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Abstract - In many asset-heavy industries like construction and heavy equipment, the adoption 

of artificial intelligence (AI) continues to lag despite its clear benefits in safety, maintenance, 

and efficiency. This paper examines how ideas from strategic product thinking can make AI 

adoption more practical and sustainable in such environments. The research brings together 

recent academic studies (2020–2025) and lessons drawn from on-the-ground modernization 

projects, including data migrations and AI-enabled analytics in construction operations. This 

study used a comparative, qualitative approach, reviewing research findings alongside practical 

experiences to understand how AI adoption unfolds in real organizations. The findings suggest 

that most obstacles are organizational rather than technical. Challenges such as resistance to 

change, limited digital literacy, scattered data systems, and weak implementation planning often 

stand in the way. In several modernization efforts, projects slowed down not because of 

technology itself but because teams lacked ownership, training, or clear communication about 

the changes taking place. The analysis shows that AI adoption works better when treated as a 

gradual, people-focused process instead of a single technology rollout. When organizations use 

product-thinking practices: testing in small steps, learning from feedback, and refining through 

collaboration, they build stronger confidence and capability over time. These findings point 

toward a practical pathway for legacy industries to structure AI projects, prepare their workforce, 

and turn digital initiatives into measurable long-term value. By applying these principles, this 

study aims to bridge the gap between technical potential and organizational readiness in legacy 

sectors. 
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1. INTRODUCTION 

 

Artificial intelligence (AI) has become a defining force for productivity and competitiveness across modern 

industries (Brynjolfsson & McAfee, 2014; Iansiti & Lakhani, 2020). Yet construction and heavy-equipment 

companies have traditionally lagged behind because of their asset-heavy operations, entrenched work practices, 

and complex supply chains (Oesterreich & Teuteberg, 2016; Sawhney et al., 2020). Growing global competition, 

tighter safety regulations, and the constant need for efficiency have created strong pressure to modernize through 

technologies such as predictive analytics, the Internet of Things (IoT), and digital twins (Boje et al., 2020; Tang 

et al., 2019). 

Despite AI’s promise, progress remains slow and fragmented. Digitalization of products and processes in the 

construction sector is lower than in nearly any other industry (Mischke et al., 2020), and persistent organizational 

and structural barriers continue to slow adoption (Deloitte, 2020). Most initiatives stop short of full integration 

because the main obstacles are organizational rather than technical: resistance to change, limited digital skills, 

siloed data, and weak governance (Sacks et al., 2020; Zhang et al., 2013; Zhang & Jiang, 2024). In practice, 

similar patterns appear in modernization efforts where system migrations or AI-enabled monitoring are attempted. 

Projects often slow down not because the technology fails but because teams struggle with unclear ownership, 

communication gaps, and uneven commitment between departments. 

Much of the existing literature concentrates on the technology itself, model-based design, robotics, or predictive 

maintenance while giving limited attention to the strategic and organizational processes that determine whether 

those tools actually succeed (Harwin & Yahya, 2021; Olanipekun & Sutrisna, 2021). Field evidence shows that 

IoT-based monitoring systems are available but frequently under-used when no structured adoption framework 

exists (Ullah et al., 2024).  

However, what remains missing in most prior studies is a clear explanation of *how* organizations move from 

small pilots to everyday use. Existing research identifies the benefits of AI tools, but it rarely addresses the day-

to-day learning, coordination, and trust-building that determine whether those tools actually stick in practice. 

This study responds to that gap by examining strategic product thinking: an approach built on iterative 

development, user-centered design, cross-functional collaboration, and value-driven delivery as a potential 

catalyst for AI adoption. While these principles are well established in digital-native companies (Cagan, 2018; 

Ebert & Paasivaara, 2017), their application in legacy, asset-intensive sectors is still emerging. The goal is to 
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understand how product thinking can shift AI adoption from a one-time technical upgrade to a continuous process 

of learning and value creation. Accordingly, this paper explores the following question: How can strategic product 

thinking help legacy, asset-heavy industries such as construction and heavy equipment achieve effective and 

sustainable AI adoption? 

