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ABSTRACT: Artificial intelligence (AI) is widely 

promoted as a means of improving project 

management practice, yet rigorous, theory-grounded 

quantitative evidence linking AI adoption to project 

management performance and project success has 

remained limited. This study addresses that gap 

through an integrated framework combining the 

Technology Acceptance Model, the Unified Theory 

of Acceptance and Use of Technology, the 

Technology-Organisation-Environment framework, 

Diffusion of Innovation theory, and established 

project management performance and success 

constructs. Using a cross-sectional survey design, 

data were collected from 385 project management 

professionals across five industries, achieving a 

32.1% response rate, and analysed through 

descriptive statistics, reliability and validity testing, 

correlation analysis, and structural equation 

modelling (SEM) in SPSS and AMOS, with 

mediation and moderation tested using the 

PROCESS macro. AI adoption was found to have a 

significant positive effect on project management 

performance (β = 0.48, p < .001) and on project 

success (β = 0.28, p < .001), with project 

management performance partially mediating the 

relationship and accounting for 44% of the total 

effect. Seven organisational, technical, and human 

conditions — strategic alignment, leadership 

commitment, data quality, user engagement, 

organisational culture, technical infrastructure, and 

human capability — each significantly strengthened 

the AI adoption–project success relationship, with 

strategic alignment and leadership commitment 

emerging as the strongest boundary conditions, and 

the relationship varying meaningfully by industry, 

organisation size, and project management maturity. 

These findings are synthesised into an evidence-

based strategic framework and a set of role-specific 

recommendations for project managers, PMO 

leaders, and organisational executives. 
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I.  INTRODUCTION 
The contemporary business environment 

rewards organisations that can turn strategy into 

delivered outcomes quickly and repeatedly, and 

project management has become the principal 

mechanism through which that translation happens. 

Project-based organisations — firms that structure a 

substantial share of their work around temporary, 

goal-directed initiatives rather than continuous 

functional operations — depend on their delivery 

capability for revenue generation, client retention, 

and organisational reputation (Müller & Turner, 

2007; Kerzner & Kerzner, 2017). Despite decades of 

methodological refinement, from the Critical Path 

Method through to agile, lean, and hybrid delivery 

models, and despite the Project Management 

Institute's [PMI] progressive shift toward a 

principles- and performance-domain-based body of 

knowledge (PMI, 2021), project outcomes remain 

stubbornly inconsistent. 

PMI's Pulse of the Profession programme 

places the average project performance rate — the 

proportion of completed projects judged to have met 

business goals — at approximately 73.8% (PMI, 

2024), implying that a sizeable minority of projects 

across a very large global sample still fall short of 

their objectives. More recent PMI guidance has 

argued that the traditional scope-schedule-budget 

“iron triangle” is an incomplete definition of success, 

proposing instead that success be judged by delivered 

value relative to effort expended (PMI, 2025), a 

broader conception that this study adopts. 

Independent industry analyses continue to trace much 

of this underperformance to weak planning, poor 

stakeholder communication, and inadequate risk 

ownership (Plaky, 2026; ElectroIQ, 2026). Notably, 

these recurring failure factors are problems of 

information processing, communication and 

judgement under uncertainty rather than of technical 

method — precisely the territory that AI-enabled 

tools are most often claimed to address. 
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Artificial intelligence, encompassing 

machine learning, natural language processing, and 

increasingly generative and agentic systems, is now 

capable of handling unstructured information and 

judgement-adjacent tasks that earlier automation 

could not reach (Brynjolfsson & McAfee, 2017). 

Within project management specifically, AI is 

credited with the potential to improve predictive 

scheduling and cost/risk estimation, to lighten the 

administrative burden of reporting and stakeholder 

communication, to support earlier risk identification, 

to improve resource allocation across concurrent 

project portfolios, and to strengthen managerial 

decision-making by synthesising large volumes of 

project information (Chui et al., 2018; Davenport & 

Ronanki, 2018; Jarrahi, 2018). Because major project 

management software vendors have progressively 

embedded AI features directly into their platforms, 

many organisations now encounter AI passively, 

through tools they already use, rather than through a 

deliberate, standalone investment decision (Plaky, 

2026). 

