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Abstract 

New decision approaches and automated workflow systems are acquired by organizations due to AI development. The 
Digital-Augmented Agility system is integrated into an information processing organization, where artificial 
intelligence-managed decision methods are used to improve operational resilience and adaptable workforce system 
implementation. The ability of AI automation to refine processes in real-time and execute prediction-based decisions 
cannot be adequately determined through analytical methods from either Dynamic Capabilities Theory or the Theory 
of Organizational Routines. Researchers assessed financial sector agility using mixed research methods, including 
quantitative and regression models. Operational efficiency, shorter time-to-market, and superior work-team 
performance that integrates human resources with AI assets were gained by organizations utilizing AI systems. 
Employee interviews validated that positive operational effects were brought by AI decision automation to the 
workforce, while challenges in adapting to this transition were found by employees. Practical insights about AI-agile 
integration were built from research and direct industry interviews, contributing to engineering practice knowledge. 
This academic approach does not remain under the reflection of financial uniqueness but sees it as a challenge; its 
extension may reach into healthcare or direct operational functionality for supply chain management or other industrial 
engineering systems. 

Keywords 
Artificial Intelligence, Organizational Agility, Intelligent Process Optimization, AI-Driven Decision-Making, 
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1. Introduction
Significant operational changes occur in financial service companies after they implement artificial intelligence 
systems. These changes result from enhanced agility, restructured decision-making, and transformed operational 
procedures (Birkinshaw, Zimmermann, & Raisch, 2022; Mikalef & Gupta, 2021). Companies now use AI systems to 
improve operations by automating processes and reducing human errors in decisions (Davenport & Ronanki, 2018; 
Liu & Dong, 2020). However, existing theories like the Dynamic Capabilities Theory (DCT) and the Theory of 
Organizational Routines (TOR) do not fully explain how AI automation supports organizational adaptability (Teece, 
2016; Pentland et al., 2020). Businesses need a new framework to manage decision-making and automate operations 
through AI-based platforms (Benlian, vom Brocke, & Maedche, 2018; Van der Meulen, 2021). 

Digital-Augmented Agility (DAA) combines automated decision-making, Intelligent Process Optimization (IPO), and 
AI-enhanced workforce adaptability. This combination strengthens business resilience and efficiency (Baird & 
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Maruping, 2021; Winter, Cattani, & Dorsch, 2022). With real-time AI processing, companies can use predictive 
analytics to manage workflows automatically, requiring less human input (Dingsøyr, Falessi, & Power, 2019). AI 
decision systems improve performance, even though regulatory and staff approval remain challenges in system 
deployment (Bailey, Leonardi, & Barley, 2022; Hanelt et al., 2021). Studies show that AI-based agility systems 
improve financial data operations, support compliance, and boost employee adaptability (Cram, Brohman, & Gallupe, 
2020; Warner & Wäger, 2019). Researchers measure AI's impact on banking response times using statistical and 
thematic analysis methods (Gregory et al., 2020; Zaidi, Müller, & Sheikh, 2023). 
 
Recent findings explain how AI-driven agility functions and offer guidance for practical implementation in business 
settings (Brock & von Wangenheim, 2019; Koch & Bierwirth, 2019). The author reviewed existing research on AI 
agility before forming new hypotheses and testing them in financial operations (Wamba-Taguimdje et al., 2020). The 
framework developed in this study helps future researchers assess how AI and intelligent systems enhance agility in 
digital transformation projects (Bäcklander, 2019; Forsgren, Storey, & Kersten, 2018). 
 
The Digital-Augmented Agility (DAA) system (Figure 1) merges AI automation with decision and workflow tools 
(Holbeche, 2022). It adapts quickly through real-time processing, identifying operational problems and market shifts 
(Jarrahi, 2019). Predictive analytics gives the system the ability to generate tactical insights and support timely 
decisions (Mikalef & Gupta, 2021). Companies use AI-based automation and priority systems to optimize workflows 
and respond to targets more effectively (Benbya, Nan, & Tanriverdi, 2020; Moe, Dingsøyr, & Dybå, 2019). These AI 
models take on decision-making roles and improve continuously without human input (Howard-Grenville et al., 2016; 
Kersten, 2018). They also help human teams coordinate across levels and implement agile improvements (Baird & 
Maruping, 2021). As human workers use AI systems to drive change, standard procedures evolve to support better 
operational performance (Winter, Cattani, & Dorsch, 2022). 
 

 
 

Figure 1. Digital-Augmented Agility (DAA): AI-Powered Decision and Workflow Automation 
Source: Authors' research contribution 

 
2. Literature Review  
Agility gives companies a competitive edge in fast-changing markets. It helps them respond quickly to uncertainty 
and adopt new technologies (Moe, Dingsøyr, & Dybå, 2019; Birkinshaw, Zimmermann, & Raisch, 2022). Two key 
theories, Dynamic Capabilities Theory (DCT) and the Theory of Organizational Routines (TOR), often guide research 
on agility (Teece, 2016; Pentland, Recker, & Wolf, 2020). However, these theories don't fully address how AI and 
automation affect agility at both strategic and operational levels (Benlian, vom Brocke, & Maedche, 2018; Van der 
Meulen, 2021). Businesses adapt by using automated value streams built on technical agility and Lean-Agile methods 
(Baird & Maruping, 2021). Still, research shows that digital integration remains unclear in many organizations 
(Mikalef & Gupta, 2021; Birkinshaw et al., 2022; Liu & Dong, 2020; Brock & von Wangenheim, 2019). Studies often 
overlook how AI decision systems, adaptive digital frameworks, and automation can shape agility in practice (Winter, 
Cattani, & Dorsch, 2022; Zaidi, Müller, & Sheikh, 2023). 
 
