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ABSTRACT 

This paper introduces a robust framework for improving project timeline 
predictions in cloud-based enterprise resource planning (ERP) 
implementations by combining traditional project management 
techniques (the critical path method [CPM] and the programme 
evaluation and review technique [PERT]) with advanced machine 
learning methods. The primary problem is that traditional project 
management techniques such as CPM fail to handle uncertainty in 
project timelines effectively. The features for the dataset were derived 
from the CPM and PERT framework and were matched with 4M (man, 
method, machine, material) to identify which kinds of uncertainties 
happened in the project. Hypothetically, the random forest algorithm 
was used as the primary predictive tool, but the research also used a 
neural network model to do the benchmark in metrics such as accuracy, 
precision, recall, and F1-score. In the results, random forest 
outperformed as predicted. By integrating CPM and PERT-derived 
features, the model identified critical factors, including “method” and 
“machine”, that strongly influence project efficiency. The framework 
achieved a near-perfect discrimination (AUC: 0.997), demonstrating its 
effectiveness in navigating uncertainties and enabling data-driven 
decision-making for enhanced project outcomes. 

 OPSOMMING  

Hierdie artikel stel ’n robuuste raamwerk bekend om voorspellings van 
projektydlyne in wolkgebaseerde ondernemingshulpbronbeplanning-
stelsels (ERP-stelsels) te verbeter deur tradisionele projekbestuurs-
tegnieke, naamlik die kritieke-padmetode (CPM) en die program-
evaluerings- en hersieningstegniek (PERT), met gevorderde 
masjienleermetodes te kombineer. Die kernprobleem is dat tradisionele 
projekbestuurstegnieke soos CPM nie onsekerheid in projektydlyne 
doeltreffend kan hanteer nie. Die kenmerke vir die datastel is uit die 
CPM- en PERT-raamwerk afgelei en met die 4M-raamwerk, naamlik 
mens, metode, masjien en materiaal, in verband gebring om te bepaal 
watter soorte onsekerhede tydens die projek voorgekom het. Die random 
forest-algoritme is as die primêre voorspellingsinstrument gebruik, 
terwyl ’n neurale netwerkmodel ook as maatstaf gebruik is om prestasie 
volgens metrieke soos akkuraatheid, presisie, sensitiwiteit en F1-telling 
te vergelyk. Die resultate het, soos verwag, getoon dat die random 
forest-model beter presteer het. Deur kenmerke wat uit CPM en PERT 
afgelei is, te integreer, kon die model kritieke faktore identifiseer, 
waaronder “metode” en “masjien”, wat projekdoeltreffendheid sterk 
beïnvloed. Die raamwerk het ’n byna volmaakte 
klassifikasieakkuraatheid behaal (AUC: 0,997), wat die doeltreffendheid 
daarvan demonstreer om onsekerhede te hanteer en datagedrewe 
besluitneming ter verbetering van projekuitkomste moontlik te maak. 
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1. INTRODUCTION 

In today’s competitive landscape, businesses are increasingly relying on sophisticated information systems 
to drive efficiency and to enhance decision-making processes. For example, Amazon leverages cloud-based 
infrastructure and data analytics to optimise its supply chain and to deliver personalised customer 
experiences [1]. Information systems management (ISM) involves the strategic and technical approaches 
that organisations use to maximise the value of their information systems. Rather than just focusing on 
technology deployment, ISM ensures that information technology (IT) resources align with business goals to 
support daily operations and drive strategic initiatives. This alignment is crucial for maintaining 
competitiveness, especially during system upgrades. Users benefit from enhanced productivity, managers 
ensure alignment with broader organisational goals, and experts assess technical integration and strategic 
benefits [2], [3]. Thus, ISM ensures that upgrades improve both efficiency and long-term success by 
optimising IT resources. As part of ISM, organisations are turning to cloud-based enterprise resource 
planning (ERP) systems to streamline operations and enhance decision-making capabilities [4]. Cloud ERP 
represents a type of ERP system that relies on internet-based services and operates on a subscription model, 
rather than being implemented on-premises in an organisation [5]. This transition to cloud-based solutions 
reflects the evolving landscape of ISM, where leveraging scalable and flexible technologies is crucial for 
enhancing efficiency and achieving long-term success. 