Notwithstanding this growing exposure, a 

persistent gap separates AI's demonstrated or claimed 

potential from its consistent, effective organisational 

use. This gap manifests in at least four ways: between 

general awareness of AI and concrete action; between 

the commercial availability of AI tools and 

organisational readiness to use them; between 

adoption and the realisation of measurable value; and 

between a relatively small number of more advanced 

adopters and a much larger population of 

organisations still in early stages of exploration (Chui 

et al., 2018; Davenport & Ronanki, 2018). The 

literature mirrors these practitioner-level difficulties: 

much of the existing scholarship on AI in project 

management describes technical capability in some 

detail but pays comparatively little systematic 

attention to the organisational, strategic and human 

conditions that determine whether that capability is 

ever realised in practice, and context-specific 

guidance for project-based organisations — with 

their temporary team structures and elevated 

uncertainty — remains scarce (Müller et al., 2024; 

Shang et al., 2023). 

This study was designed to close that 

evidentiary gap. Its primary research question asks: 

how can project-based organisations strategically 

adopt artificial intelligence to enhance project 

management performance and achieve project 

success? Five subsidiary questions progress from 

description (the current state of AI adoption and its 

drivers and barriers) to mechanism (how AI adoption 

relates to project management performance and 

project success), to boundary conditions (which 

organisational, technical and human factors 

strengthen or weaken that relationship), and finally to 

practical synthesis (how these findings can be 

translated into a usable strategic framework). Twelve 

hypotheses, spanning direct effects, mediation, 

moderation and antecedent critical success factors, 

were developed from an integrated technology-

adoption and project-management-performance 

theoretical base and tested against survey data from 

385 practising project management professionals. 

The remainder of this paper reviews the relevant 

literature and theoretical framework (Section II), 

describes the research methodology (Section III), 

reports the empirical results (Section IV), discusses 

their meaning against the existing literature (Section 

V), presents the resulting strategic framework and 

practical recommendations (Sections VI and VII), 

and closes with limitations, directions for future 

research, and concluding remarks (Sections VIII and 

IX). 

 

II.  LITERATURE REVIEW AND 

THEORETICAL FRAMEWORK 
A. Project Management Performance and Project 

Success 

Project management is increasingly treated 

not as a fixed set of sequential processes but as a 

performance-domain-based discipline oriented 

toward outcomes (PMI, 2021). Within this discipline, 

project management performance and project success 

are conceptually distinct constructs. Project 

management performance refers to the quality of the 

underlying managerial processes — planning and 

estimation, decision-making, risk management, 

communication, and resource utilisation — through 

which a project is delivered (Cooke-Davies, 2002). 

Project success, by contrast, is the multidimensional 

outcome of those processes, encompassing efficiency 

against time, cost and quality targets, stakeholder 

satisfaction, the realisation of intended business 

value, and the extent to which a project positions the 

organisation for future opportunity (Shenhar et al., 

2001; Atkinson, 1999; Baccarini, 1999). Treating 

these as related but distinct constructs, rather than 

collapsing them into a single measure, is what makes 

it possible to ask whether AI's association with 

project outcomes operates through improved 

management process quality, through a more direct 

channel, or through both — the central mechanism 

question this study investigates. 

 

B. AI Technologies and Their Application to 

Project Management 

AI technologies relevant to project 

management span predictive analytics and machine 

learning forecasting, natural language processing for 

document and communication analysis, and 
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increasingly generative and agentic assistants 

capable of drafting reports, summarising meetings, 

and recommending actions (Chui et al., 2018; Iansiti 

& Lakhani, 2020). Recent empirical work has begun 

to examine how these capabilities are actually taken 

up in practice: Felicetti et al. (2024) documented how 

project managers appropriate generative chatbot 

tools into their daily work; Müller et al. (2024) 

reviewed the empirical state of AI in project 

management and called for more integrated, theory-

driven research designs; Shang et al. (2023) 

catalogued the drivers of, and barriers to, AI adoption 

in project-based work; Almashawreh et al. (2024) 

linked technological and organisational orientation to 

AI adoption among SMEs; and Zhumatayeva and 

Mukashev (2025) reviewed critical success factors 

for AI in project management. Collectively, this 

emerging literature confirms growing practitioner 

interest but stops short of testing, in a single 

integrated quantitative model, how AI adoption 

relates to both project management performance and 

project success, and under what organisational 

conditions that relationship is strongest — the gap 

this study targets directly. 

