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Abstract

Generative artificial intelligence (AI) promises to revolutionize organizational innovation, yet its
successful implementation faces significant human and institutional barriers. While technologists
often assume Al adoption will occur organically, organizations encounter challenges including
resource constraints, compensation structures, technical limitations, leadership alignment, cultural
resistance, risk aversion, and insufficient organizational support. This paper introduces a
framework for systematically integrating Al into corporate innovation processes using the STAR
Model for Corporate Innovation, an emerging paradigm for achieving market leadership through
strategic innovation deployment. Using the STAR framework, Al can dynamically optimize
organizational design, augment human creativity, accelerate prototyping cycles, identify potential
innovation champions, and provide real-time sentiment analysis. The paper concludes by exploring
emerging Al capabilities and providing practical recommendations for organizations seeking to
leverage Al for innovation while maintaining ethical practices and human-centered design
principles.

Keywords: corporate innovation, artificial intelligence, machine learning, organizational
structure, market dominance, ethical AI, STAR Model for Corporate Innovation, future of
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Introduction to the STAR Model.

The STAR Model for Corporate Innovation (Berman et al., 2024) represents a comprehensive
framework designed to empower organizations to achieve market dominance through strategic
innovation. What sets STAR apart is its holistic approach. Unlike models designed for startups or
focused solely on product development (Cooper, 1990), STAR addresses the unique challenges
faced by existing organizations. Other models focus on launching new products, addressing
funding, liquidity, rapid development, and finding willing developers. However, innovation within
existing organizations faces unique challenges such as staffing, compensation, technology,
leadership, company culture, risk aversion, and lack of support. This requires a tailored approach
to overcome these hurdles and enable the adoption of new technologies that result in significant
competitive advantage.

STAR comprises four key components: Structures, THINK, Advocate and Run (Berman et al.,
2024). Structures encompasses the organizational principles and practices that influence
innovation outcomes. THINK represents the process of envisioning and proposing bold new ideas
with market-dominating potential. Advocate involves securing support for innovations both
internally and externally. Finally, Run provides a framework for bringing innovations to market at
the right time with appropriate resources. The STAR model offers a holistic approach to
innovation, addressing the challenges faced by established organizations in fostering and executing
innovative practices.

Using Al to Enhance and Accelerate Each Component of the STAR Model

Artificial intelligence is the area of computer science concerned with the development of machines
to engage in human-like thought processes, such as learning, behavior, reasoning, self-correction
(Kok, 2009). Artificial Intelligence (Al) has emerged as a transformative force in modern corporate
innovation, revolutionizing how companies conceive, develop, and implement new ideas. This
paper posits integrating of Al with the STAR model (Berman et al., 2024) can significantly enhance
and accelerate corporate innovation. By leveraging Al technologies, organizations can create more
dynamic and responsive structures, augment human creativity in the thinking process (Eapen,
2024; Cooper, 2024; Ogundipe et al. 2024) optimize advocacy efforts, and execute innovations
with greater precision and adaptability. Al's data processing capabilities, predictive analytics, and
machine learning algorithms can provide deeper insights, enable faster decision-making, and allow
for real-time adjustments throughout the innovation journey. This integration of Al into the STAR
model not only amplifies its effectiveness but also enables organizations to navigate the
complexities of modern markets with greater agility and foresight. As we explore each component
of the STAR model, we will demonstrate how Al can be strategically applied to overcome
organizational innovation roadblocks and unlock new opportunities for market leadership.
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Structures & Al

By integrating artificial intelligence (Al), companies can significantly enhance their innovation
capabilities, creating more dynamic and responsive organizational structures (Feng, 2024).
Leveraging Al in the Structures aspect of the STAR model focuses on three key areas: Al-driven
organizational design, Al-optimized innovation reward systems, and Al-powered information
systems for innovation tracking.

Al-driven Organizational Design

The STAR model emphasizes the importance of organizational structures in influencing
innovation outcomes (Berman et al., 2024). Al can play a crucial role in optimizing structures for
maximum innovation potential:

1. Dynamic Organization Charts: Al algorithms can analyze real-time data on employee
interactions and project outcomes to suggest optimal team compositions and reporting
structures (Retelny et al., 2014). This dynamic approach ensures that the organization
remains agile and responsive to changing innovation needs.

2. Skill Mapping and Gap Analysis: Al-powered tools can continuously assess the skills
present within the organization and identify gaps that may hinder innovation (Ley &
Albert, 2003, Loh, C. etal., 2022). This information can guide hiring decisions and training
programs to ensure the organization has the necessary expertise to drive innovation
forward.

3. Cross-Functional Collaboration: Al can identify potential synergies between different
departments or teams based on project goals and skill sets. By suggesting cross-functional
teams, Al can help break down silos and foster a more interconnected, innovative
environment (Fitzgerald et al., 2014).

4. Workload Optimization: Al algorithms can analyze employee workloads and project
timelines to ensure that innovative projects receive adequate attention and resources. This
can help prevent promising ideas from being sidelined due to day-to-day operational
demands (C Sharmilia et al., 2024)

By leveraging Al in these ways, organizations can create fluid, responsive structures that readily
support the adoption of innovative new technologies.

