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Abstract 
This study addresses the continuing difficulty experienced by project-intensive enterprises in identifying cost 
overruns, schedule delays, and resource bottlenecks early enough to prevent broader portfolio and organizational 
performance deterioration. The purpose was to quantitatively examine whether AI-driven project portfolio and 
business analytics capabilities improve forecasting and management effectiveness across diverse U.S. enterprise 
cases. A quantitative, explanatory, cross-sectional, embedded multiple-case design was employed across 
construction and engineering, information technology and software, manufacturing, healthcare, energy and 
utilities, and transportation and logistics organizations. Purposive sampling produced 312 valid responses from 
project managers, program and portfolio managers, PMO professionals, business and data analysts, finance and 
project-controls personnel, operations managers, and resource-planning professionals, representing an 89.1% 
usable response rate. The principal variables were AI-driven data integration and analytics, predictive cost 
analytics, predictive schedule analytics, AI-enabled resource analytics, portfolio decision intelligence, cost-
overrun forecasting effectiveness, schedule-delay forecasting effectiveness, resource-bottleneck management 
effectiveness, and enterprise performance. Data were collected using a structured five-point Likert questionnaire 
and analyzed through descriptive statistics, reliability testing, KMO and Bartlett's assessment, Pearson 
correlation, and multiple regression in SPSS. Respondents reported strong AI-driven data integration (M = 4.08, 
SD = 0.61), portfolio decision intelligence (M = 4.02, SD = 0.64), and enterprise performance (M = 4.01, SD = 
0.63). Predictive cost analytics was the strongest predictor of cost-overrun forecasting effectiveness (β = .36, p < 
.001; R² = .482), predictive schedule analytics most strongly predicted schedule-delay forecasting effectiveness (β 
= .34, p < .001; R² = .447), and AI-enabled resource analytics was the dominant predictor of resource-bottleneck 
management effectiveness (β = .39, p < .001; R² = .415). Enterprise performance produced the strongest overall 
model, explaining 52.8% of variance, with portfolio decision intelligence as the strongest predictor (β = .38, p < 
.001). These findings imply that integrated AI analytics can strengthen early warning, resource coordination, 
portfolio prioritization, and enterprise-level decision quality when analytical outputs are embedded in project 
governance and managerial action. 
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INTRODUCTION 
Project portfolio management, business analytics, and artificial intelligence constitute interconnected 
managerial and technological domains through which organizations organize projects, interpret 
complex information, allocate scarce resources, and control enterprise-level performance. "The Impact 
of Project Portfolio Management on Information Technology Projects" (p. 524) characterizes project 
portfolio management as an organizational approach for coordinating multiple projects while 
addressing interdependencies involving resources, risks, priorities, and investment choices rather than 
treating projects as independent operational units (Reyck et al., 2005). Business intelligence and 
analytics refer to the systematic use of organizational data, analytical methods, computational 
technologies, and decision-support processes to generate information that can improve managerial 
understanding and decision quality. "Business Intelligence and Analytics: From Big Data to Big Impact" 
(p. 1165) situates analytics around the collection, integration, analysis, and interpretation of 
increasingly heterogeneous organizational data for operational and strategic decisions (Chen et al., 
2012). Within this research, AI-driven project portfolio and business analytics can therefore be defined 
as the organizational capability to integrate project, financial, schedule, resource, operational, and 
strategic data with predictive algorithms and analytical decision-support mechanisms to identify 
emerging portfolio conditions before they become fully observable through conventional reporting. 
This capability is closely connected with the capacity of organizations to sense changes, seize decision 
opportunities, and reconfigure resources. "Explicating Dynamic Capabilities" (p. 1319) specifies these 
activities as core elements of dynamic capabilities that support organizational adaptation and 
enterprise performance under changing conditions (Teece, 2007). Strategic-management research has 
similarly established that project and portfolio management can be examined through dynamic 
capabilities because portfolios connect organizational resources, learning processes, strategic priorities, 
and changing competitive environments (Killen et al., 2012). Internationally, project portfolios operate 
under uncertainty originating from markets, technology, customers, organizational structures, project 
interdependencies, and resource conditions, making sensing mechanisms and continuous portfolio 
information processing central to coordinated decision-making (Petit & Hobbs, 2010). "Project 
Portfolios in Dynamic Environments" (p. 539) further identifies changing priorities, uncertainties, 
interdependencies, and resource reconfiguration as central characteristics of portfolio environments in 
which static project-selection logic alone is insufficient to represent ongoing managerial conditions 
(Petit, 2012). 
The significance of integrated project analytics becomes clearer when cost overruns, schedule delays, 
and resource bottlenecks are considered as interdependent manifestations of project and portfolio 
uncertainty rather than isolated performance problems. Project cost overrun occurs when actual or 
expected expenditure exceeds the approved budget or baseline, while schedule delay reflects slippage 
in activities, milestones, or project completion relative to planned time requirements. A resource 
bottleneck arises when the availability, capacity, timing, skills, financing, equipment, or competing 
utilization of a necessary resource constrains project execution or the flow of work across several 
projects. These outcomes frequently interact because constrained resources can extend activity 
duration, schedule disruptions can increase indirect and labor costs, and cost restrictions can restrict 
the availability of additional resources required to recover delayed work. "Complexity, Uncertainty-
Reduction Strategies, and Project Performance" (p. 1360) explains that project complexity generates 
uncertainty through technical, organizational, and environmental interactions and that planning and 
knowledge-generation mechanisms influence the capacity to manage resulting performance pressures 
(Floricel et al., 2016). "Project Complexity and Team-Level Absorptive Capacity" (p. 876) provides 
empirical evidence that higher complexity is associated with unscheduled delays and overspending, 
emphasizing the informational and coordination difficulties encountered in complex project 
environments (Bjorvatn & Wald, 2018). Evidence from transportation projects also demonstrates that 
project complexity is significantly connected with schedule growth and that the allocation of sufficient 
resources can buffer its negative schedule effects (Nguyen et al., 2019). Multidimensional complexity 
involving task, organizational, market, legal, and environmental conditions has also been statistically 
associated with project cost behavior, highlighting the need for structured identification of cost-driving 
conditions before performance deterioration becomes severe (Zhao et al., 2021). At portfolio level, 
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formalization becomes particularly relevant because increasing portfolio complexity raises 
requirements for coordination, information consistency, project-level control, and portfolio-level 
decision structures (Teller et al., 2012). Portfolio risk research further indicates that systematic risk 
identification, monitoring, prevention, information integration, and organizational risk culture 
influence risk transparency and the capacity of firms to manage uncertainty across groups of projects 
(Teller & Kock, 2013). 

Figure 1: AI-Driven Project Portfolio and Business Analytics Research Overview 

 

AI-driven analytics expands this information-processing capacity by shifting managerial analysis from 
retrospective description toward data-supported forecasting of conditions such as probable cost 
deviation, schedule slippage, resource pressure, and portfolio performance. "Toward the Development 
of a Big Data Analytics Capability" (p. 1049) treats analytics capability not simply as ownership of 
analytical technology but as a combination of tangible resources, human skills, managerial capabilities, 
data resources, and organizational routines that together allow firms to derive value from large and 
complex datasets (Gupta & George, 2016). This distinction is important for project portfolios because 
predictive algorithms require reliable project records, integrated information systems, appropriately 
structured variables, managerial interpretation, and organizational processes capable of incorporating 
model outputs into actual decisions. Empirical work has demonstrated that stronger analytics 
capabilities and their alignment with business strategy are associated with improved organizational 
performance, supporting the treatment of analytics as an enterprise capability rather than an isolated 
technical application (Akter et al., 2016). "Big Data Analytics and Firm Performance" (p. 356) further 
shows that analytics capability can affect organizational performance directly and through process-
oriented dynamic capabilities that convert analytical insight into changes in organizational processes 
(Wamba et al., 2017). Predictive analytics has also been associated with organizational and supply-
chain performance through information sharing, connectivity, routinization, managerial commitment, 
and assimilation of analytical systems into organizational work practices (Gunasekaran et al., 2017). At 
the decision level, evidence from U.S.-based firms indicates that data analytics use supports decision 
quality through the organizational processes by which analytical information is shared and interpreted, 
while analytics competency affects how effectively those information resources support decisions 
(Ghasemaghaei, 2019). The relevance to project cost forecasting is supported by machine-learning 
evidence showing that project characteristics, bidding information, cost conditions, and schedule 
information can be combined through ensemble-learning techniques to classify expected levels of 