Researchers can build new models that combine agility principles with AI functions by reviewing current literature 
(Dingsøyr, Falessi, & Power, 2019; Kersten, 2018). Teece (2016) explains that deploying agility through DCT 
involves sensing the environment, acquiring resources, and adjusting accordingly. Warner and Wäger (2019) found 
that IT investments paired with flexible leadership structures improve agility. However, DCT doesn't fully explain 
how teams run workflows or make decisions in agile ways (Warner & Wäger, 2019). The theory includes technology, 
but it lacks tools for measuring how AI and DevOps affect agility (Hanelt et al., 2021; Cram, Brohman, & Gallupe, 
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2020). Digital-first companies often struggle with this, as AI tools now make many key decisions (Gregory et al., 
2020). 
 
Organizations evolve by adjusting how they work, and this often starts with changes in leadership strategy (Pentland 
et al., 2020). These changes ripple through everyday workflows and support systems (Forsgren, Storey, & Kersten, 
2018). Agile organizations allow teams to redesign roles and processes to fit modern DevOps and Lean software 
practices (Bäcklander, 2019). Moe et al. (2019) argue that teams must drive agility from the ground up. Modern 
systems combine human flexibility with AI-driven adjustments (Holbeche, 2022). TOR does not fully account for this 
mix of human and machine-driven change. 
 
To stay relevant, DCT and TOR must evolve with AI and modern business needs (Benbya, Nan, & Tanriverdi, 2020; 
Koch & Bierwirth, 2019). Forsgren et al. (2018) note that teams need guidance to support agile decisions, especially 
in complex settings. AI systems help when they use algorithms and automated workflows to support continuous 
adaptation (Van der Meulen, 2021). These tools improve decision-making and resource use automatically (Zaidi, 
Müller, & Sheikh, 2023). 
 
Businesses that rely heavily on DCT and TOR need to update how they apply these theories (Birkinshaw, 
Zimmermann, & Raisch, 2022). DCT struggles to explain AI decisions made without human input (Warner & Wäger, 
2019). In fields like finance and engineering, it's hard to automate workflows when TOR assumes manual updates to 
routines (Zaidi, Müller, & Sheikh, 2023). Hanelt et al. (2021) show that AI outperforms traditional models in driving 
agility. New research confirms that AI-based DevOps, predictive analytics, and intelligent supply chains speed up 
improvements in agile performance (Gregory et al., 2020). Future theories must present AI and automation not just as 
tools, but as core agents of agility (Benlian, vom Brocke, & Maedche, 2018; Van der Meulen, 2021). 
 
In this study, DCT and TOR are blended to support a new model: Digital-Augmented Agility (DAA) (Baird & 
Maruping, 2021; Brock & von Wangenheim, 2019). In DAA, AI systems use continuous data processing and human 
knowledge to manage uncertainty (Liu & Dong, 2020). AI enhances agility by detecting issues and making decisions 
faster than human workers (Forsgren, Storey, & Kersten, 2018). Machine learning models adapt workflows 
automatically (Mikalef & Gupta, 2021). AI also improves product release speed and flexibility across industries (Van 
der Meulen, 2021). 
 
Combining AI with strategy and operational methods expands how we understand agility in theory (Bailey, Leonardi, 
& Barley, 2022; Jarrahi, 2019). DAA supports automation that can match or exceed human decision-making (Warner 
& Wäger, 2019). Agile systems advance faster when AI takes on testing and optimization tasks (Forsgren, Storey, & 
Kersten, 2018). Adaptive algorithms, data-driven decisions, and automated tools help merge AI into agility 
frameworks (Winter et al., 2022). More research is needed to study how AI agility affects teams, decision-making 
systems, and human-machine collaboration (Moe, Dingsøyr, & Dybå, 2019). 
 
This study introduces a new model that aligns AI systems with agile methods (Bäcklander, 2019). Today’s 
organizations move faster than DCT and TOR originally envisioned, thanks to AI-based process automation (Howard-
Grenville et al., 2016). DAA offers a foundation to re-evaluate agility practices in light of modern technologies 
(Pentland, Recker, & Wolf, 2020). This paper outlines key principles for understanding how organizations adapt to 
digital disruption (Dingsøyr, Falessi, & Power, 2019). 

 

2.1. Hypotheses Development   
The Digital-Augmented Agility (DAA) model functions as an agility framework powered by AI. It supports adaptive 
systems and decision services that improve organizational responsiveness (Birkinshaw, Zimmermann, & Raisch, 
2022; Liu & Dong, 2020). Real-time data processing and autonomous optimization help replace traditional, manual 
agile practices with faster, automated ones (Dingsøyr, Falessi, & Power, 2019; Pentland, Recker, & Wolf, 2020). 
Organizations combine AI-driven workflows with performance tracking to build more adaptive and efficient systems 
(Bailey, Leonardi, & Barley, 2022; Forsgren, Storey, & Kersten, 2018). 

Machine learning operations enhance strategic results by enabling information-driven changes to decision-making 
processes (Cram, Brohman, & Gallupe, 2020; Kersten, 2018). Automation improves speed and accuracy by handling 
repetitive tasks and reducing human error (Gregory et al., 2020; Wamba-Taguimdje et al., 2020). This section outlines 
how analytical decision systems and learning networks help measure agility and boost operational performance after 
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AI integration (Davenport & Ronanki, 2018; Jarrahi, 2019). Research shows that AI agility improves workflows, 
accelerates product delivery, and extends operational lifespan (Baird & Maruping, 2021; Winter, Cattani, & Dorsch, 
2022). 