 

C. Theoretical Foundations for Technology 

Adoption 

Four complementary theoretical traditions 

underpin the framework tested here. The Technology 

Acceptance Model holds that perceived usefulness 

and perceived ease of use jointly determine an 

individual's intention to adopt a new technology 

(Davis, 1989). The Unified Theory of Acceptance 

and Use of Technology extends this individual-level 

account with performance expectancy, effort 

expectancy, social influence, and facilitating 

conditions, and has become a standard lens for 

organisational technology adoption research 

(Venkatesh et al., 2003). The Technology-

Organisation-Environment framework situates 

adoption decisions within three interacting contexts 

— the technology itself, the adopting organisation, 

and the wider environment — and is particularly 

useful for explaining why otherwise similar 

organisations adopt the same technology with 

different intensity and effect (Tornatzky & Fleischer, 

1990). Diffusion of Innovation theory, finally, 

explains how adoption spreads unevenly across a 

population of potential adopters over time, 

distinguishing early adopters from a later majority 

(Rogers, 2003). Read together, these four traditions 

justify treating AI adoption in project management as 

more than an individual usage decision: they support 

hypothesising both a direct performance effect of 

adoption and a set of organisational, technical and 

human conditions that moderate how fully that effect 

is realised — the logic that structures the hypotheses 

developed below. 

 

D. Critical Success Factors for AI Adoption 

A closely related stream of literature 

identifies the organisational conditions associated 

with successful technology-enabled change more 

broadly, several of which recur specifically in 

discussions of AI adoption: leadership commitment 

and strategic alignment (Pinto & Slevin, 1987), the 

readiness and quality of underlying data, the degree 

to which new tools are integrated with existing 

processes rather than deployed as standalone 

applications, user engagement and capability, 

governance and ethical oversight, and a capacity for 

continuous, iterative improvement. This study 

operationalises seven of these conditions as 

moderators of the AI adoption–project success 

relationship and a further set as antecedents of AI 

adoption success in their own right, allowing their 

relative empirical importance to be tested rather than 

assumed. 

 

E. Hypothesis Development 

Drawing on the theoretical and empirical 

literature reviewed above, twelve hypotheses were 

formulated for empirical testing, organised into four 

families. 

Direct-effect hypotheses establish the 

foundational structural relationships among the 

study's three core constructs: H1 proposes that AI 

adoption has a significant positive effect on project 

management performance; H2 proposes that AI 

adoption has a significant positive effect on project 

success; and H3 proposes that project management 

performance has a significant positive effect on 

project success. 

A mediation hypothesis, H4, proposes that 

project management performance mediates the 

relationship between AI adoption and project success 

— that is, that at least part of AI's association with 

project success operates through its effect on the 

underlying quality of project management processes 

rather than through a wholly separate, unmediated 

pathway. 

Moderation hypotheses examine the 

boundary conditions under which the AI adoption–

project success relationship is strongest. H5 (with 

sub-hypotheses H5a–H5d) proposes that this 

relationship is moderated by organisational factors, 

specifically strategic alignment, leadership 

commitment, data quality, and user engagement. H6 

(with sub-hypotheses H6a–H6c) proposes that the 

relationship is further moderated by technical and 

human factors, specifically organisational culture, 

technical infrastructure, and human capability. 
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Critical success factor hypotheses (H7–

H12) shift attention from the consequences of AI 

adoption to its antecedents, proposing that leadership 

commitment, strategic alignment, data readiness, 

user engagement, governance, and continuous 

improvement are each positively associated with AI 

adoption success. 

This twelve-hypothesis structure was tested using the 

quantitative methodology described in Section III, 

and the results are reported in full in Section IV. 

 

 

III.  RESEARCH METHODOLOGY 
A. Research Design and Philosophy 

The study was conducted from a positivist 

standpoint, consistent with its aim of testing pre-

specified, theory-derived hypotheses against 

observable, quantifiable data (Saunders et al., 2019). 