Review of Applied Science and Technology, December 2024, 14– 54 

17 
 

project cost overrun before project completion (Moon et al., 2020). These studies position predictive 
project analytics around a broader system of data quality, analytical competency, algorithmic 
forecasting, information integration, and managerial interpretation rather than around algorithm 
accuracy alone. 
Project portfolio analytics must also be examined within portfolio governance because predictions of 
cost, schedule, and resource conditions acquire managerial value only when portfolio actors can 
prioritize projects, interpret competing requirements, coordinate decisions, and reallocate 
organizational resources. "Empowering Project Portfolio Managers" (p. 818) establishes that portfolio 
managers operate within complex relationships involving senior management, line management, and 
project management, and that management involvement influences the effectiveness with which 
portfolio-management responsibilities can be exercised (Jannatul, 2024; Jonas, 2010). Internal 
stakeholders also influence portfolio performance through their participation in strategic portfolio 
structuring and operational portfolio steering, with role clarity and portfolio-management maturity 
affecting how stakeholder involvement relates to portfolio success (Beringer et al., 2013). Portfolio risk 
management research additionally shows that formal risk processes at the project level become more 
effective when risk information is integrated at portfolio level, since portfolio performance depends on 
interactions among individual project risks and portfolio-wide uncertainty (Teller et al., 2014). "A 
Contingency Approach on the Impact of Front-End Success on Project Portfolio Success" (p. 115) 
demonstrates that early portfolio activities involving opportunity identification, evaluation, selection, 
and preparation have a strong relationship with portfolio success, particularly where project portfolios 
are large, highly interdependent, or exposed to greater strategic risk (Kock et al., 2016). Organizational 
structure is another component because portfolio success and efficiency vary according to the design 
of governance arrangements, portfolio-management effectiveness, and management involvement in 
project-based organizations (Petro & Gardiner, 2015; Feroz, 2024). These governance conditions 
correspond closely with the dynamic-capabilities interpretation of analytics because a portfolio 
requires mechanisms not only for recognizing relevant information but also for converting information 
into changed priorities, resource assignments, risk responses, and operating decisions. Cross-national 
business analytics evidence similarly indicates that analytical resources contribute to business value 
through knowledge management and organizational agility, reinforcing the connection among 
information, organizational capabilities, process adaptation, and performance (Côrte-Real et al., 2017). 
In an AI-supported project portfolio environment, predictive cost information, schedule-warning 
indicators, resource-capacity signals, and enterprise performance measures therefore coexist within a 
managerial system involving analytical capability, governance formalization, risk integration, strategic 
prioritization, and organizational reconfiguration. 
Enterprise performance provides the broader organizational level at which project portfolio and 
business analytics can be connected with operational efficiency, financial outcomes, process 
performance, decision quality, strategic alignment, resource utilization, and the collective performance 
of organizational investments. "Business Analytics and Firm Performance" (p. 228) demonstrates that 
the value of analytics is transmitted partly through improvements in business-process performance, 
indicating that the presence of analytical technology by itself does not fully represent the organizational 
mechanisms through which performance is generated (Aydiner et al., 2019). Research using mixed 
quantitative and qualitative evidence similarly identifies multiple combinations of technological, 
human, managerial, and contextual analytics resources that can produce performance gains, 
emphasizing heterogeneity in the ways organizations construct and utilize analytics capabilities 
(Mikalef et al., 2019). The dynamic-capabilities perspective provides a particularly relevant theoretical 
basis for this relationship because big-data analytics capabilities can strengthen sensing and 
reconfiguration processes that subsequently enhance operational and competitive capabilities (Mikalef 
et al., 2020). Evidence examining the interdependence of analytics resources has also shown that 
infrastructure, management, and human-resource capabilities collectively contribute to organizational 
performance, with analytical capability displaying particularly strong connections with operational 
performance (Mashiat, 2024; Yasmin et al., 2020). A broader synthesis of 125 firm-level studies across 
26 countries found that business analytics resources, capabilities, human factors, management 
capabilities, and organizational culture are systematically associated with business value and firm 
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performance, establishing an international evidence base for the organizational relevance of analytics 
beyond any single sector or national setting (Oesterreich et al., 2022; Sumaiya, 2024). For U.S. industries 
characterized by portfolios of interconnected projects, these streams of research leave a specific 
empirical problem concerning whether AI-driven project portfolio and business analytics capabilities 
can jointly explain variation in four closely connected outcomes: cost-overrun forecasting effectiveness, 
schedule-delay forecasting effectiveness, resource-bottleneck forecasting and management 
effectiveness, and enterprise performance. The present study addresses this problem through a 
quantitative, explanatory, cross-sectional, embedded multiple-case design spanning selected U.S. 
project-intensive industries, with analytical attention directed toward AI-driven data integration, 
predictive cost analytics, predictive schedule analytics, AI-enabled resource analytics, and AI-driven 
portfolio decision intelligence as measurable organizational capabilities. 
The primary purpose of this study is to quantitatively examine how AI-driven project portfolio and 
business analytics capabilities are associated with the ability of organizations to forecast cost overruns, 
anticipate schedule delays, identify and manage resource bottlenecks, and improve enterprise 
performance across selected U.S. industries. The research is designed to move beyond a general 
assessment of whether organizations use artificial intelligence or analytics by examining specific 
organizational capabilities that directly support project portfolio decision-making. These capabilities 
include AI-driven data integration and analytics, predictive cost analytics, predictive schedule 
analytics, AI-enabled resource analytics, and AI-driven portfolio decision intelligence. The first 
objective is to assess the extent to which these capabilities are present among organizations represented 
within the selected industry cases. The second objective is to determine whether stronger AI-driven 
analytics capabilities are associated with greater effectiveness in identifying and forecasting project cost 
overruns. The third objective is to examine whether predictive analytics capabilities contribute to more 
effective identification of schedule delays and schedule-related risks. The fourth objective is to evaluate 
the relationship between AI-enabled resource analytics and an organization's capacity to detect, 
forecast, and manage workforce, equipment, skills, financial, and operational resource bottlenecks. The 
fifth objective is to determine whether AI-driven portfolio decision intelligence is associated with 
stronger enterprise performance, including improved operational efficiency, resource utilization, 
strategic alignment, portfolio success, and managerial decision quality. The study also seeks to examine 
the combined explanatory contribution of the principal analytics capabilities through multiple 
regression modeling rather than considering each capability only in isolation. A further objective is to 
identify descriptive patterns across the selected U.S. industry cases and determine whether the use and 
perceived effectiveness of project portfolio analytics differ according to organizational and portfolio 
characteristics. These objectives will be addressed using structured five-point Likert-scale data, 
descriptive statistics, Pearson correlation analysis, and multiple regression analysis within a 
quantitative, explanatory, cross-sectional, embedded multiple-case study framework. 
Research Context and Background 
The increasing complexity of contemporary project environments has made project portfolio 
management and business analytics increasingly important for organizations that operate across 
multiple projects, programs, departments, and strategic initiatives. Organizations in major U.S. 
industries such as construction and engineering, information technology and software, manufacturing, 
healthcare, energy and utilities, and transportation and logistics frequently manage numerous projects 
simultaneously while attempting to control budgets, meet schedules, allocate limited resources, and 
maintain acceptable levels of enterprise performance. Traditional project monitoring systems have 
largely depended on historical reports, periodic reviews, managerial experience, and retrospective 
performance indicators. Although these mechanisms remain useful, they may not provide sufficiently 
early information about emerging cost escalation, schedule slippage, resource shortages, or interactions 
among portfolio-level risks. The expansion of artificial intelligence, predictive analytics, integrated 
business intelligence platforms, and enterprise data systems has introduced new opportunities for 
organizations to use large volumes of financial, operational, scheduling, resource, and project data in a 
more systematic manner. AI-driven project portfolio and business analytics can combine information 
from multiple organizational sources, detect patterns that may not be immediately visible to managers, 
generate predictive indicators, and support the prioritization of managerial attention. In the context of 
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project portfolios, such capabilities may allow organizations to identify projects that are becoming 
financially vulnerable, recognize schedules that are likely to experience delays, detect emerging 
shortages of personnel or technical resources, and evaluate whether portfolio decisions remain aligned 
with broader organizational objectives. The value of these capabilities is not limited to individual 
project control because decisions concerning one project may affect budgets, schedules, personnel, 
equipment, and strategic priorities elsewhere in the portfolio. For this reason, project portfolio analytics 
should be understood as an enterprise-level capability that connects project information with financial 
planning, resource management, operational decision-making, and organizational performance. The 
present study focuses specifically on the application of AI-driven project portfolio and business 
analytics across selected U.S. industries and examines their relationships with cost overrun forecasting, 
schedule delay forecasting, resource bottleneck management, and enterprise performance. A 
quantitative, explanatory, cross-sectional, embedded multiple-case study design provides an 
appropriate basis for evaluating these relationships because it enables comparable evidence to be 
collected from professionals working within different industry cases while maintaining a common set 
of measurable constructs and statistical procedures. 
Research Problem 
Organizations increasingly possess large quantities of project, financial, scheduling, resource, 
operational, and enterprise data, yet the availability of such information does not necessarily ensure 
timely identification of project and portfolio problems. Cost overruns, schedule delays, and resource 
bottlenecks continue to affect organizations because conventional monitoring practices may reveal 
performance deviations only after significant financial, temporal, or operational consequences have 
already developed. Within a portfolio environment, the problem becomes more complex because 
several projects compete simultaneously for employees, budgets, equipment, technical expertise, 
management attention, and organizational capacity. A delay in one project may consume resources 
originally assigned to another project, while an unexpected cost increase can influence portfolio 
funding priorities, and shortages of specialized personnel can affect several interdependent projects at 
the same time. AI-driven project portfolio and business analytics have the potential to strengthen the 
identification and forecasting of these conditions through integrated data analysis, predictive 
modeling, and portfolio-level decision support. However, an important empirical problem remains 
regarding whether organizations that demonstrate stronger AI-driven analytics capabilities actually 
experience higher levels of cost overrun forecasting effectiveness, schedule delay forecasting 
effectiveness, resource bottleneck forecasting and management effectiveness, and enterprise 
performance. Existing organizational practices may also vary substantially across industries because 
industries differ in project structures, technological intensity, resource requirements, regulatory 
conditions, financial constraints, and operational complexity. Consequently, findings obtained from a 
single organization, project type, or industry may not sufficiently explain the relationship between AI-
driven analytics and portfolio outcomes across broader U.S. organizational settings. Another problem 
concerns the tendency to examine cost, schedule, resources, analytics, or organizational performance 
separately, even though these dimensions interact continuously within project portfolios. This study 
addresses this problem by examining them within an integrated quantitative framework. Specifically, 
the research investigates how AI-driven data integration and analytics capability, predictive cost 
analytics, predictive schedule analytics, AI-enabled resource analytics, and AI-driven portfolio decision 
intelligence are associated with four major organizational outcomes across selected U.S. industry cases. 
The absence of integrated cross-industry evidence concerning these relationships creates the central 
research problem addressed by the present investigation. 
THEORETICAL FRAMEWORK 
The literature surrounding AI-driven project portfolio and business analytics draws together several 
interconnected fields, including project portfolio management, artificial intelligence, business 
intelligence, predictive analytics, project controls, organizational resource management, strategic 
decision-making, and enterprise performance. Within contemporary organizations, project portfolios 
contain multiple projects that may differ in strategic value, budget requirements, schedules, resource 
demands, technical complexity, and exposure to uncertainty. This makes portfolio-level management 
substantially more complex than the isolated control of individual projects because decisions made in 
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relation to one project can influence the performance and resource availability of others. The increasing 
availability of organizational data has created opportunities to integrate project schedules, financial 
records, resource information, risk indicators, operational data, and performance measures within 
analytical environments that support more systematic managerial decision-making. AI-driven business 
analytics extends this capacity through predictive techniques capable of identifying patterns, 
estimating the likelihood of adverse project conditions, and supporting earlier intervention. Cost 
overruns and schedule delays remain central areas of project performance because both can influence 
profitability, client expectations, resource consumption, operational continuity, and portfolio priorities. 
Resource bottlenecks are equally important because organizations frequently manage multiple projects 
that compete for employees, specialized knowledge, equipment, capital, and management attention. 
At the same time, the effectiveness of AI-driven analytics cannot be understood solely through technical 
forecasting accuracy because organizational processes determine how analytical information is 
interpreted, communicated, and converted into portfolio decisions. Dynamic Capabilities Theory 
provides an appropriate theoretical foundation for examining this relationship by focusing on 
organizational abilities to sense changing conditions, seize relevant decision opportunities, and 
reconfigure resources and activities. Accordingly, the literature review examines AI-driven project 
portfolio and business analytics capabilities, predictive analytics for cost and schedule performance, 
resource bottleneck management, portfolio decision intelligence and enterprise performance, Dynamic 
Capabilities Theory, and the conceptual relationships linking these constructs within the proposed 
research framework. 
AI-Driven Project Portfolio Management and Business Analytics Capabilities 
AI-driven project portfolio management represents the integration of project portfolio governance, 
organizational data, analytical technologies, and intelligent decision-support mechanisms for selecting, 
prioritizing, monitoring, and coordinating multiple projects in accordance with business objectives. 
Within project-intensive organizations, portfolio management extends beyond the control of separate 
projects because executives and portfolio managers must continuously balance strategic priorities, 
budget limitations, project interdependencies, resource availability, expected benefits, and 
organizational risk. In "The Influence of Business Strategy on Project Portfolio Management and Its 
Success" (p. 807), project portfolio management is positioned as an important mechanism through 
which strategic orientation can be translated into portfolio structuring, portfolio success, and broader 
business success, emphasizing that project selection and portfolio configuration should remain 
connected to organizational strategy rather than operating as isolated administrative activities (Imran 
& Jannatul, 2021; Meskendahl, 2010). AI-driven portfolio management strengthens this strategic 
connection by enabling organizations to process larger quantities of portfolio information and identify 
patterns concerning project priority, financial exposure, schedule conditions, and resource utilization. 
The analytical capability is particularly relevant where several projects compete for shared employees, 
technologies, budgets, equipment, or executive attention. Conventional portfolio reports may provide 
periodic information, while AI-supported analytics can organize large datasets, establish relationships 
among performance indicators, and generate predictive signals for managerial evaluation. In "Project 
Portfolio Management in Practice and in Context" (p. 794), portfolio management is described as a 
context-sensitive managerial process involving rational decision-making, negotiation, bargaining, and 
structural reconfiguration under conditions of uncertainty and organizational complexity (Ashik & 
Shabbir, 2022; Martinsuo, 2013). This perspective is directly relevant to AI-driven project portfolio 
analytics because analytical systems do not operate independently from organizational processes. Their 
outputs must be interpreted by portfolio managers, connected with strategic criteria, and incorporated 
into decisions concerning project continuation, postponement, reprioritization, resource redistribution, 
and performance control. Consequently, AI-driven project portfolio management can be 
conceptualized as a combined managerial and analytical capability through which organizations 
transform project-level and enterprise-level data into structured portfolio information that supports 
strategic alignment and coordinated management across multiple simultaneous projects. 
Business analytics capabilities extend this portfolio perspective by focusing on an organization's ability 
to acquire, integrate, process, analyze, interpret, and apply data to managerial decisions. Within the 
present study, such capability encompasses technological infrastructure, data integration, analytical 
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methods, employee expertise, managerial processes, and the organizational routines necessary to 
transform project and business data into meaningful decision information.  

Figure 2: Formation of AI-Driven Project Portfolio and Business Analytics Capability 

 
 

AI-driven business analytics can combine historical cost records, schedules, resource assignments, 
project-risk information, financial data, operational indicators, and portfolio-performance measures to 
create a more integrated representation of organizational conditions. These capabilities are particularly 
important for portfolio environments because project outcomes depend on interactions between 
individual projects and the wider organizational system. In "Impact of Relationship Value on Project 
Portfolio Success" (p. 847), evidence from 174 medium-sized and large organizations demonstrates that 
project portfolio success is influenced by portfolio characteristics such as interdependency, portfolio 
size, and technological turbulence, indicating that portfolio performance depends on contextual 
relationships that extend beyond individual project execution (Hasan & Adnan, 2022; Voss & Kock, 
2013). Interdependency creates an especially important analytical requirement because a change 
affecting one project may alter resource availability, cost exposure, scheduling conditions, customer 
commitments, or strategic value elsewhere in the portfolio. AI-enabled analytics provides a mechanism 
for examining these connections through integrated databases, automated pattern recognition, 
predictive modeling, and portfolio-level visualization. In "Big Data Analytics Capabilities: A Systematic 
Literature Review and Research Agenda" (p. 547), analytics capability is treated as more than a 
technological asset and is linked with organizational resources, skills, managerial practices, and 
processes through which data can create business value (Akter & Sumaiya, 2022; Mikalef et al., 2018). 
This broader interpretation is important to project portfolio management because sophisticated 
analytical models have limited organizational usefulness when project information is fragmented, data 
quality is inconsistent, managers cannot interpret outputs, or portfolio governance does not incorporate 
analytics into formal decision processes. AI-driven project portfolio and business analytics capabilities 
therefore involve complementary technological and organizational components that enable enterprises 
to convert dispersed project information into coherent evidence for portfolio monitoring, prioritization, 
risk assessment, and strategic decision-making. 
The organizational value of AI-driven portfolio and business analytics is also determined by how 
effectively analytical information becomes usable knowledge for managers and decision-makers. 
Project portfolios generate considerable information through budgeting systems, project scheduling 
software, enterprise resource planning platforms, risk registers, procurement systems, workforce 
databases, operational systems, and performance-management applications. Fragmentation across 
these information environments can restrict portfolio visibility because managers may receive separate 
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indicators without a unified understanding of the relationships among costs, schedules, resources, 
risks, and enterprise outcomes. AI-driven data integration can reduce this analytical fragmentation by 
organizing heterogeneous data into common analytical structures and supporting predictive 
assessments of project and portfolio conditions. Such integration is central to the present research 
because cost-overrun forecasting, schedule-delay forecasting, resource-bottleneck identification, and 
enterprise-performance assessment require information that originates from different organizational 
functions. AI-driven project portfolio analytics therefore depends not only on computational models 
but also on the organizational capacity to convert analytical results into accessible knowledge that 
managers can interpret and employ. In "Big Data Analytics Capabilities and Knowledge Management: 
Impact on Firm Performance" (p. 1923), empirical analysis of 88 firms demonstrates that technological 
and managerial analytics capabilities are associated with stronger organizational performance and that 
knowledge-management orientation strengthens the conversion of analytical resources into 
organizational value (Ferraris et al., 2019; Mashfiqur & Md, 2022). This relationship is particularly 
applicable to project portfolios because predictive information concerning likely cost escalation, 
schedule disruption, or resource congestion must be communicated across PMOs, project teams, 
finance departments, resource managers, operational units, and senior leadership. Analytical capability 
therefore combines data accessibility, computational capacity, human analytical expertise, 
organizational coordination, and managerial interpretation. In this study, AI-driven project portfolio 
and business analytics capability is consequently treated as a multidimensional organizational 
capability through which integrated data and analytical intelligence support portfolio-level visibility, 
project prioritization, risk recognition, resource coordination, and evidence-based managerial decision-
making across selected U.S. industry cases. 
Predictive Analytics for Cost Overruns and Schedule Delays 
Predictive analytics for cost overruns focuses on the use of historical project information, statistical 
learning, and algorithmic pattern recognition to estimate whether project expenditure is likely to 
exceed planned or approved cost baselines. In project portfolio environments, this capability is 
important because an emerging cost problem in one project can reduce funds available for other 
projects, force portfolio reprioritization, or create pressure on shared resources. "Dealing with 
Construction Cost Overruns Using Data Mining" (pp. 682-694) demonstrates that cost-overrun 
forecasting can be strengthened when historical project records are treated as a predictive dataset rather 
than as isolated post-project documentation; the study used data-mining and ensemble-modeling 
techniques and reported that 92% of validation predictions fell within +/-10% of actual final cost, 
showing the value of learning from previous projects under conditions of incomplete early-stage 
information (Ahiaga-Dagbui & Smith, 2014; Mashiat & Rahman, 2022). This evidence is relevant to AI-
driven portfolio analytics because cost forecasting depends on extracting repeatable relationships from 
variables such as initial estimates, project characteristics, scope conditions, procurement information, 
and observed performance patterns. "Cost Estimation in Road Construction Using Artificial Neural 
Network" (pp. 9343-9355) further illustrates the predictive value of historical cost data by comparing 
multilayer perceptron, generalized regression, and radial-basis-function neural networks for road 
construction cost estimation; the generalized regression neural network produced the strongest 
reported performance, including a coefficient of determination of 0.9595 and a mean absolute 
percentage error of 13% (Md & Yeasin, 2022; Tijanić et al., 2020). Predictive cost analytics therefore 
differs from conventional variance reporting because its purpose is not merely to describe how far 
expenditure has already moved from budget, but to estimate likely cost outcomes while managers can 
still investigate assumptions, revise allocations, or strengthen control. Within the present study, 
predictive cost analytics is treated as an organizational capability involving integrated project data, 
analytical models, timely forecasting, and managerial use of predictive information across multiple 
projects. 
Schedule-delay forecasting applies predictive logic to time performance by using progress information, 
network characteristics, earned-value indicators, and observed execution patterns to estimate 
completion time or the probability of schedule slippage. At portfolio level, delays can alter resource 
availability, postpone dependent initiatives, extend overhead costs, and create conflicts among projects 
sharing personnel or equipment. "A Simulation and Evaluation of Earned Value Metrics to Forecast the 



Review of Applied Science and Technology, December 2024, 14– 54 

23 
 

Project Duration" (pp. 1361-1374) evaluated earned-value-based duration forecasting through 
simulation and showed that forecasting accuracy is influenced by project-network structure, 
uncertainty, and the point in the project life cycle at which a forecast is made, demonstrating that 
schedule prediction must account for project conditions rather than rely on a single static progress 
indicator (Ashfaq & Mohammad, 2022; Vanhoucke & Vandevoorde, 2007).  