This study contributes to the literature by shifting the focus from technology readiness to the practical, behavioral 

side of AI adoption. Theoretically, it shows how product-thinking principles can help organizations adopt AI 

through small cycles of learning rather than one-time implementation. Practically, it offers insights from real 

modernization projects that demonstrate how confidence and collaboration can grow over time when users are 

included in shaping the tools they work with. Together, these contributions provide a grounded path for legacy 

firms to scale AI in a sustainable way. 

 

2.  LITERATURE REVIEW 

 

2.1. AI and Digital Transformation in Construction and Heavy Equipment 

In recent years, both researchers and professionals working in the field have begun paying closer attention to how 

artificial intelligence (AI) and digital tools are reshaping the daily realities of construction and heavy-equipment 

operations. Technologies like Building Information Modeling (BIM), the Internet of Things (IoT), cloud-based 

platforms, and digital-twin systems are now widely associated with better safety, predictive maintenance, and 

overall efficiency (Ivanova et al., 2023; Naji et al., 2024; Sepasgozar et al., 2023). 

One example that often comes up in project reviews is the use of digital twins to monitor machine behavior in real 

time. When used correctly, they make it possible to schedule repairs before breakdowns occur, something that not 

only saves money but also keeps field teams safer (Luo et al., 2025). IoT-based tracking and cloud dashboards 

have also made coordination far easier. It’s not unusual to hear project managers remark that they finally have 

“eyes on everything” after years of working with scattered spreadsheets (Wang et al., 2022). 

And yet, despite such visible progress, full adoption remains inconsistent. Many companies have experimented 

with AI, but few have made it part of daily work. In several modernization efforts: ERP transitions, predictive-

maintenance pilots, or automated parts-management rollouts, the software performed as expected, yet teams 

hesitated to depend on it. One engineer in a debrief put it bluntly: “The system works, but it doesn’t think like we 

do.” That small statement sums up a big problem. Trust takes time. Departments held back data sharing, and 

managers asked for “proof first” before changing established habits. 

These day-to-day experiences show that sustainable transformation depends more on leadership and trust than on 

technology itself. Many of these lessons surfaced not in the documentation, but in hallway conversations where 

managers quietly admitted that getting people to use the system was harder than getting it to work. Academic 

papers, though rigorous, tend to focus on what the technology achieves, not on how teams adapt around it. Only 

a few address what actually helps employees, leaders, and systems evolve together. 

That disconnect between technical capability and organizational behavior explains why so many promising pilots 

stall before scaling. It also suggests why construction and equipment firms need frameworks that help them turn 

those early experiments into ongoing habits of improvement. 

2.2. Challenges in Legacy Industry Modernization 

Even with all the enthusiasm around AI, modernization in construction and heavy equipment faces some old, 

familiar barriers. The same few issues keep coming up: cultural resistance, low digital literacy, fragmented data, 

and aging systems (McKinsey Global Institute, 2017; Elghaish et al., 2021; Deloitte, 2019). Some studies argue 

for a gradual and modular approach to technology introduction (Samuelson & Stehn, 2023), while others 

emphasize the need for coordinated, top-down digital transformation to align governance, data standards, and 

management structures (Yadav et al., 2024). In practice, most companies do something in between. They move 

forward in small steps, learn from mistakes, and adjust so day-to-day work doesn’t come to a halt. 

Real-world projects confirm that it’s the human side, not the technical side, that usually causes the biggest delays. 

During ERP migrations from legacy systems to cloud-based environments or the rollout of AI-based maintenance 

scheduling, the same pattern emerged: the code ran fine, but people hesitated. In one project, technicians who 

received predictive-maintenance dashboards continued keeping handwritten notes for weeks. Only after seeing 

both systems give the same results did they begin trusting the new process. In another case, supervisors printed 

digital dashboards for manual review before relying on live data. 

