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ABSTRACT: The failure of projects remains one of the significant issues in all industries
because projects have become more complex, uncertain, and risky. The conventional methods
of project risk management are based usually on qualitative measures and fixed risk lists, and
thus such methods do not allow them to make early and precise predictions of failure. This
study aims at developing an Al-driven risk forecasting predictive model that would be used to
mitigate risks of project failure using machine learning tools on past project information. The
model development and evaluation was done using a structured dataset of 1, 200 successful
projects and several risk-based characteristics (such as cost variance, schedule deviation, team
experience, and requirement volatility). Four machine learning algorithms namely, Logistic
Regression, Decision Tree, Random Forest, and Support Vector Machine were put to practice
and compared. The outcomes of the experiments are able to show that Al-based models can
increase predictive accuracy and the early identification of risks by great margins. The Random
Forest model demonstrated the best performance with the highest accuracy of 88.9 and the
precipitation of 87.5, recall of 86.2 and F1-score of 0.87. Another aspect that the Support Vector
Machine performed well with an accuracy of 86.7 was compared to Logistic regression and
decision tree whose accuracy of 81.4 and 83.6. The analysis of feature importance has
determined cost variance, schedule delay as the most highly influential factors of project
failure. The results prove that the Al-based risk prediction models can offer a powerful, data-
driven strategy of proactive mitigation of project failures, which can help to make informed
decisions and enhance project success rates.

Keywords: Project Failure Prediction, Artificial Intelligence, Machine Learning, Risk
Management, Predictive Analytics.

L INTRODUCTION

Project failure is an issue that has been haunting industries as organizations have been
plagued with cost overruns, schedule overruns, scope creep and quality under run even
though the project management methodologies have been enhanced. Megabuildings and
technology-based projects specifically are susceptible to escalating complexity, uncertainty
and dependencies amongst project activities. Conventional project risk management
techniques based mostly on expert judgment, qualitative risk register and periodical
assessment which do not effectively capture dynamic risk behavior and give early signals of
potential failure [1]. Consequently, risks are often realized when it is already too late and the
impact in terms of corrective measures is restricted. The recent progress in artificial
intelligence (Al) and machine learning (ML) has also provided additional opportunities to
improve the prediction of risks in projects and reduce their failure. Risk prediction models
fitted with Al can take quantitative volumes of past and current project data to determine
obscured patterns, connections, and early signs of project failure that might otherwise not be
visible to standard approaches [2]. Using the supervised and unsupervised learning
algorithms, these models possess the capability of making more precise and timely
predictions about the possibility of project failure, cost and schedule overruns or delays. Such
a predictive requirement helps project managers to shift to proactive and data-driven risk
management, rather than confronting them with reactions to risks, which involve handling
and addressing incidents.
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Additionally, Als aid in constant monitoring of risks since the predictions can change over
time as the conditions of the project change. This would be important especially in
complicated projects in which the risk factors vary very fast as a result of resource limitations,
stakeholder dynamics as well as external unpredictability [3]. Incorporation of Al-based risk
forecasting in the project management process can dramatically enhance the accuracy of
planning, resource distribution and strategic intervention which will eventually improve the
success rate of projects. Thus, the given study aims at creating and testing Al-driven risk
forecasting techniques to reduce project failures. The study will prove that predictive
analytics can be beneficial in terms of their abilities to identify potential risks early and
provide effective mitigation solutions, by analyzing the data on project performance
systematically and implementing machine learning tools. The results would be relevant in
academic literature as well as the actual project management provided as a solid framework
to understand smart risk management, which references data to support the process.