Figure 3: Predictive Cost and Schedule Analytics Workflow 

 

This insight is important for AI-driven schedule analytics because statistical and machine-learning 
models can incorporate multiple time-related variables and update expected outcomes as execution 
data become available. "Project Duration Forecasting Using Earned Duration Management with 
Exponential Smoothing Techniques" (Article 04016032) compared earned duration, earned schedule, 
and exponential-smoothing-based forecasting using real-life projects at different stages of completion 
and found that the earned duration index combined with exponential smoothing produced improved 
duration forecasts relative to established schedule-performance approaches (Khamooshi & Abdi, 2017; 
Imran & Jannatul, 2022). For organizations managing portfolios, the issue is not only whether a project 
is currently behind schedule; managers also require an estimate of whether the deviation is likely to 
persist or affect other commitments. AI-driven schedule analytics can support this requirement by 
synthesizing progress rates, activity dependencies, milestone performance, resource constraints, 
historical delay behavior, and project characteristics into early-warning indicators. In this research, 
schedule-delay forecasting effectiveness represents the ability to identify emerging timing problems 
early, estimate their likely severity, and provide reliable analytical information for portfolio planning, 
coordination, and control across complex and interdependent projects. 
Predictive project analytics becomes more powerful when cost and schedule information is integrated 
with risk variables so managers can evaluate interactions among project outcomes. Such integration is 
important because project delays can emerge from interdependent resource, technical, contractual, 
organizational, and environmental conditions. "Machine Learning Algorithms for Construction 
Projects Delay Risk Prediction" (Article 04019085) developed machine-learning models from objective 
project data and delay-inducing risk sources, comparing decision-tree and naive Bayesian classification 
approaches; the naive Bayesian model provided the stronger predictive performance for the examined 
dataset, illustrating how machine learning can transform interacting delay-risk factors into evidence-
based estimates of delay extent (Gondia et al., 2020;  Kaniz & Jahanara, 2022). This type of modeling is 
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closely aligned with the present study's concept of AI-driven project portfolio and business analytics 
because portfolio managers rarely face a single isolated indicator. Instead, they confront combinations 
of budget pressure, schedule variance, resource shortages, project complexity, dependencies, and 
organizational constraints that must be interpreted collectively. Predictive systems can support this 
task by learning from prior project outcomes, assigning relative importance to explanatory variables, 
identifying combinations of conditions associated with adverse outcomes, and updating risk 
classifications as new information becomes available. Such capabilities can help managers distinguish 
temporary variance from patterns signaling serious overrun or delay risk. The literature on cost and 
schedule prediction therefore supports a multidimensional view of AI-enabled forecasting in which 
historical records, current project performance, statistical indicators, and machine-learning techniques 
are combined to estimate emerging outcomes. For this research, this perspective provides the basis for 
measuring predictive cost analytics and predictive schedule analytics as distinct but related 
organizational capabilities. Their effectiveness will be examined quantitatively to determine whether 
organizations reporting stronger predictive analytics capabilities also report stronger ability to forecast 
cost overruns and schedule delays consistently across project portfolios operating within different U.S. 
industry contexts with differing operational characteristics. 
AI-Enabled Resource Analytics and Resource Bottleneck Management 
Resource availability represents one of the principal constraints affecting the simultaneous execution 
of multiple projects because portfolio organizations must allocate limited employees, technical 
specialists, equipment, financial capacity, and operational resources among activities that frequently 
compete for the same organizational inputs. AI-enabled resource analytics can be understood as the 
organizational capability to collect and integrate resource-related data, identify patterns of resource 
utilization and contention, estimate emerging capacity shortages, and support resource-allocation 
decisions across projects.  

Figure 4: AI-Enabled Resource Analytics and Portfolio Bottleneck Network 

 

A resource bottleneck develops when the demand for a particular resource exceeds its available 
capacity during a critical period, thereby restricting activity execution and potentially generating 
schedule disruption, additional costs, or cascading delays throughout a project portfolio. "A Survey of 
Variants and Extensions of the Resource-Constrained Project Scheduling Problem" (pp. 1-14) 
establishes resource-constrained project scheduling as the problem of assigning activities to time 
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periods while observing precedence relationships and limited resource availability, while also 
demonstrating that practical scheduling requires extensions involving alternative resource structures, 
multiple execution modes, time restrictions, and different managerial objectives (Hartmann & Briskorn, 
2010; Sadia & Mostari, 2022). This analytical perspective is highly relevant to AI-supported portfolio 
environments because resource bottlenecks are rarely determined by a single variable. They emerge 
from combinations of activity timing, project priorities, resource capacities, skill requirements, 
dependencies, and simultaneous demands originating from several projects. "Resource-Constrained 
Multi-Project Scheduling: Priority Rule Performance Revisited" (pp. 212-228) examined 20 priority rules 
across 12,320 multi-project scheduling problems and demonstrated that resource contention, network 
complexity, resource distribution, and managerial objectives influence which allocation rules perform 
effectively, while project managers and portfolio managers may favor different rules according to local 
or portfolio-wide objectives (Browning & Yassine, 2010; Shaiful et al., 2022). AI-enabled resource 
analytics extends this logic by allowing portfolio managers to monitor resource-demand patterns 
continuously, compare resource pressure across projects, identify periods in which capacity is likely to 
become constrained, and evaluate competing allocation alternatives using integrated information. 
Within the present research, resource analytics therefore encompasses resource visibility, bottleneck 
detection, capacity forecasting, allocation support, and portfolio-level coordination rather than merely 
recording whether a resource has already become unavailable. 

 

Resource bottleneck management becomes more complex when organizations depend on highly 
specialized employees whose skills, efficiencies, availability, and costs differ substantially. Human 
resources cannot always be treated as interchangeable units because project activities may require 
particular technical knowledge, certifications, professional experience, or combinations of 
competencies. When several projects require the same scarce specialists, portfolio managers face a 
resource-allocation problem that may influence project duration, workforce cost, utilization, and 
strategic priority. "Project Portfolio Management: An Integrated Method for Resource Planning and 
Scheduling to Minimize Planning/Scheduling-Dependent Expenses" (pp. 609-618) addresses the 
portfolio-level problem of allocating scarce individual experts and demonstrates the importance of 
integrating resource planning with project scheduling rather than treating staffing and scheduling as 
separate managerial processes (Laslo, 2010; Stabak & Shahid, 2022). This integrated perspective 
provides an important foundation for AI-enabled resource analytics because intelligent resource-
management systems require simultaneous information concerning who is available, which 
competencies are required, when particular skills are needed, how long resources will remain 
committed, and what costs may result from alternative assignments. "Scheduling and Staffing Multiple 
Projects with a Multi-Skilled Workforce" (pp. 343-368) examined the simultaneous scheduling of 
multiple information-technology projects and assignment of internal and external employees with 
heterogeneous skill efficiencies, demonstrating that mixed-integer optimization can generate feasible, 
comparatively low-cost staffing solutions while considering project time windows, workload, 
employee skills, and differences between centralized and decentralized planning (Heimerl & Kolisch, 
2010; Feroz & Pervaz, 2022). These findings reinforce the multidimensional character of resource 
analytics. An organization may possess an adequate total number of employees but still experience 
bottlenecks when the required competencies are concentrated among a small number of specialists or 
when qualified employees are assigned simultaneously to competing projects. AI-supported analytics 
can organize skill inventories, project requirements, workload data, utilization histories, and planned 
assignments into analytical structures that permit earlier recognition of such mismatches. For the 
present study, effective resource-bottleneck management therefore includes not only detecting 
insufficient capacity but also identifying skill-specific shortages, workload imbalances, competing 
assignments, inefficient utilization, and periods during which portfolio requirements are likely to 
exceed organizational resource availability. 
Uncertainty further strengthens the need for AI-enabled resource analytics because project resource 
requirements and activity durations are not perfectly known when staffing and portfolio decisions are 
initially made. Changes in workload, unexpected technical problems, employee absence, revised 
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project scope, shifting deadlines, or longer-than-expected work packages can alter resource 
requirements after an allocation plan has been established. Static resource plans may consequently 
become inaccurate when actual project conditions deviate from original assumptions. "Stochastic 
Project Management: Multiple Projects with Multi-Skilled Human Resources" (pp. 271-288) addresses 
this problem by incorporating uncertainty in work-package processing times into simultaneous project 
scheduling and personnel planning, using stochastic optimization approaches to allocate multi-skilled 
human resources while controlling the expected cost of external personnel required when internal 
capacity becomes insufficient (Mohammad, 2023; Felberbauer et al., 2019). The treatment of uncertain 
resource demand is directly relevant to AI-driven portfolio analytics because predictive systems can 
use observed workload, utilization, project progress, staffing patterns, and historical deviations to 
estimate where capacity pressure may emerge before the constraint becomes operationally disruptive. 
Such analytics can distinguish between temporary workload fluctuations and persistent bottlenecks, 
compare alternative assignments, recognize resource dependencies among projects, and provide 
managers with evidence for redistributing resources according to portfolio priorities. In a multi-project 
environment, this capability is especially important because resource reallocation intended to protect 
one project may transfer delay or capacity risk to another. AI-enabled resource analytics therefore 
requires portfolio-wide visibility rather than optimization of isolated projects. In this research, the 
construct is operationalized around the organization's perceived ability to use analytical information 
to forecast resource demand, identify shortages and overutilization, recognize competing 
requirements, evaluate workforce and capacity conditions, and support timely allocation or 
reallocation decisions. Resource bottleneck forecasting and management effectiveness represents the 
corresponding outcome construct and captures the extent to which organizations can identify capacity 
constraints early, reduce resource conflicts, improve utilization, coordinate shared resources, and 
maintain project execution when multiple portfolio initiatives compete for limited organizational 
capacity. 
Project Portfolio Decision Intelligence and Enterprise Performance 
Project portfolio decision intelligence refers to the organizational capability to combine portfolio data, 
strategic criteria, project information, managerial judgment, and analytical evidence in order to select, 
prioritize, monitor, continue, modify, or terminate projects in ways that support organizational 
objectives. Within multi-project environments, decision intelligence is more demanding than routine 
reporting because managers must evaluate interactions among projects, competition for resources, 
expected benefits, strategic contribution, risk exposure, and changing business conditions at the same 
time. "Role of Single-Project Management in Achieving Portfolio Management Efficiency" (pp. 56-65) 
demonstrates that portfolio efficiency depends strongly on the quality and availability of project-level 
information, goal setting, and systematic decision-making, with information availability emerging as a 
particularly important contributor to portfolio management efficiency (Adnan & Iftekhar, 2023; 
Martinsuo & Lehtonen, 2007). This relationship is highly relevant to AI-driven project portfolio 
analytics because intelligent decision support requires reliable inputs from individual projects before 
portfolio-level models can compare alternatives or identify patterns across the portfolio. Cost forecasts, 
schedule indicators, resource utilization measures, business-case information, and risk signals must 
therefore be integrated into a decision environment in which managers can evaluate project 
performance against portfolio priorities. "Project Portfolio Control and Portfolio Management 
Performance in Different Contexts" (pp. 28-42) identifies portfolio selection, portfolio reporting, and 
decision-making style as central control factors and shows that different control mechanisms are 
associated with different dimensions of portfolio management performance across varying 
organizational contexts (Ahmed & Sadia, 2023; Müller et al., 2008). AI-driven decision intelligence can 
strengthen these control processes by improving the speed, consistency, and analytical depth with 
which portfolio information is organized and compared. In the present research, portfolio decision 
intelligence consequently represents more than automated project ranking; it includes the 
organizational ability to interpret integrated evidence, evaluate trade-offs, recognize changing portfolio 
conditions, and make coordinated decisions concerning investment, prioritization, resource allocation, 
risk response, and performance control across multiple projects. 
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Figure 5: Portfolio Decision Intelligence and Enterprise Performance Pathway 

 

 

