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1. INTRODUCTION
1.1. Background and Context
Risk management is one of the most important factors that 
dictates project success as it affects the project manager’s 
capability to a great extent in recognizing, evaluating, and 
mitigating risks over the project life cycle. In the dynamic 
and complex project environments, risks are dynamic and 
keep on changing over time as the circumstances change; 
due to which, proactive monitoring and timely responding 
becomes the prerequisites for keeping control over the project 
performance indicators (cost, schedule, and quality; PMI, 2021). 
Notwithstanding this, many organizations continue to operate 
heavily on traditional risk management tools - such as static risk 
registers and qualitative assessment - that often are reactive, 
subjective and removed from real-time project performance 
data. Regulatory groups use highly traditional, discrete time 
approaches to identifying risk placement and management 
but often fail to offer insightful information useful to signal 
performance differences or risk before they materialize (Barghi 
& Shadrokh Sikari, 2020) .
In recent years, the development of data analytics and decision 
intelligence (DI) technologies has started to revolutionize 
the way projects are governed in organizations. Decision 
intelligence combines analytics, artificial intelligence and 
human judgment in order to drive improved decisions 
through analytical and contextual insights (LI & Tian, 2025). 
Within project management, the increasing availability of 
digital information from enterprise resource planning (ERP) 
systems, project management information systems (PMIS) 
and performance dashboards have made new possibilities for 
the data-informed monitoring of risk. By understanding the 
patterns of cost overruns, task delays or resource conflicts from 
prior projects, organizations can gain evidence-based insights 
to improve accuracy of forecasts and help plan for upcoming 
projects. Thus, the combination of business performance data 
and decision intelligence principles is a very significant move 
towards a more adaptive, predictive and learning oriented 
approach to project risk management (Taresh et al., 2025a).

1.2. Purpose and Scope of the Review
The purpose of this literature review is to examine how project 
performance data from previous history can be utilized in an 
effort to enhance project risk monitoring and the planning 
for future project cycles. Specifically, it investigates how 
quantitative performance measures such as budget variance, 
compliance with schedule and resource utilization can be 
modeled in analytical and decision intelligence frameworks for 
enhancing risk prediction and treatment measures.
The literature review combines literature from 3 key domains:

1. Project risk management, with attention to the traditional 
monitoring and lessons learned practices;

2. Performance analytics, emphasizing on the role of data 
visualization, dashboards and predictive modelling; and

3. Decision intelligence, emphasizing the role adaptive 
learning and continuous improvement in a project environment 
play by leveraging integrated data-driven systems.
Through this interdisciplinary approach, the paper identifies 
how performance data can be used, to transform static risk 

registers into dynamic, insight driven tools that can increase 
organizational resilience and improve the quality of decision 
making.

1.3. Structure of the Paper
The rest of this paper is divided up thematically. Section 
2 provides a revision of traditional approaches to project 
risk monitoring and discusses inherent limitations of these 
approaches. Section 3 discusses the availability of business 
performance data for project management and identifies some 
important metrics and analytical techniques appropriate for 
forecasting the risk. Section 4 introduces the concept of decision 
intelligence and its application in the project environments. 
Section 5 pulls together some of the insights gained from 
these areas and presents some opportunities for combining 
performance data and decision intelligence frameworks to 
improve risk monitoring. Finally, Section 6 identifies gaps in 
research and potential future trends in the development of data-
driven risk management models.

2. LITERATURE REVIEW
2. Traditional Approaches to Project Risk Monitoring
2.1. Risk Identification and Register-Based Monitoring
Project risk management practices have for a long time 
relied on structured tools like risk registers, risk matrices and 
probability-impact assessments to aid risk identification and 
tracking as part of the project life-cycle (Ullah et al., 2024). 
Risk management software helps project teams systematically 
document what risks have been identified, who owns them, 
what their likelihood and impact are, and what response plans 
are to be put into place. The risk register in particular is a 
central place where qualitative and quantitative information 
about potential risks and opportunities can be captured so that 
risk management is always visible and traceable throughout the 
project team (Risk Management Plan, n.d.).
What makes these approaches so strong is their structure and 
documentation along with their mechanisms for accountability. 
They advocate for consistency in the ways in which risks are 
identified, categorized, and reported to governing structures 
and conformity requirements. A combination of risk matrices 
and scores enables to standardize the prioritization of risks and 
therefore makes it easier for stakeholders to communicate risk 
exposure and define proper mitigation or contingency actions  
(Björnsdottir et al., 2022).
However, now it is becoming apparent that these legacy 
tools are not fit for purpose in fast-paced and information-
based environments in which the modern world’s projects 
actually take place. Risk registers are more often than not 
static documents, updated only infrequently and derived not 
so much from empirical performance data as on the basis of 
best expert judgment. This subjectivity makes it challenging for 
them to make accurate predictions as new risks or deviations 
of performance may not even be detected in time to prevent 
them escalating (Bakos & Dumitrașcu, 2021). Moreover, these 
systems are not effectively integrated with real-time project 
performance metrics (cost, schedule or resource utilization) 
resulting in fragmented insights and slow reaction. In other 
words, traditional risk monitoring is typically reactive, pointing 
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out things after the fact when they impact project results 
instead of providing early warning, which can lead to better 
proactive decision-making (Taresh et al., 2025b).