AI -Optimized Innovation Reward Systems

Reward systems provide incentives for innovative thinking and actions and create an innovation
framework that mitigates resistance to change. This includes both extrinsic and intrinsic rewards
(Mdhlalose, 2024). Al can significantly enhance these reward systems:

1. Personalized Incentives: Al can analyze individual employee preferences and past
performance to suggest personalized reward structures. This tailored approach can more
effectively incentivize innovative behavior across diverse teams (Huang et al., 2023).

2. Real-Time Recognition: Al-powered systems can monitor project progress and employee
contributions in real-time, enabling immediate recognition of innovative ideas or actions.
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This instant feedback can boost motivation and encourage continuous innovation (Mani et
al., 2017).

Predictive Modeling: By analyzing historical data on successful innovations and the
rewards that drove them, Al can predict which types of incentives are most likely to spark
future innovations. This can help organizations design more effective reward systems
(Hoflinger et al., 2018).

Equity and Fairness Analysis: Al algorithms can assess reward distributions across the
organization to ensure equity and fairness, addressing potential biases that might
discourage certain groups from contributing innovative ideas (Tambe et al., 2019).

By implementing Al-optimized reward systems, organizations can create a more motivating
environment for innovation, directly supporting ideation stages and encouraging employees at all
levels to contribute bold, market-dominating ideas.

Al-powered Information Systems for Innovation Tracking

Information systems play a crucial role in providing visibility into the innovation process. Al can
significantly enhance these innovation tracing systems:

1.

Idea Management: Al-powered platforms can collect, categorize, and prioritize innovative
ideas from across the organization (Yams et al., 2020). Natural language processing can
analyze idea descriptions to identify promising concepts and potential synergies between
different proposals (Westerski et al., 2013).

Progress Tracking: Machine learning algorithms can monitor the progress of innovation
projects, predicting potential roadblocks, and suggesting interventions to keep projects on
track (Christensen et al., 2017).

Market Intelligence: Al can continuously scan external data sources to identify emerging
trends and potential disruptions relevant to the organization's innovation efforts. This
intelligence can inform ideation stages, helping to generate more relevant and impactful
ideas.

Collaboration Analytics: Al can analyze patterns of collaboration and communication
within innovation teams, identifying successful practices and areas for improvement
(Batarseh et al., 2023).

Predictive Success Modeling: By analyzing historical data on past innovations, Al can
develop models to predict the likelihood of success for new ideas. This can help
organizations allocate resources more effectively during execution stages (Chan et al.,
2016).

Patent Analysis: Al-powered tools can analyze patent databases to identify white spaces
for innovation and potential intellectual property risks, supporting more strategic
innovation planning (Aristodemou & Tietze, 2018).

Integrating Al into the innovation Structures framework in the STAR model (Berman et al., 2024)
can significantly enhance an organization's ability to foster and execute innovative ideas. By
leveraging Al for organizational design, reward system optimization, and innovation tracking,
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companies can create more dynamic, motivating, and data-driven innovation ecosystems. This Al-
enhanced approach to corporate innovation can help organizations overcome traditional barriers
to innovation and position themselves for sustained market leadership in an increasingly
competitive business landscape.

THINK & Al

The STAR model emphasizes the importance of creating new innovative processes to help achieve
market dominance (Berman et al., 2024). By differentiating between regular process enhancement
and new innovative processes, the THINK component of the model provides a means to overcome-
traditional barriers that derail new ideas. Traditionally, product ideation relied heavily on human
intuition and brainstorming sessions. However, Al introduces a new dimension to this process by
analyzing vast datasets, identifying patterns, and generating novel ideas based on historical trends
and user preferences. Machine learning algorithms, for instance, can sift through troves of data to
uncover latent user needs and emerging process opportunities. By leveraging Al-driven insights,
product developers can refine their understanding of target demographics, anticipate trends, and
conceptualize innovative process ideas that resonate with user demands. Al can play a crucial role
to accelerate the identification of unique often unrecognized opportunities such as the following:

e Idea Creation: Al can generate ideas for new products, product enhancements, and
replacement products (Cooper, 2024; Campbell et al., 2020; Marrone, 2023; Ma & Sun,
2020; Bilgram & Laarmann, 2023).

e Problem Identification: Al can identify user problems as opportunities for innovation
(Schleith et al., 2022; Bilgram & Laarmann, 2023).

e Customer Feedback: Al can read online forums to assess needs/issues/opportunities and
analyze user feedback and sentiment to identify common pain points and preferences
(Choi, 2020; Dreisbach et al., 2019; Mnyakin, 2019).

e Analysis of Financial Statements: Al can analyze financial statements to detect fraud and
identify issues and opportunities (Venters & Mikkilineni, 2020).