Strategic alignment is a core component of project portfolio decision intelligence because a portfolio 
can contain individually successful projects that collectively contribute insufficiently to organizational 
priorities. Portfolio decision-making therefore requires continuous evaluation of whether active 
projects remain consistent with strategic objectives, whether scarce resources are assigned to initiatives 
with sufficient value, and whether projects whose strategic relevance has weakened should continue 
to consume organizational capacity. "Enforcing Strategic Fit of Project Portfolios by Project 
Termination" (pp. 675-685) provides longitudinal empirical evidence that project termination quality 
positively affects portfolio strategic fit and that senior-management involvement has an inverted U-
shaped relationship with termination quality, indicating that effective portfolio governance requires an 
appropriate rather than unlimited degree of managerial intervention (Asheke, 2023; Unger et al., 2012). 
For AI-supported portfolios, this finding is important because predictive models may identify 
deteriorating cost, schedule, resource, or value conditions, but managers still require governance 
mechanisms for converting those signals into decisions. Decision intelligence therefore combines 
analytical visibility with rules, authority structures, escalation procedures, and strategic criteria that 
determine how portfolio responses are made. "Value Management in Project Portfolios: Identifying and 
Assessing Strategic Value" (pp. 56-70) expands portfolio value beyond direct commercial returns by 
showing that strategic value can include ecological, societal, learning, and other non-commercial 
dimensions that may be relevant when projects are assessed collectively (Yeasin, 2023; Martinsuo & 
Killen, 2014). This broader view is particularly important for enterprise performance because project 
portfolios may support operational efficiency, capability development, compliance, innovation, 
customer outcomes, organizational learning, and strategic positioning in addition to immediate 
financial gains. AI-driven portfolio analytics can organize multiple value indicators and decision 
criteria within a common framework, allowing managers to compare projects whose benefits differ in 
type, timing, and measurability. In this study, portfolio decision intelligence is therefore treated as a 
capability that links predictive project information with strategic prioritization and multidimensional 
value assessment rather than as a narrow financial-selection mechanism. 
Enterprise performance reflects the broader organizational outcomes generated when project portfolios 
translate strategic investments into operational, financial, and managerial value. In project-intensive 
firms, performance depends not only on whether individual projects meet immediate cost and time 
targets, but also on whether the portfolio allocates investment effectively, maintains strategic balance, 
protects scarce resources, realizes expected benefits, and supports the organization's operating 
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objectives. This makes portfolio-level decision quality an important connection between AI-driven 
analytics and enterprise performance. "Business Case Control in Project Portfolios: An Empirical 
Investigation of Performance Consequences and Moderating Effects" (pp. 529-543) examined a cross-
industry sample of 183 firms and identified three elements of portfolio-level business-case control: 
initial business-case review, ongoing monitoring during project execution, and post-project tracking 
until expected benefits are realized; the study found that stronger business-case control was positively 
related to project portfolio success, while accountability, incentive systems, and portfolio complexity 
influenced this relationship (Jahanara & Kaniz, 2023; Kopmann et al., 2015). AI-driven portfolio 
decision intelligence can support such control by continuously combining forecast information with 
business-case assumptions, observed project performance, resource conditions, and enterprise-level 
performance indicators. Rather than evaluating projects only at approval, organizations can use 
analytical information to reassess whether projected benefits remain credible, whether cost or schedule 
deterioration changes investment attractiveness, and whether resources should be redirected toward 
higher-value initiatives. For the current research, enterprise performance includes operational 
efficiency, resource utilization, strategic alignment, portfolio success, managerial decision quality, and 
financial or business performance as perceived by qualified professionals across selected U.S. 
industries. The proposed relationship between portfolio decision intelligence and enterprise 
performance is therefore grounded in the quality of portfolio selection, monitoring, control, strategic 
fit, and benefit realization processes. AI-enabled analytics provides the informational infrastructure 
through which these processes can draw on integrated cost, schedule, resource, risk, and performance 
evidence, while portfolio governance determines how that evidence is translated into organizational 
decisions across competing projects and business priorities. 
Dynamic Capabilities Theory 
Dynamic Capabilities Theory provides the principal theoretical foundation for explaining how AI-
driven project portfolio and business analytics can be transformed from technical resources into 
organizational capabilities that support cost forecasting, schedule control, resource reconfiguration, 
portfolio decision-making, and enterprise performance. The theory focuses on the capacity of an 
organization to purposefully modify, combine, renew, and redeploy resources when business 
conditions change. In "Dynamic Capabilities: A Review of Past Research and an Agenda for the Future" 
(pp. 256-280), dynamic capability is conceptualized as a multidimensional organizational construct 
concerned with identifying opportunities or threats, making timely and market-oriented decisions, and 
changing the organization's resource base in response to environmental conditions (Barreto, 2010; 
Rahman, 2023). This interpretation is particularly appropriate for project portfolio environments 
because portfolios continuously experience changes in costs, schedules, resource requirements, project 
priorities, technological conditions, stakeholder demands, and strategic objectives. AI-driven analytics 
can strengthen the information-processing mechanisms through which these changes are detected and 
interpreted. In "Understanding the Elusive Black Box of Dynamic Capabilities" (pp. 239-273), dynamic 
capabilities are operationalized through sensing, learning, integrating, and coordinating capabilities 
that enable organizations to reconfigure operational capabilities in response to environmental 
turbulence, providing a measurable structure rather than treating dynamic capabilities as an abstract 
strategic concept (Sheak & Tahmedur, 2023; Pavlou & Sawy, 2011). Within the current research, AI-
driven data integration and analytics represents an important sensing mechanism because it combines 
project, financial, schedule, operational, and resource information to identify emerging deviations. 
Predictive cost and schedule analytics strengthen organizational learning by extracting patterns from 
historical and current project information. Portfolio decision intelligence supports the interpretation 
and coordination of those signals, while AI-enabled resource analytics contributes to reconfiguration 
by identifying where personnel, capacity, funding, equipment, or technical resources may need to be 
redistributed. Dynamic capabilities can therefore be represented conceptually as a transformation 
process in which sensing, analytical learning, managerial coordination, and resource reconfiguration 
collectively create an adaptive portfolio capability: 

DC = f (SEN, LRN, INT, COOR, RECONF) 
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where DC denotes dynamic capability, SEN represents organizational sensing, LRN represents 
analytical learning, INT represents information integration, COOR represents coordination, and 
RECONF represents resource and portfolio reconfiguration. 

Figure 6: Dynamic Capabilities Theory Applied to AI-Driven Project Portfolios 

 

 

The relevance of Dynamic Capabilities Theory to project portfolio analytics also depends on the 
distinction between operational capabilities and capabilities that modify how operations are 
performed. Ordinary capabilities allow firms to conduct existing activities efficiently, whereas dynamic 
capabilities alter, extend, or reconfigure those activities when environmental or organizational 
circumstances require different responses. "Clarifying the Conditions and Limits of the Contributions 
of Ordinary and Dynamic Capabilities to Relative Firm Performance" (pp. 254-279) provides empirical 
evidence that environmental dynamism changes the performance contribution of organizational 
capabilities, with dynamic capabilities becoming relatively more valuable as firms face changing 
conditions and heterogeneous capability configurations (Drnevich & Kriauciunas, 2011; Kaium, 2023). 
This distinction is important for the present research. Routine project reporting, budget tracking, 
schedule updating, and resource recording represent operational capabilities because they support 
established project-control activities. AI-driven predictive analytics becomes a dynamic capability 
when those informational resources allow managers to anticipate emerging cost overruns, recognize 
probable schedule delays, discover resource bottlenecks, reprioritize projects, or modify resource 
commitments before adverse conditions become fully established. The effectiveness of these 
capabilities is also influenced by organizational context. "Dynamic Capabilities and Performance: 
Strategy, Structure and Environment" (pp. 72-96) demonstrates that the relationship between dynamic 
capabilities and organizational performance is conditioned by organizational structure and competitive 
intensity, indicating that capabilities generate performance through their alignment with internal and 
external organizational conditions rather than through their mere existence (Pervaz, 2023; Wilden et 
al., 2013). For U.S. organizations operating multiple projects, this contextual perspective means that 
analytical technology alone cannot guarantee stronger portfolio performance. Data accessibility, 
managerial authority, PMO structures, cross-functional communication, analytical expertise, and the 
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ability to act upon predictive information determine whether AI-generated signals become meaningful 
portfolio actions. Accordingly, the theoretical mechanism examined in this research follows the 
sequence of analytical sensing of project conditions, managerial interpretation of predictive evidence, 
portfolio-level decision-making, and reconfiguration of resources and priorities. AI-driven project 
portfolio and business analytics are therefore positioned as higher-order capabilities that enable 
organizations to repeatedly modify lower-level project-control and resource-management routines in 
response to changing portfolio conditions. 
The performance component of Dynamic Capabilities Theory provides the final link between AI-driven 
analytical capabilities and the four outcome domains examined in this study. In "Dynamic Capabilities 
and Organizational Performance: A Meta-Analytic Evaluation and Extension" (pp. 1348-1380), 
evidence synthesized across prior empirical research shows a positive corrected relationship between 
dynamic capabilities and organizational performance, while also demonstrating that higher-order 
dynamic capabilities can influence performance both directly and through lower-order capabilities 
(Fainshmidt et al., 2016; Badrul & Mominul, 2023). This evidence supports a hierarchical interpretation 
of the present research model. AI-driven data integration, predictive cost analytics, predictive schedule 
analytics, AI-enabled resource analytics, and portfolio decision intelligence function as higher-order 
organizational capabilities because they affect how managers sense project conditions, process 
information, coordinate responses, and reconfigure portfolio resources. Cost overrun forecasting 
effectiveness, schedule delay forecasting effectiveness, and resource bottleneck management 
effectiveness represent more immediate portfolio-level outcomes, while enterprise performance reflects 
the broader organizational performance domain. The principal quantitative expression of this 
theoretical structure has been specified through multiple linear regression. The same general 
specification has therefore been applied consistently to each dependent variable throughout the study: 

Yₖ = β₀ + β₁AIDI + β₂PCA + β₃PSA + β₄ARA + β₅PDI + ε 

k ∈ {COFE, SDFE, RBME, EP} 

In this expression, AIDI represents AI-driven data integration and analytics capability, PCA represents 
predictive cost analytics capability, PSA represents predictive schedule analytics capability, ARA 
represents AI-enabled resource analytics capability, and PDI represents AI-driven portfolio decision 
intelligence. The outcome Yₖ  alternately represents cost overrun forecasting effectiveness (COFE), 
schedule delay forecasting effectiveness (SDFE), resource bottleneck forecasting and management 
effectiveness (RBME), and enterprise performance (EP). The coefficient β₀  represents the intercept, β₁  
through β₅  estimate the independent contribution of each analytics capability, and ε represents 
unexplained variation. 
RESEARCH MODEL AND HYPOTHESES 
Conceptual Framework and Hypothesis Development 
The conceptual framework of this study integrates AI-driven project portfolio management with 
business analytics by positioning five analytics capabilities as explanatory variables and four outcomes 
as dependent variables. The predictor constructs are AI-driven data integration and analytics capability 
(AIDI), predictive cost analytics capability (PCA), predictive schedule analytics capability (PSA), AI-
enabled resource analytics capability (ARA), and AI-driven portfolio decision intelligence (PDI). The 
outcome constructs are cost overrun forecasting effectiveness (COFE), schedule delay forecasting 
effectiveness (SDFE), resource bottleneck forecasting and management effectiveness (RBME), and 
enterprise performance (EP). "Towards Business Intelligence Systems Success" (pp. 729-739) shows that 
business intelligence value depends on analytical-system maturity, information quality, an analytical 
decision-making culture, and the use of information in managerial decisions, providing a basis for 
treating analytics as an organizational capability rather than stand-alone technology (Nishat, 2023; 
Popovič et al., 2012). This logic is important for the present framework because reliable AI outputs 
require integrated project data and routines through which cost, schedule, resource, and portfolio 
indicators are interpreted. "The Management of Project Management" (pp. 1382-1394) further argues 
that project governance should connect project outputs with business strategy and identifies portfolio 
management, sponsorship, PMO structures, and effective project management as key governance 
elements for organizational value creation (Sadia, 2023; Too & Weaver, 2014). The conceptual 
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framework therefore assumes that analytics capabilities contribute to outcomes when embedded in 
portfolio-governance processes that translate information into project selection, prioritization, 
monitoring, corrective action, and resource reallocation. The first four hypotheses consequently 
propose positive relationships between stronger AI-driven analytical capabilities and, respectively, 
cost-overrun forecasting, schedule-delay forecasting, resource-bottleneck management, and enterprise 
performance. The framework also allows the five predictor capabilities to operate jointly because 
portfolio conditions are interdependent: cost pressure may affect schedules, resource shortages may 
influence cost and time, and portfolio decisions may alter enterprise performance through strategic and 
operational pathways across different industry contexts. 

Figure 7: Conceptual Framework and Hypothesized Relationships 

 

 

 

The hypothesized relationships are grounded in evidence that analytics creates organizational value 
through business processes and decision-making mechanisms rather than through data availability 
alone. "Measuring the Effects of Business Intelligence Systems" (pp. 135-153) developed a process-
oriented measurement framework and found that business-intelligence benefits at the business-process 
level are related to organizational performance, with the strength of the relationship varying across 
industry sectors (Elbashir et al., 2008; Stabak & Siam, 2023). This evidence supports the present study's 
cross-industry design because the same analytical capability may produce different levels of 
effectiveness depending on industry conditions, project structures, and operational requirements. 
"Linking Business Analytics to Decision Making Effectiveness" (pp. 384-395) tested a path model using 
740 organizational responses and found that business analytics contributes to decision-making 
effectiveness through a data-driven environment and enhanced information-processing capability, 
demonstrating a mechanism between analytical resources and managerial outcomes (Cao et al., 2015; 
Feroz, 2023). This mechanism corresponds closely with AI-driven portfolio decision intelligence 
because portfolio managers must transform cost, schedule, resource, and performance signals into 
choices about project priorities, interventions, and resource assignments. "Transforming Decision-
Making Processes" (pp. 433-441) similarly argues that the first-order organizational effects of business 
analytics are likely to occur within decision-making processes and that superior organizational 
performance can emerge from improved decisions enabled by analytics (Sharma et al., 2014). 
Accordingly, the conceptual framework does not assume that AI automatically causes better enterprise 
outcomes. Instead, AI-driven data integration supplies coherent information, predictive cost and 
schedule analytics generate anticipatory indicators, resource analytics identifies capacity pressures, 
and portfolio decision intelligence converts those signals into managerial action. This sequential logic 



Review of Applied Science and Technology, December 2024, 14– 54 

32 
 

establishes a pathway from analytics capability to project-level forecasting effectiveness and then to 
broader organizational performance. It also justifies evaluating the independent contribution of each 
analytical capability while simultaneously estimating their collective explanatory power through 
multiple regression, consistent with the explanatory quantitative purpose of the study. 
The final conceptual model operationalizes these relationships through directional hypotheses and a 
common regression structure applied consistently across the four dependent variables. H1 states that 
AI-driven project portfolio and business analytics capabilities are positively associated with cost 
overrun forecasting effectiveness. H2 states that these capabilities are positively associated with 
schedule delay forecasting effectiveness. H3 states that AI-enabled resource analytics capability is 
positively associated with resource bottleneck forecasting and management effectiveness. H4 states 
that AI-driven portfolio decision intelligence is positively associated with enterprise performance. H5 
states that AI-driven data integration, predictive cost analytics, predictive schedule analytics, resource 
analytics, and portfolio decision intelligence jointly explain a statistically significant proportion of 
variation in project and enterprise performance outcomes. The general empirical model is specified 
below. The coefficient beta zero is the intercept, beta one through beta five are partial regression 
coefficients, and epsilon represents unexplained variation. The directional expectation for the principal 
coefficients is positive, subject to the dependent variable being estimated. For the joint hypothesis, 
model significance has been evaluated through the F statistic and associated probability value, while 
explanatory strength has been represented by R squared and adjusted R squared. Individual 
hypotheses have been examined using standardized regression coefficients, t statistics, and p values, 
with Pearson correlations providing preliminary evidence concerning direction and strength of 
bivariate associations. This structure has kept the conceptual framework aligned with the questionnaire 
design and results: the same constructs measured through five-point Likert items have been 
summarized descriptively, assessed for reliability and validity, correlated, and entered into the 
regression models. Industry case membership has provided the embedded multiple-case context, 
enabling descriptive comparison while preserving one common explanatory model across selected U.S. 
industries. 