Experimental studies provide detailed insights into how strategic AI implementations support agile models in practice 
(Benlian, vom Brocke, & Maedche, 2018; Moe, Dingsøyr, & Dybå, 2019) (Table 1). 

 
Table 1. Hypotheses on Digital-Augmented Agility (DAA) and AI-driven automation 

 
ID Statement Independent 

Variable 
Dependent Variable Mechanism 

H1 AI-powered decision-making enhances 
organizational agility. 

AI-driven decision-
making 

Organizational agility Predictive analytics, automated 
strategic execution 

H2 Intelligent Process Optimization (IPO) 
increases operational efficiency in agile 
environments. 

AI-enabled workflow 
automation 

Operational efficiency AI-driven task orchestration, real-
time process adjustments 

H3 AI-enhanced workforce agility facilitates 
adaptive collaboration between human 
teams and AI systems. 

AI-powered human-
AI collaboration 

Workforce adaptability and 
efficiency 

AI-assisted decision-making, 
augmentation of human expertise 

H4 AI-driven agile delivery accelerates 
product deployment and reduces time-to-
market. 

AI-integrated agile 
product delivery 

Deployment speed, product 
cycle time 

Automated testing, predictive 
DevOps, and real-time deployment 

H5 AI-enabled Continuous Learning 
Ecosystems drive organizational 
resilience and innovation. 

AI-driven self-
learning models 

Organizational adaptability and 
innovation 

Real-time feedback loops, dynamic 
process optimization 

Source: Authors' research contribution 
 
3. Methodology 
This study was conducted in a financial services company where the team digitized financial reports by converting 
them from paper-based to electronic formats. They used a digital system that made information more accessible and 
supported decision-making with standardized protocols (Davenport & Ronanki, 2018; Moe, Dingsøyr, & Dybå, 2019). 
The study used the Digital-Augmented Agility (DAA) framework, which organizations adopt to boost operational 
speed and responsiveness through artificial intelligence (Bailey, Leonardi, & Barley, 2022; Koch & Bierwirth, 2019). 
Within this framework, AI systems improved financial operations by automating workflows and enhancing overall 
responsiveness (Brock & von Wangenheim, 2019; Van der Meulen, 2021). 

The organization implemented AI across departments by integrating various automation tools into existing processes 
(Forsgren, Storey, & Kersten, 2018; Warner & Wäger, 2019). It used Natural Language Processing (NLP) and Optical 
Character Recognition (OCR) to convert physical documents into digital formats, reducing manual labor and 
increasing speed (Benlian, vom Brocke, & Maedche, 2018; Jarrahi, 2019). These systems also ensured data accuracy 
and compliance by automatically checking records, lowering risks and errors (Dingsøyr, Falessi, & Power, 2019; 
Teece, 2016). Predictive analytics helped identify anomalies in financial data, such as errors or missing reports, further 
improving detection (Holbeche, 2022; Wamba-Taguimdje et al., 2020). 

To measure the impact of AI integration on agility, the study used three criteria. First, it looked at how automation 
improved process efficiency, enabling faster operations and expanding staff responsibilities in workflow management 
(Baird & Maruping, 2021; Mikalef & Gupta, 2021). Second, it evaluated compliance support, checking how AI 
contributed to regulatory reporting and audit readiness (Birkinshaw, Zimmermann, & Raisch, 2022; Howard-Grenville 
et al., 2016). Third, it analyzed how well employees adapted to AI systems and managed tasks in an automated 
environment (Cram, Brohman, & Gallupe, 2020; Winter, Cattani, & Dorsch, 2022). Together, these criteria provided 
a complete view of how AI implementation affected financial operations, especially regarding compliance and 
workforce transformation. 

3.1. Research design  
A mixed-methods approach guided the research, combining quantitative and qualitative techniques to gather robust 
evidence about AI-driven agility (Benbya, Nan, & Tanriverdi, 2020; Kersten, 2018). The team tested hypotheses 
statistically and explored deeper insights through qualitative analysis of AI systems used in financial operations 
(Hanelt et al., 2021; Pentland, Recker, & Wolf, 2020). They used multiple data sources to improve the study’s overall 
quality and ensure that the findings could be applied to real-world financial businesses (Gregory et al., 2020; Liu & 
Dong, 2020). 
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The analysis framework relied on two key theories. Dynamic Capabilities Theory (DCT) explained how firms build 
and use resources to stay competitive during AI-based transformation (Teece, 2016). The Theory of Organizational 
Routines (TOR) helped describe how AI changes decision-making by shifting from human-led to AI-driven processes 
(Pentland, Recker, & Wolf, 2020). This shift improved scalability and precision, leading to better performance in 
financial institutions (Bäcklander, 2019; Wamba-Taguimdje et al., 2020). 
 
To validate results, the study compared its findings with earlier work on AI automation and financial digitalization 
(Davenport & Ronanki, 2018; Hanelt et al., 2021; Zaidi et al., 2023). Reliability testing confirmed that the instruments 
used were consistent, with Cronbach’s alpha scores above 0.80. Cross-case analysis across several institutions also 
confirmed that survey findings applied broadly across the financial sector.  
 
3.2. Data sources and analysis  
A strong methodology is produced by combining quantitative and qualitative approaches to achieve high 
methodological rigor. Basic surveys, AI-generated workflow metrics, financial records, and interviews conducted 
through case studies are combined in the research analysis. Experimental tests were conducted by the research team 
to verify stability through their empirical work, and published references were used as a validation point. Measuring 
instruments are constructed in the study using published research designs that establish reliable standards for 
evaluating research constructs. Multiple regression models were established in the research to demonstrate how 
different AI deployment strategies guide organizations to achieve their best agility outcomes. Joint advantages are 
delivered by these methods, creating operational gains that expedite product development cycles.  
 