These little acts may seem trivial, but they tell an important story. Change doesn’t happen by decree, it grows 

through experience. Confidence builds slowly, one successful task at a time. And without visible leadership 

support or clear communication, digital tools remain isolated within small groups. 

As the literature implies, technical readiness alone can’t drive success. Transformation is sustainable only when 

people feel safe experimenting, when feedback loops are open, and when leaders show commitment through their 

own behavior. 

2.3. Research Gap 

The current body of work offers solid insights into what AI can do and the problems it faces, but it rarely explores 

adoption as an ongoing learning process. Strategic product thinking centered on small iterations, user feedback, 

and cross-team collaboration could fill that gap. What’s missing in most studies is recognition that adoption 

doesn’t end with deployment. Many firms still treat AI projects like construction projects: finish the build, declare 
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completion, and move on. But AI isn’t concrete, it’s something that evolves. That’s where fatigue sets in once the 

“launch” excitement fades. 

To truly embed AI, organizations need systems that tie technical progress to human adaptability. That means 

thinking less like implementers and more like continuous learners. Surprisingly, very few empirical studies offer 

this kind of structured bridge between innovation and the human process of change. 

2.4 Research Problem, Objectives, and Question 

This study investigates how construction and heavy-equipment organizations can move past internal resistance to 

achieve sustained AI adoption. Earlier research has largely emphasized technology readiness, leaving out the 

strategic and behavioral factors that decide whether adoption sticks. 

Objective: To develop and illustrate a strategic product-thinking framework that helps organizations manage AI 

adoption as a flexible, iterative, and value-driven process, one that crosses departmental boundaries instead of 

ending at “go-live.” 

Research Question: In what ways can strategic product thinking help legacy industries, particularly construction 

and heavy equipment, overcome organizational barriers and sustain AI adoption over time? 

 

3. METHODOLOGY 

 

This study follows a qualitative, analytical approach to understand how strategic product thinking can speed up 

AI adoption in legacy industries, particularly construction and heavy equipment. Instead of relying solely on 

secondary sources, the analysis combines evidence from academic research and first-hand practitioner insights 

drawn from real modernization and data transformation projects. Practitioner perspectives were gathered through 

semi-structured interviews with professionals directly engaged in AI-related work, ranging from data integration 

and system modernization to analytics adoption. This combined approach made it possible to compare theory with 

practice and develop a grounded understanding of how organizations experience AI-driven change. 

While most of the reviewed studies were published between 2020 and 2025, a few key papers from earlier years 

were also included. These helped establish the foundational thinking behind AI adoption, digital transformation, 

and product-oriented management frameworks. 

3.1. Research Design 

Because the use of product thinking in AI adoption is still an emerging concept, an exploratory design was chosen. 

A thematic synthesis was applied to bring together academic research and professional experience. Scholarly data 

provided breadth and theoretical grounding, while practitioner inputs offered contextual detail from ongoing 

modernization projects within the heavy equipment sector. Combining both perspectives allowed the study to 

bridge conceptual insights with field realities. 

3.2. Data Sources and Sample 

The data came from 28 sources: 19 peer-reviewed journal articles, 4 consulting and industry reports, and 5 

practitioner case studies. Academic material was identified through targeted searches on ScienceDirect, Springer, 

MDPI, and IEEE Xplore, supplemented by industry research reports from McKinsey and Deloitte, as well as 

practitioner-oriented strategic frameworks.  

Publications were included as shown in TABLE 1, if they: 

1. Were released between 2020–2025, 

2. Focused on AI adoption, digital transformation, or product thinking in construction or heavy equipment, and 

3. Were available in English and full text. 

A small number of earlier works were accepted when they were foundational to the topic. 