A cross-sectional survey design was adopted, 

collecting data on AI adoption, project management 

performance, project success, and their hypothesised 

antecedents and moderators at a single point in time 

from a large, cross-industry sample of practising 

professionals. While this design cannot establish 

causal precedence in the way a longitudinal or 

experimental design could, it is well suited to testing 

the pattern, strength and boundary conditions of 

association among the study's constructs across a 

broad population, which was the study's central 

purpose. 

 

B. Population and Sampling 

The target population comprised project 

managers, programme managers, PMO staff, and 

project management consultants working within 

project-based organisations across five industries: 

engineering and construction, information 

technology, consulting and professional services, 

manufacturing, and energy and infrastructure. A 

minimum of two years of project management 

experience was required for inclusion, on the basis 

that less experienced respondents would be poorly 

positioned to report reliably on their organisation's 

project management processes and outcomes. A 

stratified purposive/convenience sampling strategy 

was used, stratifying by industry and by organisation 

size (small, medium, large, and very large), with 

respondents recruited through professional project 

management associations, project-management-

focused professional networking groups, users of 

major project management software platforms, and 

corporate contacts within project-based 

organisations. The target sample size of 385 was 

derived from the standard formula for estimating a 

population proportion at 95% confidence and a 5% 

margin of error, and was cross-checked against 

structural-equation-modelling benchmarks — a 

minimum cases-to-parameters ratio of five to ten 

(Kline, 2016) and an RMSEA-based power analysis 

— both of which pointed to a broadly consistent 

minimum requirement in the region of 300 to 400 

cases. 

 

C. Instrumentation and Measures 

A structured questionnaire measured sixteen 

constructs on five-point Likert scales (1 = strongly 

disagree to 5 = strongly agree): AI adoption; four 

readiness antecedents (organisational, data, 

technical, and human readiness); project 

management performance and its five constituent 

dimensions; project success and its four constituent 

dimensions; and seven moderating/critical-success-

factor constructs (strategic alignment, leadership 

commitment, data quality, user engagement, 

organisational culture, technical infrastructure, 

human capability), together with governance and 

continuous improvement. Items were adapted from 

established, previously validated scales where 

available — AI adoption items drew on Davis (1989) 

and Venkatesh et al. (2003); project management 

performance items drew on Cooke-Davies (2002); 

project success items drew on Shenhar et al. (2001); 

leadership commitment items drew on Pinto and 

Slevin (1987) — and new items were developed, 

following content-validity review and pilot testing, 

for constructs without an established scale in the 

project management context, such as data readiness, 

technical readiness, and governance. 

 

D. Data Collection and Response Rate 

The survey was distributed to 1,200 project 

management professionals through PMI chapters, 

project-management-focused LinkedIn groups, 

corporate contacts, and project management software 

user communities. Of these, 472 respondents started 

the survey and 385 completed usable responses, 

yielding a response rate of 32.1% — exceeding the 

25% benchmark generally regarded as strong for 

professional online surveys (Saunders et al., 2019) — 

and comfortably clearing both the proportion-based 

and SEM-based sample size benchmarks described 

above. Missing data were minimal (under 5% per 

variable); outlier and normality checks, non-response 

bias comparison of early versus late respondents, and 

common method bias assessment (including 

Harman's single-factor test and an unmeasured latent 

method factor, following Podsakoff et al., 2003) were 

each conducted prior to substantive analysis, with no 

evidence of a pervasive common method bias 

problem. 

 

E. Analytical Strategy 
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Analysis proceeded in stages consistent with 

a pre-registered analytical plan. Descriptive statistics, 

reliability (Cronbach's alpha), and bivariate 

correlation analysis characterised the sample and its 

key variables. A two-step structural equation 

modelling approach in AMOS first assessed the 

measurement model via confirmatory factor analysis, 

establishing convergent and discriminant validity 

(Fornell & Larcker, 1981), before estimating the full 

structural model to test the direct-effect hypotheses 

(H1–H3). Mediation (H4) was tested using the 

bootstrapping procedure recommended by Preacher 

and Hayes (2008), with 5,000 resamples and 95% 

bias-corrected confidence intervals, implemented via 

the PROCESS macro (Model 4) in SPSS (Hayes, 

2018), and corroborated with a Sobel test. 