Implementing cloud ERP systems is pivotal to an organisation’s success, particularly in enhancing the quality 
of decision-making processes. For small and medium-sized enterprises (SMEs), the adoption of cloud-based 
ERP offers significant benefits, including reduced costs and shorter deployment times. The scalability of 
cloud ERP allows businesses to expand their operations easily, while improved accessibility ensures that 
key stakeholders can access critical data anytime, anywhere. Overall, the integration of cloud ERP systems 
not only streamlines operations but also strengthens the foundation for informed strategic decision-making, 
driving sustainable growth for SMEs [6], [7], [8]. Cloud ERP implementation aims to ensure that employees 
can access real-time business information from anywhere, enabling continuity of business activities [5], 
[9]. ERP systems streamline processes, centralise data, and enhance communication, all of which contribute 
to increased productivity and greater operational efficiency. By adopting cloud ERP, organisations can 
further elevate their performance, achieving sustainable improvements in both efficiency and productivity. 
This combination of streamlined processes and centralised data access allows teams to work more 
effectively, driving consistent, long-term success [10]. 

While the benefits of cloud ERP systems are clear, successful implementation is not without difficulties. 
Delays in project timelines can disrupt workflows and undermine potential gains. Prolonged timelines can 
create cascading issues, with one of the most critical being the inefficient use of time. Delays in key 
processes disrupt the entire workflow, affecting interdependent tasks and causing a ripple effect 
throughout the organisation. As illustrated in Figure 1, a critical project delay occurred when the planned 
five-month schedule was not achieved. These setbacks can severely undermine the overall success of the 
ERP initiative, leading to wasted resources, increased costs, and missed opportunities for optimisation. 
Urgent corrective action is needed to prevent further derailment. ERP implementation projects are 
inherently complex and often experience delays [11]. Factors influencing implementation time can be 
identified using design planning techniques, while the critical path method (CPM) can pinpoint bottleneck 
activities. Project complexity, particularly in “subjective” and “uncertainty” dimensions, is a necessary 
condition for delays in ERP projects [11]. 

Therefore, time efficiency is crucial, where strict timelines and resource optimisation can have a significant 
impact on overall project success. Delays in ERP implementations can lead to substantial cost overruns, as 
highlighted by Bokovec et al., emphasising the importance of timely project completion to maintain 
budgetary constraints [12]. Moreover, the findings by Sudhaman and Thangavel [13] demonstrate a robust 
correlation between time efficiency and project success, indicating that ERP projects completed on time 
are more likely to deliver enhanced performance metrics, including higher stakeholder satisfaction and 
increased cost savings [13]. This is especially vital in ERP projects, where alignment between system 
functionalities and organisational needs is crucial for achieving intended outcomes. Effective time 
management is also vital to mitigate risks associated with ERP projects. Efficient time management helps 
to reduce risks related to delays and unexpected complications [12]. In addition, Velcu argues that time-
efficient projects enhance team productivity by establishing clear timelines, ensuring that team members 
are aligned in their efforts for successful deployment [14]. 
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Figure 1: Project timeline (181 days) 

Given the potential risks of time delays in ERP implementations, leveraging advanced project management 
techniques such as the programme evaluation and review technique (PERT) and CPM can help to mitigate 
these issues. These tools facilitate the efficient management of project activities from inception to 
completion, thereby enhancing overall project effectiveness [15]. According to Haekal and Masood, future 
research will benefit from integrating the CPM and PERT methods with random forest, as this combination 
can enhance the accuracy of time estimation and critical path identification by more deeply analysing 
historical data [16]. Besides the use of inappropriate methods by the project team, uncertainties that may 
affect project schedule performance are also present. Project management techniques such as CPM often 
face problems with uncertainty in complex projects, leading to inaccurate forecasts and resource 
inefficiencies [17].  

In addition, the subdivision of activities in PERT networks can create biases in probability calculations, 
affecting the calculated probabilities based on the timing of scheduled events [18]. To mitigate these 
issues, researchers have suggested alternative approaches, such as uncertainty importance measures, to 
pinpoint activities that require more focus in reducing variability in project completion time [19]. Since 
uncertainty is an inevitable aspect of all projects, addressing these uncertainties effectively would be 
crucial for improving overall project outcomes. Random forests offer an advanced approach to addressing 
uncertainties by analysing historical data and providing deeper insights into factors influencing project 
outcomes. By aggregating the predictions of multiple decision trees [20], it not only reduces the risk of 
overfitting and improves the model’s generalisation ability, leading to more accurate predictions, but also 
enhances the precision of time estimation and critical path identification, making it a valuable addition to 
project management frameworks. Therefore, it optimises project performance and decision-making, 
offering new avenues for improvement in cloud-based project execution. 

