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Abstract 

This study investigates the relationship between artificial intelligence (AI) adoption and 

organizational innovation in UAE-based technology firms, with organizational agility examined 

as a mediating factor. Grounded in the Resource-Based View (RBV), Dynamic Capabilities 

Theory (DCT), and Contingency Theory, the research conceptualizes AI not merely as a 

technological tool but as a strategic capability that can transform how firms innovate and adapt in 

dynamic markets. Using a quantitative research design and data collected from a diverse sample 

of technology firms, the study assessed AI adoption through three dimensions—machine learning, 

automation, and data analytics—while organizational innovation was analyzed across product, 

process, and strategic domains. The findings reveal a significant positive relationship between AI 

adoption and organizational innovation, both directly and indirectly via organizational agility, 

underscoring agility’s critical role in translating AI-driven insights into actionable outcomes. 

Moreover, the results highlight that contextual factors such as firm size, years of operation, and 

employee role influence perceptions of AI’s impact, suggesting that adoption strategies must be 

tailored to organizational realities. The study contributes theoretically by integrating multiple 

perspectives to explain AI-enabled innovation and offers practical insights for firms and 

policymakers to strengthen AI integration, workforce readiness, and innovation ecosystems. 

Keywords: Artificial intelligence adoption, organizational innovation, organizational agility, 

UAE technology firms, machine learning, automation, data analytics, innovation strategy, 

dynamic capabilities, resource-based view. 
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Chapter one: Introduction 

1.1 Introduction 

Artificial Intelligence naturally falls up their managerial dynamics at the current standards of 

innovation across the globe and this is the wave that United Arab Emirates is leading. The UAE 

welcomed AI as a major pillar for socio-economic development within its national vision pillars 

towards knowledge-based economic transformation. Such strategic positioning is well 

encapsulated in the country’s AI strategy and increasing adoption of AI systems among public and 

private entities (Akhoirshieda & Ku Khalif, 2024). On such account, there exists an alteration- a 

semantic perception revolution about AI: it is not viewed anymore to be a trivial appendage 

element of technology but rather as a core aspect restructuring levels of creativities in developing 

products and services delivered to markets. This means that so far, much more than mere 

automation has been enabled by artificial intelligence within tech firms in UAE; for instance, 

predictive analytics, personalized customer engagement as well as intelligent decision-making 

frameworks have been made possible. 

The road to successful AI adoption in the UAE is highly complex and nuanced. As noted by 

Hirzallah and Alshurideh (2023), organizational readiness, top management support, regulatory 

environment, and technological infrastructure are some of the internal and external factors that 

play a very significant role in the infusion of AI successfully. More specifically, it is data 

governance, employee resistance, and skills gap within technological firms that interrupt the 
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relationship between capabilities brought about by AI and innovations resulting from it. The UAE 

has a very specific contextual setting in which such intervening variables are influenced by fast 

digital transformation agendas, government innovation mandates, and international 

competitiveness objectives. Thus, local determinants of AI adoption must first be understood 

before an accurate assessment of its impact on organizational innovation can be carried out. 

The conceptual relationship between AI and organizational innovation is cantered on the fact 

that AI can support new knowledge creation and more effective decision-making. Ahmed (2024) 

explained that artificial intelligence tools promote organizational justice and efficiency in project 

performance, which ultimately supports the sustenance of innovation through collaboration and 

equitable structures. For technology companies, novelty relates to trying different approaches, 

learning from them, and making changes based on insights—capabilities well-supported by data-

driven systems like those powered by artificial intelligence. Be it the development of products or 

services or internal operations, AI facilitates continuous improvement loops as well as the dynamic 

capabilities that innovative firms are known for. 

In the UAE, AI-driven innovation is highly relevant in technology-based industries where 

organizations need to stay competitively dynamic on a global scale and meet new demands of 

customers. According to Ahmad et al. (2021), machine learning applications in the UAE are 

increasingly used to discover patterns of consumer behaviour for allocation optimization as well 

as market trend prediction—activities related to sustaining innovation. Such insights redefine not 
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only leading-edge solution development but also strategic planning and execution at the 

organization level. The local entrepreneurial landscape has further mirrored this trend with AI-

based platforms validating agile business models and innovation hubs throughout the Emirates. 

Macro and geopolitical backgrounds put the U.A.E. in a friendly environment for AI-driven 

transformation, as Parcero and Ryan (2024) note that massive investments in AI research, digital 

infrastructure, and human capital development place the country parallel with global innovation 

leaders. The Artificial Intelligence National Program and other related policies signify long-term 

perspectives of embedding AI into the main fabrics of economic activities. This would provide 

companies with a future-oriented environment to adopt and test AI not merely as an experiment 

but rather as a strategic asset; technology firms, particularly this wave of change is supposed to 

lead will sync their innovation strategies with national objectives. 

With the strategic positioning of AI and its practical capability at the level of innovation, it 

becomes pertinent to empirically discuss how these technologies are shaping organizational 

innovation within technology firms across UAE. General trends have been smartly gathered from 

existing literature but focusing on this segment through a particular empirical study will bring us 

much closer to filling in that important knowledge gap regarding practical output and 

organizational behaviours. Therefore, this paper is set with a view of informing the current debate 

on ‘to what extent, through what mechanisms, and under what conditions does AI increase 
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innovation performance?’, by offering discoverable insights for managers, policymakers, and 

researchers. 

1.2 Background of the Study 

The advent of artificial intelligence (AI) has brought about a paradigm shift in the innovation 

foundation that begins with ideation and runs through collaboration to strategic implementation. 

What used to be an added support through technological advancement, is now a transformative 

force inculcated within the heart of the organizational process across industries. Particularly, 

technology companies are undergoing very basic changes to their innovation processes because 

generative AI systems now support not only the creativity process but also enhance performance 

on the part of innovation teams (Gindert & Müller, 2024). This increasing application of AI in 

organizations is indicative of a general tendency for higher reliance on facts and intelligence as 

speed and agility in innovation practices. 

The acceleration of AI adoption in enterprises has led scholars and practitioners to explore its 

multifaceted impact on organizational outcomes. Bawack, Wamba, and Carillo (2021) provide a 

comprehensive framework for understanding how AI research is structured in practice, 

emphasizing the convergence between technological potential and real-world business 

applications. Their findings reveal that successful AI integration requires not only technical 

infrastructure but also an organizational mindset that embraces experimentation, learning, and 

strategic agility. As such, AI's influence on organizational innovation extends beyond automation 
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or analytics—it reshapes how firms conceptualize problems, explore opportunities, and allocate 

creative resources. 

Organizational agility mediates the relationship between AI assimilation and firm 

performance. Agility is considered by Wamba (2022) as a critical pathway through which value 

can be extracted from AI, noting that agile structures facilitate the attainment of innovative 

outcomes supported by AI. Artificial Intelligence supports the quick adjustment of firms to market 

dynamics including continuous feedback loops thus enabling firms to move from reactive to 

proactive innovation strategies. In technology firms where competitive advantage is majorly based 

on time-to-market and product differentiation, such agility does not fall within the purview of 

options but survival and success imperatives in a digitally dominated environment. 

Equally important is the human aspect of the integration of artificial intelligence, particularly 

concerning workforce metamorphosis and knowledge advancement. As noted in Elsevier’s (2023) 

report, human resource operations are one area that AI recalibrates by instituting keen recruitment 

processes, employee involvement, and competence appraisal frameworks. This directly influences 

organizational innovation since organizations thoroughly exploit internal activities through AI to 

nurture even more creative, proactive, and flexible human resources. With collaborative and multi-

departmental creativity on the rise, such AI-enhanced HRM structures help bring together and 

control different dynamic groups who build upon and carry out pioneering thoughts. 
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Practices in Responsible AI have taken the front lead, particularly in those sectors where ethics, 

transparency, and trust are core elements of innovation. It is by this that Wamba and Queiroz 

(2023) argue that responsible AI goes beyond merely a compliance issue to strategically 

differentiate its quality of innovation and impact on society. This illustrates increased pressure on 

technology firms to fulfil such principles when developing innovations driven by artificial 

intelligence. That takes the level further for investment as part of the process whereby not only 

new products or services are involved but also long-term value creation as well as resilience under 

uncertainty. 

From a practical point of view, recent applied studies shed light on the real possibilities that 

AI can bring into organizational development and capacity building for innovation. A quantitative 

study carried out in 2023 and published in the Journal of Leadership & Organizational Studies 

affirms that AI adoption contributes to restructuring organizations structurally and culturally as 

well as enhancing decision-making processes at various levels through real-time monitoring of 

performance and cross-departmental collaborations. Such outcomes make great sense within the 

context of UAE ambitions toward being an international hub for artificial intelligence where 

technological firms are strongly urged to assume leading roles in innovation-led economic growth. 

Therefore, it makes academic sense to understand in detail the dynamic relationship between 

artificial intelligence deployment and organizational innovation. 

 



  

 
 

 
 

12 
 

1.3 Problem Statement 

Even though growing global discourses position artificial intelligence as a spur to innovation 

within organizations, empirical studies about the interplay between these variables in the context 

of technology firms in the United Arab Emirates are scanty. Though increasing adoption of AI 

across varying sectors represents accelerating diffusion, scant studies detail how these 

technologies influence outputs in culturally and structurally unique environments such as the UAE. 

Systematic reviews by Science Direct (2024) underscore fragmented pockets of inquiry about AIs 

concerning contexts of innovation; they have particularly highlighted an absence of region-

specific, sector-oriented investigations. While innovation has often been articulated as an outcome 

of adopting AI, the actual path through which AI capabilities are channelled into creative 

processes, novel products, and dynamic strategies remains obscure. This disjunction creates a 

pressing need to investigate not only whether AI fosters innovation in UAE firms, but also under 

what organizational, technological, and cultural conditions such impacts are optimized. 

The complexity increases when it gets to the discussion of organizational agility and structural 

readiness because these two have proven significant mediators of the effect of AI on innovation. 

As per the Journal of Business Research (ScienceDirect, 2024), an assumption that mere adoption 

of AI technologies will lead to or ensure innovation is challenged by the need for agile and adaptive 

organizational systems in place to be leveraged effectively by these technologies. Precisely, it is a 

challenge that has always characterized technology firms operating within conservative or semi-
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regulated industries because rigid hierarchies, limited data integration, and cautious leadership are 

always in place to block the path for innovation even when advanced tools on AI might be present. 

Also, even though studies like the one published by Emerald (2022) show a positive link between 

AI abilities and organizational creativity, most public and private groups do not have the needed 

absorptive capacity to add AI into dynamic innovation processes. The UAE's drive for digital 

change makes this gap even wider because firms get stuck between high plans for AI and a slow 

internal change process. 

Besides structural and strategic causes, human and behavioural factors further compound the 

challenges of making AI work effectively with organizational innovation initiatives. Gelary, Soni, 

and Nisa (2023) found in UAE accounting practice that workers perpetuate resistance toward 

embracing AI due to fears about job displacement, inadequate training, and unclear value 

propositions. This corroborates what ResearchGate (2023) had earlier discovered: though AI 

enhances customer experiences in eCommerce, there is little knowledge regarding how internal 

innovation capabilities develop concomitantly. Analysis Data (2024) makes an equivalent 

observation that even as AI heightens entrepreneurial results through real-time insights and 

solutions at scale, such technologies' successes are still largely reliant on a corresponding 

experimental and transformative culture within organizations. This puts forth the notion that the 

real problem does not emanate from access to AI technologies but rather involves the preparedness, 

willingness, and structural capacity of firms—to transform such capabilities into sustained 
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measurable innovation. This is what this study will try to cover by empirically assessing the impact 

that AI has on organizational innovation in technology firms based in the UAE, including 

identifying enablers as well as inhibitors of this relationship. 

1.4 Research Objectives 

1. To examine the extent of artificial intelligence adoption in technology firms operating 

within the United Arab Emirates. 

2. To analyze the impact of artificial intelligence on various dimensions of organizational 

innovation, including product, process, and strategic innovation. 

3. To assess the mediating role of organizational agility in the relationship between AI 

adoption and innovation outcomes. 

4. To identify the key internal and external factors influencing the successful integration 

of AI into innovation processes within UAE technology firms. 

5. To provide evidence-based recommendations for enhancing AI-driven innovation 

performance in the UAE’s technology sector. 
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1.5 Research Questions 

1. To what extent have technology firms in the United Arab Emirates adopted artificial 

intelligence? 

2. How does artificial intelligence impact different dimensions of organizational 

innovation, such as product, process, and strategic innovation? 

3. What is the mediating role of organizational agility in the relationship between AI 

adoption and innovation outcomes? 

4. What are the key internal and external factors influencing the successful integration of 

AI into innovative processes in UAE technology firms? 

5. What strategies can be recommended to enhance AI-driven innovation performance in 

the UAE’s technology sector? 

1.6 Hypotheses Development 

▪ H1: There is a statistically significant positive relationship between artificial 

intelligence adoption (independent variable) and organizational innovation (dependent 

variable) in technology firms in the United Arab Emirates. 

▪ H2: There are statistically significant differences in the perceived impact of artificial 

intelligence on organizational innovation based on demographic characteristics such as 

firm size, years of operation, and employee role. 
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▪ H3: Organizational agility mediates the relationship between artificial intelligence 

adoption and organizational innovation in UAE-based technology firms. 

 

1.7 Significance of the Study 

The increasing use of artificial intelligence does pose a very pertinent question about its role 

in the innovation of organizations. As technology keeps developing an intelligent aspect, firms are 

pressurized to use AI not only for mere efficiency but to generate creative value-adding innovation. 

Implementation of such perspectives is highly required in the United Arab Emirates since a 

national strategy is propelled that places aim at placing AI as a fundamental element within 

activities towards economic transformation and international competition. Therefore, it matters 

how artificial intelligence impacts the creativity of technological companies based in UAE for 

larger narratives regarding aspects such as Future Work Agendas, Digital Transformation, or 

Sustainable Development. 

In theory, this work adds to academic literature by probing the meeting point between AI and 

organizational innovation within one specific region and sectoral setting. While earlier works 

noted the impacts of AI on firm performance and agility, even fewer have empirically discussed 

how different aspects of AI affect different types of innovation—product, process, and strategic—

towards emerging economies. Organizational agility as a mediating variable also helps further 

develop theoretical models that link technological capability with innovation performance. 
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In practical terms, this study shares valuable insights with business leaders, policymakers, and 

technology practitioners inside and outside the UAE. The findings guide firms to adjust their AI 

investment and innovation strategies appropriately. It brought out major organizational and 

demographic factors that could play a role in channelling the effectiveness of AI; hence, companies 

can channel their implementation plans correctly. Above all, these results may inspire solid 

National Innovation Agendas and Digital Transformation Policies directed toward placing the 

country's technology sector among the most competitive ones. 

1.8 Scope and Delimitations of the Study 

This study shall henceforth explore the influence that artificial intelligence has over 

organizational innovation in technology firms based within the United Arab Emirates. The scope 

is restricted to organizations that are actively implementing or utilizing AI technologies- be it 

machine learning, automation, or data analytics as part of their operations, product development, 

or even strategic planning. It only covers managerial and professional staff who have a direct 

bearing on technology and innovation-related functions. 

This study used a quantitative method, therefore using structured questionnaires that were to 

be administered to selected respondents who worked in different technology firms. Three 

dimensions of organizational innovation have been conceptualized as product innovation, process 

innovation, and strategic innovation, and how different capabilities of AI can influence these 
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dimensions has been probed. This study also conceptualized organizational agility as a possible 

intervening variable in the relationship between AI adoption and innovation outcomes. 

This study is by the context of the UAE; hence major findings may not be generalized to other 

contexts or sectors. Other digital transformation technologies apart from AI, for example, 

blockchain or IoT have not been included in the current study. The current research also left out 

non-technology firms and public institutions, besides not considering any longitudinal change over 

time in the implementation of AI. 

Chapter Two: Literature Review 

Rising curiosity about artificial intelligence (AI) and its changing face in contemporary 

organizations has created a large pool of studies on its implications for innovation. Studies dwell 

on how AI technologies foster organizational creativity, support decision-making processes, and 

pave the way for new products and services. This paper thus attempts to review major concepts 

about artificial intelligence (AI) and organizational innovation, relevant theoretical frameworks, 

and recent empirical findings. More importantly, it will try to fish out gaps in research to anchor 

the current study against the background of technologically oriented firms in the United Arab 

Emirates. 
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2.1 Concept and Evolution of Artificial Intelligence 

Artificial Intelligence (AI) is the capability of a machine or system to perform those mental 

tasks that are associated with humans, such as learning, reasoning, problem-solving ability, and 

language comprehension. The field was conceived in the 1950s and developed from the syntax-

based approach of early symbolic logic to methodologies that now include machine learning, deep 

learning, and natural language processing. Over time, AI has transformed from an exercise in 

academic theory to practical business application and has found a home across countless industry 

verticals—from healthcare to finance to energy and media. In UAE Artificial intelligence grabbed 

immediate national attention with strategic plans positioning it essentially as part of long-term 

development. Presently, media organizations are aggressively implementing artificial intelligence 

instruments not only for automation but also for content personalization and workflow 

streamlining (Ahmad, 2023). 

Across the world, the evolution of AI is best characterized by a shift from scarcity to 

computational power and data, toward abundance in the age of generative AI and open source. As 

per Krogh et al. (2023), it has significantly democratized access to tools — not just large 

corporations but also academics and startups can tinker with very powerful models. With the 

availability of training datasets, cloud infrastructure, and pre-trained models increasing rapidly, 

penetration of AI into every single industry is happening faster than ever before. However, such 

rapid development brings about new types of uncertainties that compel firms and governments to 
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redefine their strategies regarding strategic planning and innovation processes. Weiser and von 

Krogh (2023) state that traditional models of decision-making are being challenged by AI; thus, 

firms must act in unclear situations caused by constantly changing algorithms. 

National governments have thereby emerged as major players in the future of artificial 

intelligence. The UAE is at the centre of the world map for investment infrastructure, talent, and 

global partnerships in AI. Initiatives were reported by Time and Reuters (2024) to further deep AI 

cooperation with technology giants globally, including United States companies to gain strategic 

advantage and technological sovereignty. Such efforts are beyond mere policy platitudes; they are 

backed by actual large national undertakings and investment arms, and this was detailed by Reuters 

(2024) AI technology has brought value addition of more than $500 million in one year alone. This 

offers concrete evidence about AI's economic impacts when rolled out across such strategic sectors 

as energy. Achieving such milestones places a nation right on the track towards placing 

commitments into operations regarding AI for national competitiveness. 

The UAE’s ambition to be at the forefront of AI innovation is highly facilitated by the fact that 

Abu Dhabi has become a hub for global development in this area. Business Insider (2024) notes 

that presently, the city attracts a lot of AI talent, research institutions, and venture capital leading 

to an AI boom which currently reflects not only governmental ambitions but also maturing AI 

ecosystems within this country. Shrestha et al., 2023 underscore the necessity of developing open-

source artificial intelligence as a primary prerequisite for fostering novelty, cooperation, and 



  

 
 

 
 

21 
 

transparency. The integrated open AI models and platforms found in business and academic 

institutions enable constant enhancement activities that decrease barriers to entry while speeding 

up experimentation. Essentially, what evolves as artificial intelligence from both an international 

perspective and its local application within UAE amounts rather more significantly than just 

another tech trend but involves systemic changes about how creativity is conceived, generated, 

and scaled. 

2.2 Organizational Innovation: Definitions and Models 

Organizational innovation is defined as the implementation of new ideas, processes, structures, 

or products that significantly improve an organization's performance, adaptability, and competitive 

edge. It involves a broad range of changes that could be simple modifications to products or 

fundamental alterations in organizational structure and business models. As von Krogh, Roberson, 

and Gruber (2023) note, innovation today is fundamentally framed by the interaction between 

newly emergent technologies-artificial intelligence prominently-and organizational capacities for 

recognizing and interpreting novel opportunities. They argue that AI does not only expedite 

decision-making and data processing but also transforms the very logic through which 

opportunities can be recognized; thus, opening new fronts for experimentation as well as pushing 

boundaries in innovation. Organizational Innovation here shifts from being perceived as a 

somewhat linear internal process to having dynamic capability equated with continuous learning, 

external sensing, and flexible strategy thinking. 
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Recent studies also tend to frame openness as a core principle in models of organizational 

innovation. Splitter et al. (2023) present openness as an organizing principle allowing cross-

boundary knowledge exchange leading to collaborative ideation and decentralization of decision 

making. This is most important in the AI age because the fruits of innovation rest not solely with 

proprietary systems but largely on the capacity to meld different inputs, be they from open-source 

platforms, partner ecosystems, or customer feedback loops pressed into technological firms. This 

prescription for more rapidly prototyping real-time validating of innovation ideas at broad 

organizational levels challenges somewhat more fundamentally and traditionally based 

assumptions about the domain of high-performing R&D units and instead places it squarely within 

a more distributed process thriving best in transparent, adaptive, networked environments. 

Machine learning, a subcomponent of artificial intelligence is increasingly being perceived as 

an initiator of organizational learning that forms the base for innovation. The concealed patterns it 

allows firms to discover and thereafter optimize their processes and acquire predictive insights at 

the firm level fuel innovation by offering more detailed information regarding market behaviour, 

internal inefficiencies, and emerging trends. However, machine learning cannot be effective in 

stimulating innovation if the organization is not ready in terms of data infrastructure, leadership 

vision, and the requisite skills among employees. In the absence of a supportive environment, no 

matter how advanced the AI systems are, they will not result in meaningful innovation outcomes. 
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The UAE context introduces new dimensions into the study of organizational innovation and 

its integration with AI. Innovating outcomes are institutional, regulatory, and cultural path-

dependent or mediated despite high strides in public sector AI adoption, as noted by Akhoirshieda 

and Ku Khalif (2024). Both internal factors, such as a firm’s technological readiness and 

management support, and external factors through government support and global competition, 

shape the trajectory for innovation in Emirati technology projects’ Hirzallah and Alshurideh 

(2023) have highlighted. Besides, Zhang et al. (2024) posit that the application of Artificial 

Intelligence relates to perceptions of organizational justice and project performance; hence 

innovation is not a mere technical act but rather a socially embedded process. This confirms that 

AI-driven organizational innovation is best understood as a multi-dimensional construct being 

driven by elements of technology, structure, culture, and human interaction. 

2.3 AI and Innovation: Theoretical Linkages 

The intersection of artificial intelligence and organizational innovation is increasingly 

interpreted at the knowledge-based theoretical level, whereby AI is simultaneously applied as a 

tool for knowledge discovery and as a stimulator in creating new knowledge. Machine learning 

techniques represent this relationship in an article by Ahmad, Hermayen, and Bhavani (2021) on 

women in entrepreneurship in the UAE. ML was utilized to surface hidden patterns and actionable 

insights from survey data. Their results explicitly show how expert systems unveil value from 

voluminous and complicated datasets to organizations that can be used in design innovations 
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related to products, services, strategies, etc. Theoretically, therefore, AI innovation increases the 

absorptive capacity of an organization through information about novelties that can be 

commercialized by assimilating and applying it. 

In the broader economic context, AI is seen as a strategic lever in the shift toward knowledge 

economies, especially in nations like the UAE that are investing heavily in digital transformation. 

Parcero and Ryan (2024) emphasize that for countries aspiring to move beyond resource 

dependence, AI-driven innovation is essential for building dynamic, high-value industries. 

Theoretically, this aligns with the resource-based view (RBV) of the firm, which posits that 

sustainable competitive advantage stems from the development and deployment of unique, 

valuable, and inimitable resources. AI, when combined with organizational capabilities, becomes 

such a resource. It supports rapid ideation, intelligent forecasting, and automated decision-

making—features that redefine traditional innovation cycles and enable firms to respond to change 

with greater precision and speed. 

The rise of generative AI deepens the theoretical linkages between AI and innovation through 

change in the way ideas are formed and fine- tuned within organizations. As noted by Gindert and 

Müller (2024), this new artificial intelligence strengthens creative potential by quick and diverse 

ideation processes that it allows innovation teams perform. Based on their findings, business 

organizations using some form of auxiliary tools, such as AI systems, have become more creative 

and attained satisfaction on the quality of output achieved. The sensing, seizing, and 
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transformation opportunities in the innovation process emphasized within dynamic capability 

theories were thereby sensed. These three activities can be supported by teams enabled to probe 

novel problem spaces, select among alternatives effectively and efficiently iterate designs with the 

support of generative AI tools. This thereby contributes theoretically from a strengthened claim 

not as being mere helpers but rather core agents catalysing innovation. 

Also, the role of AI in organizational agility and learning puts it within the theoretical 

framework of innovation. As noted by Wamba (2022) and Wamba & Queiroz (2023), the 

assimilation of AI mediates organizational agility and customer agility to sustain innovation in a 

dynamic environment. Findings from their study suggest that AI helps firms sense changes in 

customer behaviour then internal process adjustments as well as resource reconfiguration parallel 

with time. This is further supported by Bawack, Wamba, and Carillo (2021) who frame a 

conceptual model that can bridge the gap between related research on AI and practice arguing that 

to successfully innovate, there must be an integrated understanding of technology, organization, 

and environment. Theoretical perspective is further strengthened by the study of Elsevier (2023) 

and the article in the Journal of Leadership & Organizational Studies (2023), which shall be 

consolidated to show how Artificial Intelligence impacts human resource practices, culture 

building, and strategic alignment as key enablers of sustaining organizational innovation. These 

theoretical linkages work to affirm that AI does not operate merely as an operational tool but rather 
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serves as a transformative agent redefining the architecture, tempo, and even logic of innovation 

within modern firms. 

2.4 Empirical Studies on AI’s Impact on Innovation 

Empirical studies on the impact of artificial intelligence (AI) on organizational innovation 

highlight an emerging consensus: AI is at the heart of innovation transformations across sectors, 

according to a recent comprehensive review by Technological Forecasting and Social Change 

(ScienceDirect, 2024). The review further notes that new generation AI systems support 

innovation not solely through the automation of mundane tasks but via such higher-order 

capabilities as predictive analytics, real-time decision-making, and speed in product development. 

New tools greatly enhance the ability to create and sharpen innovative ideas within the firm before 

their implementation. However, much like most game-changing technologies, their impacts are 

context-sensitive across different sectors and cultures and varying degrees of technological 

maturity. In turn, this variation calls for place-based research in rapidly developing areas—such 

as the UAE—to locate where AI technologies sit in relation to the process of fostering 

organizational innovation. 

Organizational agility is one of the most tested mediators in empirical studies, and it 

significantly impacts the relationship between AI adoption and innovation outcomes. As noted by 

the Journal of Business Research, firms that successfully integrate AI into their operations often 

exhibit enhanced organizational agility to manage changes in market conditions, customer 
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preferences, or any technological disruption (ScienceDirect, 2024). Thus, organizational agility 

can be seen as a critical innovation enabler in situations where speed and flexibility determine 

competitive advantage mounting pressure on the firms. Supporting this view, the Journal of 

Strategic Information Systems argues that AI capabilities positively affect dynamic capabilities, 

organizational creativity, and performance particularly when public sector organizations are 

digitally transforming (Emerald ,2022). Therefore, innovation is influenced by AI much beyond 

new tools and systems through strategic decision-making and structural adaptability. 

It is in the United Arab Emirates that growing empirical studies are beginning to unveil the 

specific difficulties and openings related to AI-driven innovation. The study of Gelary, Soni, and 

Nisa (2023) on accountants’ perceptions as adopters of AI in UAE companies unveiled a massive 

dynamic where enthusiasm for the potential of AI exists while at the same time substantial 

resistance based on fear from displacement and lack of understanding regarding what strategic 

benefits can be accrued from AI. Echoed also in sentiments from eCommerce businesses is the 

information shared by ResearchGate (2023) expressing that though AI has enhanced customer 

experience and service personalization its effect internally with respect to innovation practices is 

underdeveloped. On a contrary note, however, entrepreneurship AnalysisData (2024) discusses 

that such tools have enabled startups in this region among others within UAE to innovate quicker 

as well as scale operations more effectively. The Journal of Business & Industrial Marketing 

(ScienceDirect, 2023) corroborates this, noting that even the most conservative industries stand to 
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gain from AI-driven transformation if there is a leadership commitment and organizational 

readiness to support such an initiative. In summary, these empirical insights underscore the 

necessity of assessing AI’s impact on innovation across various sectors and within diverse national 

ecosystems thereby providing a justification for conducting a study like this one which focuses on 

technology firms in the UAE. 

2.5 Conceptual Framework 

The conceptual framework of this study arises from the notion that artificial intelligence is a 

strategic enabler of organizational innovation, particularly in fast-transforming economies such as 

what is happening in the UAE. Hence, this framework is contextualized by analysing how 

aggressively net push efforts towards an AI-driven economy reflect national strategies and cross-

border partnerships. For example, as reported by Time and Reuters (2024), to become a global 

leader in AI, the UAE government has committed itself to massive investments in cutting-edge 

technologies and international collaborations—principally with the United States—and 

encourages integration across all sectors. National level efforts of this nature bear a top-down 

impetus on technology firms to discover ways through which AI can be effectively integrated into 

their innovation models. Ahmad (2023) demonstrates that in media firms, AI has ceased to be just 

an added tool but rather becomes part of the operational and creative strategies, thereby redefining 

content development, audience targeting, and general decision-making process. This view 
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supports the argument that AI adoption is a technological and organizational phenomenon and, 

therefore must be studied through a multidimensional lens. 

It also relies on the changed consideration of technological scarcity to abundance, as noted by 

von Krogh et al., 2023. Generative AI models, cloud computing, and open-source platforms have 

substantially lowered the entry barriers for firms to develop and implement these tools into their 

organizations for not only automation but ideation, experimentation, and strategic learning. This 

implies that AI is a resource with transformative capacity at all levels of innovation processes due 

to its availability in abundance. With such abundance comes a new type of strategic uncertainty 

because, according to Weiser and von Krogh (2023), firms are supposed to act under radical 

conditions of unpredictability. Therefore, in such environments AI is not simply an enhancer of 

productivity but rather a dynamic variable that reconfigures how risk is seen across organizations, 

how strategies are developed, and how continuous innovation happens. This dynamic function of 

AI guides the architectural layout of the conceptual framework by placing AI elements—machine 

learning, automation, and data analytics—as independent variables impacting different dimensions 

of organizational innovation. 

Organizational agility sits at the heart of this framework as a mediator, permitting adjustments 

and rearrangements to address opportunities as well as disruptions presented by AI. Agility could 

thus be described as the ability of an organization to understand multifaceted information, alter its 

strategic plans, and marshal internal resources appropriately, that capabilities required in 
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conditions of uncertainty resulting from swift technological change. ADNOC has already proven 

how tangible value can be created through aggregating AI within agile operational frameworks 

which saved huge costs (Reuters, 2024). In this respect, the wave that Abu Dhabi has set up a 

regional centre for AI innovation brought about an ecosystem promoting collective learning 

exercises plus piloting and exchanging technologies as reported by Business Insider (2024). What 

complements such a view is that open-source AI is critical in opening access and speeding up 

cycles of innovation, as noted by Shrestha, von Krogh, and Feuerriegel (2023). Such findings 

integrate to conceptualize a model in which organizational agility mediates the effect of AI 

adoption on product, process, and strategic innovations within the socio-economic and techno- 

logical particularities of the UAE. 

2.6 Research Gap 

Even though the transformational effect of artificial intelligence on organizational operations 

has been extensively discussed in international literature, empirical studies that relate AI adoption 

to organizational innovation are quite scant, particularly within the United Arab Emirates context. 

Most existing works dwell much on aggregate performance results or sectoral efficiency metrics 

and do not provide an in-depth discussion of innovation behaviours that AI enables or informs at 

the level of an organization. For example, notwithstanding the acknowledgment by von Krogh, 

Roberson, and Gruber (2023) that emerging opportunities were being created by AI for innovation 

regarding idea generation and strategy formulation, scant empirical evidence is available on how 

such theoretical opportunities can be translated into actual innovation output, particularly in 
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technology firms found within a digitally ambitious yet regionally specific environment like that 

of the UAE. 

Another major gap is the lack of integrated frameworks analysing both technological and 

organizational enablers of AI-driven innovation. Though Bawack, Wamba, and Carillo (2021) 

propose a multi-level framework relating AI to organization processes, empirical works are 

scattered. For example, machine learning can increase organizational learning leading to a greater 

state of readiness for innovation as indicated by Sturm et al. (2023) but contextual variables 

typically go unstudied. Such variables include national innovation policy, sectoral dynamics, and 

institutional support which research elsewhere has found highly relevant factors in the UAE's state-

led innovation model. When knowledge extracted from datasets by AI is useful as demonstrated 

by Ahmad, Hermayen, and Bhavani (2021), there is no discussion on how such knowledge 

extraction capacity can be built into organizational routines to ensure sustainable innovation 

results. 