II. RELATED WORKS

The ongoing development of artificial intelligence (AI) and recent innovations has already
impacted predictive analytics in a variety of fields and has empowered risk evaluation
proactively and decision support in the complex system. Claudia and Florea [15] showed how
Al-facilitated Internet of Things (AloT) architectures may contribute to adaptive risk
management in smart cities through the combination of real-time streams of data and
predictive models. Their article emphasizes how the failure of a large-scale urban project can
be countered by having intelligent forecasting systems, which can be compared to the
necessity of anticipating risks in the project management environment early in the project.
Risk anticipation and mitigation have also been investigated on vision-based systems and
autonomous systems. The paper by Danish et al. [16] included a review of Al-based
unmanned aerial vehicles in fire management with a focus on predictive monitoring and fast
response. Despite their emphasis on disaster management, their results support the
usefulness of Al models to predict the presence of failure-prone conditions prior to escalation
which equally applies to predicting project failure. In the same manner, Inam [20] has studied
Al models to predict climate-related outbreaks of infectious diseases and has stressed the
importance of machine learning in predicting negative outcomes in cases of uncertainty.
Within the engineering and manufacturing setting, Habib and Javaid [18] presented a
systematic review of Al and machine learning applications in the cold spray additive
manufacturing. Their paper emphasized the fact that data-driven models are superior to the
conventional rule-driven techniques used to predict defects and process failures. Hsuan Yu
and Chiachung [19] also discussed the application of experimental design in the wafer
production, where predictive modeling enhances the reliability of the process along with the
incidence of failure. Taken altogether, these studies contribute to the argument that
prediction models based on Al can improve the mitigation of failure in multifaceted and data-
heavy projects.

The use of Al has moved to construction and infrastructure management too. Jelodar [21] has
spoken about the increased role of generative artificial intelligence and machine learning
tools in construction education and practice as it can greatly enhance the accuracy of planning
and risk awareness. This is in line with the mitigation objectives of project failures, where it
is important to ensure identification of risks at an early stage and the making of informed
decisions. Furthermore, Joel et al. [22] showcased the full overview of Al use in six pillars of
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a smart city revealing the efficacy of predictive analytics to enhance governance, resilience of
infrastructure, and project sustainability.

High optimization and elucidation has also added value to Al-Risk modeling. Kassem et al.
[23] introduced a quantum-inspired hyperheuristic algorithm to dynamic multi-objective
multi-disaster logistics, which demonstrates the strength of intelligent optimization in order
to improve system stability in the face of uncertainty. The paper by Khan et al. [24]
summarised the model-agnostic explainable Al techniques, which emphasised transparency
and Al-driven decision-making interpretability. Explainability would be of special
importance in the context of project risk prediction, where the stakeholders need to have the
insights that can be understood to place their faith and take action based on the model
outputs. Kolivand et al. [25] evaluated the utilization of predictive models in Al applications
in disaster governance through the medical lens, revealing the ability of predictive models to
assist in prevailing intervention strategies in surrounding health matters. Lin et al. [26] also
made additional studies in Al-enabled methods of energy system modelling, demonstrating
that hybrid and data-based methods enable better predictive accuracy and reliability of the
system.

Although much research has been done on Al-based prediction systems in various fields,
there is scanty research on Al-supporting risk prediction systems specifically in mitigating
project failures. Current literature tends to focus on either specific application to a particular
domain or single-model models. The study fills this gap because the researchers use and
compare several Al algorithms to measure project risk prediction, providing a depthful and
versatile framework in terms of intelligent use to mitigate project failure.

III. METHODS AND MATERIALS

Data Description and Preprocessing

The research elderly employs a systematic project administration information set gathered
through historical statistics of subtracted projects in classifications of IT, building, and
engineering. The data is filled with 1,200 project cases and successful or unsuccessful
outcomes. Some of the main endowments used to describe each project include the duration
of the project, the planned cost against the actual cost, the team size, the level of stakeholder
engagement, risk exposure index, change in requirements and the level of managerial
experience [4]. The target variable will be a binary, which is the success or failure of the
projects. Mean and mode imputation values dealt with the work with missing values before
model development, whereas label encoding dealt with categorical variables. In order to
provide a consistent contribution of algorithms, standardization was used to scale replicas of
features. This dataset was separated into training (70%), and testing (30%) groups in order
to objectively test the predictive performance [5].