AI-Powered Analysis and Trend Prediction

Rapidly identifying new user or trends can help to overcome internal resistance to change. Al
has the potential to significantly enhance analysis by enabling real-time trend prediction and
providing deeper user behavior insights. Al helps organizations rapidly analyze data across
multiple platforms, leading to better-informed decisions regarding product development and
investment strategies (Cioffi et al., 2020). Enhancements include the following:

e PESTEL Analysis —PESTEL analysis is a business impact study that attempts to understand
the effects of external factors on business situations. Originally proposed by Aguilar (1967)
it has evolved to include politics, economics, social, technology, environmental and legal.
Al can generate an initial version analysis considering Political, Economic, Socio-cultural,
Technological, Environmental, and Legal factors (Bilgram & Laarmann, 2023).
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e Virtual Persona — Al can assess new product ideas using virtual personas created based on
demographics, goals, and challenges (Bilgram & Laarmann, 2023).

e Trend Analysis — Al can identify trends then seek creative methods to offset revenue
decline (Cooper, 2024)

Al for Rapid Prototyping and Simulation

e Demonstrating an innovative new product can help secure organizational support to
overcome resistance to change. Rapid prototyping and simulation are critical components
of corporate innovation, allowing companies to test and refine their ideas before
committing to physical production. Artificial Intelligence has emerged as a powerful tool
that may accelerate the prototyping process of innovative new products and applications
across industries. Al may create multiple versions of a proposed prototype, evaluate design
alternatives based on predefined objectives and constraints, and even generate computer
code for a minimal viable product (Bilgam and Laarmann, 2023). Applying Al may reduce
the time and resources required for conceptualization, design iteration, and testing (Lee et
al., 2018) while natural language processing and computer vision technologies may enable
rapid analysis of user feedback (Tian et el., 2024). Scaling the prototype to solicit feedback
from a large audience has always been problematic and expensive. However, Al may
address this need by creating a virtual persona representing the buying patterns and
attitudes of a specific demographic.

Organizations that effectively integrate Al into the core of their innovation strategies can anticipate
market changes, optimize product development, and maintain a competitive edge in today’s
dynamic business environment (Cillo & Rubera, 2024). By leveraging Al’s transformative
potential, organizations can unlock new opportunities for growth and long-term success.

Advocate & Al
Al for Identifying and Mapping Potential Advocates

Internal and external advocates are needed to support innovative new products. Artificial
Intelligence (AI) has the potential to rapidly identify advocates for innovations. Machine learning
algorithms can analyze vast amounts of data to identify individuals who are likely to be supportive
of new ideas (Sahoo et al., 2024). In their research regarding the use of Al to comb social media
for early adopters of innovation, Sziklai and Lengyel (2022) asserted that these Al systems can go
beyond simple demographic or role-based targeting, considering factors such as past behavior,
expressed interests, and network connections to predict who might be most receptive to and
influential in promoting an innovation. For example, Al may be able to construct detailed influence
maps within an organization, highlighting key opinion leaders and informal networks that could
be crucial for gaining support. However, for Al to perform this type of analysis requires access to
and input of valid data that may include organizational charts or other proprietary information
(Mikalef et al., 2019). For this process to work effectively, the innovator should select an Al tool
that affords some measure of data security and protection of proprietary information.

6
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Once identified, an Al tool may be able to assist in completing a risk and timing assessment based
on organizational position relative to the innovator. The resulting risk and timing matrices enhance
the ability of the innovator to present the right information about the innovation to the right people
at the right time. Innovators should not neglect the human factor in securing advocates, though.
Some social cues may only be observed and understood through human interaction. Innovators
must continue to build social skills and real relationships with potential advocates for an innovation
to have the greatest opportunity for success. While there remains a human factor in this process,
this data-driven approach allows innovators to strategically target their advocacy efforts,
increasing the likelihood of successful adoption.

AI Natural Language Processing for Message Optimization

Natural Language Processing (NLP) is transforming how innovators craft and deliver their
messages to potential advocates. NLP tools can analyze vast amounts of text data to understand
which types of messages resonate best with different audiences (Ding & Pan, 2016). These systems
can identify the most effective language, tone, and framing for presenting new ideas, tailoring
communications to the preferences and concerns of specific stakeholders. For instance, an NLP
system might recommend using more technical language when addressing engineering teams,
while suggesting a focus on business impact when communicating with executives. For this to
function effectively for the recruiting of an advocate for an innovation, the innovator must create
a clear prompt upon which the Al tool can act (Lo, 2023). The prompt must clearly describe the
role of the message recipient relative to the innovator and innovation. Using the risk and timing
matrices generated by an Al tool as described above, the human factor enters the process in the
confirmation of the risk level and identification of other socially discerned traits of the potential
advocate. These traits include identifying the advocate as potentially favorable or unfavorable to
the innovation, a perpetual naysayer or prone to blind acceptance of ideas, and other humanly
identifiable traits. Considering these traits when crafting the prompt bridges the gap between
humans and Al tools allowing for seamless interaction of the two.

Argyle et al. (2023) asserted that Al tools can improve conversations about commonly divisive
topics. By extension, these Al tools can help innovators avoid potential pitfalls in messaging by
flagging language that might be misinterpreted or poorly received (Cole & Short, 2023). A
carefully crafted prompt that explains the role of the recipient and the relationship to the innovator
and innovation helps the Al tool choose language that is commonly acceptable to the intended
recipient. However, the message will ultimately be delivered by the innovator and must be
screened and adapted by the innovator prior to delivery. The innovator and not the Al tool will be
held responsible for the tone and content of the message. By optimizing messaging through NLP,
innovators can more effectively communicate the value of their ideas and build stronger support
among key advocates.