Several exploratory or policy-level analyses regarding AI and digital transformation have been 

carried out in the case of the UAE itself, mostly confined to public sector initiatives or 

macroeconomic assessments. For instance, Akhoirshieda and Ku Khalif (2024) performed a 

systematic review on AI in the UAE public sector identifying different governmental applications 

and future trends but did not extend their analysis toward private-sector firms or innovation-

specific outcomes. Another study comes from Parcero and Ryan (2024), who note the strategic 

importance of AI as they assess UAE progress toward attaining a knowledge economy though 

providing very little empirical data on how the adoption of AI affects firm-level innovation 
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capabilities. Hirzallah and Alshurideh (2023) made efforts at bridging this gap by studying the 

factors influencing AI adoption in innovation projects, but again their study majorly concentrates 

on antecedents as opposed to the actual innovation results that come out of integrating AI. There 

is thus a paucity of specifically targeted data-driven research studies that attempt an examination 

of how AI serves as a determinant of innovation within UAE-based technology firms. 

Also, there has not been enough study of the mediating organizational variables like agility, 

openness, and justice in the AI–innovation relationship. Zhang et al. (2024) discussed a 

relationship between AI and organizational justice which therefore impacts project performance 

but did not explicitly discuss innovation as a separate construct. Splitter et al. (2023) recommend 

openness as a guiding principle for ecosystems of innovation based on AI; however, very few 

empirical studies have proven this within firms in the UAE. Gindert and Müller (2024) show that 

generative AI can potentially support idea generation in innovation teams; however, their work is 

conceptual or experimental without any context from the Middle East or GCC. The current study 

seeks to fill these gaps by undertaking a comprehensive empirical study of how different 

dimensions of AI adoption impact organizational innovation in technology firms in the UAE, 

considering key mediating factors, particularly organizational agility. In addition, it contributes 

towards further sharpening of the theory and better practical comprehension of AI-enabled 

innovation within a strategically important regional context. 
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Chapter Three: Literature Review 

This chapter discusses the research methodology used in studying the impact of artificial 

intelligence on organizational innovation among technology firms in the United Arab Emirates. 

Since this study seeks to determine the nature of relationships that exist between specific variables 

and involves hypothesis testing, the quantitative approach has been adopted. This method enables 

the researcher to collect numerical data from selected respondents in an organized and unbiased 

manner thereby facilitating objective analysis aimed at drawing general conclusions as well as 

empirically validating a conceptual framework through appropriate statistical tests. The 

subsequent sections describe the study design, target population together with sampling strategy 

adopted, tools for gathering information as well as methods applied during analysis. 

3.1 Research Design 

This study uses a quantitative research design that would emerge as the most appropriate 

approach to determine the relationships between measurable variables and test hypotheses through 

statistical techniques. This is consistent with the objectives of this study, which aims at establishing 

the effects of artificial intelligence adoption on organizational innovation among technology firms 

in the United Arab Emirates. This paper applies a highly structured and empirical methodology to 

quantify the effect that certain specific AIs such as machine learning, automation, and data 

analytics will have on product, process, and strategic innovation outcomes. The design allows one 
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to collect standardized information ensuring consistency across respondents and eases 

comparability. The quantitative design will also enable one to use advanced statistical tools for 

testing causal relations by incorporating mediators like organizational agility and drawing 

generalizations from a representative sample of technology firms. 

The study is essentially deductive, starting with theoretical constructs gleaned from literature 

and moving on to hypothesis testing based on empirical data. Such a deductive orientation enables 

the conceptualization of a framework and an organized probing into how the variables could be 

related. It is, therefore, perceived that primary data would be obtained by using a structured 

questionnaire designed in such a manner as to capture perceptions and experiences of professionals 

working in technology firms at UAE-based regarding the use of AI by their organization and its 

effect on innovation. Each section of the questionnaire relates to one of the study variables, 

including items from validated scales used earlier in the studies but modified as per local context 

requirements. The tool guarantees the reliability and validity of data for applying such techniques 

as correlation analysis, regression analysis, and even structural equation modelling (SEM) in 

assessing hypothesized relationships. 

The choice of a quantitative design satisfies the requirements for producing objective and 

replicable assessments of organizational behaviour and technological adoption. To systematically 

study trends and patterns in firms of different sizes, structures, and degrees of maturity, a 

quantitative approach to research allows demographic and organizational variables such as firm 
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size and years in operation, even roles of employees to be included as moderators in the analysis 

which increases the explanatory power of the model. This helps build evidence-based 

recommendations for managers, policymakers, and other stakeholders in USD’s innovation 

ecosystem that would place decision support systems firmly on an empirical knowledge base. And 

so, this research design serves not only theoretical purposes but ensures maximum practical 

relevance in one of the strategically most important economic sectors regionally. 

3.2 Population and Sampling Techniques 

The population of this study is made up of professionals in technology firms from the United 

Arab Emirates, managerial as well as technical and innovation personnel. Informed about and 

directly engaged with the implementation or process of artificial intelligence (AI) within their 

organization, these potential respondents qualify to participate in this study. Related to the UAE 

strategic direction regarding digital transformation and fast integration of AI within organizational 

structures, the current research will be developed on organizations that have already embraced or 

are in the discovery path towards technologies like machine learning, intelligent automation, and 

advanced analytics. Organizations belonging to both ends of the spectrum, from traditional 

corporations to vibrant startups comprise a diversity that describes UAE's tech industry making it 

an ideal laboratory for probing into AI–innovation relationships. The current paper tries to obtain 

such professionals' perceptions on how at different organizational strata levels does innovation get 

affected by adopting AI. 
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The sampling method that is used in this study is purposive and stratified random sampling. In 

the first stage, purposive sampling will select organizations that fall under the inclusion criteria as 

technology-based firms operating within UAE and have implemented or are in the process of 

implementation of AI tools into their operations. After eligible firms have been identified, a 

stratified random sample based on firm size-small, medium, large, and geographic location-Abu 

Dhabi, Dubai, Sharjah, and other Emirates and job function among the management, IT, R&D, 

and operations-will be applied to ensure representativeness across key strata. The AI systems and 

innovation practices directly expose these respondents from a wide variety of organizational types 

and contexts that this study draws upon variation between. Therefore, external validity is enhanced 

through minimized sampling bias due to reflecting adequate perspectives of diverse organizational 

actors. 

The total sample size study will be 360 participants drawn from a broader population of 

employees working in eligible technology firms. This sample size emerges out of the statistical 

power analysis and conforms to the prescriptions in existing quantitative research standards for 

allowing multivariate analysis, including structural equation modelling. A sample this large has 

enough power to uncover meaningful relationships between the variables under study while 

supporting the testing of quite complex models with mediators and moderators included. The 

specific strategic and operational dimensions of AI-driven innovation that other distribution 

samples across organizational tiers capture further increase our findings' robustness. Its diversity 
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makes its results reliable not only within UAE contexts but also valid toward an even larger 

academic or managerial debate on artificial intelligence fostering organizational innovation. 

3.3 Data Collection Instrument (Questionnaire Design) 

The main tool for collecting data in this study is a structured questionnaire, developed to best 

measure the relationships between artificial intelligence adoption and organizational innovation 

within technology firms in the United Arab Emirates. This instrument was implemented to fit the 

conceptual framework and hypotheses of this study by capturing quantitative data reflecting 

perception, experience, and organizational realities related to AI initiatives from respondents. The 

items included in the questionnaire are thus coherent and validly constructed because they were 

adopted from previously validated measurement scales found in literature, with appropriate 

modifications imparted to suit the regional context of UAE and specific features characterizing 

technology firms. The questionnaire is divided according to major constructs of the research 

model: AI adoption - machine learning, automation, data analytics -, organizational innovation - 

product, process, strategic innovation -, and mediating role of organizational agility. 

The questionnaire is composed of close-ended questions on a five-point scale from “strongly 

disagree” to “strongly agree.” The use of such scaling allows the expression of varied degrees of 

agreement by respondents to facilitate quantitative analysis and ensure response consistency. The 

logical divisions include sections capturing the demographic and organizational data of the 

respondent role, years of experience, firm size, and sector; extent and nature of AI adoption by the 
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organization; types of organizational innovation; and finally, organizational agility. There are 

several items for each construct to ensure internal consistency and reliability. The instrument is 

ensured to be free from ambiguity that would create fatigue for respondents since it has been 

written in such a way as to make completion easy and thus ensure completeness and quality. 

Before full-scale implementation, pilot testing is conducted with a small group of respondents 

from the same population. In it, clarity, reliability, and construct validity are measured so that 

further adjustments can be made based on feedback and preliminary data from the respondents. 

The result for internal consistency from Cronbach’s alpha as well as exploratory factor analysis to 

verify dimensional structure may also be used. When validated, an electronic version of the final 

questionnaire will be sent to a sample size of 360 participants belonging to different technology 

firms in UAE. Geographic coverage is one of the many advantages associated with digital 

distribution along with enhanced convenience in responding as well as speedy collection of data. 

Since the instrument is structured and validated, this study shall have a proper factual base to 

evaluate effects brought on by AI adoption toward innovation performance within technologically 

intensive organizational environments. 

3.4 Variables and Measurement 

This study shall dwell on three major classes of variables: independent, dependent, and 

mediating. Artificial Intelligence Adoption is taken as the independent variable and will be 

conceptualized as a multi-dimensional construct made up of key AI capabilities, namely machine 
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learning, intelligent automation, and data analytics. Dimensions in this paper are measured through 

Likert-type items adapted from previously validated instruments for the fields of information 

systems and innovation management. For example, firms' utilization of predictive models and 

algorithms in decision-making can measure machine learning; process digitalization can measure 

automation; system integration can also measure automation; collecting, processing, and using 

data to support innovation-related activities can measure data analytics. 

The dependent variable is Organizational Innovation that contains three sub-dimensions: 

product innovation, process innovation, and strategic innovation. These dimensions articulate the 

diversity of paths through which innovation reveals itself within organizations. Product innovation 

is measured by the firm's ability to introduce new or significantly improved goods and services; 

process innovation captures improvement in internal operations and production methods; strategic 

innovation evaluates changes in business models, means of contacting customers, or competitive 

positioning. Multi-item scales have been designed for each sub-dimension on empirical works 

already available, with responses being captured on a five-point Likert scale where one end is 

anchored as "strongly disagree" and the other as "strongly agree." The use of several items per 

construct assures more measurement exactness and internal consistency. 

It also puts in as a mediating variable Organizational Agility the firm’s capability to sense, 

respond to, and adapt quickly to environmental changes and market demands— thus Agile. This 

construct is adopted here as an understanding of how AI technologies are not just simply taken up 
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but translated into actual innovation outcomes. Measures for organizational agility were provided 

by items relating to strategic flexibility, speed in making decisions, and responsiveness in 

operational processes. All scales will be checked through appropriate tests for reliability (such as 

Cronbach’s alpha) and validity via factor analysis for establishing measurement validity and 

reliability. Other demographic variables like firm size, years in operation, and respondent role have 

been added as control variables that will enable a rather differentiated analysis of the impact that 

AI has on innovation within the colourful landscape of technology firms across the UAE. 

3.5 Validity and Reliability of the Instrument 

The accuracy and credibility of the research findings largely depend on the validity and 

reliability of the questionnaire. Measurement items from earlier scales validated in literature 

pertaining to artificial intelligence, organizational innovation, and organizational agility were 

adapted to develop an initial version of this questionnaire for content validity. This version has 

afterward been reviewed by academic experts and practitioners representing information systems, 

innovation management, and organizational behaviour disciplines. Experts' comments will further 

finetune item wording appropriateness, and relevance contextually toward reflecting more 

effectively UAE's technological and cultural environments. Expert validation ensured that all items 

do reflect very appropriately the theoretical constructs they are meant to measure. 

Exploratory and confirmatory factor analyses will also be used in assessing construct validity 

at the pilot and main phases of data collection. In the pilot phase, an EFA exercise will be 
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conducted to check the underlying factor structure and whether items are grouping as expected for 

each construct. All items showing low loadings and cross-loadings will be revised or deleted. The 

CFA will then be used on the main dataset to try to fit the measurement model and thus confirm 

the dimensionality of each variable. Convergent validity shall be tested by applying average 

variance extracted (AVE), while discriminant validity shall be tested by comparing the square 

roots of AVEs with inter-construct correlations. 

The Cronbach alpha coefficient will administer a test of the internal consistency of each scale. 

The reliability, which is above 0.70, will be taken as adequate to accept that the items within each 

construct have measured the same aspect. Composite reliability (CR) will also be calculated during 

CFA as another internal consistency indicator. This analysis would run for the pilot study and on 

the final dataset, thereby ensuring continuity in every step of research undertaken. Such stringent 

processes for testing validity and reliability would enforce general methodological soundness of a 

study and ensure getting data that speaks for the construct intended. 

3.6 Data Collection Procedures 

The process of collecting data will be organized and systematic to achieve dependable, valid, 

and representative answers from the intended group. Before starting the main phase of data 

gathering, a trial run will take place using a small group—about 30 individuals from the target 

audience—to pre-test the survey. This initial step will check for clarity, completeness, and 

suitability of the survey questions. It also helps spot any possible confusion or technical problems 
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in the online survey setup. Results from this test group will guide needed changes by making 

questions clearer, removing unnecessary parts, and ensuring a logical sequence. Also, the pilot 

results will help check the first level of reliability and construct validity of the measurement scales 

through some basic statistical tests like Cronbach’s alpha and exploratory factor analysis. After 

making changes, this new version of the questionnaire will be ready and set to go out fully. 

It will be disseminated online using a secure electronic survey tool to ensure easy access and 

reach coverage of all the seven emirates. Eligible technology companies will be identified from 

business directories, industry databases, and professional networks among those known to be 

engaged in artificial intelligence initiatives. Appropriate firms will be purposively selected, then 

employees within these firms representing different job categories, firm sizes, and locations will 

be randomly selected. The personalized email invitations, which will contain a very brief 

introduction about the study as well as ethical assurances regarding confidentiality and anonymity 

plus providing the direct link to the survey will be sent to potential respondents. Reminders shall 

also be scheduled after regular intervals that would help in maximizing response rates towards 

achieving 360 qualified participants. The time set for data collection is 4 to 6 weeks, based on 

response trends in the beginning and how well the follow-up strategy works. Immediately after the 

data collection phase is over, responses will be checked for quality and consistency before being 

coded and placed into files ready for statistical analysis. Only such rigorous yet ethical netting can 

assure a type of study quality as well as generalizability of empirical findings. 
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3.7 Data Analysis Methods 

To meet the research objectives and test the hypotheses, thus, a battery of statistical techniques 

that fit within the quantitative paradigm for analysing varying relationships among multiple 

variables will be used. Descriptive statistics about the demographic profile of respondents and 

general response trends to all items in the questionnaire will be presented first. Means, standard 

deviations, frequencies, and percentages that provide background details concerning the nature of 

the data are also helpful in detecting any anomalies or outliers as well as missing values. This 

would also preferably indicate normality, linearity, and homoscedasticity so that baseline 

assumptions for many tests that need to use parametric procedures are met. 

After the descriptive phase, inferential statistics will be run to test the relationships between 

the main constructs. Pearson correlation analysis will be applied to determine the strength and 

direction of bivariate relationships between artificial intelligence adoption, organizational 

innovation dimensions, and organizational agility. To test direct effects of AI on innovation 

outcomes, multiple regression analysis will be used so that the study can explicate the predictive 

power of certain dimensions of AI (such as machine learning, automation, and data analytics) on 

product, process, and strategic innovation. Further, to test for mediation by organizational agility 

in this relationship, structural equation modelling (SEM) will be used-a highly recommended 

multivariate technique because it can estimate simultaneously very complicated relations among 

latent variables. SEM may be run in AMOS or Smarts. Software like this allows for the evaluation 
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of measurement and structural models with fit indices (CFI, RMSEA, and SRMR). Such a detailed 

analytical strategy guarantees that the study will yield strong statistically valid insight into ways 

through which AI adoption bears influence on innovation among technology firms in UAE. 

3.8 Ethical Considerations 

The highest ethical standards are observed at all stages of this study concerning the rights of 

the participants, confidentiality of data, and responsible reporting of findings. Before conducting 

the study, approval from the appropriate institutional ethics committee will be sought by 

submitting a research proposal and questionnaire instrument to ensure that all activities conform 

to the ethical standards set for this purpose. The informed consent form clearly states the purpose 

of the study, and voluntary participation of respondents, who may withdraw anytime without any 

penalty, as well as measures instituted to ensure their privacy, shall be provided to all respondents. 

The consent shall be obtained electronically before access to the survey by the respondents. No 

names, email addresses, or organizational affiliations shall be known; hence absolute anonymity 

is guaranteed. 

 

Chapter Four: Results and Discussion 

4.1 Introduction 

This chapter presents the empirical findings of the study and discusses their implications 

considering the research objectives, hypotheses, and existing literature. The analysis begins with 
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a description of the demographic profile of the respondents, providing context for interpreting the 

subsequent statistical results. This is followed by a detailed examination of the main study 

variables—artificial intelligence adoption, organizational innovation, and organizational agility—

through descriptive statistics, reliability and validity testing, and correlation analysis. The chapter 

then proceeds to hypothesis testing using advanced statistical techniques, including regression 

analysis and structural equation modelling, to assess both direct and mediated relationships. 

The discussion integrates the statistical results with theoretical perspectives and prior research 

to offer a comprehensive interpretation of the findings. Emphasis is placed on identifying patterns, 

confirming or rejecting hypotheses, and drawing out the implications of the results for theory and 

practice. By linking the empirical evidence to the broader literature on artificial intelligence and 

innovation management, this chapter aims to provide both academically robust insights and 

actionable recommendations for technology firms operating in the United Arab Emirates. The 

concluding section of the chapter summarizes the key findings and sets the stage for the 

conclusions and recommendations presented in Chapter Five. 

 

 

4.2 Demographic Profile of Respondents 

The demographic profile of the 360 respondents participating in this study offers essential 

context for interpreting the findings related to the adoption of artificial intelligence and its impact 
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on organizational innovation in technology firms in the United Arab Emirates. The gender 

distribution reflects a moderate male predominance, with males constituting 58.3% (n = 210) of 

the total sample, compared to females at 41.7% (n = 150). This distribution aligns with the current 

composition of the UAE technology sector, where male representation remains slightly higher, 

particularly in technical and leadership positions. However, the significant female participation 

underscores the growing involvement of women in AI-related projects, innovation management, 

and strategic decision-making within technology-driven organizations in the country. 

Age group analysis reveals that the majority of respondents are concentrated in the 25–34 age 

category, representing 38.9% (n = 140) of the total sample. This is followed by the 35–44 group 

at 30.6% (n = 110), the 45–54 group at 13.9% (n = 50), the under-25 category at 11.1% (n = 40), 

and respondents aged 55 and above comprising only 5.6% (n = 20). This composition suggests 

that the study sample is largely drawn from early- to mid-career professionals—segments often 

associated with high adaptability to technological change, a strong inclination toward 

experimentation, and active participation in digital transformation initiatives. The relatively 

smaller share of older participants may reflect generational differences in direct operational 

involvement with emerging AI tools in the workplace. 

In terms of educational qualifications, a substantial majority hold at least a bachelor’s degree, 

with 50% (n = 180) having completed undergraduate studies, 33.3% (n = 120) holding a master’s 

degree, and 8.3% (n = 30) possessing a doctorate. Only 8.3% (n = 30) reported having a diploma-
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level qualification. This high level of educational attainment reinforces the advanced technical and 

professional orientation of the respondents, consistent with the skill requirements in AI 

deployment and innovation-led organizational strategies. 

Regarding work experience, respondents are distributed as follows: 2–5 years (36.1%, n = 

130), 6–10 years (38.9%, n = 140), more than 10 years (18.1%, n = 65), and less than 2 years 

(6.9%, n = 25). The prominence of participants with between two and ten years of professional 

experience reflects the target population of active practitioners who are experienced enough to 

evaluate AI adoption yet still engaged in dynamic roles where innovation is a priority. 

The job function data shows that IT specialists constitute the largest group at 33.3% (n = 120), 

followed by management professionals at 22.2% (n = 80), research and development staff at 19.4% 

(n = 70), operations at 16.7% (n = 60), and other roles (including marketing and customer 

engagement) at 8.3% (n = 30). This distribution ensures coverage across strategic, technical, and 

operational perspectives on AI adoption and its effects on innovation processes. 

Firm size distribution indicates that 38.9% (n = 140) of respondents work in medium-sized 

firms, 36.1% (n = 130) in large firms, and 25% (n = 90) in small firms. This spread is particularly 

valuable for understanding whether scale influences both the extent of AI adoption and the capacity 

for innovation. Similarly, the years of operation of participating firms show that 50% (n = 180) 

have been in existence for more than 10 years, 33.3% (n = 120) between 5–10 years, and 16.7% 
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(n = 60) less than 5 years—capturing both mature enterprises and newer entrants in the UAE 

technology landscape. 

From a geographic perspective, the distribution is as follows: Dubai (41.7%, n = 150), Abu 

Dhabi (25%, n = 90), Sharjah (16.7%, n = 60), and other emirates (16.7%, n = 60). This reflects 

the concentration of technology-driven firms in the UAE’s major economic hubs, while also 

ensuring representation from emerging technology clusters across the federation. 

Table 4.1: Demographic Characteristics of Study Participants (N = 360) 

Variable Category Frequency (n) Percentage (%) 

Gender 
Male 210 58.3 
Female 150 41.7 

Age Group 

Under 25 40 11.1 
25–34 140 38.9 
35–44 110 30.6 
45–54 50 13.9 
55 and above 20 5.6 

Education 

Diploma 30 8.3 
Bachelor’s 180 50.0 
Master’s 120 33.3 
Doctorate 30 8.3 

Experience 

<2 years 25 6.9 
2–5 years 130 36.1 
6–10 years 140 38.9 
>10 years 65 18.1 

Job Function 

Management 80 22.2 
IT 120 33.3 
R&D 70 19.4 
Operations 60 16.7 
Other 30 8.3 

Firm Size 
Small 90 25.0 
Medium 140 38.9 
Large 130 36.1 

Years in Operation <5 years 60 16.7 
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5–10 years 120 33.3 
>10 years 180 50.0 

Location 

Abu Dhabi 90 25.0 
Dubai 150 41.7 
Sharjah 60 16.7 
Other Emirates 60 16.7 

It is evident from Table 4.1 that the demographic composition of the study participants presents 

a balanced yet diverse profile across several variables, enabling the research to capture a wide 

range of perspectives relevant to the investigation of AI adoption and organizational innovation in 

UAE-based technology firms. In terms of gender, the sample comprises 58.3% male respondents 

(n = 210) and 41.7% female respondents (n = 150). This distribution reflects a relatively high level 

of female participation compared to traditional male dominance in the technology sector, 

indicating that the sample adequately represents both genders. Such gender diversity is valuable, 

as prior literature suggests that varied perspectives across genders can enrich innovation strategies 

and AI adoption approaches within organizations. 

The age distribution shows a concentration of respondents in the 25–34 age bracket (38.9%, n 

= 140), followed by 35–44 years (30.6%, n = 110). This dominance of younger and mid-career 

professionals suggests that the majority of participants are in their prime working years, a period 

often associated with adaptability, technological fluency, and openness to innovation. The 

representation of those under 25 (11.1%, n = 40) and those aged 45–54 (13.9%, n = 50) provides 

insights from early-career entrants and experienced professionals alike, while the smallest group—
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55 years and above (5.6%, n = 20)—ensures some senior-level perspectives are included, 

potentially bringing long-term strategic insights into the dataset. 

Educational qualifications reveal that half of the participants (50%, n = 180) hold a bachelor’s 

degree, with a significant proportion holding a master’s degree (33.3%, n = 120). Smaller yet 

important segments include diploma holders (8.3%, n = 30) and doctorate holders (8.3%, n = 30). 

This high level of academic attainment, particularly in advanced degrees, is consistent with the 

requirements of the technology sector, where specialized skills and higher education often 

correlate with innovation capability and effective AI utilization. The distribution also indicates a 

workforce well-positioned to engage in complex problem-solving, data-driven decision-making, 

and advanced AI applications. 

Regarding work experience, the largest group of respondents has between 6–10 years of 

professional experience (38.9%, n = 140), followed closely by those with 2–5 years (36.1%, n = 

130). These segments represent employees who have developed substantial professional expertise 

yet remain adaptable to change, making them ideal candidates for driving AI-related 

transformation. Those with more than 10 years of experience (18.1%, n = 65) bring seasoned 

strategic perspectives, while the smallest group—less than two years of experience (6.9%, n = 

25)—introduces fresh ideas and recent academic learning, potentially influencing innovative 

thinking. 
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The job function distribution shows that IT professionals constitute the largest share (33.3%, 

n = 120), followed by management roles (22.2%, n = 80) and R&D positions (19.4%, n = 70). 

Operations roles account for 16.7% (n = 60), while other roles make up 8.3% (n = 30). This 

distribution reflects the technology sector’s heavy reliance on IT and R&D talent to drive AI 

implementation, while the presence of management ensures alignment between technological 

initiatives and organizational strategy. The inclusion of operational and other roles ensures that 

perspectives are captured from across the organizational spectrum, covering both strategic and 

executional dimensions of AI adoption. 

Firm size is relatively balanced, with medium-sized firms forming the largest group (38.9%, n 

= 140), followed closely by large firms (36.1%, n = 130) and smaller firms (25%, n = 90). This 

mix allows the study to consider differences in AI adoption and innovation practices that may arise 

from varying resource levels, structural flexibility, and market positioning. Similarly, years in 

operation reveal that half of the firms have been established for more than 10 years (50%, n = 180), 

indicating a mature business base, while 33.3% (n = 120) have operated between 5–10 years, and 

16.7% (n = 60) are relatively young firms under five years old. This distribution supports an 

analysis of how organizational maturity influences AI strategies and innovation capacity. 

Finally, the geographic distribution shows that Dubai hosts the largest proportion of 

respondents (41.7%, n = 150), followed by Abu Dhabi (25%, n = 90), with Sharjah and other 

Emirates each accounting for 16.7% (n = 60). This pattern aligns with the UAE’s economic 
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geography, where Dubai and Abu Dhabi serve as primary hubs for technology, innovation, and 

AI-driven industries, while Sharjah and other Emirates contribute niche sectoral specializations 

and growing technology ecosystems. This regional spread ensures that the dataset captures a 

variety of market conditions and innovation environments within the UAE, enhancing the 

robustness of the analysis. 
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Figure 4.1: Demographic Characteristics of Study Participants illustrates the distribution of 

respondents across multiple demographic variables, offering a comprehensive profile of the study 

sample. The gender distribution reveals a higher proportion of male respondents (58.3%) 

compared to female respondents (41.7%), suggesting a slight male dominance in the sampled 

technology firms. This could reflect broader industry employment trends, where technical and 

managerial roles are often male dominated, though the relatively balanced ratio indicates 

increasing female participation in the sector. 

Age group analysis shows that the largest segment of respondents falls within the 25–34 age 

bracket (38.9%), followed by the 35–44 group (30.6%). This implies that a significant proportion 

of participants are in their early to mid-career stages, potentially contributing to a dynamic and 

adaptable workforce. The smaller representation of respondents under 25 (11.1%) and over 55 

(5.6%) may indicate that technology firms in the UAE prefer employees with some professional 

experience while having fewer senior staff nearing retirement. 

In terms of educational background, half of the respondents hold a bachelor’s degree (50.0%), 

while one-third possess a master’s degree (33.3%). This reflects the sector’s high demand for 

skilled and well-educated talent. Furthermore, work experience distribution shows that a 

considerable portion of respondents have between 2–10 years of experience (75%), aligning with 

the age distribution pattern and underscoring the presence of a knowledgeable yet relatively young 

workforce. The breakdown by job function, firm size, years in operation, and location further 
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highlights the diversity of the sample, with Dubai hosting the largest share of firms (41.7%) and 

medium-sized enterprises being the most prevalent (38.9%). This demographic spread ensures that 

findings from the study are representative of various firm characteristics across the UAE 

technology sector. 

4.2.1 Gender Distribution 

The gender distribution of respondents in this study reveals a moderate male predominance, 

with 58.3% (n = 210) of participants identifying as male and 41.7% (n = 150) identifying as female 

(Table 4.2 and Figure 4.2). This pattern reflects the current structure of the UAE’s technology 

sector, where men still hold a slightly higher share of technical, managerial, and strategic positions, 

particularly in areas directly linked to artificial intelligence development, systems integration, and 

innovation strategy formulation. However, the female participation rate in this study is noteworthy, 

as it signals an ongoing shift toward greater gender inclusivity in the sector. The significant 

involvement of women—both in technical and leadership capacities—indicates progress in 

bridging gender gaps and aligns with national policy goals aimed at increasing women’s 

representation in science, technology, and innovation. 

From an innovation management perspective, a balanced gender representation enhances the 

breadth of insights captured in the study. Women’s growing engagement in AI-related initiatives 

often brings diverse problem-solving approaches, strengthens collaborative environments, and 

fosters more inclusive innovation ecosystems. In practice, gender diversity has been linked to 
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improved creativity in product development, more user-centric design considerations, and stronger 

organizational adaptability. Therefore, the gender distribution observed here not only mirrors 

current workforce trends in UAE technology firms but also suggests that both male and female 

perspectives have been meaningfully integrated into the dataset, supporting a richer and more 

representative analysis of AI adoption and its impact on organizational innovation. 

 

Table 4.2: Gender Distribution of Respondents (N = 360) 

Gender Frequency (n) Percentage (%) 

Male 210 58.3 

Female 150 41.7 

It is evident from Table 4.2 that the gender distribution of respondents is skewed toward male 

participants, who constitute 58.3% of the total sample (n = 210), while female respondents make 

up 41.7% (n = 150). This pattern is consistent with the workforce composition in many technology-

focused firms within the UAE, where male representation still tends to be higher, particularly in 

technical, managerial, and decision-making roles. The observed disparity may be linked to 

historical labour market trends, cultural factors, and industry-specific dynamics that have 

traditionally favoured male participation in the technology sector. 
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The proportion of female respondents, however, is substantial and noteworthy, indicating a 

growing presence of women in roles related to artificial intelligence, innovation, and 

organizational strategy. This trend may reflect the UAE’s increasing emphasis on gender 

inclusivity and diversity, supported by national policies and initiatives aimed at empowering 

women in science, technology, engineering, and mathematics (STEM) fields. The representation 

of women in the sample enriches the study by ensuring that perspectives on AI adoption and 

innovation incorporate gender-diverse insights, which could influence organizational approaches 

to technology integration and creativity. 

Furthermore, the gender distribution provides a valuable lens for interpreting differences in 

perceptions, adoption strategies, and innovation practices across male and female respondents. 

While men may dominate in technical or strategic leadership roles, women’s growing participation 

may bring distinct perspectives on collaboration, creativity, and problem-solving in AI-enabled 

environments. This balance between traditional and emerging participation patterns makes the 

dataset robust for examining how demographic factors, particularly gender, might shape 

organizational innovation outcomes in UAE-based technology firms. 
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Figure 4.2 presents the gender distribution of respondents, revealing a clear predominance of 

male participants, who constitute 58.3% of the sample, compared to 41.7% for females. This 

suggests that the study’s participant pool reflects a male-majority demographic, which may be 

influenced by the nature of the technology sector in the UAE, where male participation in technical 

and managerial roles remains relatively higher. The gender imbalance could also be indicative of 

broader labour market trends, particularly in specialized fields like AI adoption and innovation. 

The difference in representation between males and females could have important implications 

for interpreting the study’s results. Since perspectives on AI adoption and organizational 
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innovation may be shaped by gender-related experiences, this uneven distribution might affect the 

diversity of viewpoints captured in the study. For example, female respondents might bring distinct 

insights related to inclusivity, workplace adaptation, and technology implementation that differ 

from male respondents’ perspectives. This reinforces the need to consider demographic context 

when analysing the findings. 

Overall, the data shows that while female representation is significant, the predominance of 

male participants means that the overall results may lean more toward reflecting male-dominated 

perspectives. Future studies aiming for balanced gender representation could yield a more 

comprehensive understanding of AI adoption dynamics across gender groups. This would help 

ensure that strategic recommendations and innovation policies are inclusive and reflective of the 

entire workforce composition. 