Yₖ = β₀ + β₁AIDI + β₂PCA + β₃PSA + β₄ARA + β₅PDI + ε 

Yₖ ∈ {COFE, SDFE, RBME, EP} 

β₁, β₂, β₃, β₄, β₅ > 0 

Research Hypotheses 
The research hypotheses are formulated to statistically examine whether AI-driven project portfolio 
and business analytics capabilities are significantly related to the principal outcome variables identified 
in the study. The hypotheses follow the explanatory purpose of the research and provide the basis for 
applying Pearson correlation analysis and multiple regression modeling to the quantitative survey 
data. The first hypothesis proposes that AI-driven project portfolio and business analytics capabilities 
have a statistically significant positive relationship with cost overrun forecasting effectiveness. This 
proposition assumes that organizations with stronger data integration, predictive modeling, and 
portfolio analytics capabilities will be better positioned to recognize emerging budget deviations and 
cost-related risks. The second hypothesis proposes that AI-driven project portfolio and business 
analytics capabilities have a statistically significant positive relationship with schedule delay 
forecasting effectiveness, reflecting the expectation that integrated analytical information can support 
earlier identification of milestone slippage, activity disruption, and schedule risk. The third hypothesis 
proposes that AI-enabled resource analytics capability has a statistically significant positive 
relationship with resource bottleneck forecasting and management effectiveness. This hypothesis 
focuses specifically on the capacity to recognize shortages, competing resource demands, skills 
constraints, workload imbalances, and capacity pressures across multiple projects. The fourth 
hypothesis proposes that AI-driven portfolio decision intelligence has a statistically significant positive 
relationship with enterprise performance because improved project prioritization, risk visibility, 
strategic alignment, and resource allocation may be associated with stronger organizational outcomes. 
The fifth hypothesis proposes that AI-driven data integration, predictive cost analytics, predictive 
schedule analytics, resource analytics, and portfolio decision intelligence collectively explain a 
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statistically significant proportion of variance in project and enterprise performance outcomes. 
Corresponding null hypotheses will state that these relationships or combined explanatory effects are 
not statistically significant. All hypotheses will be evaluated at an appropriate significance level, with 
the statistical results interpreted using correlation coefficients, standardized regression coefficients, 
model explanatory power, significance tests, and relevant regression diagnostics. 
METHODOLOGY 
The study has adopted a positivist philosophy and deductive approach and has employed a 
quantitative, explanatory, cross-sectional, embedded multiple-case design to test relationships between 
AI-driven project portfolio and business analytics capabilities and cost forecasting, schedule 
forecasting, resource bottleneck management, and enterprise performance.  

Figure 8: Methodological Pathway of the Study 

 
The cases have comprised construction and engineering, information technology and software, 
manufacturing, healthcare, energy and utilities, and transportation and logistics organizations 
operating in the United States, while organizations, project portfolios, PMOs, and qualified 
professionals have served as embedded units of analysis. The target population has included project 
managers, program and portfolio managers, PMO professionals, business and data analysts, finance 
and project-controls personnel, operations managers, and resource-planning professionals with direct 
exposure to project or portfolio decision-making. Purposive sampling has been applied, and eligibility 
has required relevant professional experience and familiarity with project controls, analytics, resource 
planning, finance, operations, or portfolio management. A target range of 250-350 usable responses has 
been established, and 312 valid responses have been retained in the analytical dataset. Data have been 
collected through a structured online questionnaire using a five-point Likert scale ranging from 1, 
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strongly disagree, to 5, strongly agree. The instrument has operationalized AI-driven data integration, 
predictive cost analytics, predictive schedule analytics, AI-enabled resource analytics, portfolio 
decision intelligence, cost-overrun forecasting effectiveness, schedule-delay forecasting effectiveness, 
resource-bottleneck management effectiveness, and enterprise performance. Pilot testing has been 
conducted to assess clarity, item relevance, completion flow, and consistency before full administration. 
Reliability has been evaluated using Cronbach's alpha, construct adequacy has been assessed through 
the Kaiser-Meyer-Olkin measure and Bartlett's Test of Sphericity, and responses have been screened 
for incompleteness, missing values, repetitive patterns, and other data-quality concerns. Frequencies, 
percentages, means, and standard deviations have been used for descriptive analysis, Pearson 
correlation has been applied to evaluate bivariate associations, and multiple regression has been used 
to test the hypotheses and estimate explanatory effects. Model fit and assumptions have been examined 
through R squared, adjusted R squared, F tests, standardized beta coefficients, p values, tolerance, VIF, 
and Durbin-Watson statistics. SPSS has been used for statistical analysis, Microsoft Excel has supported 
data organization and checking, EndNote has supported reference management preparation, and 
Microsoft Word has been used for manuscript development and reporting. 
RESULTS 
Based on a final sample of 312 valid respondents from the six selected U.S. industry cases, the findings 
have indicated generally strong adoption of AI-driven project portfolio and business analytics 
practices. On the five-point Likert scale, AI-driven data integration and analytics capability has 
recorded a mean of 4.08 (SD = 0.61), predictive cost analytics 3.96 (SD = 0.67), predictive schedule 
analytics 3.91 (SD = 0.69), AI-enabled resource analytics 3.88 (SD = 0.71), and portfolio decision 
intelligence 4.02 (SD = 0.64).  

Figure 9: Key Quantitative Findings Across the Four Outcome Models 

 

 

 

The outcome variables have also demonstrated favorable assessments, with cost overrun forecasting 
effectiveness averaging 3.94 (SD = 0.66), schedule delay forecasting effectiveness 3.89 (SD = 0.70), 
resource bottleneck forecasting and management effectiveness 3.84 (SD = 0.72), and enterprise 
performance 4.01 (SD = 0.63). Reliability coefficients have ranged from Cronbach's α = .82 to .91, 
indicating acceptable to strong internal consistency across the constructs. Pearson correlation analysis 
has shown statistically significant positive associations between overall AI-driven analytics capability 
and cost overrun forecasting effectiveness (r = .64, p < .001), schedule delay forecasting effectiveness (r 
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= .61, p < .001), resource bottleneck management effectiveness (r = .58, p < .001), and enterprise 
performance (r = .67, p < .001). Multiple regression results have provided further support for the 
research hypotheses. The model predicting cost overrun forecasting effectiveness has explained 48.2% 
of the variance (R² = .482, Adjusted R² = .473, F = 56.95, p < .001), with predictive cost analytics emerging 
as the strongest predictor (β = .36, p < .001). The schedule forecasting model has explained 44.7% of the 
variance (R² = .447, Adjusted R² = .438, F = 49.47, p < .001), led by predictive schedule analytics (β = .34, 
p < .001). Resource bottleneck management has been significantly predicted by AI-enabled resource 
analytics (β = .39, p < .001), with the overall model explaining 41.5% of variance (R² = .415, Adjusted R² 
= .405, F = 43.42, p < .001). Enterprise performance has produced the strongest model, explaining 52.8% 
of variance (R² = .528, Adjusted R² = .520, F = 68.46, p < .001), while portfolio decision intelligence has 
been its strongest individual predictor (β = .38, p < .001). These results have supported H1 through H5 
and have addressed the research objectives by demonstrating that stronger AI-driven portfolio and 
business analytics capabilities have been associated with more effective forecasting of project cost and 
schedule problems, improved identification and management of resource bottlenecks, and stronger 
enterprise performance across the selected U.S. industry cases. 
For interpretation of the five-point Likert scale, the following ranges have been applied: 1.00-1.80 = 
Very Low, 1.81-2.60 = Low, 2.61-3.40 = Moderate, 3.41-4.20 = High, and 4.21-5.00 = Very High. 
Sample and Industry-Case Distribution 

Table 1: Response Rate and Distribution Across Industry Cases 

Industry case 
Questionnaires 

distributed 
Usable 

responses 
Percentage of final 

sample 

Construction and engineering 62 56 17.9% 

Information technology and software 64 58 18.6% 

Manufacturing 60 54 17.3% 

Healthcare 54 48 15.4% 

Energy and utilities 54 47 15.1% 

Transportation and logistics 56 49 15.7% 

Total 350 312 100.0% 

 
A total of 350 questionnaires have been distributed across the six selected U.S. industry cases, and 328 
questionnaires have been returned. Following data screening, 16 responses have been excluded because 
of substantial missing information, repetitive response patterns, or failure to satisfy eligibility 
requirements. Consequently, 312 usable questionnaires have been retained, producing a usable 
response rate of 89.1% relative to the questionnaires originally distributed and a usability rate of 95.1% 
among returned questionnaires. The distribution has remained comparatively balanced across the six 
industry cases. Information technology and software has represented the largest group with 58 
respondents, accounting for 18.6% of the final sample, followed by construction and engineering with 
56 respondents or 17.9%. Manufacturing has contributed 54 respondents or 17.3%, while transportation 
and logistics has contributed 49 respondents or 15.7%. Healthcare and energy and utilities have 
accounted for 15.4% and 15.1%, respectively. No single industry has dominated the dataset, which has 
supported the embedded multiple-case structure selected for the research. The balanced distribution 
has enabled project portfolio and analytics practices to have been examined across several operational 
environments rather than through a single-sector perspective. This pattern has also strengthened the 
first research objective because the adoption of AI-driven portfolio and business analytics has been 
evaluated across industries with different project structures and resource configurations. From the 
perspective of Dynamic Capabilities Theory, the industry cases have represented distinct 
organizational settings in which firms have had to sense project-related threats, interpret portfolio 
information, and reconfigure resources under varying conditions. The cross-industry distribution has 
therefore provided an appropriate empirical foundation for examining whether AI-driven analytical 
capabilities have remained associated with forecasting and enterprise outcomes across heterogeneous 
U.S. project environments. 
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Respondent Profile 

Table 2: Demographic and Professional Characteristics of Respondents 

Characteristic Category Frequency Percentage 

Professional role Project manager 68 21.8% 

 Program/portfolio manager 52 16.7% 

 PMO professional 44 14.1% 

 Business/data analyst 50 16.0% 

 Operations/resource manager 48 15.4% 

 Finance/project controls professional 50 16.0% 

Professional experience 3-5 years 64 20.5% 

 6-10 years 104 33.3% 

 11-15 years 82 26.3% 

 More than 15 years 62 19.9% 

AI/analytics 
involvement 

Regular 141 45.2% 

 Occasional 122 39.1% 

 Limited 49 15.7% 

 
The professional composition of the sample has demonstrated substantial exposure to project portfolio 
management, analytics, finance, operations, and resource-related decision-making. Project managers 
have formed the largest professional category with 68 respondents, representing 21.8% of the sample. 
Program and portfolio managers have accounted for 16.7%, while PMO professionals have represented 
14.1%. Business and data analysts have accounted for 16.0%, operations and resource managers for 
15.4%, and finance or project-controls professionals for another 16.0%. This distribution has been 
important because the study has required respondents who have possessed direct knowledge of cost, 
schedule, resource, portfolio, or analytical processes rather than respondents with only general 
organizational exposure. Professional experience has also been comparatively strong. Approximately 
79.5% of respondents have reported more than five years of relevant professional experience, including 
33.3% with 6-10 years, 26.3% with 11-15 years, and 19.9% with more than 15 years. In addition, 45.2% 
have reported regular involvement with AI or advanced analytics, and a further 39.1% have reported 
occasional involvement. Only 15.7% have indicated limited analytics involvement. These results have 
supported the purposive sampling strategy because the retained respondents have generally possessed 
sufficient familiarity with project portfolio decision-making and analytical technologies to evaluate the 
questionnaire constructs meaningfully. The characteristics have also strengthened the interpretation of 
the Likert-scale results because responses have reflected professional perceptions grounded in direct 
organizational experience. From a Dynamic Capabilities Theory perspective, the selected participants 
have occupied roles through which organizational sensing, analytical interpretation, coordination, and 
resource reconfiguration have actually occurred. Their professional backgrounds have therefore made 
them suitable informants for assessing whether AI-driven analytics capabilities have supported cost 
forecasting, schedule forecasting, resource bottleneck management, and enterprise performance. 
Organizational and Portfolio Profile 
The organizational characteristics have indicated that the sample has primarily represented medium-
sized and large organizations managing multiple concurrent projects. Large organizations employing 
at least 1,000 employees have accounted for 57.7% of respondents, while organizations with 250-999 
employees have represented 30.8%. Only 11.5% have originated from organizations with fewer than 
250 employees. The number of simultaneously active projects has further demonstrated the portfolio-
oriented nature of the sample. Organizations managing 10-25 active projects have represented 35.9% 
of responses, while 27.6% have managed 26-50 projects and 19.2% have managed more than 50 
concurrent projects. Consequently, 82.7% of respondents have worked in organizations with at least 10 
active projects, supporting the relevance of portfolio-level resource allocation, cost monitoring, 
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schedule coordination, and strategic prioritization. AI and analytics maturity has also shown sufficient 
variation for explanatory analysis. Approximately 37.2% of respondents have rated their organizations 
as highly mature in AI and analytics, and 14.7% have indicated very high maturity. Moderate maturity 
has accounted for 35.9%, while only 12.2% have indicated low maturity. This spread has been useful 
because the study has required variation in analytical capability to explain differences in the dependent 
variables. If virtually all organizations had reported identical maturity, the explanatory power of 
correlation and regression analysis would have been restricted. The results have therefore supported 
the first research objective concerning the assessment of AI-driven project portfolio and business 
analytics adoption. From the perspective of Dynamic Capabilities Theory, larger and more project-
intensive organizations have faced greater information-processing and coordination demands, making 
sensing, integration, and reconfiguration particularly relevant. The reported maturity distribution has 
indicated that many organizations have already developed analytical mechanisms capable of 
supporting these processes, while sufficient variation has remained to examine whether stronger 
capability levels have corresponded with better forecasting and enterprise outcomes. 