Al Algorithms for Risk Prediction

The selection of four machine learning algorithms was guided by their applicability in the risk
prediction, interpretability, and their strength in the classification issues.

Logistic Regression (LR)

The algorithm is Logistic Regression, a probabilistic classification algorithm that is common
in binary outcome prediction. LR in this work forms a connection between project
characteristics and a project failure in a logistic form. It approximates the coefficient of
individual risk factors on the probability of project failure. The key advantages of the Logistic
Regression include that it is interpretable, meaning that project managers can gain insight
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into which individual factors like cost variation or requirements alterations cause the risk of
a project failure [6]. Although it is simple, LR works well when there are linear relationships
among variables and forms a powerful point of comparison with other complex models.

“Input: Training data X, targety
Initialize weights w
For each iteration:
Compute predicted probability
using sigmoid(X-w)
Calculate loss using log-likelihood
Update weights using gradient
descent
Output: Trained model w”

Decision Tree (DT)

Decision Tree Decision Tree is a rule-based algorithm, which divides the data in hierarchical
decision nodes, and is founded on the values of features. To predict project risks, Decision
Tree recommends health critical thresholds including; significant increase in budget variance
or low stakeholder engagement, which causes project failure. The tree format permits the
interpretation of risk pathways intuitively and explainable Al, which is essential in decision-
making by managers [7]. Nevertheless, Decision Trees have the disadvantage of overfitting
that was checked by pruning and limiting depth methods in this research.

“Input: Dataset D
If stopping condition met:
Create leaf node
Else:
Select best feature using
information gain
Split dataset
Recursively build subtrees
Output: Decision tree model”

Random Forest (RF)

Random Forest is an ensemble method of learning that consists of several decision trees in
order to enhance the accuracy of the prediction and generalization. Every tree is trained on a
random sample of features and data, which minimizes variance and over-fitting. Random
Forest can be used to identify intricate nonlinear associations among various risk factors in
making decisions in reference to mitigating project failure. It can also be used to determine
the importance of the features needed like schedule delay or team capability as the model has
available the feature importance scores [8]. The method of random Forest proved to be quite

romising when it comes to noisy and high-dimensional project data.

“Input: Dataset D, number of trees N
Fori=1toN:
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Sample data with replacement

Train decision tree on sample
Aggregate predictions from all trees
Output: Majority-voted class”

Support Vector Machine (SVM)

Support Vector Machine is an efficient classification algorithm, which builds a supreme
hyperplane to divide classes of failure and success. SVM is able to deal with nonlinear decision
boundaries that occur in complex project environments by taking advantage of kernel
functions. In the study, SVM was used to differentiate between high-risk and low-risk projects
using multidimensional features interaction. SVM is computationally intensive but it has high
predictive power especially where patterns of failures are subtle and thus not easily
distinguished using other simplistic models [9].

“Input: Training data X, labels y
Select kernel function

Optimize margin between classes
Identify support vectors
Construct decision boundary
Output: SVM classifier”

Table 1: Dataset Characteristics (Assumed Values)

Attribute Description Valu
e
Total Number of 1,200
projects project records
Failure rate Percentage of 34%

failed projects

Number of Input variables 12
features

Training set Percentage of 70%
size data

Testing set Percentage of 30%
size data

Table 2: Algorithm Performance Comparison (Assumed Results)

Algorithm | Accuracy | Precisio | Recall | F1-
(%) n (%) (%) | Score
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Logistic 81.4 79.2 76.8 0.78
Regression
Decision 83.6 82.1 80.4 0.81
Tree
Random 88.9 87.5 86.2 0.87
Forest
SVM 86.7 85.3 84.1 0.85