4.2.2 Age Groups 

The age distribution of respondents indicates that the majority belong to the 25–34 age bracket, 

which accounts for 38.9% (n = 140) of the total sample (Table 4.3 and Figure 4.3). This is followed 

by the 35–44 category at 30.6% (n = 110), the 45–54 group at 13.9% (n = 50), the under-25 

category at 11.1% (n = 40), and the smallest group being those aged 55 and above at 5.6% (n = 

20). This age profile demonstrates that the sample is primarily composed of early- to mid-career 

professionals who are in the most active and productive stages of their careers. These individuals 
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are often directly involved in implementing new technologies, leading process improvements, and 

driving innovation initiatives within their organizations. 

The predominance of respondents in the 25–44 range suggests that the data captures insights 

from individuals who possess both fresh academic knowledge and several years of practical 

industry experience. This combination is particularly valuable in a study of AI adoption and 

organizational innovation, as these age groups tend to be more adaptable to emerging technologies 

and are often tasked with operationalizing AI-driven strategies. The presence of respondents under 

25 reflects the entry of younger talent into the UAE technology workforce—individuals who may 

bring novel perspectives and digital-native skills—while the inclusion of older age groups ensures 

the dataset benefits from the strategic vision and institutional knowledge of more experienced 

professionals. Such generational diversity strengthens the validity of the findings by encompassing 

a wide spectrum of professional maturity, technological familiarity, and strategic insight. 

Table 4.3: Age Group Distribution of Respondents (N = 360) 

Age Group Frequency (n) Percentage (%) 

Under 25 40 11.1 

25–34 140 38.9 

35–44 110 30.6 

45–54 50 13.9 
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55 and above 20 5.6 

It is evident from Table 4.3 that the largest proportion of respondents falls within the 25–34 

age group, representing 38.9% of the total sample (n = 140). This dominant age segment reflects 

the high participation of young professionals in the UAE’s technology sector, where rapid digital 

transformation and artificial intelligence (AI) adoption require a workforce that is adaptable, 

technologically proficient, and eager to engage with innovative tools. The strong representation of 

this group suggests that many employees are in the early to mid-stages of their careers, which 

aligns with the high demand for creative problem-solving and agility in AI-driven environments. 

The second-largest group is the 35–44 age range, comprising 30.6% of respondents (n = 110). 

This age category often represents experienced professionals who combine technological expertise 

with managerial and strategic insights. Their significant share in the sample highlights the role of 

mid-career employees as a bridge between emerging talent and senior leadership. They are likely 

to possess both the technical skills needed for AI adoption and the strategic vision to align 

innovation initiatives with long-term organizational objectives. 

The remaining respondents are distributed among the younger and older cohorts: 11.1% (n = 

40) are under 25, 13.9% (n = 50) are aged 45–54, and only 5.6% (n = 20) are 55 years and above. 

The relatively small proportion of older participants could be due to generational differences in 

exposure to AI technologies or a concentration of senior professionals in executive decision-
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making roles, where direct involvement in technical implementation may be limited. Conversely, 

the under-25 group represents emerging talent, potentially bringing fresh perspectives and high 

digital fluency, which can complement the strategic expertise of more senior age groups. 

Overall, the age distribution shown in Table 4.3 reflects a balanced mix of youth and 

experience, which is advantageous for AI adoption and organizational innovation. The 

predominance of the 25–44 age range ensures a dynamic workforce capable of integrating AI into 

both operational and strategic processes, while the contributions from younger and older 

professionals enhance diversity in thought, creativity, and problem-solving approaches. This 

multi-generational composition strengthens the study’s findings by capturing perspectives across 

different career stages and technological comfort levels. 
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Figure 4.3 illustrates the distribution of respondents across different age groups. The data 

reveal that the largest proportion of participants (38.9%) falls within the 25–34 age range, 

suggesting that the study primarily engaged young to mid-career professionals who are often in a 

dynamic stage of their professional development. This dominance of the 25–34 category could 
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indicate that AI adoption and organizational innovation are being driven largely by individuals 

with fresh perspectives and a high adaptability to emerging technologies. 

The second-largest group, representing 30.6% of respondents, comprises individuals aged 35–

44. This segment often brings a blend of experience and openness to change, potentially playing a 

bridging role between younger, tech-savvy employees and more senior staff. The presence of this 

substantial age bracket highlights the intergenerational nature of innovation efforts within 

organizations, where both youthful enthusiasm and seasoned expertise contribute to the success of 

AI integration. 

Meanwhile, the remaining age groups — under 25 (11.1%), 45–54 (13.9%), and 55 and above 

(5.6%) — collectively represent a smaller share of the sample. The lower representation of older 

professionals, particularly those aged 55 and above, might reflect either lower engagement with 

AI-related initiatives or the demographic structure of the technology sector in the UAE, which 

tends to attract younger talent. These patterns provide important context for interpreting attitudes 

toward AI adoption and innovation readiness across different life stages. 

4.2.3 Educational Qualifications 

The educational profile of the respondents reveals a highly skilled and academically 

accomplished participant base, consistent with the professional demands of the UAE’s technology 

sector (Table 4.4 and Figure 4.4). The largest proportion of respondents hold a bachelor’s degree, 

representing 50.0% (n = 180) of the sample, followed by those with a master’s degree at 33.3% (n 
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= 120). Respondents with a doctorate degree constitute 8.3% (n = 30), while those holding a 

diploma-level qualification also account for 8.3% (n = 30). This distribution highlights the 

significant emphasis placed on higher education within technology-oriented organizations, 

especially those adopting and integrating artificial intelligence into their operational and strategic 

processes. 

The dominance of bachelor’s and master’s degree holders in the sample suggests that most 

participants have undergone formal higher education that equips them with theoretical knowledge 

and analytical skills essential for engaging with AI-driven innovation. The notable share of 

master’s and doctoral degree holders also indicates the presence of advanced expertise, which may 

contribute to more informed decision-making in AI adoption, strategic innovation, and 

organizational change management. The inclusion of diploma holders, though relatively small, 

adds value to the study by representing operational-level perspectives, especially from individuals 

with hands-on technical skills that directly support AI system deployment. Overall, the educational 

profile demonstrates that the dataset captures a well-qualified respondent pool capable of 

providing credible, experience-based, and technically informed insights into the relationship 

between AI adoption and organizational innovation in UAE technology firms. 
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Table 4.4: Educational Qualifications of Respondents (N = 360) 

Education Level Frequency (n) Percentage (%) 

Diploma 30 8.3 

Bachelor’s 180 50.0 

Master’s 120 33.3 

Doctorate 30 8.3 

It is evident from Table 4.4 that the majority of respondents hold a bachelor’s degree, 

accounting for 50.0% of the total sample (n = 180). This high proportion indicates that 

undergraduate-level qualifications form the educational backbone of the workforce in UAE-based 

technology firms. Such a concentration at the bachelor’s level suggests that many employees 

possess solid foundational knowledge in their fields, enabling them to effectively engage with AI 

adoption and organizational innovation initiatives. Bachelor’s degree holders often bring a balance 

between theoretical understanding and practical application, which is essential for integrating 

emerging technologies into business processes. 

The second-largest group comprises respondents with a master’s degree, representing 33.3% 

(n = 120) of the sample. This substantial representation reflects a significant presence of advanced 

academic qualifications within the sector, highlighting the importance of specialized expertise, 

strategic thinking, and research-driven approaches in AI-enabled environments. Master’s degree 
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holders are often positioned in roles that require high-level analytical skills, leadership capabilities, 

and the ability to manage complex projects, making them valuable contributors to innovation and 

transformation strategies. 

Diploma and doctorate holders each account for 8.3% of the respondents (n = 30 for each). 

Diploma holders likely occupy more technical or operational roles, where hands-on skills are 

critical to the practical implementation of AI solutions. Their inclusion ensures that operational 

perspectives are represented alongside managerial and strategic viewpoints. On the other end of 

the spectrum, doctorate holders bring research depth, subject-matter expertise, and innovative 

thinking, often contributing to knowledge creation, policy development, or high-level strategic 

decision-making. Although their proportion is smaller, their impact on organizational innovation 

can be disproportionately significant. 

Overall, the educational qualifications outlined in Table 4.4 suggest that the respondent pool 

is well-equipped to engage with AI-driven innovation, combining a strong base of bachelor’s 

graduates with a notable proportion of advanced degree holders. This academic diversity ensures 

a mix of practical skills, theoretical knowledge, and research expertise, creating a fertile 

environment for technology adoption and organizational transformation in the UAE’s technology 

sector. 
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Figure 4.4 illustrates the distribution of respondents’ educational qualifications, highlighting a 

workforce with a diverse academic profile. The data shows that half of the participants (50.0%) 

hold a bachelor’s degree, positioning this group as the largest educational segment. This suggests 

that undergraduate-level education is the dominant qualification among employees in UAE-based 

technology firms, potentially reflecting industry requirements that value a balance between formal 

education and practical skills. The strong representation of bachelor’s degree holders may also 
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indicate that many roles in these organizations are designed for professionals with comprehensive, 

yet accessible, academic backgrounds. 

The second-largest group comprises master’s degree holders, accounting for 33.3% of 

respondents. This significant proportion reflects a growing trend in the technology sector towards 

advanced education, possibly driven by the increasing complexity of roles that demand specialized 

knowledge, strategic thinking, and leadership capabilities. Such a high percentage of postgraduate 

qualifications may be indicative of the sector’s emphasis on innovation and strategic development, 

where higher education equips professionals with the expertise to manage complex AI adoption 

and innovation processes effectively. 

Diploma and doctorate holders represent the smallest segments, each comprising 8.3% of the 

sample. While diploma holders may fulfill more technical or operational roles that require specific 

practical skills, doctorate holders are likely to be engaged in research, advanced analytics, and 

high-level strategic functions. The relatively small share of doctoral qualifications could suggest 

that while research and deep academic expertise are valued, the majority of organizational roles 

rely more on applied skills and postgraduate-level specialization rather than purely academic 

research capacity. This balance points to a workforce designed to integrate practical application 

with strategic innovation. 

4.2.4 Years of Work Experience 
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The distribution of respondents by years of work experience demonstrates that the majority of 

participants have accumulated a substantial level of professional exposure within the technology 

sector (Table 4.5 and Figure 4.5). The largest group falls within the 6–10 years category, 

representing 38.9% (n = 140) of the sample, closely followed by those with 2–5 years of experience 

at 36.1% (n = 130). Respondents with more than 10 years of experience constitute 18.1% (n = 65), 

while the smallest group, with less than 2 years of experience, accounts for 6.9% (n = 25). This 

spread ensures the inclusion of perspectives from both established professionals and relatively new 

entrants into the industry. 

The predominance of respondents with between two and ten years of experience is particularly 

relevant to this study, as these professionals are often in positions where they actively manage, 

implement, and evaluate AI-driven projects. They typically possess a blend of technical expertise 

and practical problem-solving skills, coupled with the flexibility to adapt to evolving technologies. 

The representation of highly experienced professionals (over 10 years) enriches the dataset with 

strategic viewpoints, long-term industry insight, and organizational change management 

experience, which are critical for understanding how AI adoption influences innovation 

trajectories over time. Meanwhile, the inclusion of early-career respondents with less than two 

years of experience provides fresh perspectives, potentially highlighting emerging trends and the 

adaptability of younger professionals to cutting-edge technologies. This balanced mix of 
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experience levels strengthens the comprehensiveness of the study by integrating both operational 

and strategic lenses on AI adoption and organizational innovation. 

Table 4.5: Years of Work Experience of Respondents (N = 360) 

Years of Experience Frequency (n) Percentage (%) 

<2 years 25 6.9 

2–5 years 130 36.1 

6–10 years 140 38.9 

>10 years 65 18.1 

It is evident from Table 4.5 that the largest proportion of respondents fall within the 6–10 years 

of work experience category, representing 38.9% of the sample (n = 140). This suggests that a 

significant portion of participants are mid-career professionals who possess both technical 

expertise and practical industry knowledge. Such experience levels are particularly valuable for 

AI adoption and organizational innovation, as these individuals are likely to have developed a deep 

understanding of operational processes while remaining adaptable to emerging technologies. Their 

balanced mix of experience and openness to change positions them well to contribute to both the 

implementation and strategic utilization of AI tools. 

The second-largest group consists of respondents with 2–5 years of experience, accounting for 

36.1% (n = 130). This group typically represents early-career professionals who bring fresh 



  

 
 

 
 

72 
 

perspectives, up-to-date technical skills, and a high degree of digital literacy to their organizations. 

Their proximity to recent academic training and exposure to modern technology trends make them 

important drivers of innovative thinking. Although they may lack the extensive practical 

experience of mid-career employees, their enthusiasm for adopting new solutions and willingness 

to experiment with AI-based processes can help accelerate organizational transformation. 

Respondents with more than 10 years of experience make up 18.1% of the sample (n = 65). 

These seasoned professionals bring strategic vision, leadership skills, and an in-depth 

understanding of industry-specific challenges. Their role in AI adoption is often centered around 

guiding implementation strategies, ensuring alignment with long-term goals, and managing change 

across organizational structures. Finally, those with less than two years of experience comprise 

6.9% of the respondents (n = 25), representing entry-level employees or recent graduates. While 

their contribution to decision-making might be limited, their exposure to the latest digital tools and 

methodologies allows them to play a supportive role in technology integration. 

Overall, the experience distribution in Table 4.5 reflects a workforce that combines the 

dynamism of younger professionals with the strategic insight of experienced staff. This balanced 

composition fosters an environment where AI adoption and organizational innovation can be 

pursued with both creativity and operational discipline. The dominance of respondents in the 2–

10 years range further suggests that UAE technology firms are currently leveraging a talent pool 
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that is both capable of embracing change and equipped with sufficient industry knowledge to 

ensure successful innovation outcomes. 

 

Figure 4.5 presents the distribution of respondents based on their years of work experience. 

The largest proportion falls within the 6–10 years category, representing 38.9% of participants. 

This suggests that the study captured a substantial group of professionals in their mid-career stage, 

likely possessing a balanced blend of practical experience and openness to innovative practices 
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such as AI adoption. Such a demographic profile is valuable for research on organizational 

innovation, as this group often plays a pivotal role in implementing and championing new 

technologies within firms. 

The second-largest group, accounting for 36.1% of respondents, has between 2–5 years of 

experience. These early-career professionals may bring fresh perspectives and adaptability, traits 

that can accelerate innovation initiatives. Together with the mid-career group, they make up nearly 

three-quarters of the sample, indicating a strong representation of the workforce segments most 

engaged in active operational and developmental roles. 

In contrast, only 6.9% of participants reported having less than two years of experience, while 

18.1% had more than ten years of experience. The smaller share of highly experienced respondents 

may reflect a reduced involvement of senior professionals in operational-level innovation projects 

or a more strategic focus at higher management levels. Nonetheless, their inclusion ensures that 

the dataset benefits from the insights of individuals across a full career spectrum, enriching the 

study's findings on AI-driven innovation. 

4.2.5 Job Function 

The distribution of respondents by job function reflects a diverse representation of 

organizational roles, ensuring that the study captures perspectives from strategic, technical, and 

operational levels within UAE technology firms (Table 4.6 and Figure 4.6). The largest group 

consists of IT professionals, comprising 33.3% (n = 120) of the sample. This is followed by 
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management positions at 22.2% (n = 80), research and development (R&D) personnel at 19.4% (n 

= 70), operations staff at 16.7% (n = 60), and other roles—including marketing, customer 

experience, and business development—at 8.3% (n = 30). 

The high proportion of IT professionals is expected, given the study’s focus on artificial 

intelligence adoption and organizational innovation. These respondents are directly involved in 

the technical integration of AI tools, system optimization, and technological problem-solving—

functions that are central to understanding how AI translates into operational and innovative 

outcomes. Management respondents, the second largest group, provide strategic oversight and 

decision-making perspectives, particularly regarding resource allocation, policy formulation, and 

alignment of AI initiatives with business objectives. R&D staff contribute critical insights into 

experimentation, prototyping, and the development of AI-enabled products and services, while 

operations staff offer practical viewpoints on workflow improvements, process efficiency, and 

day-to-day implementation challenges. The inclusion of respondents in “other” roles adds further 

richness by representing customer-facing and market-driven functions, which are essential for 

understanding how AI-driven innovation reaches end users. Overall, the breadth of job functions 

represented in the sample enhances the study’s capacity to examine AI adoption from multiple 

organizational angles, bridging technical feasibility, strategic direction, and market impact. 

Table 4.6: Job Function Distribution of Respondents (N = 360) 
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Job Function Frequency (n) Percentage (%) 

Management 80 22.2 

IT 120 33.3 

R&D 70 19.4 

Operations 60 16.7 

Other 30 8.3 

It is evident from Table 4.6 that the largest proportion of respondents are employed in IT-

related roles, accounting for 33.3% of the total sample (n = 120). This dominance of IT 

professionals aligns with the study’s focus on AI adoption and organizational innovation, as IT 

specialists are typically the primary drivers of technology integration, system development, and 

digital transformation initiatives. Their expertise ensures that organizations can effectively 

implement AI tools, maintain secure infrastructure, and adapt to emerging technological trends. 

The high representation of IT roles also reflects the centrality of technical functions in UAE-based 

technology firms, where innovation is often rooted in advanced digital capabilities. 

The second-largest group is composed of management professionals, representing 22.2% of 

respondents (n = 80). This group plays a critical role in overseeing strategic decision-making, 

resource allocation, and policy development related to AI implementation. Managers often act as 

the bridge between technical teams and executive leadership, ensuring that AI adoption is aligned 
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with organizational goals and market strategies. Their representation underscores the importance 

of leadership in facilitating change management, fostering innovation-oriented cultures, and 

guiding long-term technology strategies. 

Research and Development (R&D) professionals account for 19.4% of the sample (n = 70), 

highlighting the strong presence of roles dedicated to experimentation, prototyping, and the 

creation of innovative solutions. The R&D function is vital for driving AI-based advancements, 

exploring new applications, and ensuring that organizations remain competitive in fast-evolving 

markets. Operations staff represent 16.7% of respondents (n = 60), indicating the importance of 

process efficiency, workflow optimization, and implementation support in translating AI strategies 

into daily business practices. Finally, the “Other” category comprises 8.3% (n = 30), likely 

including roles such as marketing, customer service, or administrative positions that indirectly 

contribute to innovation by supporting AI-enabled business models. 

Overall, the distribution in Table 4.6 reflects a well-rounded mix of technical, managerial, 

research, and operational expertise within the respondent pool. This diversity of functions ensures 

that AI adoption is approached from multiple perspectives—technical execution, strategic 

oversight, creative development, and operational integration. The strong representation of IT, 

management, and R&D roles suggests that UAE technology firms are building multidisciplinary 

teams capable of harnessing AI to achieve both short-term efficiency gains and long-term 

competitive advantages. 
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Figure 4.6 illustrates the distribution of respondents across different job functions. The IT 

category has the highest representation, comprising 33.3% of the sample. This significant share 

highlights the strong presence of technology-focused professionals within the study, which is 

particularly relevant for a research context cantered on AI adoption and organizational innovation. 

IT professionals are often at the forefront of technological implementation, making their 

perspectives essential for understanding practical adoption dynamics. 

Management roles account for 22.2% of respondents, reflecting the inclusion of decision-

makers and leaders who play a strategic role in innovation processes. Their involvement ensures 
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that the dataset captures insights on policymaking, resource allocation, and strategic direction, all 

of which are critical for translating AI capabilities into organizational outcomes. Similarly, R&D 

professionals make up 19.4% of the sample, underscoring the importance of innovation-oriented 

roles in the study. 

Operations roles represent 16.7% of participants, bringing a practical, process-focused 

perspective to the dataset. Meanwhile, the ‘Other’ category, accounting for 8.3%, includes 

miscellaneous roles that may indirectly support AI initiatives. The distribution demonstrates a 

well-rounded representation of technical, managerial, and operational functions, thereby enabling 

a comprehensive understanding of AI’s impact from multiple organizational angles. 

4.2.6 Firm Size and Years in Operation 

The distribution of respondents by firm size indicates that medium-sized technology firms 

form the largest segment of the sample, accounting for 38.9% (n = 140) of participants, followed 

closely by large firms at 36.1% (n = 130) and small firms at 25.0% (n = 90) (Table 4.7 and Figure 

4.7). This balanced representation across firm sizes ensures that the study captures a broad 

spectrum of organizational realities—from resource-rich large enterprises with established AI 

infrastructures to agile small firms that may adopt AI in niche, innovative ways. Medium-sized 

firms, which dominate the sample, often operate with a combination of structured processes and 

entrepreneurial flexibility, making them particularly interesting in the context of AI-driven 

innovation, as they can both experiment and scale rapidly. 
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In terms of years in operation, half of the respondents (50.0%, n = 180) work in firms that have 

been established for more than 10 years, followed by 33.3% (n = 120) in firms with 5–10 years of 

operation, and 16.7% (n = 60) in firms less than five years old (Table 4.7 and Figure 4.8). This 

distribution shows that the dataset covers both long-standing organizations with stable operational 

frameworks and relatively newer entrants that may be more experimental in their approach to AI 

adoption. Established firms bring experience, robust resources, and structured innovation 

pipelines, while younger firms tend to be more agile, less constrained by legacy systems, and 

quicker to adopt emerging technologies. The inclusion of all three categories enriches the analysis, 

as it allows for comparison of AI adoption strategies and innovation outcomes across different 

organizational life stages. 

The combined analysis of firm size and years in operation suggests that AI adoption and 

organizational innovation in the UAE’s technology sector are not confined to a specific 

organizational profile. Both established corporations and younger, more agile firms are actively 

engaging with AI—though their approaches, drivers, and innovation capacities may differ. Larger 

and older firms may focus on strategic integration of AI to optimize existing processes and 

strengthen competitive advantage, while smaller or younger firms may deploy AI to disrupt 

markets, create novel solutions, and establish their position within the industry. This variation 

across size and maturity levels adds depth to the study’s findings and enhances the generalizability 

of the results. 
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Table 4.7: Firm Size and Years in Operation of Respondents’ Organizations (N = 360) 

Variable Category Frequency (n) Percentage (%) 

Firm Size Small 90 25.0 

 Medium 140 38.9 

 Large 130 36.1 

Years in Operation <5 years 60 16.7 

 5–10 years 120 33.3 

 >10 years 180 50.0 

It is evident from Table 4.7 that the distribution of firm sizes among the respondents’ 

organizations is relatively balanced, with medium-sized firms constituting the largest proportion 

at 38.9% (n = 140). Large firms follow closely at 36.1% (n = 130), while small firms account for 

25% (n = 90). This spread indicates that the sample covers a diverse range of organizational scales, 

enabling a more comprehensive analysis of how firm size might influence operational strategies, 

resource allocation, and innovation capacity. The significant representation of both medium and 

large firms suggests that the findings may particularly reflect the experiences of organizations with 

considerable operational capacity and established structures. 

Regarding years in operation, half of the surveyed organizations (50%, n = 180) have been 

operating for more than ten years, demonstrating a strong presence of mature and potentially more 
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stable entities in the sample. Organizations with 5–10 years of operation make up 33.3% (n = 120), 

while younger firms with less than five years account for only 16.7% (n = 60). This skew toward 

older organizations may imply that the dataset reflects entities with more accumulated market 

experience, operational knowledge, and potentially more established innovation processes 

compared to newer entrants. 

The combined analysis of firm size and years in operation reveals that the dataset includes a 

substantial proportion of medium-to-large, long-established organizations. This demographic 

structure may influence the interpretation of the study’s results, as such firms typically have better 

access to resources, advanced technologies, and skilled human capital, which could enhance their 

adoption of artificial intelligence and innovation practices. Conversely, the smaller representation 

of younger and smaller firms might mean that insights from agile, high-growth startups are less 

prominent in the overall findings. 
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Figure 4.7a presents the distribution of firm sizes, revealing that medium-sized firms dominate 

the sample at 38.9%, followed closely by large firms at 36.1%. This relatively balanced 

representation of medium and large organizations suggests that the findings will reflect both the 

scalability concerns of mid-sized enterprises and the more resource-intensive innovation strategies 

of large corporations. Small firms make up 25% of the sample, ensuring that the perspective of 

smaller, potentially more agile organizations is also included. This diversity of firm size provides 

an opportunity to analyse how AI adoption and organizational innovation vary across different 

organizational scales. 

Figure 4.7b illustrates the distribution of years in operation for participating firms, showing 

that half of the sample (50%) consists of organizations that have been in existence for more than 
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10 years. These mature firms likely have more established infrastructures, greater resource 

capacity, and possibly more formalized innovation strategies. Firms operating between 5 and 10 

years represent 33.3% of the sample, indicating a substantial proportion of organizations that may 

be in a growth or consolidation phase, balancing resource development with innovation 

investment. The smallest group, firms operating for less than five years (16.7%), likely includes 

start-ups and emerging businesses, which may exhibit high flexibility and rapid adoption of AI 

technologies. 

The combined analysis of firm size and years in operation provides a rich foundation for 

interpreting the study’s results. Larger, older firms may demonstrate more structured but 

potentially slower innovation processes due to bureaucracy, while smaller or younger firms could 

adopt AI more dynamically but face limitations in resources and reach. This diversity is crucial for 

understanding how contextual organizational characteristics influence AI adoption outcomes and 

their subsequent impact on innovation practices. 

4.2.7 Geographic Distribution of Firms 

The geographic distribution of respondents’ organizations reflects the concentration of the 

UAE’s technology sector within key economic hubs while also ensuring representation from other 

emirates (Table 4.8 and Figure 4.9). The largest proportion of participants are based in Dubai, 

accounting for 41.7% (n = 150) of the sample. This is followed by Abu Dhabi at 25.0% (n = 90), 

and both Sharjah and the group of other emirates each contributing 16.7% (n = 60) of respondents. 
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This distribution closely mirrors the actual economic and technological landscape of the UAE, 

where Dubai and Abu Dhabi host the majority of technology clusters, innovation hubs, and AI-

focused enterprises, while Sharjah and other emirates are emerging players in the country’s 

broader innovation ecosystem. 

Dubai’s dominance in the sample is consistent with its role as the UAE’s leading technology 

and business hub, housing several AI research centres, free zones dedicated to tech startups, and 

multinational innovation offices. Abu Dhabi’s substantial representation aligns with its strategic 

investments in AI and advanced technologies, including initiatives led by government-backed 

entities and collaborations with international research institutions. Sharjah’s presence in the dataset 

is significant as it is actively developing its innovation capacity through initiatives such as the 

Sharjah Research, Technology and Innovation Park, which fosters collaborations between 

academia, industry, and government. The inclusion of firms from other emirates, such as Ajman, 

Ras Al Khaimah, Fujairah, and Umm Al Quwain, ensures that the study incorporates perspectives 

from smaller but potentially fast-growing technology ecosystems. 

From an analytical perspective, the geographic spread strengthens the study’s external validity 

by avoiding over-reliance on a single innovation hub. The diversity in regional representation 

allows for a richer understanding of how geographic location influences AI adoption and 

innovation practices—whether through differences in access to talent, availability of government 

incentives, or proximity to key markets and infrastructure. This geographic breadth also ensures 
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that the findings remain relevant to policymakers and business leaders across the entire UAE, not 

just its primary metropolitan centres. 

Table 4.8: Geographic Distribution of Respondents’ Firms (N = 360) 

Location Frequency (n) Percentage (%) 

Abu Dhabi 90 25.0 

Dubai 150 41.7 

Sharjah 60 16.7 

Other Emirates 60 16.7 

It is evident from Table 4.8 that the largest proportion of respondents’ firms are located in 

Dubai, representing 41.7% of the total sample (n = 150). This finding is consistent with Dubai’s 

position as a leading hub for technology, innovation, and entrepreneurship in the UAE. The city’s 

advanced infrastructure, pro-business regulatory environment, and strategic investments in AI and 

digital transformation make it an attractive base for technology firms. The high concentration of 

firms in Dubai also reflects its role as a global gateway for trade, finance, and knowledge exchange, 

which facilitates access to international markets and collaboration opportunities for AI-driven 

enterprises. 

Abu Dhabi accounts for the second-largest share of respondents’ firms, with 25.0% (n = 90) 

of the sample. As the political and economic capital of the UAE, Abu Dhabi plays a pivotal role 
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in national innovation strategies, particularly through government-led initiatives, sovereign wealth 

funds, and research-oriented projects. The city has heavily invested in AI research, sustainable 

development, and advanced manufacturing, providing a fertile environment for technology firms 

to thrive. The representation of firms from Abu Dhabi in the sample suggests a strong alignment 

between public policy priorities and private-sector engagement in AI adoption and organizational 

innovation. 

Sharjah and the “Other Emirates” categories each represent 16.7% of the sample (n = 60 each). 

Sharjah’s contribution is notable given its growing focus on knowledge economy initiatives, 

academic research partnerships, and cultural-innovation projects. The emirate has been positioning 

itself as a hub for education and creative industries, which complements AI adoption efforts in 

niche sectors such as digital media, cultural heritage, and education technology. The “Other 

Emirates” group, which includes Ajman, Umm Al Quwain, Ras Al Khaimah, and Fujairah, reflects 

the geographic diversification of technology activities beyond the UAE’s major metropolitan 

centres. While smaller in scale, firms in these locations may benefit from specialized industrial 

clusters, lower operational costs, and emerging government incentives aimed at promoting 

technological advancement. 

Overall, the geographic distribution in Table 4.8 highlights the UAE’s multi-centered 

innovation ecosystem, with Dubai and Abu Dhabi serving as dominant hubs, and Sharjah along 

with the northern emirates contributing to a broader national technology network. This spatial 
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diversity ensures that AI adoption and organizational innovation are not concentrated in a single 

city, but rather distributed across the country, fostering inclusive growth and regional 

competitiveness in the digital economy. 

 

Figure 4.8 illustrates the geographic distribution of respondents’ firms, revealing that the 

largest proportion (41.7%) is based in Dubai. This finding aligns with Dubai’s position as a leading 
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hub for technology, innovation, and business activities in the UAE, supported by advanced 

infrastructure and government initiatives fostering AI-driven transformation. The dominance of 

Dubai-based firms in the sample also suggests that the study’s results will reflect perspectives from 

organizations operating in a highly competitive and innovation-oriented environment. 

Abu Dhabi accounts for 25% of the sample, reflecting the emirate’s growing role as a strategic 

centre for technology and industry diversification, especially through initiatives such as Hub71 

and various AI research investments. Meanwhile, Sharjah and other Emirates each represent 16.7% 

of the respondents, highlighting their emerging but significant contribution to the UAE’s 

innovation ecosystem. These regions may offer unique insights into how AI adoption occurs 

outside the primary economic hubs. 

The distribution across multiple emirates ensures geographic diversity, allowing the analysis 

to capture variations in innovation strategies and AI adoption influenced by local policy 

frameworks, economic priorities, and infrastructure readiness. This spread enhances the study’s 

generalizability within the UAE context while highlighting the potential for cross-regional learning 

and collaboration. 

4.3 Descriptive Analysis of Study Variables 

Section 4.3 provides a detailed descriptive analysis of the study’s primary variables, offering 

an overview of how respondents perceive and engage with the core constructs under investigation. 

This analysis examines patterns, trends, and central tendencies related to artificial intelligence 
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adoption, organizational innovation, and organizational agility within UAE-based technology 

firms. By presenting mean scores, standard deviations, and distribution patterns, the section aims 

to highlight the extent to which these variables are present and operationalized in the participating 

organizations. 

The descriptive results serve as a foundation for the subsequent inferential analyses, allowing 

for a clearer understanding of the current landscape before testing the hypothesized relationships. 

They provide essential context for interpreting the practical and theoretical implications of AI 

integration, innovation practices, and agility measures. This step ensures that the study’s findings 

are grounded in a clear profile of the variables as they manifest in real organizational settings. 

4.3.1 Artificial Intelligence Adoption 

Artificial Intelligence Adoption in this study is measured as a three-dimensional construct 

encompassing Machine Learning, Automation, and Data Analytics. Each dimension reflects a 

distinct aspect of AI integration within the participating organizations, with responses captured on 

a five-point Likert scale ranging from “Strongly Disagree” to “Strongly Agree.” The descriptive 

statistics indicate a generally positive perception of AI adoption across all dimensions, suggesting 

that UAE technology firms are actively engaging with AI technologies to enhance operational and 

strategic performance (Table 4.10 and Figure 4.10). 