The framework of this paper is constructed with Dynamic Capabilities Theory (Teece, 2016) and Organizational 
Routines Theory (Pentland, Recker, & Wolf, 2020). Operational performance alterations caused by AI-driven 
automation are demonstrated through established theoretical evaluations of procedural modifications and decision-
making processes. The research methodology includes data collection and analysis methods, which are presented in 
the following table (Table 2) for a structured overview. 

Table 2. Overview of data collection and analysis methods aligned with hypotheses 
 

Method Type Instrument Hypotheses 
Tested 

(H1–H5) 

Reason for Selection 

Structured 
Surveys 

Quantitative 
 (see Appendix 

A1) 

Likert-scale 
questionnaire 

 H1, H3, H5 The measurement system provides exact information about 
AI systems' capabilities to optimize performance, human-AI 
team operations, and agile delivery methods. 

Workflow 
Performance 

Metrics 

Quantitative 
(see Appendix 

A2; A2.1; A2.2; 
A2.3) 

AI-generated logs 
(process efficiency, 
automation success) 

 H2, H3, H4 The assessment process confirms that measurement methods 
stay consistent across all dimensions found within the DAA 
framework. 

Cronbach’s α 
(Reliability 

Testing) 

Quantitative 
(see Appendix 

A3) 

Internal consistency 
analysis of survey 

scales 

H1, H3, H5 The assessment validates that measuring techniques remain 
uniform across the entire DAA framework structure. 

Regression 
Analysis 

Quantitative 
(see Appendix 

A4) 

Statistical Modeling 
(R², β coefficients) 

H1, H2, H4 According to research findings, the deployment of AI 
systems leads to superior organizational performance in 
operational excellence and agility and improved product 
delivery methods. 

Semi-
Structured 
Interviews 

Qualitative 
(see Appendix 

A5) 

Interview protocol  H1, H3 Captures insights from leaders and employees on AI-
powered decision-making and human-AI collaboration. 

Source: Authors' research contribution 
 

The study demonstrates strong research integrity by comparing its findings with established empirical research (Cram, 
Brohman, & Gallupe, 2020; Moe, Dingsøyr, & Dybå, 2019). It draws on prior studies to validate its conclusions about 
how AI-driven automation supports organizational agility (Davenport & Ronanki, 2018; Hanelt et al., 2021; Zaidi et 
al., 2023). 

Figure 2 illustrates how supervised AI decision systems manage financial tasks. The diagram shows an automated 
process that performs data extraction, risk analysis, and decision-making. This system boosts operational efficiency 
and reduces the need for human labor (Birkinshaw, Zimmermann, & Raisch, 2022; Winter, Cattani, & Dorsch, 2022). 
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When the AI system achieves an accuracy of 85% or higher, it stores the results automatically. If accuracy falls below 
that threshold, the system prompts a human review (Bailey, Leonardi, & Barley, 2022). 

Research shows that this managed process improves workflows, shortens processing times, reduces delays, and 
minimizes errors, without compromising compliance (Gregory et al., 2020; see Appendix A2). Figure 2 also connects 
these practical results to theoretical models. It shows how the Digital-Augmented Agility (DAA) framework draws 
on Dynamic Capabilities Theory (Teece, 2016) and the Theory of Organizational Routines (Pentland, Recker, & Wolf, 
2020) to explain how AI decisions reshape operations (Benlian, vom Brocke, & Maedche, 2018; Mikalef & Gupta, 
2021). 

By integrating AI into operational routines, the study reinforces its theoretical foundation and validates current models 
of agility. This approach also helps confirm prior research on AI’s impact in real-world settings (Forsgren, Storey, & 
Kersten, 2018; Van der Meulen, 2021). 

 

 
Figure 2. AI-Driven Decision Workflow - Automation, Compliance, and Human Oversight 

Source: Authors' research contribution 
 
The study confirmed statistical accuracy and predictive reliability through a series of tests (Howard-Grenville et al., 
2016). Researchers used structured Likert-scale surveys to measure perceptions of AI decisions, human-AI 
collaboration, and continuous learning, with reliability scores above 0.70 (Koch & Bierwirth, 2019). Regression 
models showed a strong link between AI adoption and agility outcomes, producing R² values between 0.68 and 0.79 
(Pentland, Recker, & Wolf, 2020). To validate indirect relationships, they conducted mediation analysis using 95% 
bootstrapped confidence intervals. Paired t-tests also confirmed that AI automation significantly reduced time and 
errors, with results achieving statistical significance at p ≤ 0.05 (Kersten, 2018; Wamba-Taguimdje et al., 2020). 

For qualitative insights, the study used thematic analysis of semi-structured interviews with leaders and staff, 
following Braun and Clarke’s (2006) method. Employees expressed confidence in AI systems, though they preferred 
that humans retain final decision-making authority (Benbya, Nan, & Tanriverdi, 2020). Teams saw improvements in 
workflow efficiency when human-AI collaboration was well-designed (Dingsøyr, Falessi, & Power, 2019). However, 
some resistance and implementation challenges remained, especially in the early stages (Jarrahi, 2019). 

By combining both quantitative and qualitative methods, the study delivered a complete view of AI-driven agility in 
practice. The findings are supported by rigorous statistical validation, theoretical consistency, and real-world feedback 
(Brock & von Wangenheim, 2019; Liu & Dong, 2020). This approach strengthens the study’s credibility and lays the 
groundwork for future applications (Baird & Maruping, 2021; Warner & Wäger, 2019). 
 