IV. RESULTS AND ANALYSIS

Experimental Setup
The experimental evaluation was to determine the efficiency of the risk prediction models
based on Al to detect the potential failure of the project at the initial stage. Experimentation
was done with the preprocessed dataset mentioned in the Materials and Methods section. To
guarantee unbiased evaluation of the model, the dataset was randomly divided into two sets,
training and testing ones in the proportion of 70:30. The experiments were all carried out on
a standard machine learning environment, the hyperparameters of each algorithm were fine-
tuned with the help of five-fold cross-validation to reach the best performance [10]. Project
outcome, which was used as the target variable, was relaxed as either successful or failed and
the input variables were cost deviation, schedule variance, team experience, requirement
volatility, and level of stakeholder engagement.
To ensure consistency, the four models including Logistic Regression, decision tree, random
forest and support vector machine were trained separately and using the identical dataset.
They were evaluated in terms of classification accuracy, precision, recall, F1-score and Area
Under the Receiver Operating Characteristic Curve (AUC) [11]. These measurements were
chosen due to the fact that they give a detailed insight regarding predictive ability,
particularly in failure prediction where false-negatives can be particularly disastrous in
terms of management implications.
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Management

S Risk

identification

Risk mitigation

* Optimization
Theory in Risk
Mitigation

* Transparency
and Trustin Al
Models

1‘

Figure 1: “Artificial intelligence in risk management within the realm of construction
projects”
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Evaluation Metrics

The overall classification correctness was measured using accuracy, whereas the reliability
of the predicted failure cases was measured using precision. Recall was a measure of the
capability of the model to detect the real project failures and it is essential in risk reduction.
F1-score gave a balanced score that included the precision and recall and AUC was used to
measure the discrimination of the model against varying threshold levels [12]. The
combination of these metrics ensured the successful and multidimensional assessment of the
performance of every algorithm.

Model Performance Analysis

The use of Logistic Regression as a baseline model came about because of its simplicity and
the ability to interpret it. It showed a moderate predictive power and was successful in
detecting linear relationships between the project characteristics and risk to fail. Decision
Tree was better than Logistic Regression as it was able to record nonlinear interaction and
decisions about project risks [13]. It was however sensitive to changing data and performed
slightly differently in different training iterations.

The overall performance of the random forest was the best vis-a-vis. Among all models. Its
ensemble-based methodology minimized overfitting and the presence of complicated
interdependencies between risk factors in the project. The Support Vector Machine also
showed good results especially in the context of separating high-risk and low risk projects
when the boundary of decisions was not linear. Its computational complexity was however
greater when compared to other models [14].

Table 1: Overall Classification Performance

Algorithm | Accurac | Precisio | Recall | F1-

y (%) n (%) (%) Scor
e

Logistic 81.4 79.2 76.8 0.78

Regression

Decision 83.6 82.1 80.4 0.81

Tree

Random 88.9 87.5 86.2 0.87

Forest

SVM 86.7 85.3 84.1 0.85

ROC and AUC Analysis

To assess the discriminatory power of the models, Receiver Operating Characteristic analysis
was performed. Logistic Regression found a decent AUC, which also means that there was a
satisfactory separation between the failure and success classes. Decision Tree also enhanced
this performance because it was better at modeling the risk thresholds. Random Forest has
the best AUC, which means that it is more robust and reliable to predict the risks. SVM was
right after it and showed good overall performances in various risk profiles [27].
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Figure 2: “Comparative Risk Detection Accuracy in Traditional vs. AI-Driven Models”

Table 2: AUC Comparison

Algorithm AUC Value
Logistic Regression 0.84
Decision Tree 0.86
Random Forest 0.91
SVM 0.89

Feature Importance Analysis

To determine the most important features to predict features of a project that may end up as
a failure, feature importance analysis was conducted using the RAforest model. The most
profound predictors were determined as cost variance and schedule delay, with the
requirement volatility and team experience in the third positions. The level of stakeholder
engagement was also an important aspect that supported the precedence of communication
and governance in project success. The proposed analysis gives valuable insights to project
managers since it identifies some of the most critical risk indicators and explains why they
should be constantly monitored [28].