The aim of this research is to conduct a comprehensive synergistic application of the random forest 
algorithm, combined with CPM and PERT, to leverage advanced machine learning techniques to enhance 
project scheduling, optimise task completion times, and improve the accuracy of project timeline 
predictions. This study proposes an integrated framework that combines traditional project scheduling 
techniques with machine learning to address uncertainty in cloud ERP implementation timelines. CPM and 
PERT are used to provide structured scheduling representations and uncertainty-related information 
derived from project activities [1], [2], [4]. These scheduling outputs are leveraged within a random-forest–
based predictive framework to support the classification of project schedule achievement and to identify 
influential uncertainty factors affecting project performance [20]. In order to contextualise the 
performance of the proposed approach, a neural network model is included as a benchmark to support 
comparative evaluation, rather than as a primary methodological contribution [21]. Random forests are 
effectively used within modern machine learning frameworks as a powerful supervised algorithm, and are 
widely applied in data science for both regression and classification tasks [20], [22]. The algorithm can 
analyse patterns and provide refined probability distributions for task completion times, which can be used 
to update the CPM and PERT estimations. This innovative combination aims to address uncertainties and to 
improve project scheduling and decision-making, ultimately enhancing the success of cloud-based ERP 
initiatives. 
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This research introduces a refined approach to project management by merging traditional scheduling 
techniques with advanced machine learning, particularly in cloud ERP projects. While CPM and PERT are 
widely used to estimate project timelines, their predictive capabilities are often limited by static 
assumptions. By integrating the random forest algorithm, this approach leverages data-driven insights to 
adjust task durations dynamically and to uncover patterns that conventional methods might overlook. By 
combining traditional project management techniques with machine learning, this approach paves the way 
for a more adaptive, accurate, and intelligent system, capable of navigating uncertainties and delivering 
timely, cost-effective results. This innovative blend of methodologies stands to enhance significantly the 
success of cloud-based ERP projects and beyond. 

In addition to ensemble-based models, neural networks have been widely applied in project scheduling and 
duration prediction because of their ability to model nonlinear relationships [23], [24]. In this study, a 
neural network model is included as a benchmark to evaluate the performance of the proposed random-
forest–based framework, allowing a comparative assessment between ensemble learning and neural 
network approaches. 

The remainder of this paper is organised as follows. Section 2 reviews the relevant literature on CPM, PERT, 
and machine-learning applications in project scheduling. Section 3 describes the proposed framework and 
research methodology. Section 4 presents the results and discussion, including the evaluation of the 
proposed random forest model with a supporting benchmark comparison using a neural network. Section 5 
concludes the paper and outlines directions for future research. 

2. LITERATURE REVIEW 

2.1. Critical path method and programme evaluation and review technique 

CPM and PERT are classic project scheduling techniques that are widely used to analyse project timelines 
and identify critical activities. CPM is a deterministic method that represents a project as a network of 
interdependent activities with fixed durations, enabling the identification of the critical path, which 
determines the minimum project completion time. Activities on the critical path have zero slack, implying 
that any delay will directly affect the overall project duration. Given its deterministic nature, CPM is 
particularly suitable for projects with clearly defined scopes and stable activity durations, and it is 
commonly applied to identify scheduling bottlenecks and to prioritise critical tasks [15], [25]. 

PERT extends network-based scheduling by incorporating uncertainty into activity duration estimates. It 
uses three time estimates (optimistic, most likely, and pessimistic) to compute the expected duration and 
variance of project activities, allowing for probabilistic analysis of project completion time. This makes 
PERT more appropriate for complex projects that are characterised by high uncertainty, such as information 
systems and ERP implementations, where task durations are difficult to estimate accurately [18], [26]. 
Although CPM and PERT have inherent limitations, including reliance on accurate estimates and assumptions 
of activity independence, their outputs –such as critical paths, expected project duration, and scheduling 
baselines – remain valuable inputs for advanced analytical approaches, including machine learning–based 
project scheduling and performance prediction. 

2.2.  Machine learning in project scheduling 

Recent studies have increasingly explored the application of machine learning (ML) techniques to improve 
project scheduling, duration estimation, and schedule risk prediction. Traditional scheduling methods, such 
as CPM and PERT, rely on deterministic or probabilistic assumptions that may not adequately capture the 
complexity and nonlinearity of real-world projects. To address these limitations, ML models have been 
applied to predict task durations, schedule delays, and project performance by learning patterns from 
historical project data. Prior research has demonstrated the effectiveness of ML approaches, including 
artificial neural networks, support vector machines, and ensemble methods, in enhancing prediction 
accuracy for project scheduling and construction management problems [24], [27]. 