3.3 Validation in practice and limitation  
The study validated its findings by comparing them with other research on AI automation, agility, and financial 
workflow optimization (Hanelt et al., 2021). It used frameworks from Dynamic Capabilities Theory (Teece, 2016) 
and the Theory of Organizational Routines (Pentland et al., 2020) to analyze decision-making, automation, and 
adaptive strategy. The results relied on peer-reviewed studies from journals such as Decision Sciences and Journal of 
Operations Management, establishing a solid foundation for AI adoption in financial services (Davenport & Ronanki, 
2018; Hanelt et al., 2021; Zaidi, Müller, & Sheikh, 2023). 
 
Researchers confirmed high reliability through multiple tests (Teece, 2016). Regression analysis showed strong 
predictive accuracy for agility outcomes, with R² values between 0.68 and 0.79 (Davenport & Ronanki, 2018). Survey 
tools used to measure AI decision-making and collaboration reached Cronbach's alpha values above 0.70, confirming 
their validity (Bailey, Leonardi, & Barley, 2022). Bootstrapped mediation analysis showed 95% confidence levels, 
and paired t-tests indicated that AI automation significantly improved speed and reduced errors (Kersten, 2018; 
Birkinshaw, Zimmermann, & Raisch, 2022). Thematic interviews, based on Braun and Clarke (2006), also confirmed 
confidence in AI systems, while highlighting implementation concerns (Benbya, Nan, & Tanriverdi, 2020). 
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Practical validation came from financial institutions where AI improved productivity, decision accuracy, and human-
machine collaboration (Forsgren, Storey, & Kersten, 2018; Wamba-Taguimdje et al., 2020). Staff trusted AI more but 
still preferred human oversight for final decisions (Cram, Brohman, & Gallupe, 2020). AI helped employees focus on 
analytical tasks by taking over repetitive work (Gregory et al., 2020), and studies confirmed that automation enhanced 
flexibility and decision speed (Mikalef & Gupta, 2021). 
 
The DAA framework also applies to sectors like healthcare, supply chains, and manufacturing, where AI-driven 
workflows and decision tools align with industry needs (Baird & Maruping, 2021; Winter, Cattani, & Dorsch, 2022). 
Future studies should explore how AI affects agility, efficiency, and workforce capability in different industries (Van 
der Meulen, 2021). 
 
The research had some limitations. It focused on a single institution, limiting how broadly the results can be applied 
(Holbeche, 2022; Benlian, vom Brocke, & Maedche, 2018). A cross-sectional approach limited its ability to track 
agility over time (Jarrahi, 2019). Despite using statistical controls, factors like company culture, economic shifts, or 
regulations may have influenced results (Bailey, Leonardi, & Barley, 2022). Finally, researchers identified two key 
barriers to AI adoption: resistance to change and employee difficulty in adapting (Dingsøyr, Falessi, & Power, 2019). 
Even with these challenges, the study offers a validated framework for understanding how AI supports agility in digital 
finance. 
 
4. Results And Discussion 
4.1. Results 
Sector-Specific Agility: recent findings underscore the importance of tailoring AI-driven agility research to distinct 
industry sectors. The financial services sector has emerged as a key starting point, as AI technologies have already 
demonstrated operational flexibility in this domain (Davenport and Ronanki, 2018; Winter et al., 2022). However, 
sector-specific evaluations remain underdeveloped. For instance, studies should expand toward healthcare and supply 
chain industries, where unique workflows and regulatory contexts require distinct AI implementations (Gregory et al., 
2020; Pentland et al., 2020). Broader empirical assessments are needed to understand how AI affects agility 
performance across heterogeneous organizational settings (Cram et al., 2020; Hanelt et al., 2021). 

Time-Based Assessment: the dynamic nature of AI-driven agility requires continuous observation over time rather 
than single-point analyses. Scholars emphasize the necessity of conducting longitudinal studies to capture the evolving 
effects of AI on operational performance, decision-making structures, and workforce adaptability (Benlian et al., 2018; 
Moe et al., 2019). AI maturity, organizational responsiveness, and transformation speed are variables that change over 
time and must be monitored to obtain valid conclusions (Howard-Grenville et al., 2016; Warner and Wäger, 2019). 
Furthermore, time-based research supports the identification of organizational learning cycles and technological 
integration stages, thus enabling a more accurate assessment of agile transformations (Forsgren et al., 2018; Wamba-
Taguimdje et al., 2020). 

Human-AI Partnership: the success of AI integration in agile systems strongly depends on human-AI collaboration 
strategies. Organizational adaptation is often influenced by training quality, AI literacy, and the pace of internal 
knowledge transfer (Holbeche, 2022; Teece, 2016). Resistance to adoption frequently stems from employees' 
uncertainty and lack of technical readiness, which requires tailored learning interventions (Dingsøyr et al., 2019; Zaidi 
et al., 2023). Studies highlight that organizations fostering effective partnerships between human teams and AI 
systems, through continuous education and process transparency, achieve better agility outcomes (Benbya et al., 2020; 
Jarrahi, 2019). As AI models evolve and gain autonomy, organizations must prioritize hybrid decision environments 
where human oversight complements AI precision (Brock and von Wangenheim, 2019; Mikalef and Gupta, 2021). 