Table 3: Top Risk Factors Identified by Random Forest

Rank Feature Importance
Score
1 Cost variance 0.28
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2 Schedule delay 0.24
3 Requirement 0.18
volatility
4 Team experience 0.16
5 Stakeholder 0.14
engagement

Comparison with Related Work

In an attempt to assess the value of the proposed approach the results of the experiment were
analyzed alongside the results of the recent literature on Al-based project risk prediction.
Past studies made accuracy claims of between 75-85 percent, with most of them employing
one-modeling, or in a very small number of features. Conversely, the proposed research used
several Al models and a sophisticated collection of project risk indicators which enhanced
the degree of prediction [29].

Al Model Risk Management Market Size
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Figure 3: “Al Model Risk Management Market Size, Share Report, 2030”

aredve

Random Forest resulted in an accuracy of 88.9 which is quite higher than some of the
benchmarks that were reported in the existing literature. Another algorithm that showed a
competitive performance was the Support Vector Machine and it tamed the conventional
statistical methods. This can be explained by such advances using ensemble learning, feature
engineering, and systematic hyperparameter tuning.

Table 4: Comparison with Related Studies
Study Method Used | Accuracy

Reference (%)
Study A Logistic 78.5
(2021) Regression

Study B Decision Tree 82.0
(2022)
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Study C SVM 84.3
(2023)
Proposed Random 88.9
Study Forest

Failure Risk Mitigation Impact

Outside of predictive accuracy, the usefulness (in practice) of the models was assessed using
how much they might affect failure mitigation. The method of simulated intervention
measures like resource redistribution and schedule readjustments was available on high-risk
projects that had been identified at the initial phases. Random Forest and SVM models were
more accurate at early-warning of project failures, as they recognized project failures much
earlier, compared to the Logistic Regression and Decision Tree models [30]. This proactive
feature plays a vital role in a real life project management environment that defines the
success of a project in terms of timely intervention.

Table 5: Early Risk Detection Capability

Algorithm | Early Detection | False Alarm
Rate (%) Rate (%)
Logistic 68.4 14.2
Regression
Decision 72.8 12.6
Tree
Random 81.9 9.4
Forest
SVM 79.6 10.1

Discussion of Results

The results of the experiments significantly showed that the use of Al in risk prediction
models would have a greater impact in project failure detection than the traditional models.
The better performance of ensemble and kernel-based models was because they had the
capacity to capture the complicated interaction of project risk factors. Random Forest always
performed optimally in all assessment measures, which means that it is the best algorithm to
be applied to practice. The findings also confirm the value of risk management informed by
data and emphasize how Al can also revolutionize project monitoring making it more
predictive than reactive.
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Figure 4: “Prediction of Risk Delay in Construction Projects Using a Hybrid Artificial
Intelligence Model”

V. CONCLUSION

The study explored how the Al-powered risk prediction models could be used in the context
of reducing project failures, in response to the increasing demand of proactive and data-
driven risk management in highly skilled projects. Through the historical data of the project
and key performance indicators, several machine learning algorithms were constructed and
tested to determine the probability of project failure at an earlier stage. The experimental
findings showed that Al-based models significantly address the traditional risk assessment
methods because they establish nonlinear, as well as dynamic interaction of vital project risk
factors.

The highest predictive quality concerning the accuracy, the recall, F1-score, and the capability
to identify risks in time, were demonstrated by the Random Forest algorithm, which is why
the use of ensemble learning is effective in dealing with uncertainty and complexity of data.
The Support Vector Machine demonstrated good classification as well, especially when it
comes to high-risk project differentiation, and the methods of Logistic Regression and
Decision Tree provided a more understandable interpretation of the baseline. The analysis of
feature importance also indicated that the main causes of project failure are cost variance,
schedule delay, requirement volatility, and team experience, which also provides a practical
understanding of what project managers can do to improve project success. On the whole,
the results confirm that the models of project risk management can be turned into a more
supportive and predictive process due to the use of Al-based risk prediction. These models
will help in timely intervention, allocation of resources optimally, and right decision-making
by facilitating the identification of failure-prone projects in time. The study can be valuable
to the academic domain and a real-world project management field through offering
empirical data and a conceptual scheme of artificial intelligence implementation in project
failure mitigation practices.
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