Moderation (H5a–H6c) was tested through mean-

centred multiple regression with interaction terms, 

one moderator at a time. Multiple group analysis 

compared the structural model across industry, 

organisation size, and project management maturity 

subgroups. Ethical approval procedures included 

informed consent, guaranteed confidentiality and 

anonymity of responses, and data protection 

safeguards consistent with the University's research 

ethics requirements. 

 

IV.  RESULTS 
A. Sample and Measurement Quality 

The final analytic sample comprised 385 

project management professionals drawn from 

engineering and construction, information 

technology, consulting and professional services, 

manufacturing, and energy and infrastructure 

organisations of varying size. Composite descriptive 

statistics for the three central constructs are 

summarised in Table I; all skewness and kurtosis 

values fell within the range generally regarded as 

consistent with univariate normality (Hair et al., 

2019). Internal consistency reliability was good to 

excellent across all sixteen measured constructs, with 

Cronbach's alpha ranging from 0.822 (technical 

infrastructure) to 0.885 (project management 

performance), and confirmatory factor analysis 

confirmed acceptable convergent and discriminant 

validity throughout. 

 

TABLE I. DESCRIPTIVE STATISTICS OF CORE CONSTRUCTS 

Construct Mean SD Skewness Kurtosis 

AI Adoption 3.45 1.12 −0.32 −0.45 

Project Management Performance 3.62 0.98 −0.28 −0.32 

Project Success 3.55 0.95 −0.25 −0.28 

 

Both the measurement model and the full structural model demonstrated good fit to the data (Table II), supporting 

their use for the hypothesis tests reported below. 

 

TABLE II. STRUCTURAL MODEL FIT INDICES 

Fit Index Value Threshold Assessment 

χ²/df 2.92 < 3.0 Good 

CFI 0.932 > 0.90 Good 

TLI 0.922 > 0.90 Good 

RMSEA 0.048 < 0.08 Good 

SRMR 0.042 < 0.08 Good 

 

B. Direct-Effect Hypothesis Testing (H1–H3) 

All three direct-effect hypotheses were 

supported (Table III). AI adoption exerted its 

strongest structural effect on project management 

performance (β = 0.48, p < .001) rather than on 

project success directly (β = 0.28, p < .001), and 

project management performance in turn exerted a 

strong effect on project success (β = 0.45, p < .001) 

— a pattern that anticipates the partial-mediation 

result reported in Section IV-C. At the dimension 

level, AI adoption's effect on project management 

performance was strongest for process efficiency (β 

= 0.52) and weakest for resource utilisation (β = 

0.35); its direct effect on project success was 

strongest for project efficiency (β = 0.35) and 

weakest for business success (β = 0.25), the 

dimension of success most dependent on factors 

beyond AI adoption's immediate reach. 
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TABLE III. DIRECT-EFFECT HYPOTHESIS TESTING RESULTS 

Hypothesis Path β t p Decision 

H1 AI Adoption → PM Performance 0.48 8.00 < .001 Supported 

H2 AI Adoption → Project Success 0.28 5.60 < .001 Supported 

H3 PM Performance → Project 

Success 

0.45 7.50 < .001 Supported 

 

C. Mediation Analysis (H4) 

Bootstrapped mediation analysis (5,000 

resamples, PROCESS Model 4) supported H4: 

project management performance partially mediates 

the relationship between AI adoption and project 

success (Table IV). The indirect effect (β = 0.22, 95% 

CI [0.14, 0.30]) did not include zero and accounted 

for 44% of the total effect (0.22/0.50), while the 

direct effect remained substantial and independently 

significant (β = 0.28, p < .001). A corroborating 

Sobel test was likewise significant (z = 5.45, p < 

.001). Because mediation was partial rather than full, 

AI adoption's association with project success 

operates through two simultaneously active channels: 

an indirect route via improved project management 

processes, and a direct route not fully explained by 

that mediator. 