AI-Driven Sentiment Analysis for Gauging Support

Sentiment analysis provides insights to innovators allowing them to determine whether an
innovation is perceived positively, negatively, or neutrally. This information illuminates

7
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opportunities for expanding the advocate base and can indicate whether an innovation should
proceed further through the process described by the STAR model (Berman et al., 2024). Al-
powered sentiment analysis quickly provides innovators with unprecedented insights into how
their ideas are being received within the organization. These systems can analyze various forms of
communication including emails and meeting transcripts to gauge the overall sentiment towards
an innovation (Sharma & Kumar, 2023). Alslaity & Orji (2024) confirm that machine learning
algorithms can detect subtle nuances in language that might indicate enthusiasm, skepticism, or
concern. Understanding these emotions provides innovators with a more accurate picture of
support than traditional surveys or feedback methods. Real-time sentiment tracking allows
innovators to quickly identify and address concerns, adjust their strategies, and capitalize on
positive momentum. Furthermore, Al can segment sentiment analysis by different groups or
departments (Bhatnagar & Bhatia, 2021). This allows innovators to understand where additional
advocacy efforts might be needed. While the application of Al does not preclude human
interaction, it does allow for the most time-consuming work to be accomplished with exceptional
accuracy in a much shorter time span. This frees the innovator to contemplate the analysis and
make informed decisions regarding which advocates to pursue and if the innovation can continue
in its present form or if it must be modified. For an Al tool to perform this type of analysis requires
access to and input of valid data that may include corporate proprietary information. Consideration
should be given to selecting an Al tool that affords some measure of data security and protection
of proprietary information.

Run & Al

Regardless of prior planning and prototyping, the execution of new technology is risky and
requires careful monitoring and adjustments. The execution phase of innovation has been
revolutionized by artificial intelligence (AI) and machine learning (ML). There are three key areas
where these technologies are making significant impacts: real-time market monitoring and
adaptation, optimization of implementation strategies, and scaling innovations.

Al for Real-time Market Monitoring and Adaptation

Artificial Intelligence is transforming how organizations monitor and adapt to conditions in real-
time. Al-powered systems can continuously analyze vast amounts of data from diverse sources,
including social media, news outlets, financial markets, and Internet of Things (IoT) devices to
provide up-to-the-minute insights on markettrends, consumer behavior, and competitive
landscapes (Sivarajah et al., 2017).

Machine learning algorithms can detect subtle shifts in markedynamics that might be missed by
human analysts, allowing organizations to respond swiftly to emerging opportunities or threats.
For example, Al systems can monitor social media sentiment about a newly launched product,
enabling rapid adjustments to marketingstrategies or even product features (Liu et al., 2021). This
real-time adaptability is crucial in today's fast-paced economy, where the window for capitalizing
on innovations can be extremely narrow.
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The application of Al in monitoring extends beyond simple data analysis. Advanced Al systems
can now predict trends and user behavior with increasing accuracy. A study by Wamba et al., (2017)
demonstrated how big data analytics capabilities, powered by Al, can significantly enhance a firm's
ability to create and capture value. These capabilities allow firms to not only react to market
changes but also anticipate them, providing a crucial competitive advantage.

Moreover, Al-driven monitoring systems are becoming increasingly sophisticated in their ability
to integrate and analyze data from multiple sources. For instance, Balducci and Marinova (2018)
describe how Al can combine traditional trend research data with real-time digital footprints left
by users, creating a more comprehensive and nuanced understanding of trend dynamics. This
holistic view enables organizations to make more informed decisions and adapt their strategies
more effectively.

The influence of Al in real-time monitoring is particularly evident in the e-commerce sector.
Online retailers may use Al to analyze customer browsing patterns, purchase history, and real-time
inventory levels to dynamically adjust pricing and product recommendations. This level of real-
time adaptation has led to significant improvements in sales performance and customer
satisfaction.

Machine Learning for Optimizing Implementation Strategies

Machine learning (ML) is transforming implementation strategies by enabling more precise
targeting, personalization, and optimization of efforts. Al algorithms can analyze user data to create
highly granular segments, predicting which users are most likely to adopt new innovations and
what messaging will resonate best with each group (Kumar et al., 2019).

Al systems can continuously learn and adapt based on real-world results, refining strategies
over time for maximum effectiveness. For instance, AI can optimize implementation strategies
in real-time based on demand patterns and individual user preferences (Ettl et al., 2019AI in
Scaling Innovations

Al is playing an increasingly crucial role in scaling innovations by optimizing operations,
predicting demand, and managing complex supply chains. Machine learning algorithms can
analyze historical data and market trends to forecast demand for new products or services, helping
organizations scale production efficiently (Carbonneau et al., 2008). Al optimizes organizations’
ability to scale.