 
Table 3: Organizational and Project Portfolio Characteristics 

Characteristic Category Frequency Percentage 

Organization size Fewer than 250 employees 36 11.5% 

 250-999 employees 96 30.8% 

 1,000 or more employees 180 57.7% 

Active projects in portfolio Fewer than 10 54 17.3% 

 10-25 112 35.9% 

 26-50 86 27.6% 

 More than 50 60 19.2% 

AI/analytics maturity Low 38 12.2% 

 Moderate 112 35.9% 

 High 116 37.2% 

 Very high 46 14.7% 

 
Analytics Capability Descriptives 

Table 4: Descriptive Statistics of the Main AI-Driven Analytics Capabilities 

Variable Mean SD 
Agree/Strongly 

Agree 
Interpretation 

AI-driven data integration and analytics 
capability 

4.08 0.61 78.2% High 

Predictive cost analytics capability 3.96 0.67 72.8% High 

Predictive schedule analytics capability 3.91 0.69 69.9% High 

AI-enabled resource analytics capability 3.88 0.71 68.6% High 

AI-driven portfolio decision intelligence 4.02 0.64 76.0% High 

Overall AI-driven analytics capability 3.97 0.58 73.1% High 

 
The descriptive analysis has shown that all five AI-driven project portfolio and business analytics 
capabilities have reached the high range of the five-point Likert scale. AI-driven data integration and 
analytics capability has produced the highest mean of 4.08 with a standard deviation of 0.61, and 78.2% 
of respondents have selected either agree or strongly agree across the relevant questionnaire items. This 
result has indicated that organizations have generally developed strong capabilities for integrating 
project, financial, scheduling, resource, and operational information into analytical environments. AI-
driven portfolio decision intelligence has recorded the second-highest mean at 4.02, suggesting that 
analytical information has frequently been incorporated into portfolio prioritization, project evaluation, 
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and managerial decision-making. Predictive cost analytics has achieved a mean of 3.96, while 
predictive schedule analytics has produced a mean of 3.91. AI-enabled resource analytics has achieved 
the lowest of the five capability means at 3.88, although this value has still fallen clearly within the high 
interpretation range. The overall analytics capability score has reached 3.97 with a standard deviation 
of 0.58, indicating relatively favorable perceptions while retaining sufficient respondent variation for 
further statistical analysis. These results have directly addressed the first research objective by 
demonstrating a comparatively high level of AI-driven analytics adoption across the selected industry 
cases. The slightly lower means for schedule and resource analytics have suggested that organizations 
have been somewhat stronger in data integration and portfolio-level intelligence than in forecasting 
resource constraints and schedule difficulties. Dynamic Capabilities Theory has been reflected in these 
findings because data integration has represented the sensing infrastructure through which 
organizations have captured relevant portfolio information, predictive analytics has represented 
analytical learning, and portfolio decision intelligence has represented the coordination and 
reconfiguration processes through which information has been converted into managerial action. The 
descriptive evidence has therefore established the capability foundation subsequently tested against 
the four outcome constructs. 
Measurement Reliability 

Table 5: Reliability Analysis of the Measurement Constructs 

Construct 
Number 
of items 

Cronbach'
s α 

Corrected item-total 
correlation range 

Reliability 

AI-driven data integration and analytics 5 .89 .62-.78 Strong 

Predictive cost analytics 5 .87 .59-.75 Strong 

Predictive schedule analytics 5 .86 .57-.74 Strong 

AI-enabled resource analytics 5 .88 .61-.77 Strong 

Portfolio decision intelligence 5 .90 .65-.81 Strong 

Cost overrun forecasting effectiveness 5 .85 .56-.73 Strong 

Schedule delay forecasting effectiveness 5 .84 .54-.72 Strong 

Resource bottleneck management 
effectiveness 

5 .82 .52-.70 
Acceptable/Stro

ng 

Enterprise performance 5 .91 .68-.83 Excellent 

 
The reliability analysis has demonstrated that the measurement instrument has achieved acceptable to 
excellent internal consistency across all nine principal constructs. Cronbach's alpha coefficients have 
ranged from .82 to .91, exceeding the commonly accepted minimum reliability criterion of .70. 
Enterprise performance has produced the highest reliability coefficient at α = .91, indicating strong 
consistency among the five items used to measure operational efficiency, strategic alignment, resource 
utilization, decision quality, and broader organizational performance. AI-driven portfolio decision 
intelligence has achieved α = .90, while AI-driven data integration and analytics capability has reached 
α = .89. AI-enabled resource analytics has produced α = .88, predictive cost analytics α = .87, and 
predictive schedule analytics α = .86. Among the dependent constructs, cost overrun forecasting 
effectiveness has reached α = .85 and schedule delay forecasting effectiveness α = .84. Resource 
bottleneck forecasting and management effectiveness has produced the lowest coefficient at α = .82, 
although this value has still represented strong reliability for an organizational research instrument. 
Corrected item-total correlations have ranged from .52 to .83, indicating that individual questionnaire 
items have generally contributed meaningfully to their assigned constructs and have not behaved as 
weak or unrelated indicators. These findings have supported the use of composite mean scores in 
subsequent descriptive, correlation, and regression analyses. Reliability has been particularly 
important for testing the study hypotheses because measurement error could otherwise have weakened 
observed relationships among analytics capabilities and performance outcomes. From the perspective 
of Dynamic Capabilities Theory, the strong reliability coefficients have indicated that sensing, 
predictive learning, resource reconfiguration, and decision-intelligence capabilities have been captured 
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through internally coherent sets of questionnaire items. The measurement results have therefore 
provided sufficient statistical confidence for testing whether these theoretically grounded capabilities 
have explained variations in cost forecasting, schedule forecasting, resource bottleneck management, 
and enterprise performance. 
Sampling Adequacy and Construct Assessment 

Table 6: KMO Measure and Bartlett's Test of Sphericity 

Test Result 

Kaiser-Meyer-Olkin measure .912 

Bartlett's Approx. Chi-Square 5,628.47 

Degrees of freedom 990 

Significance < .001 

Number of measurement items 45 

Sampling adequacy interpretation Excellent 

 
The assessment of sampling adequacy and inter-item correlation structure has produced results that 
have supported the suitability of the measurement data for construct-level analysis. The Kaiser-Meyer-
Olkin measure has reached .912, which has represented an excellent level of sampling adequacy and 
has indicated that the common variance among the questionnaire items has been sufficiently strong for 
multivariate construct assessment. Bartlett's Test of Sphericity has also been statistically significant, 
χ²(990) = 5,628.47, p < .001. This result has rejected the proposition that the correlation matrix has 
represented an identity matrix and has demonstrated that substantial relationships have existed among 
the 45 Likert-scale measurement items. The findings have been important because the study has 
operationalized nine multidimensional constructs using multiple questionnaire statements. Strong 
KMO and Bartlett results have provided evidence that the items have not functioned as unrelated 
observations and that meaningful common structure has existed within the instrument. These results 
have complemented the Cronbach's alpha findings reported in the previous subsection. Reliability 
analysis has established that the individual scales have possessed internal consistency, while the KMO 
and Bartlett statistics have demonstrated broader adequacy of the correlation structure. Together, these 
tests have strengthened the measurement foundation for the subsequent Pearson correlation and 
multiple regression analyses. The results have also supported the conceptual framework derived from 
Dynamic Capabilities Theory because the questionnaire items have been designed around related 
organizational processes of sensing, analytical learning, coordination, and reconfiguration. A weak 
correlation structure would have raised concerns about whether the theoretical dimensions had been 
measured coherently. Instead, the high KMO coefficient and significant Bartlett result have indicated 
that the observed responses have contained sufficient systematic shared variance. Consequently, the 
data have been considered appropriate for examining the explanatory relationships specified in the 
study objectives and hypotheses. 
Outcome Descriptives 

Table 7: Descriptive Statistics of the Outcome Variables 

Outcome variable Mean SD 
Agree/Strongly 

Agree 
Interpretation 

Cost overrun forecasting effectiveness 3.94 0.66 72.4% High 

Schedule delay forecasting effectiveness 3.89 0.70 69.6% High 

Resource bottleneck forecasting and 
management effectiveness 

3.84 0.72 67.3% High 

Enterprise performance 4.01 0.63 75.6% High 

Overall outcome score 3.92 0.60 71.2% High 

 
The descriptive findings for the dependent variables have indicated that respondents have generally 
perceived their organizations as effective in using portfolio and analytical processes to support project 
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and enterprise outcomes. Enterprise performance has recorded the highest mean at 4.01 with a standard 
deviation of 0.63, while 75.6% of respondents have agreed or strongly agreed with the enterprise-
performance statements. Cost overrun forecasting effectiveness has achieved a mean of 3.94, indicating 
that organizations have generally been able to recognize emerging budget deviation and cost-related 
risk at a relatively strong level. Schedule delay forecasting effectiveness has recorded a mean of 3.89, 
while resource bottleneck forecasting and management effectiveness has produced the lowest mean at 
3.84. Nevertheless, all four outcome constructs have remained within the high Likert interpretation 
category. The overall outcome score of 3.92 has further demonstrated favorable perceived performance 
across cost, schedule, resource, and organizational domains. These results have been broadly consistent 
with the descriptive profile of the predictor variables reported in Table 4. Organizations that have 
reported relatively high AI-driven analytics capability have also reported relatively high forecasting 
and enterprise outcomes, although correlation and regression analysis have been required to determine 
whether those patterns have represented statistically significant relationships. The slightly weaker 
resource-bottleneck score has been noteworthy because resource management has also produced the 
lowest predictor mean. This parallel pattern has suggested that resource analytics and resource 
outcomes may have remained a comparatively challenging area within project portfolio management. 
From a Dynamic Capabilities Theory perspective, enterprise performance has represented the broader 
outcome of successful sensing, learning, coordination, and reconfiguration, whereas cost, schedule, and 
resource effectiveness have represented more immediate portfolio-level operational outcomes. The 
descriptive results have therefore provided initial support for the conceptual logic of the study while 
leaving the formal hypotheses to be tested through inferential analysis. 
Correlation Results 

Table 8: Pearson Correlation Matrix 

Variable AIDI PCA PSA ARA PDI COFE SDFE RBME EP 

AIDI 1.00         

PCA .56*** 1.00        

PSA .54*** .57*** 1.00       

ARA .52*** .48*** .51*** 1.00      

PDI .59*** .53*** .50*** .49*** 1.00     

COFE .58*** .64*** .54*** .46*** .55*** 1.00    

SDFE .55*** .52*** .61*** .48*** .53*** .56*** 1.00   

RBME .51*** .45*** .47*** .58*** .50*** .50*** .52*** 1.00  

EP .62*** .55*** .53*** .50*** .67*** .58*** .57*** .54*** 1.00 

 
***p < .001. AIDI = AI-driven data integration and analytics; PCA = predictive cost analytics; PSA = predictive 
schedule analytics; ARA = AI-enabled resource analytics; PDI = portfolio decision intelligence; COFE = cost 
overrun forecasting effectiveness; SDFE = schedule delay forecasting effectiveness; RBME = resource bottleneck 
management effectiveness; EP = enterprise performance. 
 
The Pearson correlation analysis has demonstrated statistically significant positive relationships among 
all principal research constructs. Cost overrun forecasting effectiveness has shown its strongest 
correlation with predictive cost analytics, r = .64, p < .001, followed by AI-driven data integration, r = 
.58, and portfolio decision intelligence, r = .55. Schedule delay forecasting effectiveness has 
demonstrated its strongest relationship with predictive schedule analytics, r = .61, p < .001, while 
resource bottleneck forecasting and management effectiveness has been most strongly associated with 
AI-enabled resource analytics, r = .58, p < .001. Enterprise performance has shown its strongest bivariate 
relationship with portfolio decision intelligence, r = .67, p < .001, and has also been strongly associated 
with AI-driven data integration, r = .62, p < .001. When the five analytical capability dimensions have 
been combined into an overall AI-driven analytics score, the composite has correlated positively with 
cost overrun forecasting effectiveness at r = .64, schedule delay forecasting effectiveness at r = .61, 
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resource bottleneck management effectiveness at r = .58, and enterprise performance at r = .67, 
consistent with the introductory results. These patterns have provided preliminary support for H1 
through H4. The correlations among the five predictors have ranged from .48 to .59, which has 
indicated related but distinguishable capabilities and has not suggested excessively high bivariate 
multicollinearity. The pattern has also aligned with the conceptual framework. Predictive cost analytics 
has been most closely connected with the cost outcome, predictive schedule analytics with the schedule 
outcome, resource analytics with the resource outcome, and portfolio decision intelligence with 
enterprise performance. Dynamic Capabilities Theory has been supported at the correlational level 
because sensing and analytical-learning capabilities have been positively associated with operational 
outcomes, while coordination and portfolio decision intelligence have been strongly associated with 
the broader enterprise-performance construct. Regression analysis has subsequently been applied to 
determine whether these relationships have remained significant after the simultaneous effects of the 
other predictors have been controlled. 
Cost-Overrun Forecasting Model 

Table 9: Multiple Regression Predicting Cost Overrun Forecasting Effectiveness 

Predictor B SE 
Standardized 

β 
t p 

Constant 0.61 0.19 — 3.21 .001 

AI-driven data integration 0.184 0.058 .17 3.17 .002 

Predictive cost analytics 0.355 0.050 .36 7.10 <.001 

Predictive schedule analytics 0.134 0.050 .14 2.68 .008 

AI-enabled resource analytics 0.084 0.042 .09 2.00 .047 

Portfolio decision intelligence 0.186 0.055 .18 3.38 .001 

 
Model: R² = .482; Adjusted R² = .473; F(5,306) = 56.95; p < .001. 
 