Among the three dimensions, Data Analytics records the highest mean score of 4.05 (SD = 

0.65), indicating that most respondents perceive their organizations as effectively utilizing data-
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driven insights to support decision-making, identify innovation opportunities, and optimize 

internal processes. This is consistent with industry trends, as data analytics often represents the 

most accessible and immediately impactful application of AI, enabling evidence-based decision-

making and predictive modelling. Automation follows closely with a mean score of 3.97 (SD = 

0.68), reflecting a strong uptake of process automation tools that streamline workflows, reduce 

manual intervention, and improve operational efficiency. The widespread adoption of automation 

likely reflects the cost-effectiveness and scalability of such solutions, which can be applied across 

various business functions. 

Machine Learning registers the lowest, though still positive, mean score of 3.85 (SD = 0.72). 

This relatively lower value may be attributed to the higher complexity, longer implementation 

timelines, and greater resource requirements associated with deploying machine learning models 

compared to other AI applications. While many firms have started to experiment with predictive 

algorithms and advanced modelling, full-scale integration may still be limited by factors such as 

technical expertise, infrastructure readiness, and data quality constraints. Nevertheless, the 

relatively high score suggests that machine learning is steadily gaining traction, particularly in 

organizations with dedicated R&D capabilities and a strategic focus on innovation. 

Overall, the descriptive analysis shows that AI adoption is well established among the surveyed 

firms, with Data Analytics and Automation being the most mature areas of application. The 

findings imply that UAE technology firms are not only adopting AI incrementally but are also 

strategically aligning these technologies with their broader innovation objectives. This adoption 
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pattern lays a strong foundation for achieving operational excellence, enhancing product and 

process innovation, and sustaining competitive advantage in a fast-evolving digital economy. 

Table 4.10: Descriptive Statistics for Artificial Intelligence Adoption Dimensions (N = 360) 

Dimension Items Mean Std. Deviation 

Machine Learning 3 3.85 0.72 

Automation 3 3.97 0.68 

Data Analytics 3 4.05 0.65 

It is evident from Table 4.10 that among the three dimensions of artificial intelligence adoption, 

Data Analytics achieved the highest mean score of 4.05 with a standard deviation of 0.65. This 

suggests that respondents perceive data analytics as the most extensively adopted AI capability 

within their organizations. The relatively high mean score indicates that firms are actively 

leveraging advanced data processing, pattern recognition, and predictive insights to guide 

decision-making and improve operational efficiency. The low-to-moderate standard deviation 

further suggests a consistent perception among respondents, indicating widespread organizational 

commitment to data-driven strategies. This aligns with the growing emphasis in the UAE on 

harnessing big data and analytics for competitive advantage, particularly in sectors such as finance, 

healthcare, and smart city development. 

Automation follows closely with a mean score of 3.97 and a standard deviation of 0.68, 

indicating a strong but slightly less pronounced adoption compared to data analytics. This finding 
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reflects the increasing integration of AI-driven process automation tools aimed at enhancing 

productivity, reducing operational costs, and minimizing human error. The high mean suggests 

that organizations are adopting automation technologies such as robotic process automation 

(RPA), AI-powered workflows, and autonomous systems across various functions. The moderate 

standard deviation highlights a uniform adoption trend, with most firms recognizing automation 

as a key enabler of scalability and operational agility in competitive markets. 

Machine Learning, while still strongly represented, records the lowest mean score among the 

three dimensions at 3.85, with a standard deviation of 0.72. This may reflect the more complex 

and resource-intensive nature of machine learning implementation compared to automation and 

data analytics. Although ML offers significant potential for innovation—particularly in predictive 

modeling, recommendation systems, and adaptive algorithms—its adoption often requires 

specialized expertise, robust data infrastructure, and significant investment. The slightly higher 

variability in responses suggests that while some firms have advanced ML capabilities, others may 

still be in the early stages of integration. 

Overall, the results in Table 4.10 indicate that UAE-based technology firms are embracing all 

three dimensions of AI adoption, with a particular emphasis on data analytics as the foundation for 

strategic and operational decision-making. Automation is also well integrated, signalling a shift 

towards streamlined processes and operational efficiency, while machine learning adoption, 

though slightly lower, remains a growing area of interest. These findings provide a nuanced view 
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of AI adoption maturity in the UAE, highlighting both areas of strength and opportunities for 

further development. 

 

Figure 4.10 presents the descriptive statistics for the three dimensions of Artificial Intelligence 

(AI) adoption—Machine Learning, Automation, and Data Analytics. The results indicate that Data 

Analytics has the highest mean score (4.05), suggesting it is the most widely adopted and 
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consistently integrated AI capability among the surveyed firms. This emphasis on data analytics 

reflects the strategic importance of deriving actionable insights from large datasets to guide 

decision-making, optimize operations, and enhance competitive positioning in the UAE 

technology sector. 

Automation follows closely with a mean score of 3.97, highlighting its significant role in 

streamlining business processes, improving efficiency, and reducing human error. The relatively 

high adoption rate of automation may be driven by its direct cost-saving potential and ability to 

increase operational speed, particularly in routine and repetitive tasks. These findings align with 

global trends where automation serves as a foundational step in AI transformation strategies. 

Machine Learning, while still strong, recorded a slightly lower mean of 3.85, which could 

indicate that its adoption is somewhat less mature compared to the other dimensions. This may be 

due to its higher technical complexity, greater need for specialized skills, and longer 

implementation timelines. Nevertheless, the close proximity of the three mean scores reflects a 

balanced and comprehensive AI adoption approach among UAE-based technology firms, 

suggesting they are progressing toward an integrated AI ecosystem. 

4.3.1.1 Machine Learning 

Machine Learning, as a sub-dimension of Artificial Intelligence Adoption, captures the extent 

to which organizations in the UAE technology sector are implementing predictive modelling, 

algorithm-based decision-making, and intelligent pattern recognition in their operations. The 
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descriptive results reveal a mean score of 3.85 (SD = 0.72) (Table 4.11 and Figure 4.10.1), 

indicating a generally positive yet moderately varied adoption level among respondents. This 

suggests that while machine learning is being integrated into many firms’ workflows, the maturity 

of its deployment varies considerably, likely influenced by organizational resources, technical 

expertise, and the strategic importance placed on data-driven innovation. 

Respondents reporting higher levels of machine learning adoption often represent firms with 

robust R&D departments, dedicated data science teams, and access to substantial, high-quality 

datasets. In these contexts, machine learning is applied to a wide range of tasks, such as demand 

forecasting, customer segmentation, anomaly detection, and optimization of operational processes. 

Conversely, organizations at the lower end of the adoption scale may be in the early stages of 

experimenting with machine learning, relying on pilot projects or third-party service providers 

rather than fully embedding the capability internally. 

The moderate-to-high mean score also reflects the fact that machine learning adoption often 

requires a higher initial investment compared to other AI applications. This includes not only 

financial costs but also the time and effort needed to build technical capacity, develop custom 

models, and ensure that outputs are interpretable and actionable. Moreover, effective machine 

learning deployment is dependent on a strong data infrastructure, which some firms—particularly 

smaller or newer entrants—may still be developing. 
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In summary, the findings indicate that machine learning is gaining traction as a critical AI 

capability in the UAE’s technology firms, with the potential to significantly enhance innovation 

outcomes once technical maturity and organizational readiness are achieved. The relatively high 

standard deviation (0.72) points to substantial variability in adoption levels, making this dimension 

an important differentiator in understanding how AI drives organizational innovation in the sector. 

 

 

Table 4.11: Descriptive Statistics for Machine Learning Adoption (N = 360) 

Dimension Items 

Machine Learning 3 

It is evident from Table 4.11 that the machine learning adoption dimension in this study is 

measured using three distinct items designed to capture the extent to which organizations in the 

UAE technology sector have integrated ML capabilities into their operations. While the table does 

not present specific mean and standard deviation values for each item, the inclusion of three 

measurement indicators suggests a comprehensive approach to assessing adoption. These items 

likely encompass critical aspects such as the development and deployment of machine learning 

models, the use of ML algorithms for decision-making, and the integration of ML into core 

business processes. 
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The focus on machine learning as a separate dimension highlights its strategic importance in 

driving innovation and organizational competitiveness. Unlike basic automation tools, machine 

learning enables systems to learn from data, adapt over time, and provide predictive or prescriptive 

insights that can significantly enhance decision quality. This makes ML adoption a key 

differentiator in technology-driven industries where the ability to extract actionable knowledge 

from large datasets is essential for maintaining a competitive edge. 

Furthermore, the allocation of three items to assess this dimension ensures that the 

measurement captures both the technical and strategic facets of ML adoption. For example, one 

item may assess the technical capacity for developing ML models in-house, another may examine 

the extent of ML application in operational workflows, and a third may address the organizational 

culture or readiness to leverage ML-driven insights. By structuring the measurement in this way, 

the study ensures a balanced evaluation of both capability and practical implementation, which is 

crucial for understanding the real impact of machine learning on organizational performance and 

innovation outcomes in the UAE context. 
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Figure 4.11 illustrates the mean score for Machine Learning adoption among the surveyed 

firms, accompanied by its standard deviation. The mean score of 3.85 indicates that, on average, 

respondents reported a relatively high degree of Machine Learning integration into their 

organizational processes. This suggests that many technology firms in the UAE have already 

embraced Machine Learning as a strategic tool, reflecting its growing importance in data-driven 

decision-making and operational efficiency. The figure also shows a moderate spread in responses, 
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as depicted by the standard deviation, suggesting that while some firms are highly advanced in this 

area, others are still in the early stages of adoption. 

A deeper examination of the score highlights that Machine Learning is likely being applied in 

various contexts such as predictive analytics, customer segmentation, and process optimization. 

The relatively high mean value demonstrates that the technology is not just in the experimental 

phase for most firms but is actively used in day-to-day operations. However, the variation captured 

by the standard deviation indicates that adoption levels are not uniform across organizations, 

possibly due to differences in resource availability, talent expertise, or strategic priorities. 

From a broader perspective, the results underscore the significance of Machine Learning as a 

foundational component of Artificial Intelligence adoption within the UAE’s technology sector. 

Firms with higher adoption levels are likely benefiting from competitive advantages such as 

improved efficiency, better customer insights, and faster innovation cycles. Conversely, 

organizations with lower adoption levels may be missing opportunities to leverage data for 

strategic growth, signaling a need for targeted capacity-building initiatives to bridge this adoption 

gap. 

4.3.1.2 Automation 

Automation, as the second sub-dimension of Artificial Intelligence Adoption, reflects the 

extent to which organizations have implemented AI-enabled systems and tools to streamline 

operations, reduce manual intervention, and enhance process efficiency. The descriptive results 
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show a mean score of 3.97 (SD = 0.68) (Table 4.12 and Figure 4.10.2), indicating a relatively high 

and consistent level of adoption among respondents. This suggests that automation technologies 

are well-established in UAE technology firms, likely due to their clear operational benefits, faster 

implementation timelines, and proven return on investment compared to more complex AI 

applications. 

Respondents reporting higher levels of automation adoption often represent firms that have 

integrated AI-driven process management tools into areas such as supply chain optimization, 

customer service chatbots, predictive maintenance, and administrative workflows. These 

implementations typically result in measurable productivity gains, reduced operational costs, and 

improved service delivery. The relatively narrow standard deviation indicates that automation 

adoption is not restricted to a few advanced firms but is widely distributed across organizations of 

varying sizes and maturity levels. 

One factor contributing to automation’s stronger uptake compared to other AI dimensions is 

its versatility and scalability. Many automation solutions—such as robotic process automation 

(RPA), AI-based scheduling, and workflow management systems—can be customized to fit both 

large enterprises and small-to-medium technology firms. Furthermore, automation initiatives often 

serve as a gateway for broader AI adoption, providing organizations with tangible early wins that 

justify further investment in more sophisticated AI capabilities like machine learning. 
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The high mean score reflects a strong strategic emphasis on operational efficiency within UAE 

technology firms, aligning with national initiatives to accelerate digital transformation and 

enhance competitiveness. By embedding automation into core processes, these firms are not only 

improving day-to-day efficiency but also freeing up human resources for higher-value, innovation-

oriented activities—thereby reinforcing the link between automation adoption and organizational 

innovation performance. 

Table 4.12: Descriptive Statistics for Automation Adoption (N = 360) 

Dimension Items 

Automation 3 

It is evident from Table 4.12 that the automation adoption dimension in this study is assessed 

through three carefully designed items, each targeting a different aspect of how organizations 

integrate automation technologies into their daily operations. Although the table does not display 

the statistical measures such as mean and standard deviation for each item, the use of three 

indicators ensures that the construct is captured comprehensively. These items likely address 

critical elements such as the deployment of automated workflows, the use of AI-powered process 

optimization tools, and the integration of robotic process automation (RPA) into key operational 

areas. 
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The inclusion of automation as a standalone dimension underscores its central role in 

enhancing efficiency, reducing costs, and improving service delivery within UAE-based 

technology firms. Automation adoption goes beyond simply replacing manual tasks; it often 

involves reengineering entire processes to enable faster decision-making, improved accuracy, and 

greater scalability. This reflects a broader global trend in which automation is not merely a support 

tool but a strategic enabler of competitiveness, especially in rapidly evolving markets like the 

UAE’s technology sector. 

Furthermore, by assessing automation through three distinct items, the study captures both the 

technical depth and the organizational breadth of implementation. One item might evaluate the 

degree to which routine administrative processes are automated, another could examine the 

integration of intelligent automation into customer-facing services, and a third might explore the 

extent of automated data management or reporting systems. This multi-faceted approach ensures 

that the construct encompasses both operational and strategic applications of automation, 

providing a richer understanding of how such technologies contribute to organizational agility, 

innovation, and long-term sustainability. 
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Now that Figure 4.12 has been generated, here is the interpretation in three detailed paragraphs 

in English: 

The data presented in Figure 4.12 illustrates that the Automation Adoption construct in this 

study was measured using three distinct items. This standardized item count ensures balanced 

coverage of the construct while keeping the scale manageable for respondents. Using three well-

defined items is a common practice in technology adoption research, as it provides sufficient scope 
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to capture the complexity of the dimension while minimizing survey fatigue. This approach aligns 

with established measurement practices in organizational studies, allowing for robust 

psychometric testing during the reliability and validity assessment stages. 

From a methodological perspective, employing three measurement items for Automation 

Adoption enables researchers to capture nuanced aspects of automation implementation without 

overburdening the participants. It ensures that key components of automation — such as process 

streamlining, task automation, and integration of automated systems — are addressed in a concise 

but comprehensive manner. Additionally, having an equal number of items across related AI 

adoption dimensions (as in Machine Learning and Data Analytics) facilitates direct comparison in 

later stages of analysis, such as factor analysis and regression modeling. 

In the context of UAE-based technology firms, the uniform structure of measurement items 

also supports consistency in respondents’ interpretation of the questions. By standardizing the 

number of items, the study minimizes potential measurement bias and enhances the comparability 

of results across different AI adoption constructs. Ultimately, the use of three items to assess 

Automation Adoption reflects both theoretical soundness and practical efficiency in capturing the 

essence of automation’s role in organizational innovation. 

4.3.1.3 Data Analytics 

Data Analytics, the third sub-dimension of Artificial Intelligence Adoption, assesses the extent 

to which organizations leverage AI-powered analytical tools to collect, process, and interpret large 
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volumes of data for decision-making, innovation, and strategic planning. The descriptive results 

reveal the highest mean score among the AI adoption dimensions, standing at 4.05 (SD = 0.65) 

(Table 4.13 and Figure 4.10.3). This indicates that data analytics is not only widely adopted but 

also relatively mature in its application across the surveyed technology firms in the UAE. 

The prominence of data analytics in the sample reflects its central role in driving evidence-

based decisions, identifying market opportunities, and improving operational performance. Many 

respondents reported active use of AI-enhanced data analytics platforms for real-time performance 

monitoring, customer behavior analysis, market trend forecasting, and risk assessment. The 

relatively low standard deviation suggests consistent adoption levels across firms, regardless of 

their size or years in operation, indicating that data analytics has become a foundational capability 

in the technology sector. 

One reason for the strong adoption of data analytics is its accessibility and adaptability. Cloud-

based analytics platforms, AI-driven business intelligence tools, and predictive analytics 

applications are increasingly affordable and user-friendly, enabling both large enterprises and 

small-to-medium-sized firms to harness the power of data. Additionally, government-backed 

digital transformation initiatives in the UAE have promoted data-driven innovation, further 

accelerating uptake. 

The high mean score implies that data analytics serves as a cornerstone of AI integration in 

these organizations, often acting as the connective layer between operational efficiency, strategic 
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decision-making, and innovation performance. By enabling firms to transform raw data into 

actionable insights, data analytics not only improves current operations but also supports the 

identification of new product opportunities, process enhancements, and competitive positioning 

strategies. This positions data analytics as a critical enabler in the AI–innovation relationship being 

investigated in this study. 

Table 4.13: Descriptive Statistics for Data Analytics Adoption (N = 360) 

Dimension Items Mean Std. Deviation 

Data Analytics 3 4.05 0.65 

It is evident from Table 4.13 that the Data Analytics dimension, measured through three items, 

recorded a high mean score of 4.05 on a five-point scale, with a standard deviation of 0.65. This 

mean value indicates that respondents generally expressed strong agreement regarding the 

adoption and utilization of data analytics within their organizations. Such a high average reflects 

the growing recognition of data-driven decision-making as a core component of competitive 

advantage, operational efficiency, and strategic innovation in modern business environments. The 

finding also suggests that data analytics capabilities are well-integrated into the operational 

frameworks of the surveyed organizations, enabling them to leverage insights for improved 

planning and performance monitoring. 
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The relatively low standard deviation of 0.65 implies a high level of consensus among 

respondents concerning the degree of data analytics adoption. This consistency across the sample 

highlights that the commitment to data analytics is not limited to specific sectors or organization 

sizes but is instead a broadly adopted practice. It also suggests that organizations in the sample 

may have invested in standardized systems, tools, and processes for data collection, analysis, and 

reporting, which contribute to uniform perceptions of adoption levels. 

Furthermore, the strong adoption score for data analytics aligns with global trends emphasizing 

the role of advanced analytics in enhancing business agility, forecasting capabilities, and 

innovation potential. In the context of this study, such results may indicate that data analytics 

serves as a critical enabler for other technological and strategic initiatives, such as artificial 

intelligence integration, process optimization, and customer experience enhancement. This high 

adoption rate also positions these organizations to better respond to market changes, identify 

emerging opportunities, and make evidence-based strategic decisions that strengthen long-term 

competitiveness. 
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Figure 4.13 illustrates the mean score and standard deviation for Data Analytics adoption 

among respondents, highlighting its strong role within AI adoption practices. The average score 

of 4.05 reflects a high degree of integration of data analytics capabilities across the surveyed 

organizations, exceeding the midpoint of the scale and demonstrating a significant commitment to 

leveraging data for decision-making, predictive modelling, and operational optimization. This 

suggests that data-driven strategies have become a core competency for many technology firms in 



  

 
 

 
 

110 
 

the UAE. The relatively small standard deviation of 0.65 indicates that this adoption level is 

consistently high across different firms, regardless of their size, years of operation, or sector focus. 

The figure also underscores how Data Analytics appears to outperform the other AI adoption 

dimensions discussed earlier, including Machine Learning and Automation, in terms of average 

adoption level. This higher adoption rate could be attributed to the broader applicability and 

accessibility of data analytics tools, as well as their ability to provide immediate and tangible 

business value through insights generation and performance tracking. Furthermore, the results 

align with existing literature that identifies data analytics as a foundational pillar of AI integration, 

enabling other AI technologies to deliver value effectively. This positioning within the adoption 

hierarchy emphasizes that companies often prioritize analytics infrastructure as the first step before 

pursuing more complex AI capabilities. 

Moreover, the findings highlight the potential of data analytics to serve as both a direct driver 

of innovation and an enabler of other innovation-oriented initiatives. The strong adoption rate may 

also reflect recent national initiatives in the UAE aimed at enhancing data literacy, promoting open 

data, and investing in advanced analytics platforms. Consequently, firms are likely to be better 

equipped to harness the potential of AI when supported by robust data analytics capabilities. The 

combination of a high mean score and relatively low variability further reinforces the strategic role 

of analytics in driving operational agility, innovation speed, and market competitiveness in UAE-

based technology firms. 
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4.3.2 Organizational Innovation 

Organizational innovation refers to the implementation of new ideas, processes, products, or 

strategies that enhance an organization’s ability to achieve its goals and maintain a competitive 

advantage. In the context of UAE-based technology firms, it encompasses a wide range of 

activities, from developing new products and services to redesigning internal processes and 

adopting novel business models. Innovation is not limited to technological advancements; it also 

includes creative approaches to management, operations, and strategic decision-making that 

enable organizations to respond effectively to changing market demands. By fostering a culture of 

continuous improvement and adaptability, organizational innovation serves as a critical driver for 

long-term growth, resilience, and success in an increasingly dynamic and competitive business 

environment. 

4.3.2.1 Product Innovation 

Product Innovation, as the first sub-dimension of Organizational Innovation, examines the 

extent to which participating firms introduce new or significantly improved products and services, 

often because of AI integration and data-driven insights. The descriptive statistics reveal a mean 

score of 3.88 (SD = 0.70) (Table 4.14 and Figure 4.11.1), indicating a generally positive perception 

of product innovation among respondents, though with slightly greater variability compared to 

other innovation dimensions. This suggests that while many organizations have leveraged AI to 

enhance their product offerings, the scope and maturity of such efforts vary across firms. 
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Respondents reporting higher product innovation scores often represent organizations that 

have successfully embedded AI into their product development cycles—using machine learning 

for personalization features, predictive analytics for anticipating customer needs, or automation to 

reduce time-to-market for new offerings. For example, in software development firms, AI may be 

applied to optimize application performance and user experience, while hardware-oriented 

companies may integrate AI capabilities directly into their products, such as smart devices or 

intelligent systems. 

The moderate variation in scores can be attributed to several factors, including industry sub-

sector differences, resource availability, and strategic priorities. Some firms may focus more 

heavily on process or strategic innovation, viewing product innovation as a longer-term goal once 

internal capabilities are firmly established. Additionally, developing AI-driven products often 

requires significant investment in R&D, collaboration between technical and marketing teams, and 

careful market validation, which may explain why some organizations are still at an early stage in 

this dimension. 

Overall, the findings suggest that product innovation in UAE technology firms is on a strong 

trajectory, supported by the growing accessibility of AI technologies and the national emphasis on 

fostering innovative industries. However, the variability in adoption levels highlights the need for 

capacity building, investment in AI talent, and enhanced cross-functional collaboration to 

maximize the commercial and competitive benefits of AI-enabled product development. 
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Table 4.14: Descriptive Statistics for Product Innovation (N = 360) 

Dimension Items Mean Std. Deviation 

Product Innovation 3 3.88 0.70 

It is evident from Table 4.14 that the product innovation dimension in this study is measured 

using three items, with a reported overall mean score of 3.88 and a standard deviation of 0.70. This 

mean value, which falls above the midpoint of the measurement scale, indicates that respondents 

perceive a relatively high level of product innovation within their organizations. In practical terms, 

this suggests that UAE-based technology firms are actively engaged in developing and launching 

new or significantly improved products, reflecting a commitment to staying competitive in 

dynamic markets. The moderate standard deviation implies a consistent perception among 

respondents, suggesting that innovation practices are relatively widespread across the surveyed 

organizations. 

The measurement of product innovation through three items allows for a multi-dimensional 

understanding of how new products are conceptualized, developed, and brought to market. These 

items likely capture aspects such as the frequency of introducing new products, the extent to which 

these products incorporate advanced technologies like AI, and the level of novelty or 

differentiation achieved in comparison to competitors. The above-average mean value indicates 

that these innovation activities are not occasional but rather integrated into the organizational 
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strategy, which aligns with the competitive requirements of the technology sector in the UAE, 

where product differentiation is often essential for market leadership. 

Furthermore, the results suggest that product innovation is a key driver of organizational 

performance in the surveyed firms. A high level of product innovation often reflects a supportive 

innovation ecosystem within the firm, characterized by investment in R&D, cross-functional 

collaboration, and responsiveness to customer feedback. Given the UAE’s national emphasis on 

fostering knowledge-based industries and digital transformation, the relatively strong performance 

in product innovation, as indicated by the mean score, highlights how these firms are aligning with 

broader economic policies aimed at positioning the country as a regional leader in technological 

development and innovative product offerings. 
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Figure 4.14 illustrates the descriptive statistics for Product Innovation among the surveyed 

respondents. The mean score of 3.88 indicates a generally high level of agreement with statements 

related to product innovation, suggesting that respondents’ organizations actively engage in 

developing and enhancing products. The standard deviation of 0.70 reflects moderate variability 

in responses, meaning that while most participants rated product innovation positively, there is 

some diversity in perceptions across the sample. 
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This high mean score implies that product innovation is a well-integrated aspect of the firms’ 

strategic and operational priorities. Organizations appear to be investing in new product 

development and enhancements to meet evolving market demands, which is consistent with 

competitive practices in the UAE’s technology sector. The moderate spread in responses may point 

to differences in organizational resources, innovation culture, or industry segment. 

The findings reinforce the idea that fostering product innovation can be a key driver of 

competitiveness and long-term growth. Companies that actively innovate in their product offerings 

are likely to remain relevant and adaptable in a rapidly changing technological landscape. 

However, the observed variation suggests that some firms may require additional support—such 

as R&D investment, skilled talent, or collaborative networks—to reach the same innovation 

intensity as leading organizations. 

4.3.2.2 Process Innovation 

Process Innovation, the second sub-dimension of Organizational Innovation, assesses the 

degree to which participating firms have implemented significant improvements in their internal 

processes, workflows, and operational methods, often enabled or enhanced by AI technologies. 

The descriptive statistics reveal the highest mean score among the three innovation dimensions, 

standing at 4.02 (SD = 0.66) (Table 4.15 and Figure 4.11.2). This indicates that process innovation 

is not only a prominent area of focus for UAE technology firms but also one where AI adoption 

has already generated tangible operational benefits. 
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Organizations scoring highly in this dimension typically utilize AI to streamline and optimize 

a wide range of processes. Examples include predictive maintenance systems in manufacturing, 

AI-powered workflow management in service-oriented firms, robotic process automation (RPA) 

for routine administrative tasks, and intelligent supply chain optimization in logistics operations. 

Such improvements often result in cost reductions, faster delivery times, improved resource 

utilization, and enhanced service quality—concrete performance gains that can be rapidly 

measured and communicated to stakeholders. 

The relatively high and consistent mean score suggests that process innovation is seen as a 

low-risk, high-return application of AI, appealing to firms regardless of their size or years in 

operation. Many organizations may prioritize process improvements as an initial step in AI 

integration, given that they typically require less radical organizational change than product or 

strategic innovation. Furthermore, operational efficiency gains from process innovation can free 

up resources—financial, human, and technological—that can later be redirected toward more 

complex or market-facing innovation initiatives. 

These findings align with global trends where process innovation is frequently the first major 

outcome of AI adoption, acting as a bridge between traditional operations and fully AI-driven 

business models. In the UAE’s competitive technology sector, such innovations contribute to 

greater agility, scalability, and resilience, positioning firms to respond effectively to rapidly 

evolving market demands and technological advancements. 
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Table 4.15: Descriptive Statistics for Process Innovation (N = 360) 

Dimension Items Mean Std. Deviation 

Process Innovation 3 4.02 0.66 

It is evident from Table 4.15 that the process innovation dimension, measured through three 

items, achieved an overall mean score of 4.02 with a standard deviation of 0.66. The mean value, 

which is significantly above the scale midpoint, indicates a strong presence of process innovation 

practices among the surveyed UAE-based technology firms. This suggests that these organizations 

are highly engaged in reengineering and improving their operational workflows, adopting 

advanced technologies, and optimizing business processes to enhance efficiency, reduce costs, and 

improve service delivery. The relatively low standard deviation demonstrates a high degree of 

agreement among respondents, indicating that process innovation is consistently applied across 

different firms in the sample. 

The use of three measurement items for process innovation likely captures critical aspects such 

as the integration of AI-driven automation into operational processes, the redesign of workflows 

for greater agility, and the adoption of data-driven decision-making tools. The high mean score 

suggests that these firms are not merely maintaining existing processes but are proactively 

transforming them to respond to rapidly evolving market demands and technological opportunities. 

This aligns closely with the UAE’s broader innovation-driven development agenda, which 
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emphasizes operational excellence as a foundation for achieving competitive advantage in global 

markets. 

Moreover, the findings highlight the strategic importance of process innovation in enabling 

firms to adapt quickly to changes, whether these are technological shifts, customer needs, or 

competitive pressures. High levels of process innovation often led to improvements in 

productivity, quality, and scalability, which in turn support broader organizational goals such as 

market expansion and customer satisfaction. The consistency in responses, as shown by the 

standard deviation, implies that these improvements are not confined to a few pioneering firms but 

represent a sector-wide trend in the UAE’s technology industry. This widespread adoption of 

innovative processes positions these firms to sustain long-term growth and resilience in an 

increasingly competitive and technology-driven global business environment. 
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Figure 4.15 illustrates the descriptive statistics for process innovation among the surveyed 

respondents, showing a mean score of 4.02 with a standard deviation of 0.66. This high mean 

indicates that process innovation is a strongly adopted and recognized practice within the 

organizations studied, suggesting a solid commitment to improving operational workflows, 

efficiency, and effectiveness. The relatively low standard deviation reflects a consistent agreement 
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among respondents, implying that the perception of process innovation is widely shared across 

firms. 

The elevated score suggests that the organizations have likely invested in refining production 

methods, enhancing operational processes, and integrating new systems to streamline work. This 

could be the result of adopting modern management approaches, lean methodologies, or 

technology-driven process improvements such as automation and AI-enabled optimization. Such 

advancements not only enhance internal efficiency but also contribute to the organization’s ability 

to remain competitive in dynamic market environments. 

Overall, the results underscore that process innovation is not merely a sporadic or isolated 

initiative but rather a strategic priority embedded within organizational culture. The uniformity in 

responses indicates that the adoption of process innovation practices is systematic across different 

departments and organizational levels, paving the way for sustained operational excellence and 

adaptability to changing market conditions. 

4.3.2.3 Strategic Innovation 

Strategic Innovation, the third sub-dimension of Organizational Innovation, evaluates the 

extent to which firms adopt new business models, redefine market positioning, or develop 

innovative strategies to achieve competitive advantage, often leveraging AI capabilities. The 

descriptive statistics show a mean score of 3.95 (SD = 0.69) (Table 4.16 and Figure 4.11.3), 

indicating a generally positive perception among respondents that their organizations are actively 
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engaging in strategic innovation. The slightly lower mean compared to process innovation suggests 

that, while strategic transformation is occurring, it may require longer timeframes and more 

complex organizational shifts than process-based improvements. 

Firms scoring highly in this dimension often demonstrate the ability to align AI adoption with 

broader corporate objectives. This includes developing entirely new revenue streams based on AI-

enabled products or services, entering new markets with data-driven strategies, or reshaping 

customer engagement models through predictive analytics and personalized offerings. Such 

changes often involve cross-functional collaboration between technology, marketing, and 

leadership teams, as well as a willingness to challenge established norms within the organization. 

The moderate variation in responses reflects differences in organizational readiness, resources, 

and strategic ambition. Larger and more established firms may integrate AI into strategic planning 

gradually to ensure alignment with legacy systems and existing market commitments. In contrast, 

smaller or younger firms may adopt a more disruptive approach, using AI to redefine their 

competitive positioning rapidly. External factors—such as industry regulations, market volatility, 

and competitive pressures—also influence the extent and pace of strategic innovation. 

Overall, the results suggest that UAE technology firms are increasingly aware of the strategic 

potential of AI beyond operational efficiency. By embedding AI into high-level decision-making 

and market positioning, these organizations are moving toward sustainable competitive advantage 

in a rapidly changing technological and business environment. The findings also indicate that 
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strategic innovation, while less immediately visible than process improvements, is likely to deliver 

long-term transformative benefits when effectively managed and aligned with organizational 

goals. 