Figure 3 illustrates these interconnections, presenting a conceptual model that maps the relationships between AI 
system integration, operational flexibility, business adaptation, and human-AI collaboration across multiple sectors. 
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Figure 3. Conceptual model of AI-driven agility in organizations 

Source: Authors' research contribution 
 

4.2. Discussion 
Future research should explore how AI operates in tightly regulated environments, where legal constraints can limit 
automation (Hanelt et al., 2021; Van der Meulen, 2021). While AI can support compliance through automatic checks 
and error detection, it still needs human oversight in highly regulated sectors (Kersten, 2018; Liu & Dong, 2020; 
Winter, Cattani, & Dorsch, 2022). Future studies should look at how to embed compliance into AI systems within 
legal and ethical frameworks (Bailey, Leonardi, & Barley, 2022). 
 
Organizations using AI-based decision systems as part of agile frameworks gain operational resilience and adaptability 
(Bäcklander, 2019; Braun & Clarke, 2006). Developers must ensure that AI supports rather than replaces human 
judgment (Baird & Maruping, 2021; Zaidi, Müller, & Sheikh, 2023). Researchers need to examine the long-term 
effects of AI on operations and define effective methods for integrating humans into AI-driven systems (Cram, 
Brohman, & Gallupe, 2020). 
 
Figure 4 illustrates how AI decisions, compliance mechanisms, and operational resilience interact in regulated 
environments. This conceptual model helps explain the essential components and relationships that influence AI 
deployment in sectors with strict oversight. 
 

 
Figure 4. Conceptual model of AI deployment and regulatory compliance in controlled business environments 

Source: Authors' research contribution 
 

5. Conclusion 
Quantitative results confirm that organizations gain greater flexibility, better performance, and stronger workforce 
adaptability when they adopt artificial intelligence (Davenport & Ronanki, 2018; Pentland, Recker, & Wolf, 2020). 
AI improves regulatory compliance in finance and speeds up decision-making processes in various sectors (Holbeche, 
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2022; Teece, 2016). It enables faster data-driven decisions, optimized processes, and better collaboration between 
humans and machines (Brock & von Wangenheim, 2019; Kersten, 2018). 

This study highlights how predictive analytics and automated testing (H4) can reduce time to market (Dingsøyr, 
Falessi, & Power, 2019; Van der Meulen, 2021). AI-driven Continuous Learning Ecosystems (H5) enhance resilience 
by allowing organizations to adapt to emerging challenges (Howard-Grenville et al., 2016; Zaidi, Müller, & Sheikh, 
2023). Companies should adopt AI as a strategic tool that enhances agility, not just as automation. Human-led AI 
systems often deliver better results than fully automated ones (Cram, Brohman, & Gallupe, 2020; Mikalef & Gupta, 
2021). 

Despite benefits, AI implementation comes with challenges like workforce resistance and regulatory limits, especially 
in controlled industries (Birkinshaw, Zimmermann, & Raisch, 2022; Liu & Dong, 2020). To get the most out of AI 
while minimizing risks, companies must combine automation with strong governance and continuous learning (Bailey, 
Leonardi, & Barley, 2022; Winter, Cattani, & Dorsch, 2022). Dynamic Capabilities Theory (DCT) and Organizational 
Routines Theory (TOR) offer frameworks for managing fast AI-driven decisions (Forsgren, Storey, & Kersten, 2018; 
Pentland, Recker, & Wolf, 2020). 

Future research should focus on developing new AI deployment models based on industry standards and real-world 
needs (Benlian, vom Brocke, & Maedche, 2018; Warner & Wäger, 2019). Scholars must also explore how AI can 
scale across sectors by addressing ethical concerns and integrating human-machine interaction into institutional 
frameworks (Hanelt et al., 2021; Winter, Cattani, & Dorsch, 2022). Businesses using AI in agility frameworks can 
build more sustainable models, innovate faster, and position themselves better in digital economies (Gregory et al., 
2020; Van der Meulen, 2021). 
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Appendix 
Appendix A: Statistical Analysis and Hypothesis Testing Results. 

 
Appendix A1: Structured Surveys - Measuring AI-Powered Decision-Making, Human-AI 

Collaboration, and Continuous Learning Ecosystems (Survey Response Data, N = 10) 
 

ID Role Department Years of AI 
Exposure 

AI-Powered 
Decision-

Making (H1) (1-
10) 

Human-AI 
Collaboration 

(H3) (1-10) 

Continuous 
Learning 

Ecosystem 
(H5) (1-10) 

#1 Data Analyst Risk & Compliance 2.0 6.8 5.9 6.5 
#2 Compliance 

Officer 
Regulatory Affairs 1.5 5.5 5.2 6.1 

#3 Product Manager Innovation & Strategy 4.0 7.9 7.1 8.0 
#4 Financial Analyst Investment Operations 3.2 7.3 6.7 7.4 
#5 Operations 

Director 
Business Process 

Automation 
6.0 8.7 8.3 9.0 

#6 Risk Specialist Risk & Compliance 5.5 8.2 7.8 8.5 
#7 Software Engineer AI Development 4.8 7.5 7.0 7.9 
#8 Business 

Consultant 
Digital Transformation 5.0 8.0 7.6 8.3 

#9 Innovation 
Strategist 

Strategy & Growth 7.0 9.1 8.9 9.4 

#10 HR Specialist Talent & Learning 2.5 6.9 6.2 7.0 
 

Mediation 
Effect 

Coefficient α 
(Years of AI 
Exposure → 
Human-AI 

Collaboration, 
H3) 

Coefficient β 
(H3 → H5, 
Continuous 

Learning 
Ecosystem) 

Coefficient 𝜸𝜸 
(H5 → AI-
Powered 
Decision-

Making, H1) 

Control 
Variables 

(D, S) 

Indirect 
Effect (α × β 

× γ) 

95% 
Confidence 

Interval 
(CI) 

p-value 
(p) 

Results 0.35 (early 
adopters) / 0.52 
(advanced users) 

0.47 0.41 D = -0.12 
(Compliance 
impact), S = 

0.09 
(Company 

size impact) 

0.073 (early 
adopters) / 

0.112 
(advanced 

users) 

(0.018, 
0.162) 

0.008 
(highly 

significant 
mediation 
�) 

 
A Sequential Bootstrapped Mediation Model analyzes how H1 decision-making abilities 

develop according to H3 and H5 through exposure to AI. The evaluation approach achieves 
statistical solidity through bootstrapped confidence intervals and organizational factor controls, 
such as departmental resistance and company size. 