2.2. Lessons Learned and Post-Project Reviews
Another mainstay of traditional risk management practice is 
the lessons learned process, which normally occurs during or 
after project closure. Lessons learned reviews are intended to 
document good and bad experiences, that is, lessons about what 
went well and lessons about what did not, to improve project 
performance in future iterations. The underlying principle is 
that companies can increase their maturity for project delivery 
if they systematically look back on difficulties and successes 
in their project delivery past. Such a review often includes 
commentary on the risk events the risk events detected, 
those that were mitigated, those that were not detected, 
and suggestions for improved methods used for future risk 
management (Tubis & Werbińska-Wojciechowska, 2021). 
While the intent of lessons learned systems is to support 
organizational learning and continuous improvement, lessons 
learned systems are often inconsistent and superficial in their 
implementation. Many organizations are weak in knowledge 
retention and reuse because of fragmented documentation, 
no centralized databases, or cultural barriers to knowledge 
sharing (Khatib et al., 2021).  As a result, valuable experiential 
knowledge is often lost from project to project and the same 
types of risks are repeated when projects are undertaken in the 
future.
Also, there is usually a weak feedback mechanism in the process 
between lessons learned and the planning of new projects. So, 
the experience from post-project evaluations is usually not 
converted into risk registers, forecasting models, and decision-
support tools used at the initiation phase of the project. This 
disconnect contributes to a weakness in the potential for doing 
cumulative learning over the portfolio of projects and against 
the development of data-driven risk intelligence. In essence, 
although the purpose of lessons learned reviews is to provide 
a structured method of reflection, the output of these reviews is 
rarely made into actionable and data-informed inputs to improve 
risk planning or monitoring in the future (Ullah et al., 2024).
While the traditional methods like risk registers and post project 
reviews have provided the basis for systematic risk capture, 
they are not always suitable for complex data-intensive project 
arenas where they achieve the flexibility needed. Proponents 
of adaptive practices cite the emergence in the literature of a 
shift towards the use of data-enabled, predictive and ultimately 
intelligent systems for project risk management away from 
reactive, data-led risk documentation and towards continuous 
learning and decision support (Eriksen et al., 2021).
Figure 1 shows this progressive transition as the evolution of 
project risk management, from static, qualitative management 
approaches to dynamic, data-driven, and decision intelligence-
based approaches.

2.3. Business Performance Data in Project Management
2.3.1. Sources and Types of Performance Metrics
In today’s project contexts, large volumes of data that are being 
recorded in digital management solution systems of project 

progress and performance in real time are generated. Project 
Management Information Systems (PMIS), Enterprise Resource 
Planning (ERP) platforms and Project Portfolio Management 
(PPM) are some of the data sources that aggregate myriad 
other operational and financial indicators (Taresh et al., 2025b). 
Such systems help organizations to measure performance by 
multiple dimensions-time, cost, quality and resources, resulting 
in a large archive of project execution outcomes that can be 
used as a basis for analytical and predictive insights.
Among the most widely used performance metrics are budget 
variance, schedule compliance, resource utilization, and quality 
performance indices. Budget variance is the difference between 
budget plan amounts and actual amounts, and provides early 
indicators of potential risks or inefficiencies concerning costs 
(Konior, 2022). Schedule adherence is a measure of the alignment 
between the planned and actual progress, which assists the 
managers in detecting potential delays or dependencies of tasks 
that could have fatal dates. Resource utilization metrics offer 
information about the efficiency of workforce or resource asset 
allocation; they give us information about patterns of underuse 
or overcommitment that can be a contributing factor to project 
bottlenecks (Bhavsar et al., 2020). Performance indicators - The 
rate of defects, number of reworks, or customer satisfaction 
level as trends tend to provide a nice indication on how well 
the project is meeting the objectives and criteria set.
When combined, these measures would offer a comprehensive 
view of project health and can also assess incipient risk before 
they appear as project failures. However, the issue is not in the 
availability of such data, but the effective conversion of it into 
actionable intelligence that will help underpin predictive and 
proactive decision making.

2.3.2. Using Performance Data for Project Forecasting
The analytic application of project performance information has 
changed dramatically over the past few years with researchers 
and practitioners putting much emphasis on its ability to 
predict risks and performance variances. The empirical data has 
confirmed the possibility of modeling performance metrics of 
an ongoing or previous project (ex: cost increase rates, schedule 
slippage, or resource overloads) to forecast the possibility of 
disruptions that might happen in the future (Varajão et al., 2022).