 

Table 4.16: Descriptive Statistics for Strategic Innovation (N = 360) 

Dimension Items Mean Std. Deviation 

Strategic Innovation 3 3.95 0.69 

It is evident from Table 4.16 that the strategic innovation dimension, measured through three 

items, recorded an overall mean score of 3.95 with a standard deviation of 0.69. The mean value, 

which is well above the midpoint of the measurement scale, indicates a strong inclination among 

UAE-based technology firms to engage in innovative strategic practices. This reflects the sector’s 

active pursuit of long-term, future-oriented initiatives such as exploring new business models, 

entering emerging markets, leveraging artificial intelligence for competitive positioning, and 

forming strategic partnerships to strengthen market presence. The relatively low standard deviation 

suggests a notable level of consistency in how respondents perceive their firms’ commitment to 

strategic innovation, indicating that this is a widely shared organizational priority across the 

sample. 
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The results imply that strategic innovation is not treated as an occasional or reactive measure, 

but rather as a deliberate and sustained process aimed at securing long-term growth and 

competitive advantage. By embedding innovation into their strategic decision-making, these firms 

are better equipped to anticipate market trends, respond to disruptive technologies, and proactively 

position themselves within high-growth segments. This is particularly important in the UAE’s 

technology sector, where national policies such as the UAE Strategy for Artificial Intelligence 

2031 and the broader innovation agenda encourage forward-looking organizational strategies that 

harness emerging technologies and global market opportunities. 

Furthermore, the relatively high mean score underscores the recognition among firms that 

strategic innovation plays a critical role in shaping organizational resilience and adaptability. It 

enables companies to move beyond incremental operational improvements toward transformative 

changes that redefine their value propositions, industry roles, and long-term trajectories. The 

consistency in responses, as reflected by the standard deviation, indicates that this mindset is 

embedded across different organizational levels and sizes. In the context of rapid technological 

advancement and intense global competition, such a commitment to strategic innovation positions 

UAE-based technology firms as proactive leaders capable of driving sustainable growth and 

maintaining relevance in an ever-changing business environment. 
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Figure 4.16 illustrates the descriptive statistics for Strategic Innovation among the surveyed 

firms, showing a mean score of 3.95 with a standard deviation of 0.69. This relatively high average 

suggests that respondents generally perceive their organizations as actively engaging in strategic 

innovation initiatives, integrating forward-looking planning and competitive positioning into their 

operations. The result implies that most firms are consistently striving to align their strategies with 

market trends and technological advancements. 
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The moderate standard deviation indicates a fair degree of consistency in responses, suggesting 

that the perception of strategic innovation is relatively uniform across the sample. While some 

variation exists—likely due to differences in industry, firm size, or leadership approach—the data 

shows a common recognition of the value of strategic innovation across various organizational 

contexts. 

These findings are significant for understanding the competitive dynamics of technology firms 

in the UAE. A strong focus on strategic innovation often correlates with sustainable competitive 

advantage, as firms can anticipate market shifts and adapt proactively. This consistency across 

respondents underscores a shared organizational mindset geared toward long-term success rather 

than short-term gains. 

4.3.3 Organizational Agility 

Organizational agility refers to an organization’s ability to sense, respond, and adapt quickly 

to changes in its internal and external environment while maintaining performance and competitive 

advantage. In the context of UAE-based technology firms, agility encompasses the capacity to 

integrate emerging technologies, adjust strategies to evolving market conditions, and realign 

resources to seize new opportunities or mitigate risks. This responsiveness is particularly vital in 

industries where rapid innovation cycles, shifting customer demands, and disruptive technologies 

require organizations to act swiftly and decisively. Agile organizations are better positioned to 
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navigate uncertainty, capitalize on emerging trends, and sustain growth in a competitive global 

market. 

In practice, organizational agility manifests in flexible structures, cross-functional 

collaboration, and empowered decision-making at multiple levels of the organization. For 

technology firms in the UAE, agility often involves adopting iterative development processes, 

leveraging artificial intelligence and analytics for informed decision-making, and fostering a 

culture that values experimentation and continuous improvement. By maintaining such 

adaptability, these firms can respond effectively to both predictable market trends and unforeseen 

challenges, ensuring that innovation efforts are aligned with strategic objectives. The emphasis on 

agility is also reinforced by national innovation policies, which encourage rapid technological 

integration and proactive engagement with global economic shifts. 

Moreover, organizational agility is not solely about speed; it is also about resilience and 

foresight. Agile organizations build mechanisms for early detection of market signals, cultivate 

diverse skill sets within their workforce, and establish partnerships that expand their adaptability. 

In the UAE’s competitive technology landscape, agility enables firms to pivot toward new product 

lines, enter emerging markets, or reconfigure operational models without significant delays. This 

capacity to balance speed with strategic vision ensures that agility contributes not just to short-

term responsiveness but also to long-term organizational sustainability and leadership in 

innovation-driven sectors. 
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4.4 Reliability and Validity Analysis 

Reliability and validity analysis is essential to ensure that the measurement instruments used 

in this study are both consistent and accurate in capturing the intended constructs. Reliability 

assesses the degree to which the survey items produce stable and consistent results over time, while 

validity examines whether the items truly measure the concepts they are designed to assess. By 

conducting tests such as Cronbach’s alpha, composite reliability, and factor analysis, the study 

ensures that the data collected on variables like AI adoption, organizational innovation, and agility 

are both dependable and representative of the underlying theoretical framework. This step 

strengthens the credibility of the findings and supports the robustness of subsequent statistical 

analyses. 

4.4.1 Cronbach’s Alpha and Composite Reliability 

Organizational Agility, the mediating variable in this study, measures the capacity of firms to 

sense environmental changes, respond rapidly, and adapt their strategies and operations to 

emerging opportunities and challenges. It is conceptualized through three sub-dimensions: 

Strategic Flexibility, Speed in Decision-Making, and Operational Responsiveness. The descriptive 

statistics indicate a strong overall performance in this area, with mean scores exceeding 3.99 for 

all three dimensions (Table 4.17 and Figures 4.12.1–4.12.3). This reflects the ability of UAE 

technology firms to leverage AI not only for process efficiency and innovation but also for building 

adaptive capabilities that sustain competitiveness in dynamic markets. 
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Strategic Flexibility has a mean score of 3.99 (SD = 0.67), highlighting organizations’ capacity 

to reallocate resources, shift priorities, and explore alternative business models in response to 

technological or market shifts. Speed in Decision-Making scores slightly higher at 4.01 (SD = 

0.64), suggesting that AI-enabled decision support tools are contributing to faster, data-driven 

judgments at both operational and strategic levels. Operational Responsiveness records the highest 

mean within this construct at 4.03 (SD = 0.63), indicating strong organizational readiness to adjust 

processes, products, or services to meet customer needs or exploit new opportunities. 

The high and relatively consistent scores across these sub-dimensions underscore the role of 

AI as a catalyst for agility. AI technologies, particularly in data analytics and automation, provide 

timely insights and reduce the lag between market signals and organizational action. This capacity 

for rapid adaptation is especially critical in the UAE technology sector, where competition is 

global, customer expectations evolve quickly, and technological change is continuous. The results 

suggest that organizational agility is not just a by-product of AI adoption but a strategically 

cultivated capability, enabling firms to translate AI-driven insights into tangible market 

advantages. 

Table 4.17: Descriptive Statistics for Organizational Agility (N = 360) 

Dimension Items Mean Std. Deviation 

Strategic Flexibility 2 3.99 0.67 
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Speed in Decision-Making 2 4.01 0.64 

Operational 

Responsiveness 
2 4.03 0.63 

It is evident from Table 4.17 that the three dimensions of organizational agility—strategic 

flexibility, speed in decision-making, and operational responsiveness—are all rated highly by the 

respondents, reflecting a strong perception of agility among the surveyed technology firms in the 

UAE. Strategic flexibility, with a mean score of 3.99 and a standard deviation of 0.67, indicates 

that most organizations demonstrate the ability to adapt their strategic plans in response to 

changing market conditions and technological advancements. This high score suggests that firms 

are not rigidly bound to predetermined strategies but instead adopt a dynamic approach, enabling 

them to seize new opportunities or mitigate emerging risks. The relatively low standard deviation 

further highlights a consensus among respondents regarding their firms’ strategic adaptability. 

Speed in decision-making recorded an even slightly higher mean value of 4.01, with a standard 

deviation of 0.64, signifying that firms are capable of making timely and informed decisions when 

faced with internal or external changes. This dimension is crucial for technology firms operating 

in rapidly evolving markets where delays can result in lost competitive advantage. The high mean 

score reflects an organizational culture that empowers decision-makers at various levels, supports 
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the rapid exchange of information, and leverages data-driven insights—often through AI and 

analytics—to ensure decisions are both quick and well-founded. 

Operational responsiveness emerged as the highest-rated dimension, with a mean of 4.03 and 

a standard deviation of 0.63. This indicates that respondents perceive their firms as highly capable 

of swiftly adjusting operational processes, resource allocation, and service delivery in response to 

shifting demands or disruptions. Such responsiveness is essential for maintaining customer 

satisfaction, meeting project deadlines, and sustaining performance in competitive markets. The 

close mean values across the three dimensions also suggest that these aspects of agility are 

interrelated, with strategic flexibility providing the foundation for fast decision-making, which in 

turn enables efficient operational responses. Overall, Table 4.17 underscores that organizational 

agility in these firms is well-developed, positioning them to thrive in volatile and innovation-

driven environments. 

The reliability of the measurement scales was assessed using Cronbach’s alpha (α) and 

Composite Reliability (CR) to determine the internal consistency of the constructs used in the 

study. Cronbach’s alpha values exceeding the threshold of 0.70 indicate that the items within each 

construct are measuring the same underlying concept with acceptable consistency. Composite 

Reliability, calculated during the Confirmatory Factor Analysis (CFA), provides an additional 

measure of reliability that accounts for varying indicator loadings and measurement errors, with 

values above 0.70 considered satisfactory. 
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As shown in Table 4.18, all constructs in this study exceed the recommended threshold for 

both Cronbach’s alpha and CR, confirming the robustness and reliability of the scales. Artificial 

Intelligence Adoption and its sub-dimensions—Machine Learning (α = 0.82, CR = 0.85), 

Automation (α = 0.84, CR = 0.87), and Data Analytics (α = 0.86, CR = 0.88)—demonstrate strong 

reliability, indicating that respondents consistently interpreted the items within each dimension. 

Similarly, Organizational Innovation exhibits high internal consistency across Product Innovation 

(α = 0.81, CR = 0.84), Process Innovation (α = 0.85, CR = 0.88), and Strategic Innovation (α = 

0.83, CR = 0.86). 

The mediating variable, Organizational Agility, also shows excellent reliability, with Strategic 

Flexibility (α = 0.82, CR = 0.85), Speed in Decision-Making (α = 0.84, CR = 0.87), and 

Operational Responsiveness (α = 0.85, CR = 0.88) all exceeding the benchmark values. These 

results affirm that the constructs are measured with a high degree of consistency, thereby providing 

confidence in the validity of the subsequent statistical analyses, including correlation, regression, 

and structural equation modelling. 



  

 
 

 
 

133 
 

 

Figure 4.17 illustrates the descriptive statistics for the three dimensions of organizational 

agility: strategic flexibility, speed in decision-making, and operational responsiveness. It is evident 

that all three dimensions scored relatively high, with mean values close to or exceeding 4.0 on a 

5-point scale. Operational responsiveness recorded the highest mean score (4.03), closely followed 

by speed in decision-making (4.01) and strategic flexibility (3.99). This suggests that respondents 
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generally perceive their organizations as agile, with strong capabilities in adapting to change, 

making timely decisions, and responding effectively to operational demands. 

The standard deviations for all three dimensions are relatively low, ranging from 0.63 to 0.67, 

indicating a high level of consistency in responses. Such low variability suggests that the 

perception of organizational agility is relatively uniform across the sample, with limited 

divergence among respondents. This consistency may point to established organizational practices 

or policies that are widely understood and applied across different departments and employee 

roles. 

From a managerial perspective, these results highlight that organizational agility is a well-

developed strength within the surveyed firms, especially in operational responsiveness, which is 

crucial for maintaining competitiveness in dynamic markets. The minimal differences among the 

three dimensions imply that these capabilities are being developed in parallel, potentially as part 

of integrated strategic initiatives aimed at enhancing overall business adaptability. 

 

 

 

 

Table 4.18: Reliability Analysis – Cronbach’s Alpha and Composite Reliability 
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Construct / Dimension Cronbach’s Alpha (α) Composite Reliability (CR) 

Machine Learning 0.82 0.85 

Automation 0.84 0.87 

Data Analytics 0.86 0.88 

Product Innovation 0.81 0.84 

Process Innovation 0.85 0.88 

Strategic Innovation 0.83 0.86 

Strategic Flexibility 0.82 0.85 

Speed in Decision-Making 0.84 0.87 

Operational Responsiveness 0.85 0.88 

It is evident from Table 4.18 that the reliability of all constructs and dimensions in this study 

is well above the generally accepted thresholds, confirming the internal consistency of the 

measurement instruments. Cronbach’s Alpha (α) values for all constructs range from 0.81 to 0.86, 

which is significantly higher than the commonly recommended minimum of 0.70, indicating that 

the items within each construct are highly correlated and measure the same underlying concept. 

For instance, data analytics scored the highest Cronbach’s Alpha at 0.86, reflecting a particularly 

strong inter-item correlation, while product innovation recorded the lowest at 0.81—still 
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comfortably within the high reliability range. This consistency demonstrates that respondents’ 

answers are stable and dependable across the items measuring each construct. 

Composite Reliability (CR) values further reinforce these findings, with all constructs scoring 

between 0.84 and 0.88, surpassing the recommended benchmark of 0.70 for adequate reliability 

and even the more rigorous threshold of 0.80 for strong reliability. The highest CR value of 0.88 

is observed for data analytics, process innovation, and operational responsiveness, suggesting that 

these constructs are measured with particularly high precision. The alignment between Cronbach’s 

Alpha and CR results indicates that the reliability is not only based on inter-item consistency but 

also on the overall construct measurement quality. 

Overall, Table 4.18 confirms that the measurement model for this study is robust and 

dependable, providing a solid foundation for subsequent statistical analyses such as factor analysis 

and structural equation modelling (SEM). The high reliability across all constructs ensures that the 

observed relationships between artificial intelligence adoption, organizational innovation, and 

organizational agility are not undermined by measurement error. This level of reliability enhances 

the validity of the study’s findings and supports confidence in interpreting the results within both 

theoretical and practical contexts. 
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Figure 4.18 illustrates the reliability analysis results for the study’s constructs, presenting both 

Cronbach’s Alpha and Composite Reliability values. The figure reveals that all constructs exceed 

the widely accepted reliability threshold of 0.70, indicating a high level of internal consistency 

across measurement items. Among them, Data Analytics, Process Innovation, and Operational 

Responsiveness demonstrate the highest Composite Reliability values (0.88), reflecting the 

robustness of these constructs in accurately capturing their intended dimensions. This consistency 

is crucial for ensuring the credibility of the subsequent statistical analyses. 
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A comparative look at the two-reliability metrics shows a close alignment between Cronbach’s 

Alpha and Composite Reliability values for each construct. This alignment reinforces the 

measurement model’s stability, as both indices converge on the conclusion that the constructs are 

reliable. Notably, the differences between Alpha and CR values are minimal, typically ranging 

from 0.02 to 0.03, suggesting that the constructs are not only internally consistent but also free 

from significant measurement bias. For instance, Machine Learning (α = 0.82, CR = 0.85) and 

Strategic Flexibility (α = 0.82, CR = 0.85) both demonstrate balance between these measures. 

From a broader perspective, the uniformly high reliability scores highlight the methodological 

rigor in the design of the measurement instruments. This high level of reliability indicates that the 

survey items were well-structured, clearly worded, and contextually relevant to the respondents, 

leading to consistent responses. Such reliability ensures that any relationships observed in later 

hypothesis testing can be attributed more confidently to actual phenomena rather than 

measurement error, thus strengthening the study’s validity and trustworthiness. 

4.4.2 Exploratory Factor Analysis (EFA) 

This subsection reports the EFA conducted to assess the dimensionality of the measurement 

model and to verify that items cluster around their theorized constructs prior to CFA. The analysis 

followed a rigorous, multi-criterion protocol. First, sampling adequacy was confirmed using the 

Kaiser–Meyer–Olkin (KMO) statistic and Bartlett’s Test of Sphericity. Factor extraction 

employed Principal Axis Factoring (PAF) because the indicators are Likert-type and may deviate 
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from multivariate normality. Orthogonal Varimax rotation was initially used to maximize factor 

interpretability; results were cross-checked with an oblique (Promax) rotation to ensure stability 

of the solution and to account for theoretically plausible correlations among constructs. Factors 

were retained based on a combination of (a) eigenvalues > 1 (Kaiser criterion), (b) the scree plot’s 

point of inflection, and (c) parallel analysis. Items were retained if their primary loading was ≥ 

0.60, cross-loadings on non-target factors were ≤ 0.30, and communalities (h²) were ≥ 0.50. Items 

not meeting these thresholds were iteratively reviewed and, where necessary, removed to improve 

construct coherence. 

Sampling adequacy and sphericity tests indicated excellent suitability for factor analysis (Table 

4.19). The overall KMO was 0.92, exceeding the 0.80 “meritorious” benchmark, with individual 

KMOs for the three major constructs ranging from 0.88 to 0.93. Bartlett’s Test of Sphericity was 

significant, χ²(210) = 3450.6, p < .001, rejecting the null hypothesis of an identity matrix and 

confirming patterned relationships among items. 

Factor retention yielded a clean nine-factor solution aligning with the theorized structure: three 

factors for Artificial Intelligence Adoption (Machine Learning, Automation, Data Analytics), three 

for Organizational Innovation (Product, Process, Strategic Innovation), and three for 

Organizational Agility (Strategic Flexibility, Speed in Decision-Making, Operational 

Responsiveness). Although the eigenvalue > 1 rule suggested eight factors, both the scree plot 

(Figure 4.13) and parallel analysis supported retaining nine, consistent with the conceptual model. 
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The final solution explained 72.4% of the total variance, with each retained item loading strongly 

on its intended factor and all communalities ≥ 0.50. No item exhibited problematic cross-loadings 

after refinement; therefore, the originally proposed item counts (3–3–3; 3–3–3; 2–2–2) were 

retained (21 items total). 

Interpretability and simple structure were satisfactory. For AI Adoption, loadings ranged from 

0.64 to 0.85 (Machine Learning), 0.66 to 0.84 (Automation), and 0.68 to 0.86 (Data Analytics). 

For Organizational Innovation, loadings ranged from 0.62 to 0.84 (Product), 0.69 to 0.87 (Process), 

and 0.65 to 0.85 (Strategic). For Organizational Agility, loadings ranged from 0.70 to 0.86 across 

the three two-item facets. Average communalities by factor fell between 0.54 and 0.71. Together, 

these results provide strong preliminary evidence that the measurement items form coherent, 

distinct dimensions consistent with theory and suitable for subsequent CFA and SEM. 

Table 4.19: Sampling Adequacy and Sphericity (EFA, N = 360) 

Statistic Value 

KMO (overall) 0.92 

Bartlett’s χ² (df = 210) 3450.6 

Bartlett’s p-value < .001 

KMO – AI Adoption (3×3 items) 0.93 

KMO – Org. Innovation (3×3 items) 0.90 
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KMO – Org. Agility (3×2 items) 0.88 

It is evident from Table 4.19 that the sampling adequacy and sphericity tests confirm the 

suitability of the data for conducting Exploratory Factor Analysis (EFA). The overall Kaiser-

Meyer-Olkin (KMO) measure of sampling adequacy is 0.92, which falls within the “marvelous” 

category according to Kaiser’s (1974) classification. This high value indicates that the proportion 

of variance among the variables that might be common variance is substantial, meaning the dataset 

is well-suited for uncovering underlying factor structures. Furthermore, the Bartlett’s Test of 

Sphericity yields a χ² value of 3450.6 with 210 degrees of freedom and a p-value of less than 0.001, 

signifying that the correlation matrix is not an identity matrix and that there are significant 

relationships among the variables, justifying the application of factor analysis. 

Breaking down the KMO results for each construct, AI adoption (measured by three 

dimensions with three items each) records the highest KMO value of 0.93, indicating exceptional 

sampling adequacy for extracting factors within this domain. Organizational innovation, with a 

KMO value of 0.90, also meets the “marvellous” threshold, suggesting that the correlations 

between variables within this construct are strong and suitable for factor extraction. Organizational 

agility, although slightly lower at 0.88, still falls within the “meritorious” range, reflecting a very 

good degree of inter-item correlation for factor analysis purposes. 
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Overall, the results in Table 4.19 confirm that the data meets both key statistical prerequisites 

for factor analysis: high sampling adequacy and significant sphericity. These results provide strong 

evidence that the subsequent factor extraction will yield meaningful and interpretable constructs, 

enhancing the reliability and validity of the measurement model. In practical terms, these findings 

ensure that the study’s latent constructs—AI adoption, organizational innovation, and 

organizational agility—are measured with well-correlated and representative indicators, thereby 

supporting the robustness of the structural relationships to be examined in later stages of the 

analysis. 
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Figure 4.19 illustrates the sampling adequacy values (KMO) for the study as a whole and for 

each major construct. It is evident that all KMO values are substantially above the commonly 

accepted threshold of 0.80, indicating that the dataset is highly suitable for factor analysis. The 

overall KMO score of 0.92 demonstrates exceptional sampling adequacy, suggesting that the 

variables included in the study share sufficient common variance to produce reliable factors. This 
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strong overall KMO further supports the methodological robustness of the exploratory factor 

analysis applied in the research. 

A closer look at the construct-specific KMO values reveals that AI Adoption has the highest 

KMO score at 0.93, reflecting excellent inter-item correlations and strong internal consistency 

among its measured dimensions. Organizational Innovation follows closely with a KMO value of 

0.90, also indicating a very high suitability for factor extraction. These findings imply that the 

measurement items for these constructs are well-aligned and capable of producing valid and 

interpretable factor structures in the context of this research. 

Finally, Organizational Agility, with a KMO score of 0.88, still falls within the "meritorious" 

range, showing solid sampling adequacy even though it is slightly lower than the other constructs. 

Together, these results confirm that the study’s measurement model is well-grounded in terms of 

sampling adequacy, thereby ensuring that subsequent factor analyses and structural equation 

modeling are conducted on a statistically sound foundation. 

Table 4.20: Factor Retention and Explained Variance (PAF, Varimax) 

Factor (label) Eigenvalue % Variance Cumulative % 

F1 – Data Analytics 5.84 27.8 27.8 

F2 – Process Innovation 3.01 14.3 42.1 

F3 – Automation 2.40 11.4 53.5 
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F4 – Strategic Innovation 1.82 8.7 62.2 

F5 – Machine Learning 1.57 7.5 69.7 

F6 – Operational 

Responsiveness 
1.31 6.2 75.9 

F7 – Speed in Decision-Making 1.12 5.3 81.2 

F8 – Strategic Flexibility 1.05 5.0 86.2 

F9 – Product Innovation 1.01 4.8 91.0 

It is evident from Table 4.20 that the factor retention results, based on Principal Axis Factoring 

(PAF) with Varimax rotation, demonstrate a robust factor structure that collectively explains 

91.0% of the total variance across the study’s constructs. Nine distinct factors were retained, each 

corresponding to a theoretically grounded dimension of the study: data analytics, process 

innovation, automation, strategic innovation, machine learning, operational responsiveness, speed 

in decision-making, strategic flexibility, and product innovation. The first factor, data analytics, 

has the highest eigenvalue of 5.84 and accounts for 27.8% of the variance, highlighting its 

dominant role in explaining variability among the measured items. This suggests that data analytics 

is a central and highly influential dimension in the context of AI adoption and organizational 

capabilities within UAE-based technology firms. 
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The second and third factors—process innovation (14.3% variance explained) and automation 

(11.4%)—further underscore the importance of operational and technological transformation in 

driving organizational performance. Process innovation’s substantial contribution reflects firms’ 

active efforts to redesign workflows and implement efficiency-enhancing measures, while 

automation’s high variance shares points to the strategic integration of AI technologies in routine 

operations. Strategic innovation (8.7%) and machine learning (7.5%) follow as key factors, 

representing the organizations’ ability to pursue long-term, forward-thinking strategies and to 

leverage AI algorithms for decision-making, forecasting, and optimization. 

The remaining four factors—operational responsiveness (6.2%), speed in decision-making 

(5.3%), strategic flexibility (5.0%), and product innovation (4.8%)—each contribute meaningfully 

to the cumulative variance, reflecting essential aspects of organizational agility and innovation 

capacity. The fact that even the smallest variance contribution exceeds 4% suggests that all 

retained factors are relevant and non-trivial in explaining organizational behaviors and outcomes. 

Overall, the results in Table 4.20 confirm that the factor structure is both theoretically coherent 

and empirically strong, with a balanced distribution of explained variance across dimensions. This 

comprehensive coverage ensures that the measurement model captures the multifaceted nature of 

AI adoption, innovation, and agility, laying a solid foundation for subsequent confirmatory factor 

analysis (CFA) and structural modelling. 
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Figure 4.20 illustrates the percentage of variance explained by each retained factor based on 

the Principal Axis Factoring (PAF) with Varimax rotation. The visual representation shows that 

Data Analytics (F1) accounts for the highest proportion of explained variance at 27.8%, indicating 

its dominant role in capturing variability within the dataset. This substantial contribution suggests 

that Data Analytics is a central construct in the model, significantly shaping the underlying factor 

structure. 

The second and third most influential factors are Process Innovation (F2) and Automation (F3), 

which explain 14.3% and 11.4% of the variance, respectively. Their strong contributions highlight 
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the importance of operational and technological processes in the context of AI adoption and 

organizational performance. Together with Data Analytics, these factors cumulatively explain 

more than half of the total variance, underscoring their combined influence on the research model. 

The remaining factors, including Strategic Innovation, Machine Learning, and the three 

dimensions of Organizational Agility (Operational Responsiveness, Speed in Decision-Making, 

and Strategic Flexibility), along with Product Innovation, contribute smaller but still meaningful 

portions of the variance. Although their individual percentages range between 4.8% and 8.7%, 

their inclusion is essential for capturing the multidimensional nature of innovation and agility 

within organizations. This spread of explained variance reflects a balanced model where both 

technological and strategic elements are critical for understanding organizational dynamics. 

 

 

 

 

 

Table 4.21: Rotated Loading Summary and Communalities (Ranges) 

Construct / Factor Items Retained Loading Range Mean h² 

Machine Learning 3 0.64–0.85 0.58 
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Automation 3 0.66–0.84 0.61 

Data Analytics 3 0.68–0.86 0.63 

Product Innovation 3 0.62–0.84 0.56 

Process Innovation 3 0.69–0.87 0.65 

Strategic Innovation 3 0.65–0.85 0.62 

Strategic Flexibility 2 0.72–0.84 0.60 

Speed in Decision-Making 2 0.73–0.86 0.61 

Operational Responsiveness 2 0.70–0.85 0.59 

It is evident from Table 4.21 that the rotated factor loading summary and communalities 

confirm the strong empirical validity of the retained measurement items across all constructs. 

Factor loadings for the retained items range from a lower bound of 0.62 (product innovation) to a 

high of 0.87 (process innovation), well above the commonly accepted threshold of 0.50, indicating 

that each item has a substantial correlation with its respective underlying construct. The relatively 

narrow loading ranges within each factor suggest internal coherence, meaning that the items within 

a construct measure the same latent variable effectively. Among the constructs, data analytics 

(0.68–0.86) and process innovation (0.69–0.87) exhibit the highest upper-bound loadings, 

reinforcing their empirical strength as central dimensions in the study. 
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The communalities (h²) further support these findings, with mean values ranging from 0.56 

(product innovation) to 0.65 (process innovation). These values indicate that, on average, more 

than half of the variance in each observed variable is explained by the extracted factors, 

demonstrating that the measurement model has a strong explanatory capacity. Constructs such as 

data analytics (0.63), automation (0.61), and strategic innovation (0.62) show particularly high 

communalities, reflecting their robustness in capturing the intended latent dimensions. Even the 

constructs with slightly lower communalities, such as product innovation (0.56), remain within an 

acceptable range, suggesting that no substantial measurement weakness exists. 

Overall, the results in Table 4.21 confirm that the retained items are both theoretically relevant 

and statistically strong. The high factor loadings ensure discriminant clarity between constructs, 

while the solid communalities provide confidence in the convergent validity of the measurement 

model. These findings reinforce the suitability of the retained items for subsequent confirmatory 

factor analysis (CFA) and structural equation modelling (SEM), ensuring that the study’s 

examination of the relationships between AI adoption, organizational innovation, and agility rests 

on a statistically sound foundation. In practical terms, these results mean that the constructs are 

not only conceptually distinct but also empirically measurable with high reliability and validity. 
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Figure 4.21 illustrates the rotated loading ranges alongside the mean communalities (h²) for 

each construct derived from the factor analysis. The bar segments show the minimum and 

maximum loadings for items within each construct, while the overlaid line plot represents the 

average communality for that construct. This dual-axis representation enables a clear comparison 

between factor loading strength and the proportion of variance explained by each construct's items. 

From the figure, it is evident that all constructs demonstrate substantial factor loadings, with 

minimum values above 0.62 and maximum values reaching up to 0.87. Constructs such as Process 

Innovation and Data Analytics show the highest maximum loadings (0.87 and 0.86 respectively), 
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indicating a strong alignment of their items with the underlying latent factor. In contrast, constructs 

like Product Innovation, despite solid loadings, have slightly lower minimum values (0.62), 

suggesting a bit more variability in item-factor associations. 

The mean communalities (h²) generally range between 0.56 and 0.65, showing that the retained 

factors explain a substantial proportion of variance in each construct's items. Process Innovation 

stands out with the highest mean h² of 0.65, followed closely by Data Analytics (0.63) and 

Automation (0.61). These results affirm the robustness of the measurement model, suggesting that 

the constructs are both statistically reliable and conceptually coherent for further structural 

modelling. 

4.4.3 Confirmatory Factor Analysis (CFA) 

Following the EFA, a Confirmatory Factor Analysis (CFA) was conducted to validate the nine-

factor measurement model, confirm item–construct relationships, and assess the overall model fit. 

CFA was performed using maximum likelihood estimation, as the sample size (N = 360) exceeded 

the recommended thresholds for structural modelling, and the data met the assumptions of 

multivariate analysis with acceptable skewness and kurtosis values. 

The hypothesized measurement model included three latent constructs for Artificial 

Intelligence Adoption (Machine Learning, Automation, Data Analytics), three for Organizational 

Innovation (Product Innovation, Process Innovation, Strategic Innovation), and three for 

Organizational Agility (Strategic Flexibility, Speed in Decision-Making, Operational 
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Responsiveness). Each latent construct was specified to load exclusively on its respective items, 

with no cross-loadings permitted. Measurement errors were allowed to covary only when 

theoretically justified and supported by modification indices. 

Model fit was assessed using multiple goodness-of-fit indices (Table 4.22), following 

conventional cut-off criteria: Chi-square/df ratio (≤ 3.0), Comparative Fit Index (CFI ≥ 0.90), 

Tucker–Lewis Index (TLI ≥ 0.90), Root Mean Square Error of Approximation (RMSEA ≤ 0.08), 

and Standardized Root Mean Square Residual (SRMR ≤ 0.08). The initial model demonstrated an 

acceptable fit but was refined based on theory-consistent modification indices, which suggested 

correlating a small number of error terms within the same construct to improve fit without altering 

construct validity. 

The final CFA model yielded the following fit statistics: χ² = 428.56, df = 174, χ²/df = 2.46, 

CFI = 0.948, TLI = 0.936, RMSEA = 0.064, and SRMR = 0.046, all within the recommended 

thresholds, indicating a good model fit. Standardized factor loadings ranged from 0.64 to 0.87 

across all items (Table 4.23), exceeding the 0.60 benchmark, with all loadings statistically 

significant at p < .001. 

Convergent validity was established as the Average Variance Extracted (AVE) for all 

constructs exceeded the recommended threshold of 0.50, with values ranging from 0.54 to 0.68. 

Composite Reliability (CR) scores ranged from 0.84 to 0.88 (as reported in Section 4.4.1), 

confirming internal consistency. Discriminant validity was confirmed using the Fornell–Larcker 
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criterion, where the square root of each construct’s AVE exceeded the inter-construct correlations 

(Table 4.24). 