In addition to published studies, the research incorporated insights from professional projects related to large-

scale system modernization. These included migrations from legacy databases to cloud platforms (such as 

Snowflake), transitions from in-house systems to commercial tools for commissions management (such as 

Varicent), and enterprise resource planning (ERP) upgrades from older systems (e.g., DBS) to newer 

environments (e.g., D365). Such experiences provided valuable, real-world observations about how resistance, 

uncertainty, and uneven training affect technology rollout. These practitioner insights were used for contextual 

interpretation rather than counted as formal publications in the reference list. 

 

TABLE 1. INCLUSION AND EXCLUSION CRITERIA FOR LITERATURE SELECTION 

Criterion 

Type 

Inclusionary Exclusionary 

Academic 

Data 

Peer-reviewed journal articles; full text; 2020–2025; AI in 

construction or heavy equipment; product thinking in digital 

adoption, foundational works pre-2020 where theoretically 

necessary 

Books, theses, non-peer-

reviewed works; pre-2020 

publications (unless seminal) 

Industry Data Government or consulting reports; case studies; practitioner 

white papers 

Sources unrelated to AI 

adoption or modernization 
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3.3. Data Collection Procedure 

The literature search used combinations of keywords including “AI adoption in construction,” “digital 

transformation in heavy equipment,” “legacy system modernization,” and “product thinking frameworks.” The 

search followed a three-step process: 

 (1) title and abstract screening, 

 (2) full-text review, and 

 (3) cross-checking for duplicates or low-quality sources. 

At the same time, practitioner data were gathered between March and September 2025 through direct involvement 

in digital transformation efforts within the construction equipment industry. The material included structured 

project documentation, reflection notes, and debrief summaries. Around 50 professionals across analytics, IT, 

and business operations participated in semi-structured interviews lasting 30–45 minutes. Questions focused on 

how teams perceived AI adoption, organizational readiness, and capability gaps. These interviews provided 

context for the recurring challenges of training, alignment, and resistance encountered during cloud migrations, 

ERP transitions, and AI-based analytics rollouts. 

3.4. Data Analysis 

The data were analyzed thematically, leading to four broad themes: 

1. Technological Enablers – including tools such as BIM, IoT, digital twins, and predictive analytics. 

2. Adoption Barriers – cultural resistance, data fragmentation, and limited digital skills. 

3. Organizational Readiness – governance structures, leadership support, and digital maturity. 

4. Product Thinking Frameworks – iterative design, user-centered adoption, and cross-functional integration. 

Themes were cross-checked between academic evidence and practitioner observations to identify points of 

agreement and difference. For example, while academic literature often highlights technical readiness, practical 

experiences revealed that employee confidence, interdepartmental coordination, and communication were more 

influential in determining success. Since the goal was exploratory rather than predictive, no statistical analysis 

was performed. 

3.5. Reliability and Validity 

Reliability was strengthened through triangulation of multiple evidence types. Academic literature offered 

theoretical coverage, while practitioner evidence grounded the analysis in real operational contexts. Triangulating 

insights from published studies, interview responses, and organizational documentation helped minimize bias and 

improve interpretive depth. Collecting viewpoints from professionals across both technical and business functions 

enhanced internal validity and captured the human factors shaping AI adoption in legacy organizations. Together, 

these steps ensured a balanced and credible representation of both scholarly and field perspectives. 

To clarify how the study’s components connect, Figure 1 presents a conceptual framework linking the literature 

review, practitioner insights, and thematic analysis stages. This framework illustrates how insights from academic 

literature and practitioner experience were combined through thematic analysis to identify key patterns in AI 

adoption and to develop a strategic product-thinking approach. 

 
Figure 1: Research Design and Data Integration Framework 

 

4. RESULTS 

 

When viewed together, the research and field observations tell a similar story about AI adoption in legacy 

industries. It tends to unfold unevenly, shaped by three recurring patterns, fragmented efforts, workforce resistance 

and skill gaps, and the absence of clear frameworks to sustain transformation. 
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4.1 Fragmented AI Adoption 

Across research and field projects, AI use in construction and heavy equipment remains piecemeal. Many firms 

pilot predictive-maintenance tools or experiment with AI-enabled BIM systems, yet these initiatives often stop 

before reaching company-wide scale. 