 

TABLE IV. DIRECT, INDIRECT, AND TOTAL EFFECTS (H4) 

Effect β 95% CI Lower 95% CI Upper p 

Direct (AI → Project Success) 0.28 0.18 0.38 < .001 

Indirect (AI → PM Performance → Project 

Success) 

0.22 0.14 0.30 < .001 

Total Effect 0.50 0.38 0.62 < .001 

 

D. Moderation Analysis (H5a–H6c) 

All seven moderation hypotheses were 

supported (Table V). Organisational, senior-level 

conditions — strategic alignment (β = 0.18, p < .01) 

and leadership commitment (β = 0.16, p < .01) — 

produced the strongest interaction effects, followed 

by a second tier comprising user engagement (β = 

0.15) and data quality (β = 0.14), and a third tier 

comprising human capability (β = 0.13), 

organisational culture (β = 0.12), and technical 

infrastructure (β = 0.10, the weakest but still 

statistically significant moderator). In each case, 

simple-slopes analysis indicated that the AI 

adoption–project success relationship was markedly 

steeper among organisations scoring one standard 

deviation above the mean on the relevant moderator 

than among those scoring one standard deviation 

below it, with the lower-moderator slope remaining 

positive but attenuated rather than becoming non-

significant. 

 

TABLE V. SUMMARY OF MODERATION HYPOTHESIS TESTING (H5a–H6c) 

Hypothesis Moderator Interaction β p ΔR² Decision 

H5a Strategic Alignment 0.18 < .01 0.03 Supported 

H5b Leadership Commitment 0.16 < .01 0.02 Supported 

H5d User Engagement 0.15 < .01 0.02 Supported 

H5c Data Quality 0.14 < .05 0.02 Supported 

H6c Human Capability 0.13 < .05 0.02 Supported 

H6a Organisational Culture 0.12 < .05 0.02 Supported 

H6b Technical Infrastructure 0.10 < .05 0.01 Supported 

 

 

 

E. Contextual and Multiple Group Differences 
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Multiple group analysis indicated that the 

strength of the AI adoption–project success 

relationship, while positive and significant in every 

subgroup examined, was not uniform across the 

sample. By industry, the association was strongest in 

information technology (β = 0.32) and weakest in 

energy and infrastructure (β = 0.20). By organisation 

size, large organisations (1,000–9,999 employees; β 

= 0.32) and very large organisations (10,000+; β = 

0.30) outperformed medium (β = 0.26) and, 

particularly, small organisations (β = 0.18); the 

modest reversal between the large and very large 

groups is not interpreted as a robust or replicable 

distinction given the sample sizes involved. The 

largest contextual gap of the three group comparisons 

was observed for project management maturity, 

where the AI adoption→project management 

performance path rose from β = 0.38 among low-

maturity organisations to β = 0.55 among high-

maturity organisations — suggesting that pre-

existing project management capability may be the 

single strongest contextual determinant, among those 

examined, of how effectively AI adoption translates 

into improved project outcomes. 

 

V.  DISCUSSION 
The overall pattern of results supports a 

central, integrating conclusion: AI's association with 

project success in this sample is real, statistically 

robust, and cross-industry, but it is neither uniform 

nor automatic — it is conditional on organisational 

factors that are, for the most part, within an 

organisation's own control to cultivate. 

The support obtained for H1–H3 confirms 

the three foundational structural relationships 

proposed in Section II: AI adoption is associated with 

better project management processes, better 

processes are associated with better project 

outcomes, and AI adoption retains an association 

with project success even before its process-mediated 

effect is considered. Notably, AI adoption's single 

strongest measured association in this study was with 

project management performance rather than with 

project success directly — a pattern consistent with 

AI functioning, at least in this sample, primarily as a 

process-improvement capability whose benefit for 

ultimate project outcomes is substantially, though not 

exclusively, realised through that process-level 

channel. 

The partial-mediation result obtained for H4 

(44% of the total effect operating indirectly through 

project management performance) refines this picture 

further. A finding of full mediation would have 

implied that AI's entire contribution to project 

success runs through improved project management 

process quality; a finding of negligible mediation 

would have implied that project management 

performance plays little explanatory role. The 

intermediate, partial-mediation result obtained here 

indicates that both pathways identified in the 

literature — process-mediated improvement and 

more direct channels, such as improved stakeholder 

communication or signalling of organisational 

innovativeness — are empirically active 

simultaneously (Jarrahi, 2018; Davenport & 

Ronanki, 2018). Practically, this means organisations 

cannot treat improving project management 

performance as a sufficient strategy on its own, nor 

can they rely on AI adoption's direct effect alone; the 

evidence supports attending to both pathways 

together. 