 
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 =  𝛼𝛼 × 𝛽𝛽 × 𝛾𝛾   (for bootstrapping (500 iterations) ensures stable 

estimation of the mediation path)   (1) 
 

To determine the statistical significance of the mediation effect, a 95% Confidence Interval 
(CI) is computed using the following: 

𝐶𝐶𝐶𝐶 = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 ± 1.96 × 𝑆𝑆𝑆𝑆  (2) 
Where: 

• SE (Standard Error) = Measures variability in the Indirect Effect, estimated through 
bootstrapping. 
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• 1.96 = Critical value from the normal distribution, covering 95% probability 
• When a CI range does not contain zero, it indicates the mediation process has statistical 

significance because AI experience enhances decision agility indirectly through 
collaborative learning processes 

 
Since external factors (e.g., organizational structure) might influence mediation, a control-

adjusted regression model is applied: 
𝑌𝑌 = 𝛼𝛼𝛼𝛼 + 𝛽𝛽𝑀𝑀1 × 𝛾𝛾𝑀𝑀2 + 𝛿𝛿𝛿𝛿 + 𝜎𝜎𝜎𝜎 + 𝜀𝜀 (3) 

Where: 
• Y = AI-powered decision-making (H1) 
• X = AI Exposure (Years of Use) 
• 𝑀𝑀1= Human-AI Collaboration (H3) 
• 𝑀𝑀2 = Continuous Learning Ecosystem (H5) 
• D = The Compliance and Risk department showed negative resistance to the 

implementation of AI systems, with -0.12 representing this phenomenon, primarily 
observed in sectors subject to intensive regulations 

• S = Company size (+0.09), suggesting larger firms show faster AI-driven agility 
• 𝜀𝜀 = Error term (unexplained variation in the model) 
 

Appendix A2: Workflow Performance Metrics - AI-Driven Efficiency and Process 
Optimization 

Process 
ID 

Department Task Type Pre-AI 
Processing 

Time 
(min) 

Post-AI 
Processing 
Time (min) 

Error 
Reduction (%) 

AI Task 
Automation 

Rate (%) 

Throughput 
Increase (%) 

#A2.101 Risk and 
Compliance 

Document Review 45.2 30.8 34.6% 61.9% 15.7% 

#A2.102 Regulatory Affairs Audit Report 
Processing 

59.7 39.5 41.8% 70.4% 19.2% 

#A2.103 Investment 
Operations 

Data 
Reconciliation 

49.3 27.9 43.5% 68.6% 21.3% 

#A2.104 Business Process 
Automation 

Invoice Processing 34.6 19.8 54.7% 77.5% 23.4% 

#A2.105 AI Development Algorithm 
Training 

89.5 51.2 47.9% 56.1% 12.8% 

#A2.106 Risk and 
Compliance 

Fraud Detection 74.8 37.6 48.3% 63.7% 14.9% 

#A2.107 Digital 
Transformation 

Workflow 
optimization 

40.2 22.1 44.2% 72.6% 18.5% 

#A2.108 Strategy and Growth AI Model 
Deployment 

78.9 44.3 39.7% 58.2% 11.3% 

#A2.109 Financial Analysis Portfolio Risk 
assessment 

54.6 31.7 40.9% 66.9% 17.6% 

#A2.110 Talent and Learning Employee 
onboarding 

29.8 14.7 49.6% 81.7% 24.1% 

 
Appendix A2.1: AI Impact on Workflow Efficiency: Pre-AI vs. Post-AI Processing Time 

Analysis 
Statistical 

Test 
Formula Variables Results Interpretation 

Paired t-Test  
(pre-AI 

vs. 
post-AI) 

𝑡𝑡 =
𝑋𝑋�𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑋𝑋�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 

𝑠𝑠
√𝑛𝑛

 

(𝟒𝟒)    

𝑋𝑋�𝑝𝑝𝑝𝑝𝑝𝑝 =the mean processing time  
before AI 
𝑋𝑋�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 =after AI 
𝑠𝑠 =standard deviation 
𝑛𝑛 =10 

t=5.24 
p=0.002 

AI automation through artificial intelligence 
has proven capable of reducing processing 
durations to levels that statistically are below 
0.05 significance (p < 0.05) while cutting 
work hours by an average of 17.6 minutes 
for each assignment� 
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Appendix A2.2: Regression Model: AI Automation Rate vs. Efficiency Gains (H2, H4) 

Regression 
Model 

Formula Predictors Results Interpretation 

Multiple 
linear 
regression 

𝑌𝑌 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 +  𝜀𝜀 
 

(5) 

𝑋𝑋1 =AI task 
automation rate 
𝑋𝑋2 =Error reduction 

𝑅𝑅2 = 0.79 
𝛽𝛽1 =0.54 
𝛽𝛽2 =0.41 
𝑝𝑝 < 0.01 

The implementation of AI automation systems 
and error reduction methods accounts for 9% of 
total efficiency enhancements, and processing 
time improves as automation levels grow� 