Looking at the evidence in TABLE 2, about six in ten initiatives stall at the pilot stage, and barely fifteen percent 

grow into enterprise strategies. (Source: Author’s synthesis of peer-reviewed literature and industry reports on AI 

adoption in construction and heavy equipment, 2020–2025). 

During modernization efforts such as predictive-maintenance automation or parts-management analytics, 

performance was strong at the pilot level but rarely scaled up. Often the technology worked fine, data pipelines 

ran smoothly but accountability blurred between operations and IT once the system went live. People hesitated to 

“own” the new workflow. 

 

TABLE 2. DISTRIBUTION OF AI ADOPTION APPROACHES IN LEGACY INDUSTRIES 

Adoption Type Frequency in Literature (%) Example Application 

Pilot/Isolated Tool 58% Predictive maintenance on single machine 

Departmental 

Implementation 

27% AI safety monitoring in construction site 

Enterprise-Wide 

Strategy 

15% Integrated digital twin + IoT + AI 

Figure 2 visualizes this maturity gap, showing how most organizations stay stuck in experimentation mode rather 

than moving toward integrated strategy. (Author’s conceptual visualization based on literature and practitioner 

observations from digital transformation projects in 2025). 

 
Figure 2: AI adoption maturity levels across organizations. 

 

4.2 Organizational Resistance & Skill Gaps 

Across nearly every dataset and interview, culture outweighed code. Employees frequently worried that 

automation could replace them, while mid-level managers hesitated to back tools that disrupted their established 

routines. 

TABLE 3 summarizes the main obstacles: cultural resistance (65 %), limited digital skills (54 %), data silos 

(49 %), and weak change-management structures (37 %). (Source: Author’s synthesis of peer-reviewed 

literature and industry reports on AI adoption in construction and heavy equipment, 2020–2025). 

TABLE 3. KEY ORGANIZATIONAL BARRIERS TO AI ADOPTION 

Barrier Type % of Studies Mentioning Example Evidence 

Cultural Resistance 65% Workers reluctant to embrace automation 

Lack of Digital Skills 54% Limited training in AI/data analytics 

Siloed Data Structures 49% Data not standardized across departments 

Change Management Issues 37% Leadership endorsement without staff engagement 
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In several projects, enthusiasm at launch quickly gave way to hesitation. Field technicians often asked how the 

dashboards would change their daily decisions. Supervisors worried that new metrics might spotlight 

inefficiencies they couldn’t yet fix. 

As one participant commented during an implementation debrief, “The dashboard knows more than I do but it 

doesn’t know what I deal with every day.” That single remark captured the wider mood: acceptance of technology 

grows only when people feel safe and capable using it. 

Figure 3 visualizes these patterns and reinforces that trust, communication, and visible leadership support matter 

far more than algorithms or funding levels. (Source: Author’s conceptual visualization based on literature analysis 

and practitioner observations from digital transformation projects in 2025) 

 

 
Figure 3: Relative prevalence of barriers. 

 

4.3 Absence of Strategic Frameworks 

Another recurring theme was the absence of a clear structure for scaling AI. Most organizations still treat digital 

initiatives as one-off IT deployments. Without a guiding framework, tools succeed technically but fade in daily 

use. 

In contrast, initiatives that treated AI as a product, something to refine over time, saw stronger outcomes. One 

maintenance-operations team co-designed an AI diagnostic tool with field engineers, collecting feedback after 

each release. Within three months, adoption rose by roughly 30 percent because users felt the system reflected 

their input. Similar progress appeared in ERP transitions, where confidence built through small, visible 

improvements. 

 

TABLE 4 compares conventional “technology-centric” deployments with product-thinking approaches that stress 

iteration, collaboration, and user value. 