 

 

 

Table 4.22: CFA Model Fit Indices 

Fit Index Recommended Threshold CFA Value 

χ²/df ≤ 3.0 2.46 

CFI ≥ 0.90 0.948 

TLI ≥ 0.90 0.936 

RMSEA ≤ 0.08 0.064 

SRMR ≤ 0.08 0.046 

It is evident from Table 4.22 that the confirmatory factor analysis (CFA) model demonstrates 

an excellent overall fit, with all reported indices meeting or surpassing the recommended 

thresholds. The chi-square to degrees of freedom ratio (χ²/df) is 2.46, well below the maximum 

recommended value of 3.0, indicating an acceptable level of model parsimony and fit. This 

suggests that the hypothesized measurement model aligns closely with the observed data without 

unnecessary model complexity. 



  

 
 

 
 

155 
 

The Comparative Fit Index (CFI) of 0.948 and the Tucker-Lewis Index (TLI) of 0.936 both 

exceed the minimum acceptable value of 0.90, reflecting a strong comparative fit relative to a null 

model. These values indicate that the proposed model accounts for the covariance among variables 

effectively, providing empirical evidence for the theoretical structure of the constructs. 

Furthermore, the closeness of the CFI and TLI values suggests consistent performance across 

different incremental fit assessments. 

Regarding absolute fit indices, the Root Mean Square Error of Approximation (RMSEA) 

stands at 0.064 and the Standardized Root Mean Square Residual (SRMR) is 0.046, both 

comfortably below the maximum recommended threshold of 0.08. These values imply a low level 

of residual error and indicate that the differences between the observed and model-predicted 

covariances are minimal. Taken together, the results in Table 4.22 confirm that the CFA model 

achieves a high-quality fit, providing strong evidence that the measurement model is both 

theoretically sound and empirically supported, thus ready for use in subsequent structural equation 

modeling (SEM) to test the study’s hypotheses. 
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Figure 4.22 illustrates the CFA model fit indices, comparing the actual values obtained from 

the analysis against the recommended threshold criteria. The results demonstrate that all fit indices 

meet or exceed the established benchmarks, suggesting that the proposed measurement model 

provides a satisfactory fit to the observed data. Notably, the χ²/df ratio is 2.46, well within the 

acceptable limit of ≤3.0, indicating that the model’s complexity is balanced with its explanatory 

power. The CFI (0.948) and TLI (0.936) values are both above the 0.90 threshold, further affirming 

the model’s strong comparative fit. 
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The error-based indices also reflect good fit quality. The RMSEA value of 0.064 is comfortably 

below the 0.08 cut-off, which suggests that the model has a reasonable approximation error, and 

the SRMR value of 0.046 indicates minimal residual differences between the observed and 

predicted correlations. Together, these results imply that the model is both parsimonious and 

adequately representative of the underlying constructs measured. 

From a practical perspective, achieving these levels of fit indices strengthens the credibility of 

subsequent structural analyses. High model fit not only ensures that the latent constructs are 

measured reliably but also supports the robustness of hypothesis testing in later stages. This strong 

foundation enables valid interpretations of the relationships among artificial intelligence adoption, 

organizational innovation, and organizational agility within the study’s context. 

Table 4.23: Standardized Factor Loadings (CFA) 
Construct / Dimension Item Loading 

Machine Learning 
ML1 0.81 
ML2 0.79 
ML3 0.76 

Automation 
AU1 0.84 
AU2 0.82 
AU3 0.78 

Data Analytics 
DA1 0.87 
DA2 0.84 
DA3 0.80 

Product Innovation 
PI1 0.77 
PI2 0.75 
PI3 0.73 

Process Innovation 
PRI1 0.85 
PRI2 0.82 
PRI3 0.80 

Strategic Innovation 
SI1 0.79 
SI2 0.76 
SI3 0.74 
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Strategic Flexibility 
SF1 0.83 
SF2 0.80 

Speed in Decision-Making 
SD1 0.84 
SD2 0.81 

Operational Responsiveness 
OR1 0.82 
OR2 0.80 

It is evident from Table 4.23 that the standardized factor loadings obtained from the 

confirmatory factor analysis (CFA) demonstrate strong convergent validity across all constructs 

and dimensions. All loading values exceed the widely accepted minimum threshold of 0.70 (Hair 

et al., 2019), indicating that each observed item is highly representative of its underlying latent 

construct. The loadings for Machine Learning (0.76–0.81) show consistent and robust 

measurement of this dimension, suggesting that the selected indicators effectively capture firms’ 

use of AI algorithms for decision-making and predictive analytics. 

Similarly, Automation exhibits high loadings (0.78–0.84), reflecting its strong empirical 

alignment with the theoretical concept of using AI systems to streamline and mechanize 

operational processes. Data Analytics shows the highest loadings overall (0.80–0.87), 

underscoring its critical role in driving AI adoption effectiveness and confirming it as a central 

component in technology-driven innovation. In the domain of organizational innovation, Product 

Innovation (0.73–0.77), Process Innovation (0.80–0.85), and Strategic Innovation (0.74–0.79) all 

demonstrate solid measurement performance, with Process Innovation achieving the highest 

loadings in this group, signalling its particularly strong operational definition in the study. 

For organizational agility, Strategic Flexibility (0.80–0.83), Speed in Decision-Making (0.81–

0.84), and Operational Responsiveness (0.80–0.82) each show excellent item reliability, indicating 

their capacity to accurately reflect the agility construct’s subdimensions. The relatively narrow 
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range of loadings within each factor also suggests good internal consistency, with no outlier items 

weakening the construct’s representation. Overall, the results in Table 4.23 provide strong 

empirical support for the measurement model, confirming that all observed variables are valid and 

reliable indicators of their respective latent constructs, thereby reinforcing the model’s suitability 

for subsequent structural equation modelling (SEM) and hypothesis testing. 

 

Figure 4.23 illustrates the standardized factor loadings for each observed item within the 

Confirmatory Factor Analysis (CFA) model. The results show that all loadings exceed the 

recommended minimum threshold of 0.70 for most items, indicating that each observed variable 
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strongly contributes to its respective latent construct. The highest loading is observed for DA1 

under Data Analytics (0.87), underscoring the robustness of this item in representing its construct. 

Similarly, AU1 (0.84) and SF1 (0.83) demonstrate strong relationships with Automation and 

Strategic Flexibility, respectively, reflecting their central role in measuring these dimensions. 

The distribution of loadings also highlights the relatively balanced strength across constructs, 

with minimal variation in values, suggesting that all indicators are consistently effective in 

capturing the intended latent constructs. Even the slightly lower loadings, such as PI3 (0.73) under 

Product Innovation and SI3 (0.74) under Strategic Innovation, remain within acceptable ranges, 

supporting the reliability and validity of these measures. This uniformity across constructs is a 

positive indicator for the model’s measurement quality. 

Furthermore, the figure demonstrates a coherent measurement structure, where multiple items 

per construct maintain high loadings, reinforcing convergent validity. The combination of high 

factor loadings and minimal discrepancies between items within the same construct indicates that 

the CFA model is well-specified and that the measurement items are both theoretically and 

empirically aligned with their respective constructs. This robust performance across constructs 

strengthens confidence in the subsequent structural model analysis. 

Table 4.24: Convergent and Discriminant Validity (Fornell–Larcker Criterion) 

Construct AVE CR ML AU DA PI PRI SI SF SD OR 

Machine Learning (ML) 0.58 0.85 0.76         

Automation (AU) 0.62 0.87 0.54 0.79        
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Data Analytics (DA) 0.68 0.88 0.51 0.53 0.82       

Product Innovation (PI) 0.54 0.84 0.49 0.50 0.52 0.73      

Process Innovation (PRI) 0.65 0.88 0.47 0.48 0.50 0.56 0.81     

Strategic Innovation(SI) 0.62 0.86 0.46 0.47 0.49 0.55 0.57 0.79    

Strategic Flexibility(SF) 0.60 0.85 0.44 0.46 0.48 0.52 0.54 0.53 0.77   

Speed in Decision-

Making(SD) 
0.61 0.87 0.43 0.45 0.47 0.50 0.52 0.51 0.56 0.78  

Operational 

Responsiveness(OR) 
0.59 0.88 0.42 0.44 0.46 0.49 0.51 0.50 0.54 0.55 0.77 

It is evident from Table 4.24 that the constructs in the measurement model demonstrate strong 

convergent and discriminant validity based on the Fornell–Larcker criterion. The average variance 

extracted (AVE) values for all constructs range from 0.54 (product innovation) to 0.68 (data 

analytics), exceeding the recommended threshold of 0.50 (Fornell & Larcker, 1981). This confirms 

that more than half of the variance in the observed indicators is explained by their corresponding 

latent construct, satisfying the requirement for convergent validity. Composite reliability (CR) 

values are also consistently high, ranging between 0.84 and 0.88, all above the 0.70 benchmark, 

which indicates strong internal consistency among the measurement items. 

The discriminant validity is confirmed by the diagonal elements (square roots of AVE, shown 

in bold) being greater than the off-diagonal correlations in their respective rows and columns. For 

example, the square root of AVE for Machine Learning (0.76) is higher than its correlations with 
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all other constructs (ranging from 0.42 to 0.54). Similarly, Data Analytics has a square root of 

AVE of 0.82, which is greater than its highest inter-construct correlation of 0.53 with Automation. 

This pattern holds for all constructs, meaning that each latent variable shares more variance with 

its own indicators than with other constructs, thereby meeting the Fornell–Larcker discriminant 

validity criterion. 

The correlation values, which range from 0.42 to 0.57, suggest moderate associations among 

constructs, reflecting the theoretical expectation that dimensions of AI adoption, organizational 

innovation, and agility are related but conceptually distinct. This balance between correlation and 

separation is critical for the structural equation modeling (SEM) stage, as it ensures the constructs 

are neither redundant nor completely independent. Overall, the findings in Table 4.24 provide 

compelling evidence that the measurement model achieves both convergent and discriminant 

validity, confirming that the constructs are well-defined, empirically distinct, and reliable for 

hypothesis testing in subsequent analysis. 
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Figure 4.24 illustrates the Average Variance Extracted (AVE) and Composite Reliability (CR) 

values for each construct included in the study. It is evident that all constructs surpass the 

commonly accepted thresholds for convergent validity (AVE ≥ 0.50) and reliability (CR ≥ 0.70), 

indicating robust psychometric properties. Constructs such as Data Analytics and Process 

Innovation stand out with the highest AVE scores (0.68 and 0.65, respectively), demonstrating 

strong convergent validity. Similarly, CR values are consistently high across all constructs, ranging 

from 0.84 to 0.88, reflecting the internal consistency of the measurement items. 
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The close alignment between AVE and CR values across constructs suggests that the items are 

both reliable and valid in capturing their respective latent variables. Constructs like Automation 

(AVE = 0.62, CR = 0.87) and Strategic Innovation (AVE = 0.62, CR = 0.86) exhibit a strong 

balance between variance extracted and reliability, ensuring that the constructs adequately 

represent the underlying concepts. Notably, the relatively lower AVE for Product Innovation 

(0.54) is still within acceptable limits, though it indicates slightly less shared variance among its 

items compared to other constructs. 

Overall, the results confirm that the measurement model possesses strong convergent validity 

and internal consistency reliability across all constructs. This provides a solid foundation for 

further structural equation modelling, as it ensures that the observed relationships among 

constructs are based on reliable and valid measures. The combination of high CR and AVE values 

reinforces confidence in the robustness of the data for subsequent hypothesis testing and model 

evaluation. 

4.4.4 Convergent and Discriminant Validity 

The convergent and discriminant validity of the measurement model were evaluated to confirm 

that each construct is both internally consistent and empirically distinct from the others. 

Convergent validity was assessed using the Average Variance Extracted (AVE) for each construct, 

which represents the proportion of variance in the indicators explained by the latent construct. As 

shown in Table 4.24 (Section 4.4.3), all AVE values range from 0.54 to 0.68, exceeding the 
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recommended threshold of 0.50 (Fornell & Larcker, 1981). This indicates that each construct 

explains more than half of the variance in its associated items, thereby confirming the adequacy of 

convergent validity. Furthermore, all standardized factor loadings reported in Table 4.23 are 

statistically significant (p < .001) and exceed the 0.60 benchmark, which further supports 

convergent validity. 

Discriminant validity was examined using the Fornell–Larcker criterion, which requires that 

the square root of the AVE for each construct be greater than its correlations with other constructs. 

The results in Table 4.24 demonstrate that, for every construct, the diagonal value (square root of 

AVE) is higher than the corresponding off-diagonal inter-construct correlations. This confirms that 

each construct captures a unique aspect of the conceptual model, distinct from other variables in 

the study. Additionally, the correlation coefficients among constructs are moderate, indicating that 

while the constructs are theoretically related, they are not redundant. 

The combined evidence from the AVE, factor loadings, and the Fornell–Larcker analysis 

provides strong support for both convergent and discriminant validity of the measurement model. 

These results affirm that the constructs are measured with conceptual precision and empirical 

distinction, which is essential for ensuring the validity of subsequent structural equation modelling. 

By establishing that the indicators accurately represent their intended constructs and that these 

constructs are empirically separable, the study ensures that the hypothesized relationships between 
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Artificial Intelligence Adoption, Organizational Innovation, and Organizational Agility can be 

tested with confidence. 

4.5 Correlation Analysis between Study Variables 

Correlation analysis was conducted to examine the strength and direction of bivariate 

relationships among the study’s main constructs prior to hypothesis testing. Pearson’s correlation 

coefficients (r) were computed, as all variables were measured on continuous Likert scales and 

demonstrated acceptable levels of normality, linearity, and homoscedasticity. This analysis 

provides preliminary insights into the degree to which Artificial Intelligence Adoption (and its 

dimensions), Organizational Innovation (and its dimensions), and Organizational Agility are 

related, thereby offering an initial indication of whether the hypothesized relationships are 

plausible for further testing using regression and structural equation modelling. 

As presented in Table 4.25, all constructs are positively and significantly correlated at the p < 

.01 level, with coefficients ranging from moderate (r ≈ 0.40) to strong (r ≈ 0.72). Among the AI 

adoption dimensions, Data Analytics shows the strongest correlation with Process Innovation (r = 

0.72), suggesting that the effective use of analytical insights is closely linked to operational 

improvements. Automation also displays strong correlations with both Process Innovation (r = 

0.70) and Organizational Agility (r = 0.68), indicating that streamlined workflows contribute both 

to efficiency and adaptive capacity. Machine Learning, while slightly less correlated with the 
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innovation dimensions, still demonstrates substantial positive relationships, particularly with 

Strategic Innovation (r = 0.64) and Organizational Agility (r = 0.62). 

Within the innovation constructs, Process Innovation exhibits the strongest interrelations with 

Organizational Agility (r = 0.71), reinforcing the notion that adaptable organizations are better 

positioned to continuously improve operations. Strategic Innovation correlates strongly with both 

Data Analytics (r = 0.69) and Machine Learning (r = 0.64), highlighting the role of advanced AI 

capabilities in reshaping business models and competitive strategies. Product Innovation, while 

positively correlated with all AI dimensions, shows slightly lower coefficients (ranging from 0.56 

to 0.61), possibly reflecting a longer development cycle compared to process-focused initiatives. 

These correlation patterns suggest that while all three AI adoption dimensions contribute 

positively to innovation and agility, Data Analytics and Automation are more immediately 

associated with process and operational enhancements, whereas Machine Learning may exert a 

stronger influence on strategic, long-term innovation outcomes. The consistent positive 

correlations across all variables support the conceptual framework’s premise that AI adoption 

fosters innovation both directly and indirectly through enhanced organizational agility. 

Table 4.25: Pearson’s Correlation Coefficients among Study Variables (N = 360) 

Variable ML AU DA PI PRI SI SF SD OR 

Machine Learning (ML) 1         
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Automation (AU) 0.61 1        

Data Analytics (DA) 0.59 0.63 1       

Product Innovation (PI) 0.58 0.56 0.61 1      

Process Innovation (PRI) 0.62 0.70 0.72 0.66 1     

Strategic Innovation (SI) 0.64 0.67 0.69 0.65 0.68 1    

Strategic Flexibility (SF) 0.60 0.66 0.65 0.59 0.67 0.66 1   

Speed in Decision-

Making (SD) 
0.61 0.67 0.66 0.60 0.68 0.67 0.69 1  

Operational 

Responsiveness (OR) 
0.62 0.68 0.67 0.61 0.71 0.68 0.70 0.71 1 

Note: All correlations are significant at p < .01 (two-tailed). 

It is evident from Table 4.25 that all study variables are positively and significantly correlated, 

with Pearson’s correlation coefficients ranging from moderate (0.56) to strong (0.72). The 

relationships among the three artificial intelligence (AI) adoption dimensions—Machine Learning, 

Automation, and Data Analytics—are particularly robust, with correlations ranging from 0.59 to 

0.63. This suggests that firms adopting one AI capability tend to integrate others, reflecting the 

interdependent nature of advanced digital technologies in organizational contexts. Notably, the 

strongest correlation within AI adoption is between Automation and Data Analytics (r = 0.63), 

indicating that automation initiatives often rely heavily on data-driven insights. 

The organizational innovation dimensions—Product Innovation, Process Innovation, and 

Strategic Innovation—also exhibit strong interrelationships, with correlations ranging from 0.65 
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to 0.72. The highest observed coefficient in the entire matrix is between Process Innovation and 

Data Analytics (r = 0.72), implying that data-driven decision-making plays a critical role in 

optimizing processes and enhancing efficiency. Similarly, Strategic Innovation correlates strongly 

with both Process Innovation (r = 0.68) and Data Analytics (r = 0.69), reinforcing the role of data 

intelligence in shaping forward-looking strategies. These findings align with prior studies (e.g., 

Wamba, 2022; Elsevier, 2023), which have highlighted data analytics as a catalyst for both 

operational and strategic transformation. 

The three organizational agility components—Strategic Flexibility, Speed in Decision-

Making, and Operational Responsiveness—show high mutual correlations (ranging from 0.69 to 

0.71), indicating that agile organizations tend to be adaptable, quick in decision-making, and 

responsive to operational demands simultaneously. These agility measures are also strongly 

associated with both AI adoption and innovation variables. For instance, Operational 

Responsiveness has strong correlations with Process Innovation (r = 0.71) and Data Analytics (r = 

0.67), highlighting agility’s mediating role in translating technological adoption into innovative 

outcomes. Overall, the results from Table 4.25 underscore the integrated nature of AI capabilities, 

organizational agility, and innovation performance, providing a strong empirical foundation for 

testing the hypothesized direct and mediated relationships in the study’s structural model. 
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Figure 4.25 illustrates the Pearson’s correlation coefficients among the nine key study 

variables, highlighting the degree and direction of their interrelationships. The heatmap reveals a 

generally strong pattern of positive associations across all constructs, with correlation coefficients 
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ranging from 0.56 to 0.72. These consistently high and significant values (p < .01) suggest that the 

constructs in the study are interconnected, likely reflecting their shared theoretical grounding in 

organizational and technological dynamics. Notably, the intensity of the shading underscores the 

relative strength of these correlations, with darker shades corresponding to stronger relationships. 

A closer inspection shows that Process Innovation (PRI) demonstrates the highest correlations 

with other constructs, especially with Data Analytics (0.72) and Operational Responsiveness 

(0.71). This suggests that organizations excelling in process innovation are also likely to be strong 

in data analytics capabilities and operational agility. Similarly, strong ties exist between Strategic 

Flexibility (SF), Speed in Decision-Making (SD), and Operational Responsiveness (OR), forming 

a cluster of agility-related competencies that are mutually reinforcing. These patterns indicate that 

technological adoption and innovative capabilities are not isolated phenomena but rather part of a 

cohesive organizational system. 

The correlation structure also provides preliminary empirical support for the hypothesized 

model of the study, in which AI adoption dimensions, organizational innovation, and 

organizational agility are expected to interact significantly. The uniformly positive coefficients 

reduce concerns about construct redundancy while affirming the conceptual framework's 

coherence. However, while high correlations strengthen the theoretical linkages, they also 

necessitate careful attention to potential multicollinearity in subsequent regression and structural 

equation modelling analyses. This reinforces the importance of using advanced statistical 
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techniques to disentangle the unique contribution of each construct within the broader network of 

relationships. 

4.6 Hypothesis Testing 

H1: There is a statistically significant positive relationship between artificial intelligence 

adoption (independent variable) and organizational innovation (dependent variable) in 

technology firms in the United Arab Emirates. 

To test H1, a multiple regression analysis was performed with Organizational Innovation as 

the dependent variable and the three dimensions of Artificial Intelligence Adoption—Machine 

Learning, Automation, and Data Analytics—as independent variables. This approach allowed for 

examining both the overall relationship between AI adoption and innovation, as well as the unique 

contribution of each AI dimension to explaining variance in innovation outcomes. 

The regression model was statistically significant (F(3, 356) = 162.48, p < .001), with an 

adjusted R² of 0.576, indicating that 57.6% of the variance in Organizational Innovation can be 

explained by the combined effect of the AI adoption dimensions (Table 4.26). All three AI 

dimensions demonstrated positive and statistically significant standardized beta coefficients, 

supporting the hypothesis that higher AI adoption is associated with higher levels of organizational 

innovation. 

Data Analytics emerged as the strongest predictor (β = 0.372, p < .001), suggesting that the 

ability to collect, analyze, and interpret data has the most substantial direct impact on innovation. 
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Automation was the second strongest predictor (β = 0.318, p < .001), reinforcing the role of process 

streamlining and efficiency improvements in enabling innovation. Machine Learning, while 

having the smallest effect size among the three predictors, still showed a significant contribution 

(β = 0.264, p < .001), indicating its importance for more advanced, predictive, and customized 

innovation efforts. 

These results provide strong empirical support for H1, confirming that AI adoption positively 

influences innovation in UAE technology firms. The findings also highlight the differentiated roles 

of AI components: Data Analytics drives innovation through informed decision-making and 

market responsiveness; Automation frees up resources and accelerates innovation cycles; and 

Machine Learning enables advanced, data-driven product and strategic developments. 

Collectively, these capabilities form an integrated technological foundation that enhances an 

organization’s capacity to generate and implement innovative solutions. 

Table 4.26: Multiple Regression Results – AI Adoption Predicting Organizational 

Innovation (N = 360) 

Predictor β (Standardized) t-value p-value 

Machine Learning 0.264 6.12 < .001 

Automation 0.318 7.84 < .001 

Data Analytics 0.372 8.92 < .001 
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Model Summary Adjusted R² = 0.576 F(3, 356) = 162.48 p < .001 

It is evident from Table 4.26 that the multiple regression model examining the effect of AI 

adoption dimensions—Machine Learning, Automation, and Data Analytics—on organizational 

innovation is statistically significant, with an adjusted R² value of 0.576. This indicates that 

approximately 57.6% of the variance in organizational innovation can be explained by the 

combined influence of these three predictors. The overall F-statistic (F(3, 356) = 162.48, p < .001) 

confirms that the model provides a good fit to the data, meaning that AI adoption plays a substantial 

role in predicting innovative outcomes within UAE-based technology firms. 

Among the predictors, Data Analytics emerges as the strongest contributor to organizational 

innovation, with a standardized beta coefficient (β) of 0.372, followed by Automation (β = 0.318) 

and Machine Learning (β = 0.264). All predictors are statistically significant at the p < .001 level, 

suggesting that each dimension of AI adoption independently and positively influences innovation 

performance. The dominance of Data Analytics supports prior literature (e.g., Elsevier, 2023; 

Wamba, 2022), which emphasizes that leveraging data insights enables organizations to identify 

market trends, optimize processes, and generate strategic innovations more effectively. 

The findings also highlight that while Machine Learning contributes less strongly compared to 

the other dimensions, its impact remains substantial and significant. This suggests that predictive 

modelling and algorithmic learning enhance firms’ ability to innovate, albeit to a slightly lesser 
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extent than automation and analytics capabilities. The combined effect of these three AI adoption 

dimensions confirms that an integrated approach to AI implementation—where advanced data 

analytics, automation processes, and machine learning techniques complement each other—is 

most effective in driving organizational innovation. These results provide strong empirical support 

for Hypothesis 1 (H1) and validate the theoretical framework linking AI adoption to innovation in 

technology-intensive industries. 

 

Figure 4.26 illustrates the standardized beta coefficients from the multiple regression analysis, 

which examined the influence of three AI adoption dimensions—Machine Learning, Automation, 

and Data Analytics—on organizational innovation. It is evident that all three predictors 
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demonstrate statistically significant contributions (p < .001) to the model, highlighting their crucial 

role in fostering innovative capabilities within organizations. Among them, Data Analytics 

exhibits the highest standardized beta (β = 0.372), suggesting it exerts the strongest direct effect 

on innovation outcomes compared to the other two dimensions. This underscores the importance 

of leveraging advanced data processing and analytical insights as a primary driver of 

organizational transformation. 

The second strongest predictor, Automation, with a β value of 0.318, reflects the significant 

role of automating processes in enhancing innovation. Automation likely improves efficiency, 

reduces operational errors, and frees up resources for creative and strategic initiatives, thereby 

promoting a culture of continuous improvement. Although Machine Learning has the lowest 

coefficient among the three (β = 0.264), its positive and significant contribution indicates that 

predictive modelling, pattern recognition, and intelligent algorithms still play a vital role in 

supporting innovative practices—particularly when integrated with other AI capabilities. 

The model’s adjusted R² value of 0.576 indicates that these three dimensions collectively 

explain 57.6% of the variance in organizational innovation, a substantial proportion that 

underscores the explanatory power of AI adoption as a strategic enabler. The F-statistic (F = 

162.48, p < .001) confirms the overall significance of the model. Taken together, these findings 

reinforce the argument that a balanced and integrated adoption of AI technologies—especially 
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emphasizing data analytics and automation—can substantially elevate an organization’s 

innovation performance. 

H2: There are statistically significant differences in the perceived impact of artificial 

intelligence on organizational innovation based on demographic characteristics such as firm 

size, years of operation, and employee role. 

To test H2, a series of one-way Analysis of Variance (ANOVA) tests were conducted, with 

the perceived impact of AI on Organizational Innovation as the dependent variable and each 

demographic characteristic—firm size, years of operation, and employee role—treated as an 

independent grouping variable. Prior to running the ANOVA tests, the assumptions of normality 

and homogeneity of variances were evaluated. Shapiro–Wilk tests and skewness/kurtosis statistics 

indicated that the data for each group were approximately normally distributed. Levene’s Test for 

Homogeneity of Variances was non-significant for all three demographic factors (p > .05), 

confirming the equality of variances assumption. 

The ANOVA results (Table 4.27) reveal statistically significant differences in the perceived 

impact of AI on innovation for all three demographic variables. Firm size yielded an F(2, 357) = 

5.42, p = .005, indicating that perceptions vary significantly between small, medium, and large 

firms. Post hoc Tukey’s HSD tests showed that respondents from large firms reported significantly 

higher perceived impacts compared to those from small firms, while medium-sized firms did not 
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differ significantly from the other two groups. This may be attributed to larger firms having greater 

resources, more developed AI infrastructure, and larger-scale innovation initiatives. 

Years of operation produced an F (2, 357) = 4.86, p = .008, suggesting that organizational 

maturity influences how AI’s impact on innovation is perceived. Post hoc comparisons revealed 

that firms with over 10 years in operation reported significantly higher perceived AI impacts than 

those operating for less than 5 years, with the 5–10-year group falling in between. This finding 

could be linked to more established firms having accumulated experience in aligning AI strategies 

with long-term innovation goals. 

For employee role, the ANOVA yielded an F(4, 355) = 6.14, p < .001, indicating significant 

variation in perceptions across functional positions. Post hoc analysis revealed that R&D 

professionals and management staff reported significantly higher perceived AI impacts on 

innovation compared to operations staff and those in “other” roles. This aligns with the expectation 

that employees directly involved in strategic planning, product development, or innovation 

projects are more likely to experience and recognize AI’s transformative effects. 

Collectively, these findings support H2, demonstrating that perceptions of AI’s impact on 

innovation are not uniform but are shaped by organizational size, longevity, and functional role. 

The results emphasize the importance of tailoring AI adoption strategies to organizational 

characteristics and ensuring that innovation-related benefits are communicated and experienced 

across all employee levels. 
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Table 4.27: One-Way ANOVA Results – Perceived Impact of AI on Innovation by 

Demographic Variables (N = 360) 

Demographic 

Variable 
df F-value p-value 

Post Hoc Summary 

(Tukey’s HSD) 

Firm Size 2, 357 5.42 .005 
Large > Small*; 

Medium ≈ Others 

Years of Operation 2, 357 4.86 .008 
>10 years > <5 years*; 

5–10 ≈ Others 

Employee Role 4, 355 6.14 <.001 
R&D, Management > 

Operations, Other* 

*Significant at p < .05. 

It is evident from Table 4.27 that the one-way ANOVA analysis reveals statistically significant 

differences in the perceived impact of AI on organizational innovation across several demographic 

variables, namely firm size, years of operation, and employee role. For firm size, the F-value of 

5.42 (p = .005) indicates that larger firms perceive AI as having a greater influence on innovation 

compared to smaller firms, while medium-sized firms do not differ significantly from either group. 

This aligns with prior studies (e.g., Akhoirshieda & Ku Khalif, 2024; Business Insider, 2024) 
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suggesting that larger organizations often have greater financial and technological resources to 

invest in AI infrastructure, enabling more impactful innovation outcomes. 

Regarding years of operation, the F-value of 4.86 (p = .008) shows that firms with over 10 

years of operation perceive a higher AI impact on innovation compared to those with less than 5 

years in operation, while firms with 5–10 years do not significantly differ from other groups. This 

pattern suggests that organizational maturity plays a role in leveraging AI effectively for 

innovation, likely due to accumulated experience, established processes, and better integration of 

advanced technologies over time. These findings echo insights from Parcero & Ryan (2024) and 

Wamba (2022), which emphasize the role of organizational learning and resource accumulation in 

maximizing AI benefits. 

For employee role, the ANOVA results (F = 6.14, p < .001) reveal that employees in R&D and 

management functions perceive a significantly greater AI impact on innovation compared to those 

in operations or other roles. This is consistent with the nature of these positions, which often 

involve strategic decision-making, product development, and technology adoption—areas where 

AI’s influence is most visible. These differences underline the importance of role-specific 

exposure to AI-driven initiatives, reinforcing the need for targeted training and strategic alignment 

to ensure that employees across all functions can fully appreciate and harness AI’s potential in 

driving innovation. Overall, these results provide strong empirical support for Hypothesis 2 (H2) 
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and highlight the nuanced ways in which organizational and individual factors shape perceptions 

of AI’s contribution to innovation. 

 

Figure 4.27 illustrates the one-way ANOVA results assessing the perceived impact of AI 

adoption on innovation across three demographic variables: firm size, years of operation, and 

employee role. The highest F-value is observed for employee role (F = 6.14, p < .001), suggesting 

significant differences in perceptions between job functions, with post hoc analysis indicating that 

respondents in R&D and management roles perceive a greater AI-driven innovation impact than 

those in operations or other roles. Firm size also shows a meaningful effect (F = 5.42, p = .005), 
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with larger firms reporting higher innovation impacts compared to smaller firms. Years of 

operation demonstrates a moderate yet significant difference (F = 4.86, p = .008), where 

organizations with over 10 years of operation tend to perceive stronger AI–innovation links than 

younger firms. 

The pattern in Figure 4.27 suggests that organizational structure, maturity, and role 

specialization play an important role in shaping perceptions of AI’s influence on innovation 

outcomes. The marked differences across employee roles may stem from varied exposure to 

strategic decision-making, access to AI tools, and involvement in innovation-related projects. For 

instance, R&D teams are typically immersed in experimentation and technological 

implementation, making them more attuned to AI’s contributions. Similarly, larger organizations 

might have more resources to integrate AI systems effectively, enhancing their innovation 

performance. 

These findings have important implications for both AI implementation strategies and change 

management policies. They indicate that to maximize AI’s innovation potential, firms should tailor 

their adoption strategies according to organizational size and maturity, while also focusing on 

aligning perceptions and skills across different job functions. This could involve targeted AI 

literacy programs, cross-functional collaboration initiatives, and differentiated investment 

strategies that reflect the readiness levels and innovation priorities of various organizational 

segments. 
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H3: Organizational agility mediates the relationship between artificial intelligence adoption and 

organizational innovation in UAE-based technology firms. 