Figure 1. Evolution of project risk monitoring approaches 
from static register-based models to data-driven and decision 
intelligence–enabled systems.
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One way such data-driven approaches are applied is via 
early warning systems (EWS). Such systems rely on real-
time monitoring performance to detect anomalies with 
regards to expected trends and intervene yet risk escalation is 
avoided by the managers (McGaughey et al., 2021). Through 
the incorporation of the performance dashboards enabling 
visualization of critical project metrics, project groups obtain 
a greater degree of situational awareness and are able to give 
risk responses priorities based on analyzable data as opposed 
to their judgmental value. As an illustration, a reduction in 
the variation of cost of earned value that is steadily increasing 
can lead to automated warnings that can necessitate risk 
reevaluation or contingency action strategy.
In addition to descriptive monitoring, predictive analytics 
and trend modeling models (including regression analysis, 
time-series forecasting, and machine learning) are also being 
used on project data. These techniques may identify the 
underlying trends between performance indicators and certain 
risky outcomes (ex. how resource overutilization is connected 
with schedule delays). These forecasting functions help an 
organization shift to anticipatory risk management instead of a 
reactive management outcome where decisions made are based 
on data-driven policies instead of historical presumptions 
(Jamarani et al., 2024).

2.3.3. Data-Driven Lessons Learned
Historically lessons learned have been qualitative and narrative 
(usually in the form of post-project review or debriefing). 
Recent developments in analytics, however, make it possible 
to move to the data-based lessons learned, where lessons have 
been created after the methodical analysis of past performance 
data. This shift shifts the effort of organizational learning into 
the realms of subjective reflection to measurable and factual 
knowledge (Boéri & Giustini, 2023).
Using data mining, pattern recognition, and analysis of 
statistical correlations, organizations can recognize patterns 
of occurrence of risks or performance anomalies by scanning 
through archives of previous projects. To provide an example, 
one can have frequent associations of some resource 
combinations with cost overruns, which can demonstrate an 
imperfection in processes or biased choices during planning 
(Bakumenko & Elragal, 2022). Trend analysis of schedule 
performance in several projects, in a similar way, can reveal 
systemic sources of delay - such as bad estimation process 
or frequent vendor problems - that might not be obvious in 
conventional narrative reviews.
The result of this analysis strategy is a systematized body of 
knowledge that connects historical facts with risk variables and 
performance outcomes, facilitating an improvement process in 
between cycles of the projects. Together with decision intelligence 
systems, these lessons of the experience can automatically guide 
the informative phase of risk identification and planning of new 
projects, thereby sealing the experience/execution loop.

2.4. Decision Intelligence (DI) and Its Relevance to Project 
Risk Management
2.4.1. Concept of Decision Intelligence
Decision Intelligence (DI) is a newer interdisciplinary paradigm 

that involves the combination of data analytics, artificial 
intelligence (AI), and human judgement to improve quality, 
speediness, and dependability of decision-making within an 
organisation. It is more than the traditional Business Intelligence 
(BI) as it does not only explain or forecast the already happened 
but also orchestrates and streamlines the process by which 
decisions get taken in complex, uncertain conditions (Ebule, 
2025). Although BI and AI are associated with different aspects 
of data reporting and visualization, and automated processes 
and pattern recognition, DI integrates these technologies as 
a decision-centric phenomenon by modeling the interactions 
between a decision, action, and its result to help a person think 
(Perifanis & Kitsios, 2023).
At this most basic level, DI entails a combination of three 
interdependent elements:

1. Data- both quantitative and qualitative information of 
various business inputs;

2.  Models - computational, statistical, or artificial intelligence, 
a simulation of possible scenarios;

3. Human judgment - contextual awareness, moral thought 
and experience that influence decision actions.
By so doing, DI provides the means of creating a continuous 
learning cycle where the decisions made by the organization 
are strategized using historical data and are then tested using 
simulation or modeling and later improved to a tighter state 
using the feedback of the actual outcomes. This is a strategy 
that can transform project management to be more adaptive 
and governance presence based on evidence instead of the 
intuitively driven processes of decision-making.

2.4.2. DI in Project Contexts
The use of Decision Intelligence principles in project 
management is an emerging field of interest amid the 
growing sophistication of project management and the bulk 
of performance information accessible using digital platforms. 
In a project, DI facilitates the use of data to inform planning, 
monitor proactively in real-time, and make strategic portfolio 
decisions (Hughes et al., 2025).
In project scheduling and resource allocation, which is 
among the most important areas of DI application, AI-based 
optimization models can research historical project data to 
predict resource demand, anticipate timeline delays, and 
suggest the best way to sequence tasks (Salimimoghadam et 
al., 2025). As an illustration, decision models will be able to test 
many of the scheduling options within varying risk conditions 
and enable managers to evaluate how much cost, duration, 
and resource utilization time can be traded-off prior to an 
investment in a plan.
Di frameworks have been employed in project portfolio 
management to determine trade-offs in investments through 
integrating predictive analytics and risk-adjusted performance 
measures. This is a method that allows project management 
offices (PMOs) to place more emphasis on projects according 
to not only financial payoff or strategic relevancy, but also 
risk exposure and portfolio interdependence (Ko & Kim, 
2019). Other companies have adopted online decision-making 
platforms that constantly understand the results of the projects 
and predictive algorithms can be enhanced in their accuracy 
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through repeated project cycles.
Industrial case studies that include construction, information 
technology and engineering have shown that the DI-enabled 
systems could speed up, make decisions more consistent and 
transparent. As an example, project controls based on machine 
learning that can be combined with DI have been demonstrated 
to minimize forecasting error as well as enhance the reaction to 
new risks (Eid et al., 2025). These facts show that DI is not only 
an increase in technology but mental improvement of project 
management practices.

