance.

[80] Develop a model to ML and Discriminant Al recommends the best
recommend optimal R&D analysis R&D partners for SMEs
partners for SMEs, improving based on collaboration
collaboration success success criteria.

[81] Proposes a data-driven Data-Driven Performance Al models assess project
framework for evaluating Evaluation performance using
public R&D project structured and
performance unstructured data.

[82] Develops a model to assess Stacking ML models Al evaluates R&D product
R&D product readiness and readiness and cost,
estimate costs, enhancing integrating multiple
commercialization efficiency estimation techniques for

improved accuracy.

[77] User-friendly Al system for Deployment of self-service ~ Enables non-data scientists
histopathology image analysis Al modules within an to evaluate pre-trained
in pharmaceutical R&D open-source platform for algorithms and track data

histopathology image provenance; integrates

analysis segmentation, feature
extraction, and
classification models.

[78] Integration of computer Utilizes computer Applies Al to improve
molecular simulation and Al molecular simulation and efficiency and safety in drug
for drug R&D Al to enhance drug R&D, including teaching

development processes systems and performance
analysis of drugs.

[83] ChatGPT application in Exploration of Al in ChatGPT provides insights
electronics R&D with sensors  electronics development, and recommendations,

including smart home though with limitations in
projects and sensor sensor units and literature
selection citations.

[84] Decision support system for Al-based DSS to classify Incorporates natural
reviewer selection in R&D and rank reviewers using language processing and
project evaluation natural language ML models for reviewer

processing and fuzzy assignment and project
decision-making methods evaluation.

[85] HiRAND framework for drug  Semi-supervised Utilizes deep learning and
response prediction GCN-based model for graph convolutional

drug response classification  networks to enhance drug
and feature selection response prediction with
limited labeled data.

[86] Optimization of experiment Data-driven and Al-guided Uses ML and data science
planning in R&D strategies for efficient to expedite R&D and

R&D experiment planning  improve data utility.
[87] R&D digital transformation Implementation of data Utilizes electronic lab
in a chemical corporation pipelines and ML models notebooks and ML models
for material design and for efficient R&D data
prediction management and material
design.

[88] Analysis of international Deep learning models for Natural language
R&D collaboration using evaluating international processing models to
natural language processing research collaborations streamline international

and technology expertise collaboration analysis and
automate summarization.

[89] Al-based analysis of Addressing challenges in Discusses Al’s potential
real-world data (RWD) in Al analysis of RWD, and limitations in analyzing
pharmaceutical R&D including bias and sparsity ~RWD and improving

pharmaceutical research.

[90] Predicting low-performance ML models for evaluating ~ Utilizes ML algorithms to
government-sponsored R&D R&D project performance  predict project success and
projects assess factors impacting

performance.

[91] Predicting SMEs’ R&D ML models for assessing Applies ML to predict
performances using ML R&D project success and project performance and

commercialization improve selection efficiency
objectively.

[92] Synergistic effect of R&D and  Predictive analytic model Investigates the combined
exports on performance in US  to explore R&D and effect of R&D and export
manufacturing export impact on firm strategies on economic

performance performance using neural
networks.

[93] Economic impact of Al Analysis of employment Evaluate the effects of Al
patenting by top R&D changes about Al patenting on employment
investors patenting and compare it with non-Al

patenting companies.

[94] Dynamic scheduling of Deep reinforcement Uses DRL to improve
decentralized high-end learning for optimizing scheduling and resource
equipment R&D projects scheduling and resource management in

allocation multi-project R&D
environments.

[95] Economic impacts of Assessing capital-intensity ~ Estimates the effects of Al

Al-augmented R&D

and productivity impacts
of Al in R&D

on accelerating
technological progress and
economic growth.
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Identification

Searched the Scopus database using keywords related to Al and high-tech R&D, yielding 593 documents.

Screening

Applied inclusion criteria (peer-reviewed articles from 2014-present on Al in R&D) and exclusion criteria (e.g.,
reviews, books, conference papers), resulting in 136 articles.

Eligibility

Reviewed titles and abstracts, narrowing down to 35 papers for full review.

Included

Selected 35 relevant papers based on detailed evaluation.
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