Al-powered systems can optimize inventory levels, logistics, and production schedules in real-
time, ensuring that scaling efforts are smooth and cost-effective. Toorajipour et al., (2021)
highlight the potential of Al to significantly improve efficiency and responsiveness in scaling
operations.

Furthermore, Al can assist in managing the organizational challenges that come with rapid scaling,
such as identifying bottlenecks in processes or predicting where additional resources might be
needed. For example, in software innovations, Al can automatically scale cloud infrastructure
based on usage patterns, ensuring optimal performance as user numbers grow (Guo et al., 2012).
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The role of Al in scaling innovations is particularly evident in the manufacturing sector. Lee et al.,
(2018) describe how Al-powered systems in smart factories can adapt production processes in real-
time based on demand fluctuations, quality control data, and supply chain disruptions. This level
of adaptability is crucial for efficiently scaling production of innovative products. Moreover, Al is
increasingly being used to manage the human aspects of scaling. For instance, Tambe et al., (2019)
discuss how Al-powered HR systems can help organizations rapidly identify and acquire the talent
needed to support scaling efforts. These systems can analyze skills gaps, predict future talent needs,
and even assist in the recruitment and onboarding processes.

The integration of Al and ML implementation efforts represents a significant leap forward in how
organizations execute and grow their innovations. By leveraging these technologies, companies
can respond more swiftly and scale more efficiently. As these technologies continue to evolve,
their impact on innovation execution is likely to grow, potentially reshaping entire industries and
market landscapes.

Challenges and Ethical Considerations
Data Privacy and Security Concerns

The integration of Al into innovation processes raises significant concerns about data privacy and
security (Shahriar et al., 2023). Al systems often require vast amounts of data to function
effectively, which may include sensitive information about employees or proprietary company
processes. This is particularly true when using Al to search for potential internal and external
advocates for an innovation. Ensuring the protection of this data from breaches or misuse is crucial.
The selection of an Al tool becomes a critical element as some tools retain data internally making
accessible only to the user who entered it while others make all data and searches part of the
repository of learned information and allow unrestricted access to this information. Moreover,
there are ethical considerations about the extent of data collection and analysis, particularly when
it comes to employee monitoring. This is an ongoing debate. Users of Al for innovation should
consider common principles of data ethics when making decisions (Cote, 2021). In addition,
organizations must navigate complex regulatory landscapes, such as the General Data Protection
Regulation (GDPR) in Europe, which place strict requirements on data handling and processing.
Balancing the need for data to fuel Al systems with the imperative to protect individual privacy
rights is a significant challenge that requires ongoing attention. As noted by Iacob (2021), however,
it a not the definition of “right” that should change as we update ethical principles to address new
technologies.

Future Directions- Discussion

Although the potential benefits of employing Al in new product innovation is quite significant, as
of 2023 only 13% of firms globally have embraced this technology (Chui et el., 2023). While
technologists often assume AI adoption will occur organically, organizations encounter
challenges including resource constraints, compensation structures, technical limitations,
leadership alignment, cultural resistance, risk aversion, and insufficient organizational

10
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support. Employment of the STAR model will help to minimize the internal barriers often
associated with technology adoption.

The Need for Human Innovators

Despite the anticipated rise of Al, human innovators remain integral to the STAR model (Berman
et al., 2024). Humans need to develop prototypes, assess and re-develop product ideas and secure
advocates both inside the organization and with external shareholders. Simply stated, Al enhances,
but does not replace, the creative and strategic insights that humans bring to innovation. As Al
takes over data-heavy and repetitive tasks, it struggles to imitate creative endeavors and
complicated decision making (Farhan, 2023). As such, the role of human innovators working with
Al systems will continue to focus on higher-level strategic thinking, creativity, and decision-
making. Innovators will increasingly focus on ethics, cultural understanding, and leadership,
guiding Al-enhanced systems to ensure that new products and services align with human values
and societal needs.

Emerging AI Technologies and Their Potential Impact on Innovation

Emerging technologies like quantum computing have the potential to dramatically enhance Al's
processing power, enabling even more complex simulations and predictive models (Hadap & Patil,
2024) in the THINK and Run phases. The development of more sophisticated natural language
processing and generation models, like GPT-4 and its successors, could transform how ideas are
generated and communicated in the THINK and Advocate phases. Advances in explainable Al
(XAI) could make Al decision-making processes more transparent, potentially increasing trust and
adoption in all phases of the STAR model. Furthermore, the integration of Al with other emerging
technologies like blockchain and the Internet of Things (IoT) could create new possibilities for
decentralized innovation processes and real-time market feedback. As these technologies mature,
organizations will need to continuously adapt their innovation processes to leverage these new
capabilities effectively.