2.4.3. Linking DI to Risk Monitoring
The applicability of Decision Intelligence to project risk 
monitoring has to do with its abilities to combine various 
sources of information differences such as historical 
performance records, risk registers, and predictive models into 
a single analysis platform. DI systems have the capability to 
merge organized information (e.g., budget, schedule or resource 
metrics) and unstructured information (e.g., risk reports written 
in text, stakeholder communications) to create comprehensive 
information about evolving risk profiles (Nenni et al., 2025).
Sets of predictive modeling and scenario simulation embedded 
in the risk management process provided by DI make it possible 
to detect the emergence of risks and assessment of possible 
mitigation practice before the problems develop out of control. 
As an illustration, DI dashboards can match historical records 
of the risk registers with current project measures to predict 
which types of risks will most probably manifest themselves 
in the given circumstances. This enables the project managers 
to respond to risks dynamically with changing response plans, 
budgets and resources allocation using constantly updated 
intelligence.
Also, DI enhances the creation of dynamic and constantly 
evolving risk management mechanisms. The results of each 
project cycle, including the added data and decision outcomes, 
feed back into the system analytical models and enhance 
accuracy of prediction and learning at the organization as 
time progresses. These systems represent the shift of the rigid, 
retroactive form of risk management to data-driven but self-
improving governance structures, which are in accordance 
with the current practices of organizational runnability and 
process digitalization (Prasetyo et al., 2025).

3. METHODOLOGY
This study employed a systematic literature review (SLR) 
approach to identify, evaluate, and synthesize research on 
the integration of business performance data and Decision 
Intelligence (DI) in project risk monitoring. The review followed 
structured guidelines inspired by the PRISMA (Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses) 
framework to ensure transparency and reproducibility.

3.1. Search Strategy
A comprehensive search was conducted across major academic 
databases including ScienceDirect, IEEE Xplore, SpringerLink, 
and Google Scholar. Keywords and Boolean combinations such 
as “project risk monitoring,” “decision intelligence,” “predictive 
analytics,” “performance dashboards,” and “data-driven project 

management” were used. Searches were limited to peer-
reviewed publications in English from 2015 to 2025 to capture 
contemporary trends.

3.2. Inclusion and Exclusion Criteria
Studies were included if they:

• Focused on project management or organizational decision-
making;

• Discussed the use of analytics, AI, or decision intelligence 
in risk management; and

• Provided empirical or conceptual insights into data-driven 
monitoring or prediction.
Studies were excluded if they:

• Were purely theoretical without methodological application;
• Focused on unrelated domains such as healthcare or 

agriculture; or
• Lacked accessible full texts.

3.3. Screening and Selection Process
An initial search yielded 312 studies. After removing duplicates 
and irrelevant records, 128 papers were screened based on title 
and abstract relevance. A full-text review of 67 articles resulted 
in 45 studies that met all inclusion criteria. A simplified 
PRISMA-style flow summary is shown below.

Table 1. Screening and Selection Process

Stage Records Description

Identified 312 Database search results

Screened 128 After title/abstract review

Full-text 
assessed

67 Relevant to DI and project analytics

Included 45 Met inclusion criteria for synthesis

3.4. Data Extraction and Analysis
Data were extracted on study objectives, analytical methods, 
data types, and outcomes related to DI-enabled risk monitoring. 
Thematic coding was applied to categorize findings into three 
domains:

(1) traditional risk monitoring approaches,
(2) performance analytics and predictive methods, and
(3) decision intelligence integration.

This process enabled cross-comparison and critical synthesis of 
patterns, benefits, and research gaps.

4. RESULTS AND DISCUSSION
4.1. Integrating Business Performance Data with Risk 
Monitoring Frameworks
4.1.1. Analytical Models and Dashboards
Analytical models and visualization dashboards are becoming 
more accessible in integrating business performance 
information into project risk monitoring schemes to offer 
real-time project health and risk exposure information. 
Interactive digital platforms are supplementing or, in most 
instances, replacing traditional risk registers and reports in 
order to dynamically emerging cost, schedule, and resource 
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data comprising multiple project systems (Schulze et al., 2023). 
Such platforms will process raw data and present risk trend 
as a visual representation, thus making the process of decision 
making quicker and more accurate on the part of managers.
The tools to build interactive dashboards created using either 
Power BI, Tableau or ad hoc project management dashboards 
are critical in this revolution. They enable users to stay on 
track of the performance metrics, monitor risk indicators 
and investigate correlations in several dimensions of data 
(Gonçalves et al., 2023). As an illustration, the dashboards can 
graphically depict the trends in the variances and indicate 
situations with the occurrence of the deviations of the baseline 
level values related to the increased risk probability. Besides, it 
is possible to show key performance and risk indicators (KPIs 
and KRIs) and traditional indicators on dashboards and provide 
a warning on possible schedule or cost increases (Nunes et al., 
2024).
As a management tool, the most important aspect of these 
systems is that they allow filling the divide between risk 
intelligence and project control data. Organizations can move 
to decision-support environments that allow scenario testing 
and real-time updates by developing analytical models directly 
into visualization tools instead of merely doing former forms 
of reporting. This does not only improve the point to which 
the risk is identified but also improves the coordination and 
responsibility among project stakeholders.