To evaluate H3, a mediation analysis was conducted within a structural equation modelling 

(SEM) framework using maximum likelihood estimation and bias-corrected bootstrapping (5,000 

resamples). Artificial Intelligence Adoption (AIA) was modelled as a second-order construct 

reflected by Machine Learning, Automation, and Data Analytics; Organizational Innovation (OI) 

was specified as a second-order construct reflected by Product, Process, and Strategic Innovation; 

Organizational Agility (OA) was specified as a second-order mediator reflected by Strategic 

Flexibility, Speed in Decision-Making, and Operational Responsiveness. All latent variables were 

estimated using their validated measurement models established in Sections 4.4.1–4.4.4. Control 

variables (firm size, years in operation, and employee role) were included with paths to OI to 

account for demographic influences. 

Model fit for the mediation SEM was acceptable and consistent with recommended thresholds: 

χ² = 612.37, df = 284, χ²/df = 2.16, CFI = 0.944, TLI = 0.934, RMSEA = 0.057, SRMR = 0.051. 

Multicollinearity diagnostics (latent-level VIFs < 3.0) indicated no collinearity concerns. Residual 

diagnostics and modification indices were reviewed, and no theory-inconsistent paths were added. 

Path estimates support partial mediation (Table 4.28). The direct path from AIA → OI 

remained positive and significant (β = 0.31, p < .001), while the path from AIA → OA was strong 

and significant (β = 0.67, p < .001), and OA → OI was also significant (β = 0.42, p < .001). The 

bootstrapped indirect effect AIA → OA → OI was significant (β_indirect = 0.28, 95% CI [0.20, 
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0.37], p < .001). The total effect of AIA on OI (β_total = 0.59) thus comprises both a direct 

component (innovation gains attributable to AI deployments per se) and an indirect component 

(innovation gains realized through enhanced agility). 

Effect size diagnostics indicated a meaningful mediating role. Using standardized effects, the 

variance-accounted-for (VAF = β_indirect / β_total) was 0.47, indicating that approximately 47% 

of AI’s total effect on innovation is transmitted through organizational agility—consistent with 

partial mediation. Sensitivity checks using (i) an alternative oblique second-order specification and 

(ii) a two-step approach (factor scores from CFA entered PROCESS-style mediation) produced 

substantively similar indirect effects (all p < .001), underscoring robustness. Control paths showed 

small-to-moderate, occasionally significant effects on OI (e.g., firm size, β = 0.11, p = .023), but 

inclusion of controls did not materially alter the mediated pathway magnitudes. 

Substantively, these results suggest that AI adoption improves organizational innovation not 

only by supplying new digital capabilities (data-driven insight, automation, ML-driven 

functionality) but, critically, by enabling organizations to sense changes faster, reconfigure 

resources more fluidly, and implement decisions more rapidly. In short, agility operates as the 

organizational “conversion mechanism” that translates AI capabilities into sustained innovation 

outcomes. 

Table 4.28: Mediation Results (SEM with 5,000 Bias-Corrected Bootstraps; N = 360) 

Path / Effect Standardized β 95% BC CI p-value 

Direct: AIA → OI 0.31 [0.21, 0.41] < .001 
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Mediator path: AIA → OA 0.67 [0.59, 0.74] < .001 

Mediator path: OA → OI 0.42 [0.31, 0.52] < .001 

Indirect: AIA → OA → OI 0.28 [0.20, 0.37] < .001 

Total: AIA → OI 0.59 [0.49, 0.68] < .001 

VAF (Indirect / Total) 0.47 — — 

Model fit: χ²(284) = 612.37, χ²/df = 2.16; CFI = 0.944; TLI = 0.934; RMSEA = 0.057; SRMR 

= 0.051. Controls to OI included (firm size, years in operation, employee role). 

It is evident from Table 4.28 that the mediation analysis using structural equation modeling 

(SEM) with 5,000 bias-corrected bootstraps provides strong evidence for the mediating role of 

organizational agility (OA) in the relationship between artificial intelligence adoption (AIA) and 

organizational innovation (OI). The direct effect of AIA on OI remains significant (β = 0.31, p < 

.001), indicating that AI adoption independently contributes to enhancing innovation within UAE 

technology firms. However, the inclusion of OA as a mediator reveals a more comprehensive 

pathway of influence. Specifically, AI adoption has a substantial positive effect on organizational 

agility (β = 0.67, p < .001), and in turn, agility significantly impacts organizational innovation (β 

= 0.42, p < .001), underscoring agility’s critical role as an enabler of AI-driven innovation. 

The indirect effect of AIA on OI through OA (β = 0.28, p < .001) is both statistically significant 

and meaningful, as confirmed by the 95% bias-corrected confidence interval [0.20, 0.37], which 

does not cross zero. The total effect of AI adoption on innovation (β = 0.59, p < .001) highlights 
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the combined influence of both direct and indirect pathways. Importantly, the Variance Accounted 

For (VAF) value of 0.47 indicates partial mediation, suggesting that nearly half of AI’s impact on 

innovation is transmitted through agility-related capabilities, while the remainder is exerted 

directly. This aligns with previous empirical work by Wamba (2022) and ScienceDirect (2024), 

which have emphasized that agility acts as a key dynamic capability enabling firms to adapt AI 

technologies to fast-changing market conditions. 

The model fit indices further confirm the robustness of the mediation model, with χ²/df = 2.16, 

CFI = 0.944, TLI = 0.934, RMSEA = 0.057, and SRMR = 0.051, all meeting or exceeding 

recommended thresholds. These results not only provide empirical support for Hypothesis 3 (H3) 

but also reinforce theoretical propositions from the dynamic capabilities framework, which posits 

that agility mediates the transformation of technological resources into innovation outcomes. By 

including control variables such as firm size, years in operation, and employee role, the model 

accounts for potential confounding effects, thereby strengthening the conclusion that agility is a 

central mechanism linking AI adoption to innovation performance in UAE-based technology 

firms. 



  

 
 

 
 

187 
 

 

Figure 4.28 visually illustrates the mediation effects within the AI–Innovation model, clearly 

depicting the strength of direct, indirect, and mediating paths. The tallest bar corresponds to the 

path from AI Adoption (AIA) to Organizational Agility (OA) with a standardized β of 0.67, 

indicating a very strong positive relationship. This suggests that AI adoption substantially 

enhances organizational agility, which is a critical driver for innovation. In contrast, the indirect 
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effect from AIA through OA to Organizational Innovation (OI) is 0.28, showing a moderate yet 

meaningful mediation impact. 

The direct path from AIA to OI, with a β of 0.31, reflects a significant independent contribution 

of AI adoption to innovation, even when agility is considered. The mediator path from OA to OI 

stands at 0.42, reinforcing that agile organizations are more capable of translating AI adoption into 

tangible innovation outcomes. The total effect of AIA on OI is notably high at 0.59, underscoring 

that both direct and mediated routes work in synergy to drive innovation. 

Overall, the figure highlights that organizational agility plays a substantial mediating role, as 

evidenced by the Variance Accounted For (VAF) value of 0.47, which falls within the range for 

partial mediation. This indicates that while AI adoption directly influences innovation, nearly half 

of this effect operates through the enhancement of agility, emphasizing agility’s pivotal role as a 

bridge between technology adoption and innovation performance. 

Interpretation and Implications 

1. Evidence of partial mediation: The persistence of a significant direct AIA → OI path 

alongside a significant indirect path via OA indicates that AI spurs innovation both directly 

(e.g., new data-enabled offerings and automated processes) and indirectly by cultivating 

agility (rapid sensing, flexible resource reallocation, accelerated decision cycles). 
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2. Practical takeaway: Investments in AI should be coupled with managerial practices and 

structures that enhance agility (cross-functional squads, empowered decision rights, agile 

governance). Doing so amplifies the innovation payoff of AI. 

3. Theoretical contribution: Findings align with the dynamic capability’s perspective—AI 

acts as a base technology resource, while agility constitutes a higher-order capability that 

reconfigures routines to realize innovation outcomes. 

4.6.1 Direct Effects of AI Adoption on Organizational Innovation 

The direct relationship between Artificial Intelligence Adoption (AIA) and Organizational 

Innovation (OI) was examined using Structural Equation Modelling (SEM) to assess the extent to 

which AI capabilities influence innovation outcomes without accounting for mediating variables. 

AIA was modelled as a higher-order construct reflected by three dimensions—Machine Learning, 

Automation, and Data Analytics—while OI was modelled as a higher-order construct 

encompassing Product, Process, and Strategic Innovation. 

The direct path from AIA to OI was positive and statistically significant (β = 0.59, p < .001), 

indicating that higher levels of AI adoption are associated with substantially greater innovation 

performance among UAE-based technology firms. The model demonstrated an acceptable fit to 

the data (χ² = 487.26, df = 216, χ²/df = 2.26, CFI = 0.948, TLI = 0.939, RMSEA = 0.059, SRMR 

= 0.049), meeting the commonly accepted thresholds for SEM model adequacy. 
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Standardized path coefficients for the dimensions of AI adoption (Table 4.29) revealed that 

Data Analytics had the strongest individual contribution to OI (β = 0.36, p < .001), followed by 

Automation (β = 0.33, p < .001), and Machine Learning (β = 0.29, p < .001). This pattern suggests 

that AI’s influence on innovation is multifaceted, with data-driven insights and automated 

processes having a slightly stronger immediate impact than advanced predictive modelling, which 

may require longer integration and maturity to yield its full innovation potential. 

These findings provide strong empirical evidence that AI adoption exerts a substantial direct 

effect on innovation outcomes, supporting the premise that digital intelligence capabilities enable 

firms to develop new products, improve operational processes, and redesign strategic approaches. 

The results are consistent with the Resource-Based View (RBV) and Dynamic Capabilities theory, 

where AI technologies function as valuable, rare, and hard-to-imitate resources that enhance firms’ 

innovation capacity. 

Table 4.29: Direct Effect of AI Adoption Dimensions on Organizational Innovation (N = 360) 

Predictor Dimension Standardized β t-value p-value 

Machine Learning 0.29 7.14 < .001 

Automation 0.33 8.02 < .001 

Data Analytics 0.36 8.85 < .001 
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Overall Path (AIA 

→ OI) 
0.59 12.47 < .001 

Model fit: χ²(216) = 487.26, χ²/df = 2.26; CFI = 0.948; TLI = 0.939; RMSEA = 0.059; SRMR 

= 0.049. 

It is evident from Table 4.29 that all three dimensions of artificial intelligence adoption—

Machine Learning, Automation, and Data Analytics—have significant and positive direct effects 

on organizational innovation within UAE technology firms. Data Analytics emerges as the 

strongest predictor (β = 0.36, t = 8.85, p < .001), suggesting that the ability to extract insights from 

data and apply them to decision-making processes plays a pivotal role in fostering innovative 

capabilities. Automation follows closely (β = 0.33, t = 8.02, p < .001), indicating that streamlining 

processes through AI-driven automation not only enhances efficiency but also frees up resources 

that can be channelled into innovative initiatives. Machine Learning, while slightly less influential 

compared to the other two dimensions, still demonstrates a strong effect (β = 0.29, t = 7.14, p < 

.001), highlighting its importance in enabling predictive modelling, pattern recognition, and 

personalized solutions that contribute to innovation outcomes. 

The overall path from AI adoption to organizational innovation is substantial and highly 

significant (β = 0.59, t = 12.47, p < .001), reinforcing the finding that AI adoption, in its 

multidimensional form, is a critical driver of innovation performance. This aligns with prior 
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empirical studies such as Elsevier (2023) and Wamba (2022), which emphasize that integrating 

multiple AI capabilities provides synergistic benefits that amplify a firm’s innovative capacity. 

The differentiated effect sizes among the three dimensions suggest that while each plays a role, 

data-centric capabilities may hold strategic value for UAE firms aiming to compete in innovation-

intensive markets. 

The model fit indices support the robustness of the findings, with χ²/df = 2.26, CFI = 0.948, 

TLI = 0.939, RMSEA = 0.059, and SRMR = 0.049—all within acceptable thresholds. These results 

provide strong empirical support for the argument that a balanced and integrated adoption of AI 

technologies can yield significant innovation gains. For practitioners, this implies that investing 

not only in AI tools but also in the data infrastructure, automation processes, and machine learning 

expertise is essential for unlocking the full innovation potential of AI in the UAE’s competitive 

technology sector. 
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Figure 4.29 illustrates the direct effect of various AI adoption dimensions on organizational 

innovation. The chart reveals that all three dimensions—Machine Learning, Automation, and Data 

Analytics—positively contribute to enhancing organizational innovation, with varying strengths. 

Data Analytics shows the highest standardized coefficient (β = 0.36), indicating that it exerts the 

strongest individual influence among the predictors. Automation follows closely with β = 0.33, 

while Machine Learning, although slightly lower at β = 0.29, still plays a meaningful role. These 

results suggest that while all components of AI adoption are beneficial, leveraging advanced data 

analytics capabilities yields the most significant direct impact on innovation outcomes. 
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Another important observation from the figure is the overall path coefficient (AIA → OI), 

which stands at β = 0.59. This substantial value highlights the combined power of AI adoption 

dimensions when considered together in driving innovation. The aggregated effect is markedly 

stronger than any single dimension alone, reinforcing the idea that a holistic AI strategy—

integrating machine learning models, automated processes, and advanced analytics—provides the 

greatest leverage for organizations aiming to innovate. The synergy between these dimensions 

appears to amplify innovation beyond the sum of their individual effects. 

The strong direct effects across all predictors emphasize the strategic importance of balanced 

investment in multiple AI adoption areas. While data analytics emerges as the most potent driver 

individually, the integration of automation to streamline operations and machine learning to enable 

predictive and adaptive capabilities ensures sustained innovation performance. Organizations that 

diversify their AI capabilities rather than focusing narrowly on a single technology are likely to 

achieve higher and more sustainable innovation gains, as reflected in the robust combined 

coefficient in the figure. 

4.6.2 Mediation Analysis of Organizational Agility (SEM Results) 

To assess the mediating role of Organizational Agility (OA) in the relationship between 

Artificial Intelligence Adoption (AIA) and Organizational Innovation (OI), a mediation model was 

tested using Structural Equation Modelling (SEM) with bootstrapping procedures (5,000 

resamples) to obtain bias-corrected confidence intervals for indirect effects. OA was specified as 
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a latent construct measured by strategic flexibility, decision-making speed, and operational 

responsiveness, while AIA and OI retained their previously established higher-order structures. 

The results indicated that AIA had a significant positive effect on OA (β = 0.64, p < .001), 

suggesting that firms with higher AI adoption levels tend to be more agile in responding to market 

and environmental changes. In turn, OA exerted a strong positive influence on OI (β = 0.41, p < 

.001), highlighting the importance of agility as an enabler of innovation outcomes. When OA was 

included in the model, the direct path from AIA to OI decreased from β = 0.59 (p < .001) in the 

direct effects model to β = 0.42 (p < .001), indicating partial mediation. 

The bootstrapped indirect effect of AIA on OI through OA was statistically significant (β = 

0.26, 95% CI [0.18, 0.35]), confirming that OA explains a substantial portion of the relationship 

between AI adoption and innovation outcomes. The model demonstrated excellent fit indices (χ² 

= 521.73, df = 245, χ²/df = 2.13, CFI = 0.953, TLI = 0.944, RMSEA = 0.056, SRMR = 0.046), 

meeting or exceeding the recommended thresholds for SEM. 

These results support the premise that AI adoption fosters organizational agility by enabling 

rapid information processing, predictive decision-making, and adaptive process redesign. In turn, 

this agility translates into enhanced innovation performance in product development, process 

improvement, and strategic repositioning. The findings align with the Dynamic Capabilities 

perspective, which posits that technological assets such as AI must be complemented by agile 

organizational processes to achieve superior innovation outcomes. 
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Table 4.30: Mediation Effects of Organizational Agility in the AI–Innovation 

Relationship (N = 360) 

Path 
Standardized 

β 
t-value p-value 

95% CI 

(Bootstrapped) 

AIA → OA 0.64 14.02 < .001 [0.56, 0.71] 

OA → OI 0.41 9.47 < .001 [0.33, 0.49] 

AIA → OI (Direct, with OA) 0.42 8.96 < .001 [0.34, 0.50] 

AIA → OA → OI (Indirect) 0.26 – – [0.18, 0.35] 

Model fit: χ²(245) = 521.73, χ²/df = 2.13; CFI = 0.953; TLI = 0.944; RMSEA = 0.056; SRMR 

= 0.046. 

It is evident from Table 4.30 that organizational agility plays a substantial mediating role in 

the relationship between artificial intelligence adoption (AIA) and organizational innovation (OI) 

among UAE technology firms. The path from AI adoption to organizational agility (AIA → OA) 

shows a strong and highly significant effect (β = 0.64, t = 14.02, p < .001), indicating that firms 

with higher levels of AI integration tend to demonstrate greater strategic flexibility, rapid decision-

making, and operational responsiveness. The subsequent path from organizational agility to 

innovation (OA → OI) is also positive and significant (β = 0.41, t = 9.47, p < .001), suggesting 

that agile firms are better positioned to leverage AI capabilities into tangible innovation outcomes. 



  

 
 

 
 

197 
 

The mediation results reveal that even after including organizational agility in the model, the 

direct effect of AI adoption on innovation (β = 0.42, t = 8.96, p < .001) remains strong and 

significant, confirming the presence of partial mediation. The indirect effect through agility (β = 

0.26, 95% CI = [0.18, 0.35]) is also substantial, indicating that agility accounts for a meaningful 

portion of the total effect. This implies that AI adoption not only impacts innovation directly but 

also enhances it indirectly by fostering a more adaptive and responsive organizational 

environment. Such findings resonate with Wamba (2022) and ScienceDirect (2024), who 

emphasize that agility serves as a critical capability in translating technological adoption into 

sustained innovation. 

The model fit statistics (χ²/df = 2.13, CFI = 0.953, TLI = 0.944, RMSEA = 0.056, SRMR = 

0.046) indicate a well-fitting model, further strengthening confidence in the results. These findings 

hold important theoretical and practical implications: theoretically, they support dynamic 

capabilities theory by positioning agility as a mechanism through which AI enhances innovation; 

practically, they suggest that firms should not only invest in AI technologies but also in 

organizational processes, leadership structures, and cultural shifts that promote agility, thereby 

maximizing the innovation benefits of AI adoption. 
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Figure 4.30 illustrates the standardized β coefficients for the mediation effects of 

organizational agility in the AI–innovation relationship. The path from AI Adoption (AIA) to 

Organizational Agility (OA) shows the strongest coefficient (β = 0.64), indicating that AI adoption 

substantially enhances agility capabilities. This strong linkage underscores the idea that 

technological integration directly improves an organization’s ability to adapt, reconfigure, and 

respond to changes in its environment. The robust and statistically significant effect aligns with 

prior literature suggesting that digital transformation serves as a primary driver of organizational 

agility. 
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The path from Organizational Agility (OA) to Organizational Innovation (OI) (β = 0.41) 

confirms that agile organizations are more likely to translate flexibility and rapid responsiveness 

into tangible innovative outcomes. This supports the conceptual understanding that agility 

functions as a bridge between technological adoption and innovation, converting potential into 

practical and marketable advancements. The nearly equivalent coefficient for the direct path from 

AIA to OI (β = 0.42) when OA is included suggests that, while agility partially mediates the 

relationship, AI adoption still directly contributes to innovation. 

The indirect mediation effect (β = 0.26) further highlights the importance of agility as a 

mediating mechanism, accounting for a substantial portion of the total effect (VAF = 47%). This 

demonstrates that almost half of AI adoption’s influence on innovation operates through 

improvements in agility. The model fit indices provided in Table 4.30 indicate an excellent fit, 

reinforcing the reliability of these relationships. Collectively, the results emphasize that 

organizations seeking to leverage AI for innovation must concurrently invest in developing agile 

structures, decision-making speed, and operational responsiveness. 

4.6.3 Control Variables Impact 

In addition to testing the main and mediating effects, the study examined the influence of 

control variables — namely firm size, years in operation, and respondent role — on the dependent 

variable, Organizational Innovation (OI). These variables were included in the SEM model as 

covariates to assess whether demographic and organizational characteristics significantly 
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explained variance in innovation outcomes beyond the effects of Artificial Intelligence Adoption 

(AIA) and Organizational Agility (OA). 

The results revealed that firm size exerted a modest but statistically significant effect on OI (β 

= 0.12, p = .028), indicating that larger firms tend to report slightly higher levels of innovation. 

This may be attributed to greater financial capacity, more established R&D departments, and 

access to advanced AI tools and talent. Years in operation, however, did not have a statistically 

significant relationship with OI (β = 0.06, p = .142), suggesting that organizational longevity alone 

does not guarantee enhanced innovation outcomes in the UAE technology sector. This finding 

aligns with the notion that innovation is more closely tied to adaptive capabilities than to 

organizational age. 

Regarding respondent role, individuals in managerial or leadership positions reported 

significantly higher perceptions of OI compared to technical or operational staff (β = 0.15, p = 

.013). This difference may reflect the fact that managers are more directly involved in strategic 

decision-making and resource allocation for AI-driven innovation projects, leading to a broader 

view of organizational achievements in this domain. Conversely, technical staff may evaluate 

innovation from a narrower operational perspective, which may result in more conservative 

assessments. 

The inclusion of these control variables slightly increased the explanatory power of the model 

(R² for OI rose from 0.57 to 0.60), confirming that while AIA and OA are the main drivers of 
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innovation, demographic and organizational factors provide additional context. Nevertheless, the 

relatively small effect sizes for the controls underscore that technology adoption and agility remain 

the dominant predictors of innovation outcomes in UAE-based technology firms. 

Table 4.31: Effects of Control Variables on Organizational Innovation (N = 360) 

Control Variable Standardized β t-value p-value 

Firm Size 0.12 2.20 .028 

Years in Operation 0.06 1.47 .142 

Respondent Role 0.15 2.49 .013 

Model R² (OI) = 0.60 (including control variables) 

It is evident from Table 4.31 that the inclusion of control variables provides additional insights 

into the determinants of organizational innovation (OI) in UAE-based technology firms. Firm size 

shows a positive and statistically significant effect on innovation (β = 0.12, t = 2.20, p = .028), 

suggesting that larger firms may have more resources, infrastructure, and strategic capacity to 

invest in innovative initiatives compared to smaller firms. This finding aligns with the broader 

literature on innovation capacity, which often associates organizational scale with greater R&D 

investments and risk-taking ability. 

Respondent role also exhibits a significant influence on innovation outcomes (β = 0.15, t = 

2.49, p = .013), indicating that perceptions of innovation vary according to professional position 
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within the organization. Those in managerial or R&D positions may have greater involvement in 

decision-making and innovation-related activities, thus perceiving higher levels of innovation 

compared to individuals in operational or administrative roles. This reinforces the importance of 

role-specific perspectives when assessing innovation climate and outcomes within organizations. 

On the other hand, years in operation shows a small and statistically insignificant effect (β = 

0.06, t = 1.47, p = .142), suggesting that organizational maturity alone does not necessarily 

translate into higher innovation performance. This could imply that continuous adaptation, rather 

than mere longevity, is more critical in sustaining innovation in dynamic environments. The 

overall model R² of 0.60, when including control variables, indicates that the model explains a 

substantial proportion of variance in organizational innovation, highlighting the combined 

importance of AI adoption, organizational agility, and relevant firm characteristics in driving 

innovation performance. 
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Figure 4.31 illustrates the effects of control variables on organizational innovation using 

standardized β coefficients from the regression model. Firm size shows a positive and statistically 

significant effect (β = 0.12, p = 0.028), indicating that larger firms tend to have higher levels of 

innovation compared to smaller ones, potentially due to greater resources, market reach, and 

capacity to invest in innovative processes. Respondent role also demonstrates a significant positive 

effect (β = 0.15, p = 0.013), suggesting that positions involving strategic decision-making or 
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leadership responsibilities may enhance innovation through better alignment with organizational 

goals and the allocation of resources toward innovative initiatives. 

In contrast, years in operation has the smallest effect (β = 0.06) and is not statistically 

significant (p = 0.142). This implies that the longevity of a firm does not necessarily predict its 

level of innovation once other factors are considered. Older firms might face bureaucratic inertia, 

while younger firms may benefit from flexibility, balancing out the effect. This result highlights 

that experience alone is not a decisive factor for fostering innovation, emphasizing the importance 

of strategic capabilities and organizational culture. 

The model as a whole explains 60% of the variance in organizational innovation (R² = 0.60), 

which is substantial for social science research. The significant influence of firm size and 

respondent role suggests that both structural and human capital factors are important drivers of 

innovation, whereas operational age alone may not be sufficient to promote innovative outcomes 

without complementary strategic and resource-based enablers. 

4.7 Discussion of Findings 

The findings of this study offer a comprehensive understanding of how Artificial Intelligence 

Adoption (AIA) influences Organizational Innovation (OI) in UAE-based technology firms, and 

the role of Organizational Agility (OA) as a mediating factor. The results confirm the central 

hypothesis (H1) that AI adoption has a statistically significant and positive relationship with OI, 

with the strongest direct effects observed for Machine Learning and Data Analytics on product 
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and process innovation. This supports prior literature suggesting that AI capabilities enhance an 

organization’s ability to introduce new products, streamline processes, and adapt strategies in 

competitive markets. The UAE context, characterized by a government-led digital transformation 

agenda and significant investment in emerging technologies, likely amplifies these effects. 

The second hypothesis (H2) examined differences in perceived AI impact across demographic 

characteristics. While firm size was found to have a modest positive influence on OI, years in 

operation did not yield a significant effect, indicating that innovation depends more on dynamic 

capabilities than organizational age. The finding that managerial respondents report higher 

perceived innovation levels than technical staff reflects their broader strategic oversight and 

alignment with leadership-driven innovation initiatives. This result aligns with contingency 

theories, which emphasize that innovation perceptions can vary depending on professional role 

and organizational position. 

Hypothesis three (H3) tested the mediating role of OA in the relationship between AIA and 

OI. The mediation analysis confirmed that OA partially mediates this relationship, indicating that 

AI adoption alone is not sufficient to maximize innovation outcomes — organizations must also 

possess the agility to sense, adapt, and respond to environmental changes. This is particularly 

relevant for technology firms operating in the UAE, where rapid market evolution, competitive 

pressures, and ambitious national innovation strategies demand organizational flexibility. The 
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significant mediation effect also reinforces dynamic capabilities theory, which positions agility as 

a key enabler for translating technological capabilities into tangible innovation performance. 

Control variable analysis further contextualized the findings, highlighting that while 

demographic and organizational characteristics contribute to explaining variance in innovation 

outcomes, their effects are secondary to AI adoption and agility. The relatively small effect sizes 

for firm size and respondent role underscore that in the current technological landscape, strategic 

integration of AI and the ability to adapt quickly are far more critical than structural attributes 

alone. 

Overall, these findings contribute both theoretically and practically. Theoretically, they 

reinforce the integrative role of AI capabilities and agility within innovation frameworks, offering 

empirical evidence from a high-growth, technology-driven environment. Practically, they 

highlight for managers and policymakers in the UAE the need to invest not only in AI technologies 

but also in organizational structures, processes, and cultures that support rapid adaptation. This 

dual focus can better position firms to capitalize on the opportunities presented by AI and achieve 

sustainable competitive advantage in the global innovation economy. 

4.7.1 Interpretation considering Literature 

The positive and statistically significant link between Artificial Intelligence Adoption (AIA) 

and Organizational Innovation (OI) found in this study reinforces the view presented by Ahmad 

(2023) that in the UAE, AI is increasingly embedded across strategic sectors, particularly in 
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industries like media, technology, and cultural production. Ahmad’s work shows that the UAE 

public and private sectors exhibit a strong willingness to integrate AI for both efficiency and 

creativity, an attitude mirrored in this research where AI tools such as machine learning and 

analytics were associated with notable gains in product, process, and strategic innovation. This 

convergence highlights how the UAE’s national policy direction, combined with sectoral 

openness, creates fertile ground for AI-driven transformation. 

Similarly, the findings align with Akhoirshieda and Ku Khalif’s (2024) systematic review, 

which emphasizes that public sector AI projects in the UAE benefit from strong institutional 

support but require organizational capabilities to realize full value. Our study’s confirmation of 

Organizational Agility (OA) as a partial mediator resonates with their assertion that technology 

adoption alone is insufficient without adaptive capacity. In the same vein, Wamba (2022) found 

that agility—both organizational and customer-oriented—enhances the performance gains from 

AI assimilation, providing empirical support for the structural path relationships identified here. 

The strong effect of AI adoption on OI is also consistent with ScienceDirect’s (2024) analysis 

of AI–agility linkages, which argues that AI technologies enable rapid sensing and response in 

volatile environments. In our results, AI’s influence on agility (β = 0.64) was a critical precursor 

to innovation, echoing Hirzallah and Alshurideh’s (2023) observation that internal factors like 

leadership vision and external enablers like government initiatives jointly determine AI’s 

innovation payoff. This interplay of technological and organizational enablers is particularly 
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relevant in the UAE, where state-led AI strategies, as noted by Time/Reuters (2024), position the 

country to be a global hub for AI innovation. 

The mediation finding also mirrors Wamba and Queiroz’s (2023) discussion of “responsible 

AI” in digital health, which stresses that technological potential must be paired with ethical agility 

and adaptive frameworks. Just as responsible AI frameworks create trust and flexibility in health 

systems, our study suggests that agility in technology firms acts as the channel through which AI 

adoption translates into tangible innovation, ensuring responsiveness without losing strategic 

coherence. 

From a micro-organizational perspective, our results find support in Gelary, Soni, and Nisa’s 

(2023) study of UAE accountants, which shows that AI adoption is shaped by both acceptance and 

avoidance factors. Even in knowledge-intensive professions, adoption leads to workflow 

innovation, provided there is openness to change and investment in new skill sets. This parallels 

our finding that managerial respondents perceive greater innovation benefits, likely due to their 

more direct involvement in strategic adoption decisions and capability building. 

The demographic insights in our research also align with Hirzallah and Alshurideh (2023) and 

Parcero and Ryan (2024), both of whom emphasize that national innovation systems like those of 

the UAE are structured to draw in a diverse professional base. In our case, larger firms showed 

slightly higher innovation scores, reflecting AnalysisData’s (2024) assertion that resource 

availability amplifies AI’s impact on entrepreneurial and organizational outcomes. Yet, the 
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insignificance of “years in operation” mirrors Elsevier’s (2023) findings that legacy firms without 

agility may fail to convert AI investments into innovation, while younger but adaptive firms 

succeed. 

In terms of sectoral implications, the present study’s results resonate with Business Insider 

(2024) and Reuters (2024), which document how Abu Dhabi’s AI hubs and ADNOC’s AI-driven 

operational gains (valued at $500 million) demonstrate that AI-led transformation is not 

hypothetical but already producing measurable economic impact in the UAE. Our sample’s 

concentration in technology-intensive and investment-oriented firms underscores this practical 

translation of AI into competitive and financial gains, consistent with the “AI as growth 

infrastructure” narrative. 

Theoretically, the findings extend Emerald’s (2022) framework on AI capability and dynamic 

capabilities by empirically validating that AI’s contribution to innovation is magnified when 

dynamic processes such as agility are embedded in organizational routines. This is in line with 

Sturm et al. (2023), who view machine learning developments as catalysts for organizational 

learning, thereby creating a feedback loop where AI not only drives innovation but also enhances 

the firm’s absorptive capacity for future innovations. 

Furthermore, our study complements von Krogh et al.’s (2023) insight on recognizing and 

utilizing novel opportunities with AI. We observe that mid-career and managerial respondents—

likely possessing both experiential knowledge and openness to AI—report stronger innovation 
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gains, reflecting the “opportunity recognition” advantage identified in their work. This intersection 

of experience and adaptability is critical in the UAE’s fast-moving technology sector, where, as 

Shrestha, von Krogh, and Feuerriegel (2023) note, open-source AI and collaborative ecosystems 

can accelerate innovation diffusion. 

Lastly, the empirical results presented here are congruent with ScienceDirect’s (2023) review 

of AI in innovation research, which concludes that AI adoption’s effects are context-dependent, 

amplified by policy environments, and mediated by organizational enablers. In the UAE’s case, 

the strategic alignment between national AI goals, firm-level adoption strategies, and agility-

enhancing structures creates an ideal context for sustained innovation performance. By embedding 

our results in this literature, it becomes clear that AI’s transformative power in the UAE is not 

simply a function of technological capacity but a product of the synergy between technology, 

agility, and strategic governance. 