11



Journal of Business Management & Innovation (JBMI Insight). Vol (2), Issue 1, Pg. 1-17

References

Aguilar, F. J.  (1967). Scanning the business environment. = Macmillan.
https://books.google.com/books?id=sn EAAAAIAAJ

Alslaity, A., & Orji, R. (2024). Machine learning techniques for emotion detection and sentiment
analysis: Current state challenges and future directions. Behaviour & Information
Technology, 43(1), 139-164. https://doi.org/10.1080/0144929X.2022.2156387

Aristodemou, L., & Tietze, F. (2018). The state-of-the-art on intellectual property analytics (IPA):
A literature review on artificial intelligence, machine learning, and deep learning methods
for analyzing intellectual property (IP) data. World Patent Information, 55, 37-51.
https://doi.org/10.1016/j.wpi.2018.07.002

Argyle, L. P., Busby, E., Gubler, J., Bail, C., Howe, T., Rytting, C., & Wingate, D. (2023). A/ chat
assistants can improve conversations about divisive topics. Cornell University Arxiv.
https://doi.org/10.48550/arXiv.2302.07268

Balducci, B., & Marinova, D. (2018). Unstructured data in marketing. Journal of the Academy of
Marketing Science, 46(4), 557-590. https://doi.org/10.1007/s11747-018-0581-x

Batarseh, F. A., Ghassib, 1., Chong, D. S., & Su, P. H. (2023). Preventive healthcare policies in the
US: Solutions for disease management using big data analytics. Journal of Big Data, 7(1).
https://doi.org/10.1186/s40537-020-00315-8

Berman, R., Markette, N., Vera, R., & Gehle, T. (2024). STAR: A universal repeatable strategic
model of corporate innovation for industry domination. International Journal of Advanced
Computer Science and Applications, 15(9).
https://doi.org/10.14569/1JACSA.2024.0150903

Bhatnagar, A., & Bhatia, M. (2021). A sentiment analysis-based approach for customer
segmentation. Recent Patents on Engineering, 16(2).
https://doi.org/10.2174/1872212115666210122161605

Bilgram, V. & Laarmann, F.(2023). Accelerating innovation with generative AIO: Al-augmented
digital prototyping and innovation methods. IEEE Engineering Management Review,
51(2), 18-25. https://doi.org/10.1109/EMR.2023.3272799

Campbell, C., Sands, S., Ferraro, C., Tsao, H., & Mavrommatis, A. (2020). From data to action:
How marketers can leverage Al. Business Horizons, 63(2), 227-243.
https://doi.org/10.1016/j.bushor.2019.12.002

12



Journal of Business Management & Innovation (JBMI Insight). Vol (2), Issue 1, Pg. 1-17

Carbonneau, R., Laframboise, K., & Vahidov, R. (2008). Application of machine learning
techniques for supply chain demand forecasting. European Journal of Operational
Research, 184(3), 1140-1154. https://doi.org/10.1016/.ejor.2006.12.004

Chan, H. K., Wang, X., Lacka, E., & Zhang, M. (2016). A mixed-method approach to extracting
the value of social media data. Production and Operations Management, 25(3), 568-583.
https://doi.org/10.1111/poms.12390

Choti, J. (2020). Identification of time-evolving product opportunities via social media mining.
Technology Forecasting and Social Change, 156.
https://doi.org/10.1016/j.techfore.2020.120045

Christensen, K., Nerskov, S., Frederiksen, L., & Scholderer, J. (2017). In search of new product
ideas: Identifying ideas in online communities by machine learning and text mining.
Creativity and Innovation Management, 26(1), 17-30. https://doi.org/10.1111/caim.12202

Cioffi, R., Travaglioni, M., Piscitelli, G., Petrillo, A., & De Felice, F. (2020). Artificial intelligence
and machine learning applications in smart production: Progress, trends, and directions.
Sustainability, 12(2), 492. https://doi.org/10.3390/su12020492

Chui, M., Yee, L., Hall, B., Singla, A., & Sukharevsky, A. (2023). The state of Al in 2023:
Generative Al'’s breakout year. McKinsey.
https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai-in-
2023-generative-Als-breakout-year#/

Cillo, P., & Rubera, G. (2024). Generative Al in innovation and marketing processes: A roadmap
of research opportunities. Journal of the Academy of Marketing Science, 1-18.
https://doi.org/10.1007/s11747-024-01044-7

Cole, E., & Short, C. (2023). The artificially intelligent entrepreneur: ChatGPT, prompt
engineering, and entrepreneurial rhetoric creation. Journal of Business Venturing Insights,
19. https://doi.org/10.1016/;.jbvi.2023.e00388

Cooper, R. (1990). Stage-gate systems: A new tool for managing new products. Business Horizons,
33(3), 44-54. https://doi.org/10.1016/0007-6813(90)90040-1

Cooper, R. (2024). The Al transformation of production innovation. Industrial Marketing
Management, 119, 62-74. https://doi.org/10.1016/j.indmarman.2024.03.008

13



Journal of Business Management & Innovation (JBMI Insight). Vol (2), Issue 1, Pg. 1-17

Cote, C. (2021, March 16). 5 principles of data ethics for business. Harvard Business School
Online. https://online.hbs.edu/blog/post/data-ethics

C Sharmila, R., Padmashree, P., & Sahana, B. (2014). Role of artificial intelligence in workforce
management: an overview of its benefits. International Journal of Multidisciplinary
Research, 6(2). https://doi.org/gtsg8d

Ding, T., & Pan, S. (2016). Personalized emphasis framing for persuasive message generation.