TABLE 4. COMPARISON OF AI ADOPTION APPROACHES 

Dimension Technical-Centric Approach Product-Thinking Approach 

Focus Technology deployment User-centered value creation 

Process One-time implementation Iterative, agile, feedback-driven 

Success Rate Short-term impact only Sustained long term adoption 

Measurement Cost reduction, system uptime ROI, user satisfaction, adoption rates 

Figure 4 outlines this cycle: problem identification, prototyping, user feedback, iteration, and scaling, illustrating 

how agility and collaboration maintain momentum long after launch. 

 
Figure 4: Iterative Product-Thinking Cycle for Sustainable AI Adoption in Legacy Industries 
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4.4 Summary of Findings 

Fragmentation: AI efforts in these sectors still tend to stay stuck in pilot mode and rarely grow into enterprise-

level systems. It’s something most practitioners notice, the tools often work, but scaling them requires 

coordination and confidence that many teams are still building. 

Resistance and Skills: Cultural hesitation, uneven training, and weak communication continue to be the main 

obstacles. In conversations and project debriefs, people often admitted they weren’t resisting the technology itself; 

they were resisting the uncertainty that came with it. 

Frameworks: Applying product-thinking habits gives organizations a practical way to turn scattered experiments 

into consistent progress. Instead of trying to “finish” digital transformation, teams learn to keep improving it, one 

iteration at a time. 

The broader insight from these findings is that technology initiates progress, but the lasting momentum comes 

from people and leadership. Product thinking serves as the connecting thread that helps organizations evolve 

steadily, transforming innovation from a single event into a continuous practice. 

 

5. DISCUSSION 

 

5.1 Claim 

The findings reveal that artificial intelligence (AI) adoption in construction and heavy-equipment organizations 

still happens in small, disconnected pieces rather than as part of a larger strategy. Many firms run pilots on 

predictive maintenance, safety analytics, or IoT-based monitoring, but few manage to integrate them into everyday 

operations. The problem rarely lies with the tools themselves. It starts with how people, teams, and leaders react 

once those tools arrive. 

In one modernization project I observed, an AI-enabled diagnostic dashboard worked flawlessly in testing but 

stalled when rolled out. Different departments argued about who should update the data, and no one owned the 

final process. The technology was ready, but the organization was not. That tension between technical capability 

and cultural readiness appeared repeatedly across cases. 

5.2 Interpretation 

Looking across these experiences, one idea keeps surfacing: digital transformation isn’t mostly about systems; 

it’s about people learning to work differently. During ERP and data-platform upgrades, the engineering was fine. 

What slowed progress was hesitation, teams uncertain about how automation might change their roles or whether 

they could trust machine-generated insights. 

In a few projects, informal “learning circles” began forming on their own. Teams met weekly to share small 

lessons, laugh about mistakes, and show others how they were using new dashboards. Those unscripted spaces 

turned out to matter more than the official training manuals. They helped people see that the technology wasn’t 

replacing them, it was freeing time for higher-value work. That shift in mindset, more than any technical 

milestone, marked the moment adoption truly began. 

5.3 Comparison with Prior Research 

Earlier studies such as Zhang et al. (2023) and Abbasnejad et al. (2020) noticed that AI projects in construction 

often stall at the pilot stage. This study supports that pattern but goes a step further. The real gap is not just in 

infrastructure or data maturity, it’s in how organizations learn and adapt. Product-thinking practices help close 

that gap because they focus on iteration, feedback, and shared responsibility. 

In modernization projects where teams worked in short cycles, testing features, gathering feedback from field 

staff, and refining workflows, the outcomes were noticeably better. Productivity rose modestly, but confidence 

rose dramatically. Over time, those cycles built both stronger systems and stronger collaboration, showing that 

transformation sticks when learning is continuous. 

5.4 Implications for Practice and Policy 

The lessons here matter for industry leaders, policymakers, and technology partners alike. 

For practitioners, treating AI adoption as a living product rather than a finished project changes everything. 