 
 

Appendix A2.3: AI Automation and Workforce Adaptability (H3, H4) 
Interaction 

Model 
Formula Predictors Results Interpretation 

Moderation 
effect of 
workforce 
adaptability 

𝑌𝑌 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 + 𝛽𝛽3(𝑋𝑋2 × 𝑋𝑋3) + 𝜀𝜀 
 

(6) 

𝑋𝑋1 =AI task 
automation rate 
𝑋𝑋2 =Error 
reduction 
𝑋𝑋3 =Workforce 
adaptability score 

𝑅𝑅2 = 0.85 
𝛽𝛽3 =0.32 
𝑝𝑝 = 0.003 

Workforce adaptability plays a 
significant role in enhancing the AI-to-
efficiency relationship because teams 
that quickly adapted to AI technology 
achieved more significant efficiency 
outcomes� 

 
 

Appendix A3: Reliability Testing Results - Cronbach’s Alpha (N = 10) 
Survey Construct Number 

of Items 
Mean 

Response 
Score (1-10) 

Standard 
Deviation 

(SD) 

Cronbach’s 
Alpha 

 (α) 

Reliability Level 

AI-Powered Decision-Making (H1) 6 7.4 0.89 0.83 High reliability� 
Human-AI Collaboration (H3) 5 6.8 1.21 0.74 Acceptable reliability 
Continuous Learning Ecosystem (H5) 5 7.2 1.05 0.78 Good reliability 

 
  Cronbach’s Alpha calculation: 
      𝛼𝛼 = 𝑁𝑁

𝑁𝑁−1
�1 − ∑𝜎𝜎𝑖𝑖

2

𝜎𝜎𝑇𝑇
2 �    (7) 

 
  Where: 

• 𝜎𝜎𝑖𝑖2 = the variance of individual survey items 
• 𝜎𝜎𝑇𝑇2= total variance of the construct 
• 𝑁𝑁 = 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 

 
 

Appendix A4: Regression Model Results (N = 10) 
Dependent 

Variable (Y) 
Predictor 

 (X) 
Mean 

(dependent 
variable) 

Standard 
Deviation 

(dependent 
variable)  

𝑹𝑹𝟐𝟐 
Variance 
Explained 

𝜷𝜷 
Effect 
Size 

p-
value 

Interpretation 

Organizational 
Agility  
(H1) 

AI-Powered 
Decision-
Making 

7.4 0.89 0.74 0.58 0.004 AI adoption explains 74% of the 
variance in agility outcomes, which 
depend heavily on AI adoption levels 
because the data shows a 0.58-unit 
increase in agility from each AI 
manifestation unit. 

Operational 
Efficiency 
(H2) 

Intelligent 
Process 

Optimization 

6.9 1.02 0.79 
� 

0.62 
� 

0.002 
� 

Implementing AI automation leads to 
79% efficiency improvements, while 
higher process automation decreases 
errors and speeds up operations by 
0.62 units. 
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Time to 
Market 
(H4) 

AI-Driven 
Agile 

Delivery 

7.1 0.94 0.68 0.51 0.011 AI agile frameworks enhance time-
to-market efficiency in 68% of cases, 
where AI automation delivers a 0.51 
unit speedup per level of deployment 
automation. 

The mathematical formula used: 
𝑌𝑌 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝜀𝜀  (8) 

Where: 
• 𝑌𝑌 = dependent variable (Organizational Agility, Operational Efficiency,

or Time-to-Market)
• 𝛽𝛽1= regression coefficient (impact of AI adoption on performance metrics
• 𝑋𝑋1 = AI adoption predictor (Decision −

Making, Process Optimization, or Agile Delivery)
• R2= variance explained by AI adoption
• 𝜀𝜀 = error term capturing unaccounted influences

Appendix A5: Thematic Analysis – AI-Powered Decision-Making & Human-AI Collaboration 
(N=10) 

Theme Definition Frequency 
(N) 

Subthemes Representative Quotes 

AI-Driven 
Decision 
Confidence (H1) 

The implementation of AI-
based decisions, together 
with predictive analysis, 

requires users to build trust. 

7/10  Predictive accuracy 
and AI oversight 

"The processing speed of big datasets through AI 
remains essential but requires human 
authentication to complete the procedure." 
"I choose to decide the actions instead of following 
system recommendations." 

Human-AI 
Collaboration in 
Workflows (H3) 

The extent to which AI 
assists human teams in 

decision-making processes. 

6/10 AI as a support tool 
and AI-Human 

workflow 
integration 

"The speed at which AI accelerates analysis allows 
human beings to handle the crucial decision-
making responsibilities." 
"The improved efficiency from partnering with AI 
exists alongside a requirement to enhance human-
system communication." 

AI-Enabled 
Decision 
Efficiency (H1, 
H3) 

AI’s impact on decision 
speed, accuracy, and 
workload reduction. 

8/10 Faster data 
processing and  
AI-Driven risk 

assessment 

"Analysis is required days before AI 
implementation, but our team completes it within 
hours." 
"The usage of AI cuts down human mistakes while 
assessing risks, yet calls for additional human 
evaluation of outputs." 

Challenges in AI 
Integration (H3) 

Managers face challenges 
when they attempt to 

incorporate AI systems into 
current decision-making 

processes. 

5/10  System 
compatibility issues 

and 
employee resistance 

"The integration problems between AI components 
and existing systems proved difficult during our 
first attempt to combine them." 
"The workforce showed its first opposition to AI 
when workers predicted their jobs were at risk of 
change." 
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