The moderation results (H5a–H6c) extend 

the technology-organisation-environment logic 

introduced in Section II-C from a general theoretical 

claim to a specific, ranked empirical finding. That 

strategic alignment and leadership commitment — 

both senior, organisational-level conditions — 

emerged as the two strongest moderators, ahead of 

the more operational conditions of user engagement 

and data quality, and ahead in turn of the more 

technical conditions of organisational culture, human 

capability, and infrastructure, is consistent with the 

critical success factor literature's long-standing 

emphasis on executive sponsorship as a determinant 

of whether technology-enabled organisational 

change succeeds (Pinto & Slevin, 1987). It also 

carries a specific, somewhat counter-intuitive 

implication for practice: technical infrastructure, 

while a statistically significant moderator, was the 

weakest of the seven identified here, suggesting that 

organisations preoccupied with infrastructure 

investment as their primary AI readiness lever may 

be under-investing, relative to the evidence, in the 

strategic and leadership conditions that this study 

finds to matter more. 

The multiple group findings add a further, 

structural layer to this picture. That the AI adoption–

project management performance path was almost 

half again as strong among high-maturity 

organisations (β = 0.55) as among low-maturity 

organisations (β = 0.38) suggests that AI adoption 

behaves, in this sample, less like a substitute for 

underlying project management capability and more 

like an amplifier of it — organisations with already-

strong project management foundations appear better 

positioned to convert AI investment into further 

performance gains than organisations attempting to 

use AI to compensate for weak foundational practice. 

The comparable, if smaller, gradients observed 

across industry and organisation size point in the 

same direction: organisations with greater pre-

existing digital familiarity (information technology) 
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or greater absolute resource capacity (large and very 

large organisations) realised somewhat stronger 

associations between AI adoption and project 

outcomes than organisations without those 

advantages. 

Taken together, these findings make a 

theoretical contribution by integrating four 

previously separate strands of literature — 

individual-level technology acceptance (TAM, 

UTAUT), organisational technology-adoption 

context (TOE, DOI), and established project 

management performance and success theory — into 

a single, empirically tested structural model specific 

to the project management context, and by providing 

a quantitative account of the relative importance of 

seven previously discussed, but rarely jointly tested, 

critical success factors. 

 

VI.  THE AI ADOPTION STRATEGIC 

FRAMEWORK 

The empirical findings reported in Section 

IV are synthesised here into a four-layer strategic 

framework intended as a diagnostic and planning tool 

for project-based organisations, rather than as a 

further conceptual contribution disconnected from 

the tested data. Every element of the framework 

corresponds directly to a specific hypothesis 

supported in Section IV, and the framework is 

deliberately organised around the same mediating 

and moderating logic established through the 

structural equation modelling, so that it conveys not 

only which conditions matter but how they relate to 

one another structurally. 

Layer 1, Readiness Antecedents, comprises 

organisational, data, technical, and human readiness, 

each significantly correlated with AI adoption (r = 

0.40–0.46) and treated as the pre-conditions 

organisations should assess before or alongside AI 

investment. Layer 2, AI Adoption, is the capability 

through which readiness is converted into 

organisational practice. Layer 3, Project 

Management Performance, functions as the primary 

mediating mechanism, accounting for 44% of the 

total effect of AI adoption on project success (H4). 

Layer 4, Project Success, is the ultimate outcome, 

conditioned throughout by the seven supported 

moderators (H5a–H6c), with strategic alignment and 

leadership commitment carrying the greatest 

empirical weight. 

The framework is intended to be applied as 

a recurring, three-step diagnostic cycle rather than a 

one-time planning exercise: first, assess standing on 

the four readiness antecedents; second, monitor AI 

adoption alongside the specific dimensions of project 

management performance (process efficiency, 

decision quality, risk management, communication, 

and resource utilisation) rather than tracking tool 

usage or project outcomes in isolation, so that the 

confirmed mediating pathway can be observed 

directly; and third, prioritise strategic alignment and 

leadership commitment as the conditions of greatest 

empirical leverage, while continuing to attend to the 

remaining five supported moderators as meaningful, 

if comparatively smaller, contributors to realised 

benefit. 