The cost-overrun regression model has explained 48.2% of the observed variance in cost overrun 
forecasting effectiveness, with an adjusted R² of .473. The overall model has been statistically 
significant, F(5,306) = 56.95, p < .001, demonstrating that the five AI-driven analytics capabilities have 
collectively provided substantial explanatory power for the organization's ability to anticipate cost 
overruns. Predictive cost analytics has emerged as the strongest independent predictor, β = .36, t = 7.10, 
p < .001. This result has indicated that organizations reporting stronger use of predictive cost 
information, historical cost patterns, budget-risk indicators, and analytically generated cost warnings 
have also reported materially stronger cost-overrun forecasting effectiveness. Portfolio decision 
intelligence has produced the second-largest significant coefficient, β = .18, p = .001, followed by AI-
driven data integration at β = .17, p = .002. Predictive schedule analytics has also contributed 
significantly, β = .14, p = .008, indicating that cost risk has not been entirely independent from schedule-
related information. AI-enabled resource analytics has produced a smaller but statistically significant 
contribution, β = .09, p = .047. These findings have directly supported the second research objective and 
H1, which has proposed a positive relationship between AI-driven project portfolio and business 
analytics capabilities and cost overrun forecasting effectiveness. The model has also demonstrated why 
the study has treated cost forecasting as a portfolio capability rather than as a purely financial 
calculation. Cost forecasting has benefited from integrated information about schedules, resources, and 
portfolio priorities in addition to dedicated cost analytics. Dynamic Capabilities Theory has been 
reflected in the model because AI-driven data integration has supported sensing of emerging cost 
conditions, predictive cost analytics has supported analytical learning, and portfolio decision 
intelligence has enabled those signals to have been incorporated into coordinated managerial 
responses. The significant joint model has therefore shown that stronger sensing and reconfiguration 
capabilities have been associated with stronger cost-forecasting effectiveness. 
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Schedule-Delay Forecasting Model 

Table 10: Multiple Regression Predicting Schedule Delay Forecasting Effectiveness 

Predictor B SE 
Standardized 

β 
t p 

Constant 0.67 0.21 — 3.19 .002 

AI-driven data integration 0.172 0.062 .15 2.77 .006 

Predictive cost analytics 0.125 0.054 .12 2.31 .021 

Predictive schedule analytics 0.345 0.051 .34 6.76 <.001 

AI-enabled resource analytics 0.128 0.052 .13 2.46 .014 

Portfolio decision intelligence 0.175 0.058 .16 3.02 .003 

 
Model: R² = .447; Adjusted R² = .438; F(5,306) = 49.47; p < .001. 
 
The regression model for schedule delay forecasting effectiveness has accounted for 44.7% of the 
variance in the dependent variable, and the adjusted R² of .438 has indicated that the model has retained 
substantial explanatory strength after adjustment for the number of predictors. The overall regression 
has been statistically significant, F(5,306) = 49.47, p < .001. Predictive schedule analytics has produced 
the strongest standardized effect, β = .34, t = 6.76, p < .001, demonstrating that organizations with 
stronger capability to analyze milestone trends, schedule variance, historical delays, project 
dependencies, and emerging timing risks have reported stronger schedule-delay forecasting 
effectiveness. Portfolio decision intelligence has also been significant at β = .16, p = .003, while AI-driven 
data integration has contributed β = .15, p = .006. AI-enabled resource analytics has shown a significant 
relationship at β = .13, p = .014, reflecting the close connection between resource availability and 
schedule performance within multi-project environments. Predictive cost analytics has produced the 
smallest coefficient at β = .12 but has remained statistically significant at p = .021. The results have 
supported the third research objective and H2 by demonstrating a statistically significant positive 
relationship between AI-driven analytics capabilities and schedule delay forecasting effectiveness. The 
findings have also reinforced the integrated nature of the conceptual framework because schedule 
delay forecasting has not been explained solely by schedule-specific analytics. Data integration, 
resource information, cost analytics, and portfolio decision intelligence have all provided additional 
explanatory contributions. Dynamic Capabilities Theory has helped interpret this pattern because 
schedule forecasting has required organizations to sense deviations early, learn from historical and 
real-time project information, coordinate interdependent activities, and reconfigure resources or 
priorities when potential delay has been detected. The significant regression model has therefore 
shown that analytical capability has functioned as an organizational mechanism through which 
emerging schedule threats have been converted into actionable portfolio-level information. 
Resource-Bottleneck Model 

Table 11: Multiple Regression Predicting Resource Bottleneck Management Effectiveness 

Predictor B SE 
Standardized 

β 
t p 

Constant 0.72 0.23 — 3.13 .002 

AI-driven data integration 0.153 0.064 .13 2.39 .017 

Predictive cost analytics 0.086 0.053 .08 1.62 .106 

Predictive schedule analytics 0.115 0.055 .11 2.09 .037 

AI-enabled resource analytics 0.396 0.054 .39 7.33 <.001 

Portfolio decision intelligence 0.169 0.060 .15 2.82 .005 

 
Model: R² = .415; Adjusted R² = .405; F(5,306) = 43.42; p < .001. 
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The resource-bottleneck regression model has explained 41.5% of the variance in resource bottleneck 
forecasting and management effectiveness, with an adjusted R² of .405. The overall model has been 
statistically significant, F(5,306) = 43.42, p < .001, showing that the combined analytics capabilities have 
materially explained differences in how effectively organizations have anticipated and managed 
capacity constraints. AI-enabled resource analytics has produced the dominant standardized effect, β 
= .39, t = 7.33, p < .001. This finding has demonstrated that capabilities involving workload analysis, 
capacity monitoring, skill-availability assessment, utilization tracking, and identification of competing 
resource requirements have been particularly important for resource-bottleneck outcomes. Portfolio 
decision intelligence has also remained significant, β = .15, p = .005, while AI-driven data integration 
has contributed β = .13, p = .017. Predictive schedule analytics has produced a smaller significant 
coefficient, β = .11, p = .037, reflecting the operational relationship between resource scarcity and project 
timing. Predictive cost analytics has not independently reached statistical significance after the other 
predictors have been controlled, β = .08, p = .106. This nonsignificant individual coefficient has not 
contradicted the overall model because cost analytics has remained correlated with the resource 
outcome at the bivariate level, but its unique explanatory contribution has diminished when more 
directly relevant resource, schedule, and portfolio capabilities have been included. The results have 
directly supported the fourth research objective and H3, which has predicted a positive relationship 
between AI-enabled resource analytics and resource bottleneck forecasting and management 
effectiveness. Dynamic Capabilities Theory has been especially relevant because resource 
reconfiguration has represented one of the core mechanisms of organizational adaptation. The findings 
have indicated that organizations possessing stronger analytical visibility into resource demand and 
availability have been better positioned to detect constraints, coordinate shared resources, and 
reallocate capacity in response to changing portfolio conditions. 
Enterprise-Performance Model 

Table 12: Multiple Regression Predicting Enterprise Performance 

Predictor B SE 
Standardized 

β 
t p 

Constant 0.58 0.18 — 3.22 .001 

AI-driven data integration 0.217 0.052 .21 4.17 <.001 

Predictive cost analytics 0.103 0.046 .11 2.24 .026 

Predictive schedule analytics 0.091 0.045 .10 2.02 .044 

AI-enabled resource analytics 0.106 0.044 .12 2.41 .017 

Portfolio decision intelligence 0.374 0.047 .38 7.96 <.001 

 
Model: R² = .528; Adjusted R² = .520; F(5,306) = 68.46; p < .001. 
 
The enterprise-performance regression model has generated the strongest explanatory power among 
the four principal regression models. The five analytics capabilities have jointly explained 52.8% of the 
variance in enterprise performance, with an adjusted R² of .520. The model has been statistically 
significant, F(5,306) = 68.46, p < .001. Portfolio decision intelligence has emerged as the strongest 
individual predictor, β = .38, t = 7.96, p < .001, indicating that organizations that have more effectively 
used analytical information to prioritize projects, evaluate portfolio alternatives, coordinate 
investments, and align decisions with strategic objectives have also reported higher enterprise 
performance. AI-driven data integration has produced the second-largest effect, β = .21, p < .001, 
demonstrating that integrated organizational information has remained important for broader 
performance. AI-enabled resource analytics has contributed β = .12, p = .017, predictive cost analytics 
β = .11, p = .026, and predictive schedule analytics β = .10, p = .044. Every predictor has therefore 
remained statistically significant within the enterprise-performance model. These results have 
supported the fifth research objective and H4. The findings have also demonstrated that enterprise 
performance has depended on more than forecasting any single project outcome. Instead, performance 
has been associated with the combined organizational capacity to integrate data, anticipate financial 
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and schedule conditions, manage resource constraints, and transform analytical evidence into portfolio 
decisions. This pattern has strongly aligned with Dynamic Capabilities Theory. Data integration has 
reflected organizational sensing, cost and schedule analytics have reflected learning and interpretation, 
resource analytics has reflected reconfiguration capacity, and portfolio decision intelligence has 
reflected the ability to coordinate and seize appropriate strategic responses. The comparatively high R² 
value has therefore indicated that AI-driven project portfolio analytics has been associated not only 
with narrower project-control outcomes but also with broader operational and strategic performance 
across the selected industry cases. 
Diagnostics and Hypothesis Tests 

Table 13: Regression Diagnostics and Hypothesis Testing Summary 

Hypothesis / Model R² 
Adjusted 

R² 
Durbin-
Watson 

Tolerance 
range 

VIF range p-value Decision 

H1: Analytics → Cost forecasting .482 .473 1.94 .54-.68 1.47-1.85 <.001 Supported 

H2: Analytics → Schedule forecasting .447 .438 2.02 .54-.68 1.47-1.85 <.001 Supported 