4.1.2. Predictive and Prescriptive Analytics for Risk 
Forecasting
The predictive analytics and prescriptive analytics to project 
data is a significant improvement in risk anticipation and 
management by organizations. Predictive analytics refers to 
the process of using past and current project data to establish 
patterns that may indicate the threats or variances, whereas 
prescriptive analytics takes the next step and suggests the best 
possible measures to work out or capitalize upon the threats 
(Delen & Ram, 2018).
Various methods of analysis have been used in the forecasting of 
project risks. The traditional method of measuring relationship 
between risk drivers and project outcomes in terms of resource 
constraints, task interdependencies and budget changes has 
been developed through regression analysis (Chen et al., 2024) . 
The probabilistic modeling of uncertainty can be done in Monte 
Carlo simulation, and it is possible to determine how it can affect 
project cost and project schedule in different circumstances 
(Sobieraj & Metelski, 2022) . In more contemporary times, 
machine learning algorithms have become prominent regarding 
their capability to uncover nonlinear connections and identify 
the presence of hidden patterns of risk in a large amount of 
data (Sarker, 2021).
These analytical techniques are effective based on empirical 
research. As an example, initiatives with predictive analytics 
published have been found to be more precise in estimating the 
completion time and budget achievements (Castro Miranda et 
al., 2022).  Likewise, construction and IT case studies indicate 
that the predictive model integration into project dashboards 
can substantially boost predictive accuracy and early warnings 
and result in the active risk management instead of responding 

to negative factors (Hughes et al., 2025).
Prescriptive analytics extends these findings, by prescribing 
particular interventions, e.g., resource reallocation / schedule 
optimization to help reduce risks that have been identified. 
By being a part of a Decision Intelligence (DI) framework, the 
prescriptive systems will be able to model possible alternative 
scenarios and estimate the possible consequences of each 
decision and thus allow a manager to select the most efficient 
response policies. The evolution is a part of a more general 
change to data-driven governance, where analytical models 
inform human decisions, as opposed to assisting them.

4.1.3. Feedback Loops and Continuous Learning
One of the key principles of linking the collection of business 
performance with the risk management framework is ensuring 
the feedback mechanisms that lead to a continuous learning 
process throughout the project cycles. Traditional project 
management does not bring much of this as the knowledge 
gained on one project is usually secluded and does not 
necessarily affect the planning of other projects. Conversely, 
a decision-intelligent information-integrated structure records 
performance and risk information across the project life 
cycle, and feeds it into the organizational knowledge systems 
(Buganova et al., 2021).
The process results in a learning ecosystem that makes every 
project completed to have contributions on the predictive 
models and risk knowledge base of the organization. As an 
example, the findings in correlations between some types of 
tasks and the probability of delays may be used to enhancing 
the model of risk estimation that might be applied to future 
projects. Likewise, historical cost overruns can be learned and 
used to make more precise budgeting limits and contingency 
plans in new projects (Kalogiannidis et al., 2024).
Decision Intelligence is the key factor in converting these 
feedback loops into and actionable insights. DI frameworks 
allow reducing constant recalibration of risk prediction and 
decision criteria, integrating aggregate data streams, analytical 
frameworks as well as human knowledge. This adaptability 
ability makes sure that planning and monitoring of a project 
is not based on any untested assumptions. In the long run, the 
organization has some degree of risk learning maturity where 
predictive models become more accurate, quality of decision-
making rises, and the overall resilience of the projects improves.
The point here is that the incorporation of business 
performance information into the risk monitoring systems with 
support provided by the DI and analytics will be a transition 
between linear and unidirectional project reporting to cycle-
based, intelligence-based approach to the project governance. 
These systems do not only increase predictive accuracy and 
responsiveness, but also make the learning process institutional 
and an intrinsic part of a project risk management practice.  To 
a great extent, the types of projects involved, the incorporation 
of data analytics in project risk monitoring has been studied 
with different levels of success. Although these models may 
vary in the data sources, analysis and interpretation methods, 
and setting of application, they all exhibit a positive trend 
towards evidence-based risk management. Table 1 provides 
a synthesis of main contributions brought about by the 
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recent literature focusing on innovative analysis and the 
limitations that must not be ignored that lead to the necessity 

of an even closer conceptualization of a framework of Decision 
Intelligence.