 

VII.  PRACTICAL IMPLICATIONS AND 

RECOMMENDATIONS 
A. For Project Managers 

Project managers should track the specific 

dimensions of project management performance 

most strongly associated with AI adoption — 

particularly process efficiency and decision quality 

— rather than relying on tool-usage metrics alone, 

and should treat AI-generated recommendations as 

an input to, rather than a replacement for, 

professional judgement, particularly in the 

relationship-intensive and stakeholder-facing aspects 

of project delivery. 

 

B. For PMO Leaders 

PMO leaders are best placed to close the readiness 

gaps identified in Layer 1 of the framework, 

particularly around data quality and technical 

integration, and to embed AI adoption within existing 

governance structures and portfolio-level processes 

rather than allowing it to proceed as a series of 

disconnected, tool-by-tool initiatives. 

 

C. For Organisational Executives 

Because strategic alignment and leadership 

commitment were the two strongest moderators 

identified in this study, organisational executives 

carry disproportionate responsibility for whether AI 

investment translates into improved project 

outcomes. Executives should treat AI adoption as an 

organisational change initiative requiring visible, 

sustained sponsorship and explicit linkage to 

business strategy, rather than as a discrete technology 

purchase delegated entirely to IT or project 

management functions. 

 

VIII.  LIMITATIONS AND DIRECTIONS 

FOR FUTURE RESEARCH 
Several limitations qualify these findings. 

The cross-sectional design supports statistical 

association but not causal inference; it remains 

possible, for example, that organisations with 

already-strong project outcomes are more inclined to 

invest in and report positive experiences with AI, 

rather than AI adoption driving those outcomes. All 

measures were self-reported and perceptual, raising 
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the possibility of common method variance, although 

the procedural and statistical remedies applied 

(Podsakoff et al., 2003) found no evidence of a 

pervasive problem. The stratified 

purposive/convenience sampling strategy, while 

designed to support reasonable representation across 

industry and organisation-size strata, cannot 

substitute fully for probability sampling, and some 

strata — particularly energy and infrastructure and 

small organisations — were represented by 

comparatively smaller sub-samples, warranting 

caution in over-interpreting their specific 

coefficients. Three of the twelve hypothesised critical 

success factor relationships (H10–H12, concerning 

user engagement, governance, and continuous 

improvement as antecedents of AI adoption success 

specifically) were measured with good reliability and 

validity but not yet carried through to formal 

hypothesis testing in this analysis, a gap identified as 

a priority for subsequent work. 

Future research should pursue longitudinal or 

panel designs capable of testing causal precedence 

more directly; complement the quantitative findings 

reported here with qualitative case studies of AI 

adoption in individual project-based organisations; 

extend the moderation and multiple-group analysis to 

additional industries and geographic contexts beyond 

those sampled; and complete the outstanding critical 

success factor hypothesis tests (H10–H12) to extend 

the strategic framework presented in Section VI on 

an equally rigorous empirical footing. 

 

IX.  CONCLUSION 
This study set out to examine how project-

based organisations can strategically adopt artificial 

intelligence to enhance project management 

performance and achieve project success. Drawing 

on survey data from 385 project management 

professionals across five industries, it found that AI 

adoption is significantly associated with both project 

management performance (β = 0.48) and project 

success (β = 0.28 direct; β = 0.22 indirect through 

project management performance, representing 44% 

of the total effect), and that this relationship is 

consistently strengthened by seven organisational, 

technical, and human conditions, of which strategic 

alignment and leadership commitment matter most. 

The strength of the relationship further varies 

systematically with industry, organisation size, and 

— most markedly — project management maturity, 

suggesting that AI adoption amplifies existing 

organisational capability rather than substituting for 

it. 

These findings support a central practical 

conclusion: AI adoption is best understood, and best 

pursued, not as an isolated technology deployment 

but as a strategic organisational change most likely to 

translate into improved project outcomes when it is 

embedded within a strategically aligned, well-led, 

and process-mature organisational context. The four-

layer strategic framework and the role-specific 

recommendations developed in Sections VI and VII 

are offered as a practical, evidence-grounded 

resource for project managers, PMO leaders, and 

organisational executives seeking to convert AI 

investment into measurable improvement in project 

management performance and project success. 
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