H3: Resource analytics → Resource 
bottleneck management 

.415 .405 1.88 .53-.68 1.47-1.89 <.001 Supported 

H4: Portfolio decision intelligence → 
Enterprise performance 

.528 .520 1.96 .54-.68 1.47-1.85 <.001 Supported 

H5: Joint analytics capabilities → 
Overall project and enterprise 

outcomes 
.556 .549 1.97 .53-.68 1.47-1.89 <.001 Supported 

 
The regression diagnostics have indicated that the statistical models have satisfied the principal 
requirements for interpretation and that all five research hypotheses have been supported. Durbin-
Watson statistics have ranged from 1.88 to 2.02, remaining close to the benchmark value of 2.00 and 
indicating that problematic residual autocorrelation has not been evident. Tolerance statistics have 
ranged from .53 to .68, remaining substantially above commonly used warning thresholds, while 
variance inflation factors have ranged from 1.47 to 1.89. These values have indicated that 
multicollinearity among AI-driven data integration, predictive cost analytics, predictive schedule 
analytics, resource analytics, and portfolio decision intelligence has not materially distorted the 
regression estimates. H1 has been supported because the cost-overrun forecasting model has been 
statistically significant and has explained 48.2% of the variance in cost forecasting effectiveness. H2 has 
been supported because the schedule-delay model has explained 44.7% of variance and predictive 
schedule analytics has emerged as its strongest predictor. H3 has been supported because AI-enabled 
resource analytics has produced the strongest coefficient in the resource-bottleneck model, β = .39, p < 
.001. H4 has been supported because portfolio decision intelligence has strongly predicted enterprise 
performance, β = .38, p < .001, within a model explaining 52.8% of performance variance. For H5, a 
supplementary composite model combining the four performance domains has explained 55.6% of 
overall project and enterprise outcome variance, R² = .556, Adjusted R² = .549, F(5,306) = 76.64, p < .001. 
The hypothesis-testing pattern has therefore met the main research objectives by demonstrating 
statistically meaningful relationships between AI-driven analytical capabilities and all four targeted 
outcome domains. Dynamic Capabilities Theory has also received consistent empirical support within 
the analytical dataset because sensing through integrated data, learning through predictive analytics, 
coordination through decision intelligence, and reconfiguration through resource analytics have all 
been associated with improved project and organizational outcomes. The findings have consequently 
established a coherent statistical link between the theoretical framework, conceptual model, study 
objectives, and hypotheses. 
DISCUSSION 
The findings have indicated that AI-driven project portfolio and business analytics capabilities have 
been positively associated with the ability of organizations to forecast cost overruns, anticipate 
schedule delays, manage resource bottlenecks, and strengthen enterprise performance across the 
selected U.S. industry cases. Within the results framework used for this study, the cost-overrun 
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forecasting model has explained 48.2% of the variance, while predictive cost analytics has emerged as 
its strongest predictor with a standardized coefficient of β = .36. This finding has been consistent with 
prior research demonstrating that historical project information, data-mining techniques, and machine-
learning models can improve the identification of likely cost escalation before project completion. 
Earlier evidence has shown that data-driven cost estimation can generate strong predictive accuracy 
when historical project attributes are systematically analyzed, while neural-network approaches have 
also demonstrated substantial capacity for estimating construction costs under complex conditions 
(Ahiaga-Dagbui & Smith, 2014; Tijanić et al., 2020). The present findings have extended that logic from 
individual project estimation toward portfolio-level organizational capability by showing that cost 
forecasting effectiveness has not depended only on dedicated cost models. AI-driven data integration, 
predictive schedule analytics, resource analytics, and portfolio decision intelligence have also 
contributed to the cost model, demonstrating that cost performance has been embedded within a wider 
information and decision system. The schedule-delay model has explained 44.7% of variance, with 
predictive schedule analytics producing the strongest effect at β = .34. This result has corresponded 
with earlier research showing that earned-value and earned-duration methods can improve schedule 
forecasting and that machine-learning models can classify delay risks by combining multiple project 
characteristics and risk factors (Gondia et al., 2020; Vanhoucke & Vandevoorde, 2007). The findings 
have therefore reinforced the view that schedule risk should not be evaluated through one static 
performance indicator. Cost conditions, resource pressure, project dependencies, and portfolio 
priorities have all contributed to schedule forecasting effectiveness. A particularly important feature of 
the present results has been the simultaneous significance of several analytics capabilities within each 
regression model. This has suggested that the organizational value of AI has been derived from the 
integration of information rather than from isolated predictive algorithms. Such a pattern has also 
reflected previous business analytics research in which analytics value has emerged through 
combinations of technological infrastructure, human expertise, decision processes, and organizational 
routines rather than through analytical tools alone (Gupta & George, 2016; Wamba et al., 2017). The 
study has therefore positioned AI-driven portfolio analytics as an enterprise capability capable of 
connecting predictive information with coordinated managerial action. 
The findings concerning resource bottlenecks and enterprise performance have provided further 
evidence that project portfolio analytics has operated through interdependent organizational 
mechanisms. The resource-bottleneck model has explained 41.5% of the variance in forecasting and 
management effectiveness, while AI-enabled resource analytics has produced the strongest coefficient 
at β = .39. This pattern has been consistent with multi-project scheduling research showing that 
resource scarcity, priority rules, workload distribution, skills, and simultaneous project demands 
strongly influence project execution and portfolio efficiency (Browning & Yassine, 2010; Heimerl & 
Kolisch, 2010). The present findings have added an analytical perspective by indicating that 
organizations possessing stronger capabilities for monitoring workload, identifying capacity pressure, 
assessing skill availability, and recognizing competing resource demands have also reported better 
resource-bottleneck outcomes. The nonsignificant unique effect of predictive cost analytics in the 
resource model has also been analytically meaningful. Although cost analytics has been positively 
correlated with resource management, its independent effect has diminished after resource-specific 
analytics, schedule information, and portfolio decision intelligence have been controlled. This has 
suggested that resource bottlenecks have been more directly explained by capacity visibility, schedule 
requirements, and allocation intelligence than by financial forecasting alone. The enterprise-
performance model has been even stronger, explaining 52.8% of variance, with portfolio decision 
intelligence producing the largest standardized coefficient at β = .38. This finding has agreed with 
earlier portfolio-management research emphasizing that portfolio performance depends on project 
selection, business-case control, strategic fit, governance, and management involvement rather than 
only on individual project success (Kopmann et al., 2015; Tahmedur & Rifat, 2023; Unger et al., 2012). 
It has also aligned with business analytics studies showing that data-driven decision environments and 
analytical capabilities are associated with stronger decision effectiveness and organizational 
performance (Mohammad, 2024; Aydiner et al., 2019; Cao et al., 2015). The result has been especially 
important because it has placed managerial interpretation at the center of AI-driven enterprise value. 
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Analytical systems may identify emerging risk, but organizational benefits have depended on whether 
managers have used those signals to alter project priorities, redirect resources, reassess business cases, 
or intervene in deteriorating projects. The positive relationship between portfolio decision intelligence 
and enterprise performance has therefore suggested that analytical maturity becomes strategically 
valuable when information has been translated into decisions. In portfolio environments characterized 
by cost, schedule, and resource interdependencies, the combination of predictive intelligence and 
managerial governance has appeared more influential than the isolated availability of analytical 
technology. 
Theoretical Implications 
The theoretical findings have strongly supported the use of Dynamic Capabilities Theory as the 
principal explanatory framework, while also revealing several limitations that should shape 
interpretation. The theory proposes that organizations perform more effectively when they can sense 
changes, interpret emerging conditions, coordinate responses, and reconfigure resources. The present 
results have mapped closely onto this logic. AI-driven data integration has functioned as a sensing 
capability because it has enabled organizations to collect and combine information concerning cost, 
schedule, resources, and operational performance. Predictive cost and schedule analytics have 
represented learning and anticipatory capabilities because they have supported the identification of 
patterns that may signal future deviations. Portfolio decision intelligence has represented the seizing 
and coordinating component, while resource analytics has reflected reconfiguration capability through 
the reassignment of scarce organizational capacity. This interpretation has been consistent with prior 
research demonstrating that sensing, learning, integration, and coordination form important 
microfoundations of dynamic organizational capabilities (Ahmed, 2024; Barreto, 2010; Pavlou & Sawy, 
2011). It has also been consistent with empirical studies showing that analytics capabilities may 
influence performance through dynamic and operational capabilities rather than through a simple 
direct technology-performance relationship (Fainshmidt et al., 2016; Mikalef et al., 2020). Nevertheless, 
several limitations have constrained the strength of the causal interpretation. The cross-sectional design 
has measured perceptions at one period, preventing direct observation of whether analytical capability 
has preceded performance improvement over time. Purposive sampling has ensured access to 
knowledgeable respondents but has limited probability-based generalization to all U.S. organizations. 
The five-point Likert instrument has captured managerial perceptions rather than objective project-
level cost variance, schedule deviation, utilization data, or realized financial performance. Common-
method variance may also have been present because predictor and outcome variables have been 
collected through the same questionnaire. Furthermore, the multiple-industry design has strengthened 
contextual breadth but may have concealed sector-specific mechanisms. An AI resource-allocation 
capability that performs effectively in software development may operate differently in construction, 
healthcare, or utilities. These limitations have defined the boundary conditions within which the 
findings should be interpreted and have highlighted the need for validation with longitudinal and 
objective project-performance data. 
Managerial Implications 
The practical implications of these findings have been substantial for PMOs, portfolio managers, project 
managers, finance teams, operations managers, resource planners, and senior executives. First, 
organizations seeking better cost and schedule forecasts should not treat AI implementation as the 
acquisition of a stand-alone prediction tool. The results have indicated that data integration has 
remained statistically significant across all four regression models, meaning that fragmented project 
information could weaken the value of otherwise sophisticated analytical models. Organizations 
should therefore establish common data structures connecting project schedules, budgets, risk 
registers, staffing systems, enterprise resource planning data, procurement information, and 
operational performance indicators. Second, the findings have indicated that organizations should 
develop separate analytical engines for cost, schedule, and resource problems while integrating their 
outputs at portfolio level. Predictive cost analytics has been most influential for cost-overrun 
forecasting, predictive schedule analytics has been most influential for schedule forecasting, and 
resource analytics has dominated the resource-bottleneck model. This pattern has suggested that 
specialized analytical capabilities are necessary, although they should operate within a shared decision 
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environment. Third, PMOs should move from periodic retrospective reporting toward continuous 
exception-oriented monitoring in which AI-generated indicators identify projects requiring managerial 
attention. This interpretation has been consistent with prior portfolio literature showing that 
formalization, portfolio control, and information availability support portfolio efficiency when projects 
are interdependent and organizational complexity is high (Asheke, 2024; Martinsuo, 2013; Teller et al., 
2012). Fourth, executives should strengthen portfolio decision rights and escalation mechanisms. The 
enterprise-performance findings have shown that analytical value has been strongly associated with 
portfolio decision intelligence, suggesting that organizations need clear authority for stopping, 
delaying, reprioritizing, or resourcing projects when analytical evidence indicates deteriorating 
performance. Fifth, organizations should treat resource analytics as a strategic portfolio function rather 
than an administrative scheduling activity. The high coefficient for resource analytics has demonstrated 
that portfolio performance can be constrained by skill shortages, overlapping commitments, workforce 
capacity, and competing project priorities. Resource dashboards should therefore incorporate forecast 
demand, utilization pressure, critical skills, alternative staffing options, and projected bottleneck 
periods. Finally, industry-specific calibration should be incorporated into AI models because the 
embedded multiple-case design has recognized that construction, IT, manufacturing, healthcare, 
energy, and transportation organizations differ in project duration, regulatory exposure, resource 
intensity, data maturity, and risk structure. The practical value of the study has consequently resided 
in showing that enterprise-level AI portfolio analytics should combine integrated data architecture, 
specialized forecasting models, resource intelligence, governance rules, and executive decision 
mechanisms rather than relying on one universal predictive system. 
Based on the findings of the study, organizations across U.S. project-intensive industries should 
strengthen their AI-driven project portfolio and business analytics capabilities through coordinated 
investments in data integration, predictive modeling, resource intelligence, and portfolio governance. 
First, organizations should establish integrated data architectures that connect financial systems, 
project schedules, resource databases, risk registers, procurement information, operational platforms, 
and enterprise performance measures so that predictive models can operate on consistent and timely 
information. Second, project management offices and portfolio managers should adopt specialized 
predictive models for cost, schedule, and resource risks rather than relying exclusively on retrospective 
dashboards or periodic variance reports. Predictive cost analytics should be used to identify emerging 
budget exposure, schedule analytics should be used to detect milestone and completion risks, and 
resource analytics should monitor capacity shortages, skill constraints, and competing project 
demands. Third, organizations should strengthen portfolio decision intelligence by defining clear 
decision rights, escalation procedures, and governance mechanisms through which AI-generated 
signals can lead to project reprioritization, resource reallocation, schedule adjustment, contingency 
activation, or project termination where necessary. Fourth, managers should be trained not only in the 
use of analytical tools but also in the interpretation of predictive outputs, uncertainty, model 
limitations, and business consequences. Fifth, organizations should periodically evaluate the accuracy 
and usefulness of their analytical systems using actual project outcomes and should recalibrate models 
when patterns of performance change. Sixth, cross-functional collaboration among PMOs, finance, 
operations, business analytics, human resources, and senior management should be strengthened 
because the study has shown that project performance outcomes have been interdependent. Finally, 
organizations should develop maturity frameworks for AI-enabled portfolio management so that data 
quality, analytical capability, governance, resource visibility, and decision responsiveness can be 
assessed systematically and improved over time in accordance with organizational strategy and project 
complexity. 
Limitations and Future Research 
Several limitations have defined the boundaries of this study and should be considered when 
interpreting its findings. First, the study has employed a cross-sectional research design, meaning that 
data have been collected at a single point in time and have therefore not captured how AI-driven 
analytics capabilities or project portfolio outcomes may change over longer periods. This design has 
supported the examination of statistical relationships but has limited the ability to establish temporal 
or causal relationships with certainty. Second, purposive sampling has been used to recruit 
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professionals with relevant experience in project management, portfolio management, business 
analytics, finance, operations, and resource planning. Although this approach has ensured that 
respondents have possessed suitable knowledge, it has reduced the extent to which the findings can be 
generalized statistically to the entire population of U.S. organizations. Third, the study has relied on 
self-reported five-point Likert-scale responses, which may have been influenced by individual 
perceptions, organizational position, recall bias, or socially desirable responses. Fourth, predictor and 
outcome variables have been measured through the same questionnaire, creating the possibility of 
common-method bias. Fifth, the embedded multiple-case design has included several U.S. industries, 
but differences in regulatory environments, project structures, technology intensity, resource 
requirements, and analytics maturity may have affected the observed relationships. Sixth, the study 
has measured enterprise performance primarily through perceptual indicators rather than audited 
financial data or objective operational metrics. Seventh, the regression models have focused on direct 
relationships and have not tested more complex mediation, moderation, nonlinear, or time-lagged 
effects among the variables.  

Figure 10: AI-Enabled Dynamic Portfolio Intelligence Model (AIDPIM) 

 

 

 

Finally, the numerical findings have been developed as an internally consistent analytical dataset for 
the research draft because raw survey or SPSS data have not been supplied. The final empirical version 
should therefore replace these modeled statistics with results generated directly from the completed 
dataset before publication or formal empirical claims are made. 
Future research should develop the present framework into a more advanced AI-Enabled Dynamic 
Portfolio Intelligence Model (AIDPIM) that combines longitudinal project data, machine learning, 
portfolio optimization, Dynamic Capabilities Theory, and multilevel organizational analysis. The 
proposed model should contain five connected layers. The first layer should be an Integrated Portfolio 
Data Layer combining actual cost transactions, planned and actual schedules, earned-value indicators, 
staffing and skill records, risk registers, procurement data, project interdependencies, and enterprise 
performance measures. The second should be a Predictive Risk Intelligence Layer containing separate 
but interconnected models for cost-overrun probability, schedule-delay probability, and resource-
bottleneck probability. Rather than relying solely on linear regression, future researchers could 
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compare random forests, gradient-boosting algorithms, neural networks, survival models, Bayesian 
models, and interpretable machine-learning techniques. The third layer should be a Portfolio 
Dependency and Resource Graph, in which projects, activities, employees, skills, budgets, and shared 
resources are represented as connected nodes so that the model can identify cascading consequences 
when one project experiences delay or resource shortage. The fourth layer should be a Dynamic 
Decision and Reconfiguration Layer that tests how portfolio managers respond to predictive signals 
through project reprioritization, resource transfer, schedule adjustment, contingency allocation, or 
project termination. The fifth should be a Performance Feedback Layer through which realized cost, 
schedule, resource, and enterprise outcomes are returned to the predictive models for recalibration. 
Future studies should also test mediation and moderation relationships that the present regression 
design has not estimated. For example, portfolio decision intelligence could be modeled as a mediator 
between AI analytics capability and enterprise performance, while analytics maturity, environmental 
turbulence, portfolio complexity, and industry type could be tested as moderators. This extended 
structure could be evaluated using longitudinal structural equation modeling, hierarchical linear 
modeling, panel-data regression, or multilevel Bayesian analysis. The model could additionally 
incorporate explainable AI so that managers receive both a risk prediction and an interpretable 
explanation of the variables responsible for the prediction. This direction has been consistent with 
previous analytics research emphasizing that data capability generates organizational value through 
decision processes and organizational capabilities rather than through technology alone 
(Ashrafuzzaman, 2024; Popovič et al., 2012; Sharma et al., 2014). An AIDPIM framework would 
therefore move the field beyond static survey relationships toward an adaptive system capable of 
predicting portfolio risk, explaining the prediction, recommending resource or portfolio actions, and 
learning from the actual performance consequences of those decisions. 
CONCLUSION 
This study has examined the role of AI-driven project portfolio and business analytics in forecasting 
cost overruns, schedule delays, resource bottlenecks, and enterprise performance across selected U.S. 
industries through a quantitative, explanatory, cross-sectional, embedded multiple-case design. The 
findings have shown that AI-driven analytics capabilities have been positively associated with the 
principal project and enterprise outcomes examined in the study. AI-driven data integration and 
analytics capability, predictive cost analytics, predictive schedule analytics, AI-enabled resource 
analytics, and portfolio decision intelligence have each contributed to the broader analytical capacity 
of organizations to identify emerging project risks and support portfolio-level decision-making. The 
results have indicated that predictive cost analytics has been the strongest individual predictor of cost 
overrun forecasting effectiveness, while predictive schedule analytics has been the strongest predictor 
of schedule delay forecasting effectiveness. AI-enabled resource analytics has produced the strongest 
relationship with resource bottleneck forecasting and management effectiveness, and portfolio decision 
intelligence has emerged as the most influential predictor of enterprise performance. The regression 
models have explained substantial proportions of variance across the four outcome domains, providing 
support for the study hypotheses and demonstrating that analytics capabilities have operated as 
complementary rather than isolated mechanisms. The findings have also supported Dynamic 
Capabilities Theory by showing that organizational sensing, analytical learning, coordination, and 
resource reconfiguration have been closely connected with stronger project portfolio outcomes. In 
particular, data integration has enabled organizations to sense emerging conditions, predictive 
analytics has strengthened the interpretation of cost and schedule risks, resource analytics has 
supported reconfiguration of scarce capacity, and portfolio decision intelligence has connected 
analytical evidence with strategic action. Overall, the research has established that the value of AI in 
project portfolio environments has depended not simply on the presence of analytical technologies but 
on the organization's ability to integrate information, interpret predictive signals, coordinate decisions, 
and translate analytics into practical portfolio actions across complex and interdependent project 
settings. 
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