Table 2. Comparative Summary of Data-Driven Approaches to Project Risk Monitoring

Study / 
Source

Analytical Focus Data Inputs Analytical 
Techniques

Key Contribution to 
Risk Monitoring

Limitations / Gaps 
Identified

(Willumsen et 
al., 2019)

Integration of 
performance data into 
risk registers

Cost and 
schedule 
variance

Regression 
and variance 
analysis

Linked project deviations 
to early warning signals

Limited generalizability 
beyond construction 
projects

(Delen & Ram, 
2018)

Predictive analytics in 
project control

Historical task 
performance

Machine 
learning 
models

Improved forecasting 
accuracy for cost 
overruns

Data availability and 
model transparency 
issues

(Marnewick 
& Marnewick, 
2022)

Real-time project 
dashboards

Time and 
resource 
metrics

Business 
intelligence 
dashboards

Enhanced visibility of 
emerging risks

Lack of predictive 
capability

(Kutsch & 
Hall, 2005)

Linking risk 
management maturity 
with performance 
outcomes

Organizational 
risk data

Statistical 
modeling

Demonstrated positive 
correlation between data 
maturity and risk control

Limited cross-sector 
analysis

(Mohammad & 
Chirchir, 2024)

Decision Intelligence 
in project contexts

Multi-source 
data (PMIS, 
ERP)

Decision 
modeling and 
simulation

Introduced DI as an 
integrative approach for 
risk decisions

Conceptual; lacks 
empirical validation

Caption: Comparative synthesis of recent studies exploring the integration of project performance data and analytics into risk 
monitoring frameworks.

4.2. Discussion 
4.2.1. Critical Analysis and Research Gaps
4.2.1.1. Synthesis of Findings
All of the reviewed literature points to the increased awareness 
of the benefits that the use of data-driven solutions can offer to 
risk monitoring and decision-making in the context of projects. 
In several studies, it appears that there are three major trends.
One of them is an increasing focus on risk management 
visibility and transparency. Replacement of paper-based 
dashboard, data visualization systems, and embedded project 
control systems have made project performance data far more 
accessible and understandable (Schulze et al., 2023; Taresh et 
al., 2025b). The tools increase stakeholder engagement and 
accountability through both reporting real-time indicators of 
project health, which can be used to determine deviations and 
risks more quickly.
Second, the literature indicates the enhancement of the data 
capture and traceability throughout the project life cycle. 
Contemporary project management information system 
(PMIS) and enterprise resource platform offer rich datasets of 
high-resolution which record activities, costs, and the use of 
resources. This has enhanced the basis of analytical modeling 
and project learning based on the outcomes of the project 
(Fawzy et al., 2025).
Third, predictive analytics and principles of Decision 
Intelligence (DI) allow a gradual transformation in a reactive to 
a proactive approach to risk management. Systematic analysis 
of performance measures provides patterns and cause-effect 
relationships that cannot be easily identified using conventional 

qualitative methods. Data analytics, simulation models, and 
human expertise allow project managers to shift towards 
anticipatory governance, with risk detection and treatment 
taking place earlier in the project cycle (Huang et al., 2025).
While much of the literature emphasizes the advantages 
of Decision Intelligence (DI) such as improved predictive 
accuracy, faster decision cycles, and enhanced transparency 
few studies interrogate its potential downsides. Over-reliance 
on algorithmic decision-making can lead to automation bias, 
where project managers defer excessively to analytical outputs 
without sufficient contextual judgment. Moreover, predictive 
models trained on incomplete or biased performance data 
may reinforce existing inefficiencies or overlook emergent 
risks. Implementing DI frameworks also demands significant 
organizational change, including data governance reforms, 
cultural shifts toward evidence-based management, and 
upskilling of project staff. These transformations can face 
resistance or fail without executive commitment and cross-
functional alignment. Hence, while DI offers a promising 
evolution from reactive to proactive risk management, its 
successful adoption depends as much on human adaptability 
and organizational learning as on technical sophistication. 
Future research should therefore critically examine how 
human judgment, ethical oversight, and governance structures 
mediate the outcomes of DI-enabled risk systems.
Although these are the strengths, the literature also unearths 
some lingering weaknesses in the ways in which organizations 
have implemented such advancements. Majority of the 
implementations are still technology-concentrated instead of 
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strategy-concentrated and they concentrate on tools as opposed 
to how the data-driven insights change the decision processes. 
This disconnection is one of the potential spheres of the future 
research and practice.

4.3. Identified Gaps
Although significant advances have been made in the domain 
of project management as far as the analytics go, the following 
gaps in research and practice are still noticeable:

1. Limited integration of Decision Intelligence frameworks in 
practical project environments.
In spite of the conceptual penetration of DI, there is limited 
empirical research to support the successful implementation of 
these techniques to project risk management. Current literature 
is typically biased towards the concept of business intelligence 
or predictive analytics and has fewer illustrations of DI systems 
that bridge the data, models, and human decision-making in 
real-world projects (Tian et al., 2025).

2. Underuse of performance data for proactive risk 
management.
Most organizations have a lot of their performance measurements 
but they do not utilize these measurements to create insights 
that can be used to forecast risks. Historical data, particularly 
its analysis, notably the factors around cost variations, schedule 
delays, and resource clashes are underutilized in most project 
environments (Kgakatsi et al., 2024).