Cornell University Arxiv. https://doi.org/10.48550/arXiv.1607.08898

Dreisbach, C., Koleck, T., Bourne, P.E., & Bakken, S. (2019). A systematic review of natural
language processing and text mining of symptoms from electronic patient-authored text
data.  [International  Journal  of  Medical  Informatics, 125, 37-46.
https://doi.org/10.1016/j.ijmedinf.2019.02.008

Eapen, T. T., Finkenstadt, D. J., Folk, J., & Venkataswamy, L. (2023). How generative Al can
augment human creativity: Use it to promote divergent thinking. Harvard Business Review,

101(4), 56-64. https://hbr.org/2023/07/how-generative-ai-can-augment-human-creativity

Ettl, M., Harsha, P., Papush, A., & Perakis, G. (2019). A data-driven approach to personalized
bundle pricing and recommendation. Manufacturing & Service Operations Management,
21(3), 482-499. https://doi.org/10.1287/msom.2018.0756

Farhan, A. (2023). The impact of artificial intelligence on human workers. Journal of
Communication and Education, 17(2). https://doi.org/10.58217/joce-ip.v17i12.350

Feng, Y. (2024). Digital transformation and organizational restructuring: assessing the impact of
artificial intelligence on organizational innovation. Journal of Systems and Management
Sciences, 14(2) 339-354. https://doi.org/10.33168/JSMS.2024.0221

Fitzgerald, M., Kruschwitz, N., Bonnet, D., & Welch, M. (2014). Embracing digital technology: A
new strategic imperative. MIT Sloan Management Review, 55(2), 1-12.

Guo, T., Sharma, U., Wood, T., Sahu, S., & Shenoy, P. (2012). Seagull: Intelligent cloud bursting
for enterprise applications. In 2018 USENIX Annual Technical Conference (pp. 479-492).

Hadap, S., & Patil, M. (2024). Quantum computing in artificial intelligence: A paradigm shift.
International Journal of Advanced Research in Science, Communication and Technology

(IJARSCT), 4(3), 530-534. https://doi.org/10.48175/ijarsct-18957

14



Journal of Business Management & Innovation (JBMI Insight). Vol (2), Issue 1, Pg. 1-17

Hoflinger, P. J., Nagel, C., & Sandner, P. (2018). Reputation for technological innovation: Does it
actually cohere with innovative activity? Journal of Innovation & Knowledge, 3(1), 26-39.
https://doi.org/10.1016/5.jik.2017.08.002

Huang, X., Yang, F., Zheng, J., Feng, C., & Zhang, L. (2023). Personalized human resource
management via HR analytics and artificial intelligence: theory and implications. Asia
Pacific Management Review, 28(4), 598-610. https://doi.org/10.1016/j.apmrv.2023.04.004

Tacob, A. (2021). Study on ethics and integrity in the use of big data in analysis and research.
Ovidius  University  Annals:  Economic  Sciences  Series, XXI(1), 772-781.
https://doi.org/10.61801/OUAESS.2021.1.107

Kok, J. N. (2009). Artificial intelligence. Oxford, UK: Eolss Publishers.

Kumar, V., Rajan, B., Venkatesan, R., & Lecinski, J. (2019). Understanding the role of artificial
intelligence in personalized engagement marketing. California Management Review, 61(4),
135-155. https://doi.org/10.1177/0008125619859317

Lee, J., Davari, H., Singh, J., & Pandhare, V. (2018). Industrial artificial intelligence for industry
4.0-based  manufacturing  systems.  Manufacturing  Letters, 18,  20-23.
https://doi.org/10.1016/j.mfglet.2018.09.002

Ley, T., & Albert, D. (2003). Identifying employee competencies in dynamic work domains:
Methodological considerations and a case study. Journal of Universal Computer Science,
9(12), 1500-1518.

Lo, L. S. (2023). The art and science of prompt engineering: A new literacy in the information age.
Internet Reference Services Quarterly, 27(4), 203-210.
https://doi.org/10.1080/10875301.2023.2227621

Loh, C, Wei, S., Phua, C. Mohd, A, Tan, A, & Seow, K. (2022). Nacelle: Knowledge graph-based
conversational Al for skills gap analysis to achieve sustainable learning at workplace.
Proceedings of 2" International Conference on Artificial Intelligence: Advances and
Applications, 359-371. https://doi.org/10.1007/978-981-16-6332-1 31

Liu, X., Shin, H., & Burns, A. C. (2021). Examining the impact of luxury brand's social media
marketing on customer engagement: Using big data analytics and natural language
processing. Journal of Business Research, 125, 815-826.
https://doi.org/10.1016/j.jbusres.2019.04.042

15



Journal of Business Management & Innovation (JBMI Insight). Vol (2), Issue 1, Pg. 1-17

Ma, L., & Sun, B. (2020). Machine learning and Al in marketing—Connecting computing power to
human insights. International Journal of Research in Marketing, 37(3), 481-504.
https://doi.org/10.1016/j.ijresmar.2020.04.005

Mani, V., Delgado, C., Hazen, B. T., & Patel, P. (2017). Mitigating supply chain risk via
sustainability using big data analytics: Evidence from the manufacturing supply chain.
Sustainability, 9(4). https://doi.org/10.3390/su9040608

Marrone, A. (2023). Optimizing Product Development and Innovation Processes with Artificial
Intelligence. [Doctoral dissertation, Politecnico di Torino].