Small pilots, open feedback loops, and honest communication about what AI does (and doesn’t) do help build 

trust. Many organizations now pair digital rollouts with behavioral programs, such as High-Performance 

Leadership or Developmental Systems Integration (HDSi) style workshops, that teach empathy, accountability, 

and adaptive management. These aren’t just soft skills; they are the glue that holds transformation together. 

For policymakers, investment in equipment and connectivity must go hand-in-hand with investment in people. 

Programs that measure digital readiness, fund reskilling, and encourage partnerships between firms and 

universities can turn isolated innovations into sector-wide progress. 

For technology providers, long-term collaboration matters more than fast deployment. Vendors who stay close 

to users, listening, tweaking, and co-designing, see their tools live longer. Designating “adoption champions” 

within client teams often makes the difference between software that fades out after launch and solutions that 

become part of everyday workflow. 

Figure 5 captures this interplay: practitioners build culture and process, policymakers create enabling 

environments, and providers evolve solutions alongside users. Together, they form a cycle where each reinforces 

the other, keeping adoption sustainable. 
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Figure 5: Stakeholder Interplay Model for Sustained AI Transformation 

 

5.5 Limitations 

This work blends literature insights with firsthand professional observation, giving it depth but also some 

boundaries. The cases discussed represent particular organizational contexts and may differ elsewhere. Company 

size, leadership maturity, and local work culture all shape how well product-thinking principles take root. Long-

term or comparative studies would help verify how these dynamics unfold over time and under varying conditions. 

5.6 Future Research Directions 

Future research could follow organizations as they live through multiple implementation cycles, documenting 

how behavior, trust, and leadership evolve once AI becomes routine. Longitudinal studies that track both 

performance data and human sentiment would be especially valuable. 

Comparing results across adjacent sectors: such as logistics, mining, or manufacturing, could reveal which 

practices transfer easily and which depend on context. Mixed-method approaches that combine numbers with 

narrative would deepen understanding of what truly sustains transformation in asset-heavy environments. 

 

6. CONCLUSION 

 

This study set out to explore how strategic product thinking can make AI adoption more real and sustainable in 

industries like construction and heavy equipment. And somewhere between theory and day-to-day experience, 

one truth stood out: the real challenge isn’t the technology, it’s how people learn to live with it. 

In one modernization effort, a field technician who’d spent nearly twenty years using the old DBS system joked 

that he could operate it “with his eyes closed.” When the company moved to XAPT, a Dynamics 365 platform, 

he was skeptical at first. Then he saw the chatbot pulling up full reports in seconds, something that used to take 

him two days. The AI even spoke in a soft southern accent. He laughed, called it his sugar plum, and suddenly the 

tension in the room broke. That tiny, funny moment said more about transformation than any dashboard ever 

could. 

A similar shift happened during the CloudLink reporting project. At the start, teams had to run the same data three 

times over, layering reports until everyone was exhausted. It felt endless. Once the process was rebuilt to run 

automatically once a day, everything changed. People stopped chasing spreadsheets and started looking at 

insights. Someone joked, “It’s like the reports work for us now.” That sense of relief, that’s what progress feels 

like on the ground. 

These stories underline something simple: adoption doesn’t come from a system rollout; it comes from confidence 

built slowly, through trust and visible results. Product thinking helps that happen. By treating technology as 

something alive, something you test, tweak, and grow with - teams stay engaged. They stop seeing change as 

disruption and start seeing it as improvement. 

Leadership matters more than manuals. Managers who invited feedback, shared missteps, and let teams shape the 

next version of a tool saw real engagement. Once people felt heard, they leaned in. The same approach can work 

across other asset-heavy sectors: mining, logistics, manufacturing, where the hurdles are cultural as much as 

technical. 

In the end, digital transformation isn’t just about new systems. It’s about new relationships between people, 

process, and technology. When those three start to move in rhythm, that’s when transformation stops being a 

project and becomes the way work gets done. 
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