3. Lack of standardized models linking historical performance 
to future risk prediction.
Recent predictive risk management methods usually use ad hoc 
models or context value based models. No globally recognized 
structure exists to determine the manner and way within which 
past performance data is supposed to be organized, analyzed 
and utilized to the future projects. Such a non-standardization 
makes comparability limited and prevents cross-industry 
learning (Willumsen et al., 2019).

4. Minimal empirical validation of DI-based risk dashboards 
and predictive systems.
Despite the availability of conceptual models and prototypes, 
there are not many studies which generate a strong empirical 
validation of DI-enabled dashboard or decision-support 
platform. Further longitudinal and cross-sector studies are 
required to examine their predictive validity, usefulness and 
project outcome effect.
These loopholes indicate that, although the relevance of data 
analytics to risk management is well-organized conceptually, 
the practical aspects have not been developed.

4.4. Conceptual Implications
Literature synthesis indicates that there is a precise theoretical 
possibility to connect project performance analytics and 
Decision Intelligence to cohesive idea framework of risk 
insights supported by data. This kind of model would not be 
just descriptive, but rather an adaptable system that is capable 
of updating the project results and upgrading its predictive 
abilities in the course of time.
This conceptually can be modeled into a Risk Intelligence Cycle 
with four iterative cycles as:

1. Collect - Capture project performance data and risk-based 

data most effectively across several systems in standardized 
formats.

2. Analyze- Use statistical, predictive, and prescriptive 
analytics to detect new risk and pattern of performance.

3. Learn - Embark insights into a repository of knowledge 
that is a source of organizational learning and best practice.

4. Plan - Feed Back gained knowledge to new project cycles 
to enhance forecasting, contingency planning, and quality of 
decision-making.
Through this cycle, an organization will be able to stop having 
stagnant, infrequent risk audit sessions and start maintaining 
their learning environments as continuous, evidenced-based 
approaches to risk. The model is consistent with current 
perspectives of Decision Intelligence as a combination of data 
science and human judgment, which provides a direction to 
more foreseeable, flexible, and even clever project governance.

4.5. Proposed Conceptual Framework
On the synthesis of the literature on project performance 
analytics, decision intelligence (DI), and project risk 
management, this section hypothesizes a conceptual framework 
to combine historical project performance data with the 
analytical processes based on risk monitoring that are driven 
by the DI to support the planning of future project activities. 
The framework gives a systematic description of how data, 
intelligence, decision cycles can interrelate in order to help 
sustain a continuous, learning intensive project governance 
approach.
The suggested Data-Driven Risk Intelligence Framework 
(DRIF) will combine the experience of project performance 
analytics and decision intelligence theory to assist in adaptive 
risk monitoring and planning. It theorizes the relationship 
between project historical data, analytical intelligence fact, and 
manager decision-making on continuous learning system.
Figure 2 gives a graphical display of this structure showing how 
the project performance data are channeled through decision 
intelligence analytics to come up with real time insights that 
can be used to proactively manage risks and future plans.

Figure 2. The Data-Driven Risk Intelligence Framework 
(DRIF), linking historical project performance data, decision 
intelligence analytics, and adaptive risk monitoring through a 
continuous learning cycle.



133

https://journals.stecab.com
Stecab Publishing

Journal of Management, and Development Research (JMDR), 2(2), 125-136, 2025 Page 

4.5.1. Framework Overview
The suggested model, which is known as the Data-Driven Risk 
Intelligence Framework (DRIF), was a cyclic process linking 
data on past project performance activity, decision intelligence 
analytics, and improved risk monitoring and planning (Figure 
1, conceptual representation). It is composed of three layers 
namely:

4.5.1.1.  Data Layer – Historical Project Performance Data
This initial layer retrieves varying quantitative and qualitative 
information of completed and current projects. The major 
sources of data are reports of cost variances, schedule 
performance index, resource utilization metrics, quality 
defect logs and the post project risk registers. This layer is 
the memory of the organization in terms of project execution 
and it is the basis of learning in the empirical level. At this 
point, data governance and inter-system (e.g., ERP, PMIS, and 
PPM platforms) integration becomes of paramount importance 
to assure that the data is of a high quality, consistent, and 
accessible (Barghi & Shadrokh Sikari, 2020).

4.5.1.2. Analytics Layer – Decision Intelligence Processes
The analytical heart of the framework is the Decision 
Intelligence engine that converts the raw project data into the 
actionable information. Predictive and prescriptive analytics 
tools, including regression models, Monte Carlo models, 
clustering algorithms, and machine learning are built into this 
layer in detecting patterns of risks and predicting possible 
deviations in the projects (Sarker, 2022).
This layer combines three elements in accordance with the DI 
principles:

• Model-driven data processing on the past history and real-
time project measures.

• Modeling of the possible result of various mitigation 
measures.

• Human experience putting analytical results into 
perspective so as to make sure that decision-making is not only 
ethically sound but also applicable in practice.
The result of this layer will be a constantly changing list of risk 
insights and recommendations, which can be used by managers 
to shape project and portfolio actions.