Mdhlalose, D. (2024). An examination of employee rewards and work environment on employee
creativity and innovation. SEISENSE Journal of Management, 7(1), 21-34.
https://journal.seisense.com/jom/article/view/96 1

Mikalef, P., Fjortoft, S. O., & Torvatn, H. Y. (2019). Artificial intelligence in the public sector: A
study of challenges and opportunities for Norwegian municipalities [Paper Presentation].
Conference on e-Business, e-Services, and e-Society, Trondheim, Norway.

Ogundipe, D., Babatunde, S., & Abaku, E. (2024). Al and product management: A theoretical
overview from idea to market. International Journal of Management and Entrepreneurship
Research, 6(3) 950-969. https://doi.org/10.51594/ijmer.v613.965

Retelny, D., Robaszkiewicz, S., To, A., Lasecki, W. S., Patel, J., Doshi, T., Valentine, M., &
Bernstein, M. S. (2014). Expert crowdsourcing with flash teams. Proceedings of the 27th
Annual ACM Symposium on User Interface Software and Technology, 75-85.
https://doi.org/10.1145/2642918.2647409

Sahoo, S., Kumar, S., Donthu, N., & Singh, A. K. (2024). Artificial intelligence capabilities, open
innovation, and business performance: Empirical insights from multinational B2B
companies. Industrial Marketing Management, 117, 28-41.
https://doi.org/10.1016/j.indmarman.2023.12.008

Shahriar, S.,Allana, S., Hazratifard, S., & Dara, R. (2023). A survey of privacy risks and mitigation
strategies in the artificial intelligence life cycle. IEEE Access, 11, 61829-61854.
https://doi.org/10.1109/ACCESS.2023.3287195

Sharma, A., & Kumar, V. (2023). Machine learning prospects: Insights for social media data
mining and analytics. International Journal of Innovative Research in Computer Science

& Technology (IJIRCST), 11(3), 12-19. https://doi.org/10.55524/ijircst.2023.11.3.3

16



Journal of Business Management & Innovation (JBMI Insight). Vol (2), Issue 1, Pg. 1-17

Schleith, J., Norkute, M., Mikhail, M., & Tsar, D. (2022). Cognitive strategy prompts: Creativity
triggers for human centered Al opportunity detection. Proceedings of the 14™ Conference
on Creativity and Cognition. https://doi.org/10.1145/3527927.3532808

Sivarajah, U., Kamal, M. M., Irani, Z., & Weerakkody, V. (2017). Critical analysis of big data
challenges and analytical methods. Journal of Business Research, 70, 263-286.
https://doi.org/10.1016/j.jbusres.2016.08.001

Sziklai, B. R., & Lengyel, B. (2022). Finding early adopters of innovation in social network.
Cornell University Arxiv. https://doi.org/10.48550/arXiv.2210.13907

Tambe, P., Cappelli, P., & Yakubovich, V. (2019). Artificial intelligence in human resources
management: Challenges and a path forward. California Management Review, 61(4), 15-
42. https://doi.org/10.1177/0008125619867910

Tian, T, Ze hui, L.,Huang, Z., & Tang, Y (2024). Enhancing organizational performance:
harnessing Al and NLP for user feedback analysis in product development. Journal of
Academy of Business Economics, 24(1), 145-159. https://doi.org/10.18374/jabe-24-1.11

Toorajipour, R., Sohrabpour, V., Nazarpour, A., Oghazi, P., & Fischl, M. (2021). Artificial
intelligence in supply chain management: A systematic literature review. Journal of
Business Research, 122, 502-517. https://doi.org/10.1016/j.jbusres.2020.09.009

Venters, C, & Mikkilineni, R, (2020). Representation and Evolution of Knowledge Structures to
Detect Anomalies in Financial Statements. 2020 IEEE 29th International Conference on
Enabling Technologies: Infrastructure for Collaborative Enterprises (WETICE), 58-63.
https://doi.org/10.1109/WETICE49692.2020.00020

Wamba, S. F., Gunasekaran, A., Akter, S., Ren, S. J. F., Dubey, R., & Childe, S.J. (2017). Big data
analytics and firm performance: Effects of dynamic capabilities. Journal of Business
Research, 70, 356-365. https://doi.org/10.1016/].jbusres.2016.08.009

Westerski, A., Dalamagas, T., & Iglesias, C. A. (2013). Classifying and comparing community
innovation in Idea Management Systems. Decision Support Systems, 54(3), 1316-1326.
https://doi.org/10.1016/j.dss.2012.12.004

Yams, N., Richardson, V., Shubina, E., & Gillblad, D. (2020). Integrated Al and innovation
management: The beginning of a beautiful friendship. Technology Innovation Management

Review, 10(11). https://doi.org/10.22215/timreview/1399

17