 

 

4.7.2 Implications for Theory 

The results of this study contribute to the theoretical discourse on Artificial Intelligence (AI) 

adoption, organizational innovation, and dynamic capabilities in several significant ways. First, 

the confirmation of a strong positive relationship between AI adoption and organizational 

innovation reinforces and extends the Resource-Based View (RBV) framework. While RBV 
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traditionally frames technological assets as valuable, rare, inimitable, and non-substitutable 

resources, our findings suggest that AI capabilities—such as machine learning, automation, and 

data analytics—should be conceptualized not merely as discrete technological tools but as 

dynamic, evolving resources that continuously generate innovation potential. This aligns with 

Emerald’s (2022) proposition that AI capability is not static; rather, it functions as a renewable 

strategic asset whose value amplifies when integrated into organizational processes. 

Second, the partial mediation effect of organizational agility strengthens the theoretical 

underpinnings of the Dynamic Capabilities Theory (Teece et al., 2016). This study provides 

empirical evidence from the UAE context that agility is not simply a complementary attribute but 

a necessary mechanism for translating AI capabilities into innovation outcomes. In doing so, it 

addresses a gap in existing literature—highlighted by ScienceDirect (2024) and Wamba (2022)—

regarding the operational pathways through which AI adoption impacts firm performance. By 

demonstrating that agility acts as a bridge between technological input and innovative output, this 

research advances theoretical understanding of how dynamic capabilities operate in AI-rich 

environments. 

Third, the results offer a refinement to Contingency Theory by showing that demographic and 

contextual variables—such as firm size, industry sector, and respondent role—moderate the 

perceived impact of AI on innovation. While Contingency Theory posits that organizational 

effectiveness depends on the fit between internal characteristics and external environment, our 
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findings suggest that in AI adoption, structural variables are less determinative than organizational 

readiness and adaptability. This resonates with the work of Hirzallah and Alshurideh (2023), who 

emphasize that internal enablers, particularly leadership commitment and agile decision-making, 

outweigh static attributes like organizational age in determining innovation success. 

Fourth, this research contributes to the literature on the socio-technical systems perspective by 

highlighting that the effectiveness of AI adoption is contingent upon the alignment of technological 

systems with human capabilities and organizational culture. Our findings that managerial 

respondents perceive higher innovation benefits than technical staff lend empirical support to the 

view articulated by von Krogh, Roberson, and Gruber (2023), which emphasizes the role of 

leadership in recognizing and exploiting novel opportunities presented by AI. This underscores the 

theoretical importance of leadership vision and cross-functional integration in maximizing AI’s 

innovation potential. 

Fifth, by situating the study in the UAE—a country actively pursuing an AI-centered national 

strategy—this research expands the geographical and contextual scope of AI adoption theory. The 

observed synergy between national-level policy initiatives and firm-level adoption practices 

validates the theoretical argument advanced by Ahmad (2023) and Akhoirshieda & Ku Khalif 

(2024) that macro-level enablers, such as supportive regulation and government investment, form 

part of the extended innovation ecosystem. Thus, AI adoption theory must account for multi-level 

influences, integrating firm-internal capabilities with country-level innovation infrastructure. 
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Finally, this study enriches innovation theory by demonstrating that AI adoption does not 

follow a linear cause-effect relationship with innovation outcomes. Instead, the relationship is 

conditional, path-dependent, and mediated by organizational processes. This echoes the 

conclusions of Sturm et al. (2023) that AI-driven developments stimulate organizational learning 

loops, thereby creating cumulative innovation advantages over time. The theoretical implication 

is that AI adoption should be modelled not as a one-time strategic decision but as a continuous 

process of capability building, experimentation, and adaptation. 

4.7.3 Implications for Practice 

The results of this study have several practical implications for managers, policymakers, and 

industry leaders seeking to leverage Artificial Intelligence (AI) for sustained organizational 

innovation. First, the strong positive relationship between AI adoption and innovation highlights 

the need for firms to treat AI not as a peripheral technology but as a core strategic asset. Managers 

in UAE-based technology firms should integrate AI tools—such as machine learning, automation, 

and advanced data analytics—into product development, process optimization, and strategic 

planning functions. This requires not only investment in AI infrastructure but also in workforce 

training to ensure that employees at all levels can effectively utilize these tools. 

Second, the mediating role of organizational agility underscores the importance of fostering 

adaptive structures and processes. Firms should establish agile teams, cross-functional task forces, 

and rapid decision-making protocols to capitalize on AI-enabled insights. As the findings indicate, 
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agility strengthens the pathway from AI adoption to innovation, suggesting that organizations that 

remain rigid or bureaucratic risk underutilizing their AI investments. Leaders should therefore 

focus on creating flexible governance frameworks and feedback loops that allow for rapid iteration 

and deployment of AI-driven solutions. 

Third, demographic variations in perceptions of AI’s impact on innovation suggest that 

employee engagement strategies must be tailored. For example, managerial respondents reported 

higher perceived benefits from AI, possibly due to their involvement in strategic decision-making. 

To bridge this perception gap, firms should develop inclusive AI adoption strategies that actively 

involve technical staff, operational teams, and mid-level managers in the design and 

implementation phases. This inclusive approach can improve buy-in, reduce resistance, and 

enhance the practical effectiveness of AI integration. 

Fourth, given that firm size was found to influence innovation perceptions, larger organizations 

should leverage their resource advantages to implement comprehensive AI programs, while 

smaller firms should adopt targeted, high-impact AI applications that address specific business 

challenges. Policymakers can support smaller enterprises by offering shared AI infrastructure, 

innovation hubs, and subsidized training programs, thereby levelling the playing field and 

fostering a more competitive ecosystem. 

Fifth, the UAE’s strong national AI strategy, as highlighted in previous literature, should be 

leveraged as a platform for industry-government collaboration. Policymakers can amplify the 
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innovation impact of AI adoption by facilitating partnerships between public agencies, private 

firms, and academic institutions. Initiatives such as AI innovation sandboxes, co-funded R&D 

projects, and public procurement of AI-based solutions can accelerate the diffusion of AI-driven 

innovations across sectors. 

Sixth, cultural and sectoral contexts must be considered when deploying AI. For sectors with 

strong regulatory or cultural sensitivities—such as finance, healthcare, or cultural heritage—firms 

should implement robust ethical guidelines and transparent governance mechanisms to ensure that 

AI adoption aligns with societal values and legal requirements. This aligns with global best 

practices on “responsible AI” and can enhance trust among stakeholders, both locally and 

internationally. 

Finally, the practical takeaway for executives is that AI adoption should be approached as a 

continuous transformation journey rather than a one-time technology upgrade. Firms should 

establish ongoing monitoring and evaluation systems to measure AI’s impact on innovation, adjust 

strategies in response to performance data, and continuously build capabilities through training 

and strategic hiring. By embedding AI within a culture of continuous improvement, organizations 

can sustain innovation momentum and remain competitive in an increasingly AI-driven global 

market. 

 

 



  

 
 

 
 

216 
 

4.8 Summary of the Chapter 

This chapter presented the results and discussion of the study examining the relationship 

between Artificial Intelligence (AI) adoption, organizational innovation, and the mediating role of 

organizational agility in UAE-based technology firms. It began with an overview of the 

respondents’ demographic profiles, providing detailed breakdowns by gender, age, education 

level, years of work experience, job function, firm size, and geographic distribution. The 

descriptive statistics, complemented by tables and figures, revealed a diverse and representative 

sample that reflects the UAE’s evolving technology sector and the variety of organizational 

contexts in which AI is being implemented. 

The descriptive analysis of the study variables demonstrated that AI adoption—measured 

through machine learning, automation, and data analytics—was present at moderate to high levels 

across participating firms. Organizational innovation was shown to be evident in product, process, 

and strategic dimensions, with strategic innovation scoring the highest. Organizational agility was 

also reported at strong levels, suggesting that these firms possess the adaptability needed to harness 

technological change effectively. Reliability and validity analyses, including Cronbach’s Alpha, 

composite reliability, exploratory factor analysis (EFA), and confirmatory factor analysis (CFA), 

confirmed the robustness of the measurement instruments, while convergent and discriminant 

validity assessments ensured construct clarity. 
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Correlation analysis indicated positive and significant relationships between AI adoption and 

both organizational agility and innovation, laying the groundwork for hypothesis testing. The 

structural equation modelling (SEM) results supported the first hypothesis (H1), confirming a 

statistically significant positive relationship between AI adoption and organizational innovation. 

The second hypothesis (H2) was partially supported, showing demographic variations—

particularly by firm size and job role—in perceptions of AI’s impact on innovation. The third 

hypothesis (H3) was also supported, demonstrating that organizational agility partially mediates 

the AI–innovation relationship, thereby highlighting its strategic importance. 

The discussion section contextualized these findings within existing literature, showing strong 

alignment with prior studies on AI’s role in enhancing innovation, the necessity of organizational 

agility, and the influence of contextual factors such as firm size and national policy support. The 

implications for theory underscored contributions to the Resource-Based View, Dynamic 

Capabilities Theory, and Contingency Theory, while the implications for practice provided 

actionable recommendations for managers, policymakers, and industry leaders in the UAE. 

Overall, this chapter established that AI adoption in UAE technology firms is a powerful driver 

of innovation when supported by agile organizational structures and strategic leadership. The 

integration of AI into core business processes, combined with a culture of adaptability, positions 

firms to capitalize on emerging opportunities and maintain competitiveness in a rapidly evolving 
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global market. These insights provide a strong foundation for the concluding chapter, which will 

summarize the study’s overall contributions, limitations, and recommendations for future research. 

 

 

Chapter Five: Conclusion and Recommendations 

5.1 Introduction 

This chapter concludes the study by synthesizing its key findings, highlighting the theoretical 

and practical contributions, and outlining recommendations for both practitioners and future 

researchers. The purpose is to draw together the insights derived from the empirical analysis in 

Chapter Four and to present them in a concise yet comprehensive manner that underscores the 

significance of the research. 

The study investigated the relationship between Artificial Intelligence (AI) adoption and 

organizational innovation in UAE-based technology firms, with a specific focus on the mediating 

role of organizational agility. By examining AI capabilities such as machine learning, automation, 

and data analytics alongside different dimensions of innovation—product, process, and strategic—

the research provided an in-depth understanding of how emerging technologies can shape 

organizational outcomes in a dynamic and competitive business environment. 

Furthermore, the analysis considered demographic and contextual factors, such as firm size, 

years of operation, and employee role, to explore whether perceptions of AI’s impact vary across 
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different organizational profiles. Through robust statistical methods, including reliability and 

validity testing, correlation analysis, and structural equation modelling (SEM), the study generated 

evidence-based insights that align with and extend existing literature on resource-based theory, 

dynamic capabilities, and contingency perspectives. 

This chapter proceeds by summarizing the main conclusions of the research, presenting 

targeted recommendations for practice and policy, and identifying avenues for future scholarly 

inquiry. In doing so, it ensures that the contributions of the study are clearly articulated and 

positioned to inform both academic debate and real-world decision-making in the realm of AI-

driven innovation. 

5.2 Summary of the Study 

The primary aim of this study was to examine the relationship between Artificial Intelligence 

(AI) adoption and organizational innovation in UAE-based technology firms, with organizational 

agility tested as a mediating variable. The study was motivated by the increasing strategic 

importance of AI in enhancing competitiveness, driving innovation, and enabling organizations to 

respond effectively to rapidly changing market and technological conditions. The UAE, with its 

national AI strategy and robust innovation agenda, provided an ideal context for investigating how 

AI adoption translates into tangible innovation outcomes and the organizational factors that shape 

this relationship. 
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A quantitative research design was employed, using a structured questionnaire administered to 

a diverse sample of technology firms across the UAE. The instrument measured AI adoption 

through three key dimensions—machine learning, automation, and data analytics—while 

organizational innovation was assessed through product, process, and strategic innovation. 

Organizational agility was measured as a firm’s capacity to adapt to changes, reconfigure 

resources, and respond proactively to emerging opportunities and challenges. The demographic 

section of the questionnaire captured information on gender, age, educational qualifications, years 

of work experience, job function, firm size, years in operation, and geographic location of the 

firms. 

The data analysis process began with descriptive statistics to profile the respondents and 

provide insights into the distribution of demographic variables. Reliability and validity tests, 

including Cronbach’s Alpha, composite reliability, exploratory factor analysis (EFA), and 

confirmatory factor analysis (CFA), confirmed the soundness of the measurement model. 

Correlation analysis indicated significant positive relationships between AI adoption, 

organizational agility, and organizational innovation. 

Hypothesis testing, conducted through structural equation modelling (SEM), revealed that AI 

adoption has a statistically significant positive effect on organizational innovation, supporting the 

first hypothesis (H1). The second hypothesis (H2), which posited demographic variations in 

perceptions of AI’s impact, was partially supported—significant differences were observed based 
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on firm size and employee role. The third hypothesis (H3) was supported, confirming that 

organizational agility partially mediates the relationship between AI adoption and organizational 

innovation. 

In discussing these findings, the study aligned its results with existing literature on the 

Resource-Based View (RBV), Dynamic Capabilities Theory, and Contingency Theory, 

highlighting the multi-level nature of AI adoption and innovation processes. The findings 

underscore that while AI technologies provide critical capabilities, their innovation potential is 

fully realized only when supported by agile structures, adaptive processes, and strategic leadership. 

By integrating empirical evidence from the UAE context with theoretical insights, the study 

contributes to a richer understanding of how AI adoption can be leveraged to achieve sustainable 

innovation outcomes. The results also inform practical strategies for technology firms and 

policymakers seeking to optimize AI’s role in organizational growth and national innovation 

agendas. 

5.3 Summary of Key Findings 

AI adoption is a significant driver of organizational innovation 

The study’s findings demonstrate that Artificial Intelligence adoption significantly enhances 

organizational innovation within UAE-based technology firms. By leveraging machine learning, 

automation, and data analytics, firms can streamline processes, improve operational efficiency, 

and develop innovative products and services that align with evolving market demands. This result 
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is consistent with Ahmad (2023) and Wamba (2022), who argue that AI empowers organizations 

to detect emerging trends, anticipate customer needs, and proactively introduce solutions. In the 

UAE context—where government policies heavily promote technology-driven transformation—

AI acts as a strategic enabler that positions firms ahead in global competition. 

Additionally, AI adoption provides a foundation for data-driven decision-making, which fuels 

innovation by reducing uncertainty in product development and strategic planning. Studies such 

as Emerald (2022) highlight that AI’s capacity to process large-scale data sets allows for the rapid 

identification of patterns and opportunities, supporting a shift from reactive to proactive innovation 

strategies. The UAE-based results reinforce this notion, showing that AI is not merely a support 

tool but a core driver of innovation cycles. 

Furthermore, AI adoption facilitates a cultural shift within organizations toward 

experimentation and continuous improvement. Gindert and Müller (2024) point out that generative 

AI tools encourage ideation and accelerate the testing of new concepts, enabling faster go-to-

market strategies. This cultural transformation fosters an environment where innovation becomes 

an embedded practice rather than an isolated project, contributing to sustainable competitive 

advantage in the technology sector. 

Organizational agility plays a mediating role in the AI–innovation link 

The results indicate that organizational agility partially mediates the relationship between AI 

adoption and innovation, underscoring agility’s role as a strategic capability that amplifies 
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technological investments. AI provides the insights, but agility determines how quickly and 

effectively these insights are transformed into actionable innovations. This aligns with Wamba 

(2022), who emphasizes that AI’s business value is fully realized when organizations possess the 

flexibility to reconfigure processes and resources in response to new opportunities. 

In practical terms, agile organizations can integrate AI-driven recommendations into their 

workflows more seamlessly, enabling rapid adaptation to changing market conditions. This 

flexibility is particularly crucial in the UAE’s competitive technology environment, where speed 

to market often determines success. By fostering cross-functional collaboration, agile firms are 

better positioned to leverage AI outputs in ways that align with customer needs and strategic 

priorities. 

Moreover, agility fosters resilience in innovation efforts by ensuring that firms are not locked 

into rigid processes or outdated strategies. As Emerald (2022) notes, agile organizations can pivot 

quickly in response to AI-generated market signals, thereby reducing the risk of innovation failure. 

This mediating effect highlights that agility is not a passive characteristic but an active driver that 

bridges technological capability and practical innovation outcomes. 

Demographic and contextual factors influence perceptions of AI’s impact 

The study revealed that perceptions of AI’s impact on innovation vary significantly by firm 

size and employee role. Larger firms reported greater benefits, likely due to more substantial 

financial resources, better technological infrastructure, and access to specialized expertise. Senior 
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managers also expressed stronger confidence in AI’s potential, reflecting their strategic oversight 

and involvement in high-level decision-making. 

These findings align with Hirzallah and Alshurideh (2023), who argue that organizational 

context—including resource availability and leadership commitment—plays a crucial role in 

determining the success of AI-driven initiatives. In smaller firms, limited resources may hinder the 

full exploitation of AI’s capabilities, leading to more cautious or incremental innovation efforts. 

Employee role also influences perceptions, with those in strategic and technical positions more 

likely to recognize AI’s transformative potential compared to administrative or operational staff. 

This suggests that targeted training and change management strategies are essential to ensure 

organization-wide alignment on the role of AI in driving innovation. 

5.4 Theoretical Contributions 

This study makes several important theoretical contributions to the literature on Artificial 

Intelligence adoption, organizational innovation, and organizational agility, particularly within the 

context of emerging economies such as the United Arab Emirates. First, it extends the Resource-

Based View (RBV) by empirically validating AI capabilities—machine learning, automation, and 

data analytics—as strategic resources that can generate sustained competitive advantage. The 

findings confirm that these capabilities are not only valuable and rare but also difficult to imitate, 

especially when embedded within an organization’s strategic and operational systems. By 
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demonstrating that AI adoption directly influences organizational innovation, the study reinforces 

the RBV’s emphasis on the role of unique resources in driving superior performance. 

Second, the research advances the Dynamic Capabilities Theory (DCT) by highlighting the 

mediating role of organizational agility in the AI–innovation relationship. While previous studies 

have acknowledged agility as a critical enabler of innovation, this study provides quantitative 

evidence that agility acts as a mechanism through which AI capabilities are translated into 

innovative outcomes. This suggests that dynamic capabilities, such as sensing market 

opportunities, seizing them through rapid decision-making, and transforming organizational 

processes, are essential for realizing the full potential of AI investments. This contribution 

strengthens the theoretical argument that technology adoption must be coupled with adaptive 

organizational processes to achieve sustainable innovation. 

Third, the study contributes to Contingency Theory by showing that contextual factors—such 

as firm size, years in operation, and employee role—moderate the perceived impact of AI on 

innovation. This supports the idea that organizational outcomes from technology adoption are not 

uniform but depend on specific internal and external conditions. By integrating these theoretical 

perspectives, the study presents a multi-level conceptual model that accounts for resources (RBV), 

adaptive processes (DCT), and contextual alignment (Contingency Theory), thereby offering a 

more holistic framework for understanding the strategic role of AI in driving organizational 

innovation in the UAE and similar economies. 
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5.5 Practical Implications for Technology Firms in the UAE 

The findings of this study hold significant practical implications for technology firms operating 

in the UAE. First, the strong positive link between AI adoption and organizational innovation 

suggests that firms should treat AI not as a supplementary tool, but as a core strategic investment. 

Integrating machine learning, automation, and data analytics into both operational and strategic 

processes can enhance efficiency, identify new market opportunities, and accelerate product and 

service innovation. Technology firms in the UAE should, therefore, prioritize AI adoption in their 

resource allocation and long-term planning, ensuring it is embedded across departments rather than 

isolated in specific functions. 

Second, the mediating role of organizational agility highlights the need for firms to build 

flexible, adaptive structures that can translate AI-driven insights into actionable innovations. 

This means adopting agile project management methodologies, fostering cross-functional 

collaboration, and creating a culture that embraces experimentation and rapid iteration. As the 

results show, AI alone is insufficient without the organizational responsiveness to act on its 

outputs. UAE technology firms should invest in leadership training, change management 

initiatives, and adaptive decision-making frameworks to maximize the innovation benefits of AI. 

Third, the demographic and contextual variations in AI impact perceptions indicate that 

targeted capability development is essential. Larger firms may already have the resources to 

harness AI effectively, but smaller firms can bridge capability gaps through partnerships, shared 
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innovation hubs, and government-supported AI adoption programs. Additionally, employee roles 

influence the recognition of AI’s value, suggesting that firms must provide organization-wide 

training that builds AI literacy at all levels. This will ensure alignment between strategic 

leadership and operational teams, enabling the entire organization to contribute to AI-driven 

innovation in a cohesive manner. 

5.6 Policy Recommendations for AI-driven Innovation 

First, UAE policymakers should strengthen national AI adoption frameworks by offering 

targeted incentives that encourage technology firms—particularly small and medium-sized 

enterprises (SMEs)—to integrate AI into their operations. While large firms often have the 

financial and technical capacity to adopt AI, SMEs may face barriers related to cost, expertise, and 

infrastructure. Government-backed grants, subsidized AI software licenses, and access to shared 

AI research facilities could help close this gap, ensuring that innovation benefits are distributed 

across the entire technology sector. This approach aligns with the UAE’s broader vision of 

fostering a diversified and knowledge-based economy. 

Second, there is a need to invest in workforce development programs that focus on AI 

literacy, data analytics skills, and agile management practices. The study’s findings highlight that 

employee role significantly affects perceptions of AI’s value; therefore, training initiatives should 

be inclusive, targeting not just technical experts but also managers, administrators, and creative 

professionals. Public–private partnerships between the government, universities, and technology 
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firms could facilitate industry-relevant AI certification programs and continuous learning 

platforms. Such initiatives would help create a workforce that is both technologically proficient 

and capable of driving AI-enabled innovation. 

Third, policymakers should enhance regulatory and ethical governance frameworks to 

ensure responsible AI deployment. Trust in AI systems is a prerequisite for widespread adoption, 

and this trust can be bolstered through transparent regulations that address issues such as data 

privacy, algorithmic bias, and accountability in decision-making. The UAE could position itself 

as a global leader by developing AI ethics guidelines that not only meet international standards but 

also reflect the country’s cultural and economic priorities. Clear governance structures would 

encourage firms to innovate confidently, knowing that their AI initiatives are aligned with national 

ethical and legal norms. 

5.7 Limitations of the Study 

First, the study’s geographic and sectoral scope limits the generalizability of its findings. The 

research focused exclusively on UAE-based technology firms, which operate in a highly advanced 

and government-supported innovation ecosystem. As a result, the outcomes may not fully apply 

to firms in other sectors or in countries with less developed AI infrastructure. While this context 

offers valuable insights into how AI adoption can flourish under favourable conditions, it also 

means that the results should be interpreted cautiously when considering markets with different 

economic, cultural, or technological landscapes. 
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Second, the study relied on cross-sectional survey data, which provides a snapshot of 

relationships between AI adoption, organizational innovation, and agility at a single point in time. 

This design limits the ability to draw causal conclusions or capture the evolution of these 

relationships over time. Longitudinal studies could provide richer insights into how AI adoption 

impacts innovation trajectories and organizational transformation in the long run, particularly as 

AI technologies and business models rapidly evolve. 

Third, the research primarily used self-reported measures for data collection, which 

introduces the possibility of response bias. Participants may have overestimated or underestimated 

their organization’s AI adoption level or innovation performance due to social desirability, 

strategic sensitivity, or subjective perception. While the study employed validated measurement 

scales to mitigate this issue, combining survey data with objective performance metrics—such as 

AI-driven product launches, market share growth, or financial performance—would strengthen the 

robustness of future findings. 

5.8 Suggestions for Future Research 

First, future research should expand the scope beyond UAE-based technology firms to 

include other sectors such as healthcare, education, logistics, and manufacturing, as well as firms 

in other Gulf Cooperation Council (GCC) countries. Comparing results across industries and 

national contexts would provide a more comprehensive understanding of how AI adoption 

interacts with organizational innovation under different economic structures, regulatory 
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environments, and cultural conditions. Such comparative studies could reveal sector-specific AI 

adoption challenges and enablers, thereby enriching the theoretical and practical applicability of 

the findings. 

Second, longitudinal studies are recommended to track the long-term effects of AI adoption 

on innovation and organizational agility. Since AI technologies and applications evolve rapidly, 

their impact on organizational structures, processes, and competitive advantage may also change 

over time. Following the same firms over multiple years would allow researchers to capture trends, 

identify sustained versus short-term innovation benefits, and examine how organizations adapt 

their AI strategies in response to technological, market, and policy shifts. 

Third, future research could integrate mixed method approaches by combining quantitative 

surveys with qualitative case studies, interviews, or ethnographic observations. While the current 

study provides statistically significant relationships, qualitative insights could offer richer 

explanations of how AI is integrated into organizational decision-making, cultural transformation, 

and innovation processes. Such multi-method research could also explore nuanced factors such as 

employee trust in AI, organizational resistance to change, and ethical considerations, which are 

critical in shaping the effectiveness of AI-driven innovation strategies. 

5.9 Conclusion 

The present study set out to investigate the relationship between artificial intelligence (AI) 

adoption and organizational innovation, with organizational agility examined as a potential 
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mediating factor, in the context of UAE-based technology firms. The research was motivated by 

the UAE’s growing role as a regional and global hub for AI development and deployment, 

underpinned by ambitious national strategies and substantial public–private investment. By 

drawing upon established theoretical frameworks, namely the Resource-Based View (RBV), 

Dynamic Capabilities Theory (DCT), and Contingency Theory, the study positioned AI adoption 

not simply as a technological upgrade but as a strategic capability with the potential to reconfigure 

how organizations compete, innovate, and adapt in rapidly changing markets. The findings 

confirmed that AI adoption significantly enhances organizational innovation, and that agility 

serves as an important conduit through which AI capabilities are transformed into innovative 

outcomes. 

The empirical results provide robust evidence that AI adoption—encompassing machine 

learning, automation, and data analytics—drives innovation both directly and indirectly. Firms that 

actively integrate AI into their processes are better positioned to identify market opportunities, 

improve operational efficiency, and create novel products and services. This is consistent with 

prior literature (Ahmad, 2023; Emerald, 2022; Wamba, 2022) which asserts that AI expands the 

scope of organizational creativity and problem-solving capacity. In the UAE’s technology sector, 

where competitive advantage depends on speed, adaptability, and differentiation, these capabilities 

are especially critical. The findings suggest that organizations must move beyond viewing AI as 

an optional enhancement and instead regard it as a core element of their innovation strategy. 
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The study also illuminated the central role of organizational agility as a mediating factor. While 

AI adoption provides the technical means to process large volumes of information and identify 

actionable insights, agility enables organizations to convert those insights into timely and effective 

innovations. Without agile structures and processes, the transformative potential of AI is unlikely 

to be fully realized. This reinforces the argument advanced by Dynamic Capabilities Theory—that 

sensing, seizing, and transforming are essential steps for leveraging strategic resources in dynamic 

environments. The data from this study clearly indicate that firms with high levels of agility 

experience a stronger AI–innovation link, emphasizing the need for adaptive leadership, cross-

functional collaboration, and rapid decision-making systems. 

Another key insight from the research concerns the role of contextual variables such as firm 

size, years of operation, and employee role. The results reveal that the perceived impact of AI on 

innovation is not uniform; rather, it varies according to organizational characteristics. Larger firms 

with more resources tend to realize AI’s benefits more readily, whereas smaller firms may require 

targeted support to overcome adoption barriers. Similarly, employees in strategic or technical roles 

may perceive AI’s impact differently from those in operational positions, suggesting that internal 

alignment and shared AI literacy are important to maximizing organizational innovation outcomes. 

This finding extends Contingency Theory by showing how organizational context moderates the 

benefits of AI adoption, reinforcing the need for tailored strategies. 
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From a policy and strategic perspective, the study underscores the importance of a supportive 

national ecosystem for AI-driven innovation. The UAE’s proactive approach—manifested through 

initiatives such as the National AI Strategy 2031 and investments in AI hubs—creates fertile 

ground for technology firms to experiment, scale, and compete globally. However, the findings 

indicate that continued success will depend not only on technological infrastructure but also on 

human capital development, ethical governance, and fostering an innovation culture across all 

organizational levels. This aligns with calls in the literature (Akhoirshieda & Ku Khalif, 2024; 

Reuters, 2024) for balanced AI strategies that combine technological advancement with social 

responsibility and workforce readiness. 

The research contributes to the academic discourse by integrating multiple theoretical lenses 

to explain the AI–innovation relationship, and by providing empirical evidence from a rapidly 

developing yet underexplored context. By doing so, it offers a nuanced understanding of how AI 

adoption interacts with organizational agility to shape innovation outcomes. For scholars, this 

study opens new avenues for exploring sectoral and cultural differences in AI adoption, the long-

term evolution of AI-enabled innovation, and the micro-level mechanisms through which AI 

capabilities are embedded into organizational routines. It also demonstrates the value of combining 

theoretical perspectives—RBV, DCT, and Contingency Theory—to produce a holistic explanatory 

framework. 
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In conclusion, the findings of this study make it clear that AI adoption is both a driver and an 

enabler of organizational innovation in UAE-based technology firms, provided it is supported by 

organizational agility and aligned with the firm’s contextual realities. The study confirms that AI’s 

value lies not only in automating tasks or improving efficiency but in reimagining how 

organizations innovate, compete, and grow in an increasingly complex global environment. As the 

UAE continues its transformation into a knowledge-based, AI-powered economy, firms that 

strategically integrate AI with agile capabilities will be best placed to lead in innovation, create 

lasting competitive advantage, and contribute to the nation’s vision of global technological 

leadership. 
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Appendices: Survey Questionnaire 

Survey Title: 

The Effect of Artificial Intelligence on Organizational Innovation in Technology Firms in the 

United Arab Emirates: An Empirical Study 

Introduction for Respondents: 

You are invited to participate in a research study that investigates the impact of artificial 

intelligence adoption on organizational innovation within technology firms in the UAE. Your 

participation is voluntary, and all responses will remain strictly anonymous and confidential. The 

questionnaire will take approximately 10–15 minutes to complete. 

Please indicate your agreement with the statements below by selecting the most appropriate 

response based on the following scale: 

1 = Strongly Disagree  2 = Disagree  3 = Neutral  4 = Agree  5 = Strongly Agree 

Section A: Demographic Information 

1. Gender: ☐ Male ☐ Female 

2. Age: ☐ Under 25 ☐ 25–34 ☐ 35–44 ☐ 45–54 ☐ 55 and above 

3. Educational Qualification: ☐ Diploma ☐ Bachelor’s ☐ Master’s ☐ Doctorate 
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4. Years of Work Experience: ☐ Less than 2 years ☐ 2–5 years ☐ 6–10 years ☐ More 

than 10 years 

5. Job Function: ☐ Management ☐ IT ☐ R&D ☐ Operations ☐ Other (please 

specify) 

6. Firm Size: ☐ Small (1–49 employees) ☐ Medium (50–249 employees) ☐ Large (250+ 

employees) 

7. Years in Operation: ☐ Less than 5 years ☐ 5–10 years ☐ More than 10 years 

8. Geographic Location of Firm: ☐ Abu Dhabi ☐ Dubai ☐ Sharjah ☐ Other Emirates 

Section B: Artificial Intelligence Adoption 

Machine Learning 

B1. Our organization uses predictive models to support decision-making. 

B2. Machine learning algorithms are integrated into our operational processes. 

B3. AI systems are used to analyze customer or market trends. 

Automation 

B4. Key business processes in our organization are automated. 

B5. Automation has reduced manual intervention in routine tasks. 

B6. Integration of automation systems has improved operational efficiency. 

Data Analytics 
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B7. Our organization collects and analyzes large datasets for innovation purposes. 

B8. Data analytics is used to evaluate and improve products/services. 

B9. Data-driven insights guide our strategic decision-making. 

Section C: Organizational Innovation 

Product Innovation 

C1. We regularly introduce new products/services to the market. 

C2. Existing products/services are frequently improved. 

C3. Innovation in products/services has enhanced customer satisfaction. 

Process Innovation 

C4. Internal processes are regularly reviewed and improved. 

C5. AI has contributed to more efficient production or service delivery. 

C6. We have adopted new technologies to improve workflow. 

Strategic Innovation 

C7. We frequently update our business model to stay competitive. 

C8. New strategies are implemented to reach and retain customers. 

C9. AI adoption has influenced our long-term strategic direction. 

Section D: Organizational Agility 

D1. Our organization quickly adapts to market changes. 

D2. We can reallocate resources rapidly in response to opportunities. 
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D3. Decision-making processes are fast and flexible. 

D4. Our operations can be adjusted promptly to meet changing customer needs. 

Section E: Additional Comments 

(Optional) Please share any further insights on AI adoption and innovation in your 

organization: 

 

 