4.5.1.3. Application Layer – Enhanced Risk Monitoring 
and Future Planning
The third layer converts the outputs of the analysis into 
operational form by the use of interactive dashboards, 
predictive risk registers, and forecasting tools, but within the 
project control systems. In this case, the risk intelligence is 
applied to inform decision-making in three key areas:

• Risk monitoring in real-time in which risks emerging 
trigger alerts and changes in the current projects.

• Strategic risk planning, in which experiences of past 
information are used to design more precise risk identification 
and contingency models to be used in future projects.

• Integrated lessons, in which data-based learning is returned 
to the planning loop, encourages learning in the organization 
and constant enhancement.
These three levels are dynamic in nature and interact in a 

closed loop which continually advances the knowledge of the 
organization concerning risk behavior and adds more predictive 
and adaptive capacity.

4.6. The Risk Intelligence Cycle
The core of the suggested structure is a cyclical operation of 
Collect, Analyze, Learn, Plan because the decision intelligence 
in the context of project management is iterative:

• Collect: Take the gathered and integrated performance 
and risk data of the completed and ongoing projects, both in 
integrity and contextual relevance.

• Analyze: Process DI-based analytics to determine the 
correlations of risk, predict the possible deviations and examine 
the consequences of previous choices.

• Learn: Combine analysis findings and lesson learnt in a 
single knowledge base, which will allow prediction model 
redesign and organizational policy refining.

• Plan: Build on stored knowledge to improve the quality 
of planning, improve risk registries, and develop data-based 
mitigation strategies of new projects.
Such a self-same cycle does not only enhance the forecasting 
accuracy and responsiveness but it also makes organizational 
learning part of the project governance framework itself-
turning risk management into a dynamic intelligence system 
and not a fixed process.

4.7. Implications for Research and Practice
The offered structure has both research and a practical 
implication.
As a research tool, the DRIF model provides a rationale on 
which empirical research concerning the operationalization 
of decision intelligence in project risk management can be 
conducted. The framework could be tested in the future by 
conducting pilot implementations of the framework in various 
industries assessing its efficiency in increasing predictive 
accuracy, quality of decisions, and project overall performance. 
In addition, studies may address the issue of the impact of 
data maturity, organizational culture, and technological 
infrastructure on the successful integration of DI.
Practically, this framework can give direction to organizations 
that want to shift away the descriptive model of risk management 
to a predictive and prescriptive model. It highlights the 
importance of the strong data architecture, interdisciplinary 
cooperation between data scientists and project managers, 
and the creation of measures that would help to correlate 
the outcomes of analytics with the effectiveness of decisions. 
Eventually, organizations that follow this framework may 
innovate a risk intelligence capacity a sustainable competitive 
advantage that is based on learning founded on data and 
adaptable decision-making.

5. CONCLUSION
A positive change in project risk management identified by the 
reviewed literature is that the evolution of traditional register-
based systems is of a fixed and consistent one, which is now 
being adjusted and adjusted by the increasing possibilities of 
analytics and decision intelligence (DI). Common tools like 
risk registers and lessons learned repositories are useful in 



134

https://journals.stecab.com
Stecab Publishing

Journal of Management, and Development Research (JMDR), 2(2), 125-136, 2025 Page 

documentation and accountability but they are limited with 
their qualitative and retrospective character. They are not 
always able to capture the dynamic, data intensive realities of 
current day project environments.
Conversely, there is newer research in the area of performance 
analytics and decision intelligence which is showing that 
historical project data, in the form of budget variance, schedule 
compliance, resource expenditure and quality indicators can 
provide a strong platform on which risk parameters can be 
predicted. These data can detect patterns when studied by 
means of complex methods, like regression analysis, Monte 
Carlo simulations, or machine learning and can forecast the 
deviations of the project well in advance. The combination of 
such analytical understanding into dashboards and the decision 
support systems can allow the project managers to track any 
changes in risk as they occur and change strategies actively.
As discussed in this review, there is a strong necessity to 
adopt a new paradigm of persistent learning, data-centered 
systems, rather than straightforward descriptive-reactive risk 
management. Decision Intelligence is a promising theoretical 
and practical intermediary between the field of data analytics 
and the human judgment to bring more informed and uncertain-
adaptive decisions. Through linking the data of project 
performance, predictive modeling and managerial expertise 
in a feedback driven framework, organizations are able to 
gradually establish a risk intelligence capability, which is a key 
competency in the realization of a steady project success.
But there is also some significant gap in the literature in which 
further research is necessary. The empirical validation of DI-
based tools in project real-life contexts, especially in the aspect 
of demonstrating quantifiable effects on the measurement of 
project forecasts and project performance, is yet to be achieved. 
On the same note, cross-sector comparative studies are required 
to understand how various industries use and embrace data 
analytics in their risk governance systems. Lastly, the invention 
of standard performance measures and analysis procedures 
would make comparability of the projects and facilitate the 
entity of predictive risk management as a recognizable field in 
project management literature.
To sum up, the synthesis of business performance data and 
principles of decision intelligence is a valuable chance to change 
the perception, monitoring, and responses of organizations 
towards project risks. Qualifying risk management based on a 
data-driven understanding and the ability to learn constantly 
will not only help to make the future project environment more 
resilient but also make it more strategically intelligent.
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