Several studies have also investigated hybrid approaches that combine classical scheduling techniques with 
data-driven models. For example, ML has been used to support schedule risk analysis, activity duration 
estimation, and early warning systems for project delays, complementing CPM- or PERT-based scheduling 
frameworks [26], [28]. However, much of the literature focuses on regression-based delay estimation or 
construction project contexts, with limited attention to classification-based schedule achievement 
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prediction and explicit integration of CPM and PERT outputs as structured inputs for ML models. 
Furthermore, uncertainty factors related to organisational and technical dimensions are often 
underexplored. This study addresses these gaps by integrating CPM- and PERT-derived scheduling outputs 
with uncertainty factors within a random-forest–based classification framework to predict schedule 
achievement in cloud ERP projects. 

Neural network models have been extensively applied in project scheduling and construction management 
to predict activity durations and overall project performance because of their ability to capture complex 
nonlinear relationships in project data [23], [29]. Prior studies demonstrate that neural networks can 
achieve high predictive accuracy in scheduling-related tasks when sufficient historical data are available 
[23]. However, neural network models often require extensive parameter tuning and relatively large 
training datasets to achieve stable and generalisable performance, which may limit their practical 
applicability in projects with limited data availability [29]. Consequently, neural networks are frequently 
used as benchmark models in comparative studies to evaluate the effectiveness of ensemble-based 
approaches, such as random forest, in project scheduling and prediction tasks [30]. 

2.3. The limitations of traditional project management 

Use of CPM calculates the longest path of dependent tasks, which forms the critical path, and provides a 
roadmap for keeping the project on schedule. This method is particularly useful in well-defined projects 
with predictable timelines, as it ensures that essential tasks are prioritised to prevent bottlenecks. 
However, CPM’s primary limitation is its inability to handle uncertainties in task durations. As Vanhoucke 
explains, CPM is particularly vulnerable in environments where task durations are uncertain, such as in 
cloud ERP systems, which often experience fluctuating demands and timelines [25]. When tasks deviate 
from their planned durations, CPM cannot adapt to these changes, resulting in inaccurate timeline 
predictions [31]. Although CPM provides a structured approach to managing project tasks, its deterministic 
nature limits its effectiveness in handling uncertainty.  

PERT offers a probabilistic approach to project scheduling and allows for variability in task durations by 
incorporating three time estimates: optimistic, most likely, and pessimistic. This method offers greater 
flexibility in managing projects with unpredictable task durations, making it particularly useful for large 
projects with inherent risks. Despite this flexibility, PERT’s reliance on subjective estimates can introduce 
bias, which, according to Moskowitz and Bullers, may reduce the precision of its predictions, especially in 
large, complex projects such as cloud ERP [32]. PERT assessments often yield looser subjective probability 
distributions, leading to fewer surprises but also introducing biases in the estimates. It can lead to cost 
overruns when projects are behind schedule and cost penalties when ahead of schedule [33]. Conventional 
PERT procedures introduce biases into time statistics [34]. Thus, while PERT improves on CPM by accounting 
for uncertainty, it still struggles to adjust dynamically to real-time changes in project conditions. Both CPM 
and PERT provide valuable frameworks for managing tasks and resources, but their static nature and 
reliance on estimates leave them ill-equipped to handle the evolving nature of complex projects such as 
cloud ERP [19].  

Several authors have proposed modifications to the original PERT estimators to improve accuracy, such as 
new approximations for the mean and variance of activity durations. However, Sackey et al. argued that 
the complexity of new methods can make them less practical for real-world applications [35]. 

2.4. The challenges in a cloud ERP project 

Cloud ERP systems are implemented to streamline operations and to improve decision-making in 
organisations. These systems offer scalability and flexibility, but the projects required to implement them 
are notoriously complex, involving multiple stakeholders, fluctuating requirements, and external risks. 
Implementing cloud ERP systems often requires significant organisational change and adaptation, including 
changes in work arrangements and business processes [7]. Delays in cloud ERP implementations are 
common, often stemming from resource constraints, technical failures, and evolving project scopes [28]. 
The impact of these delays is significant, as they can result in increased costs and missed business 
opportunities.  

Meanwhile, CPM and PERT are often inadequate for managing the complexity of cloud ERP implementations 
[9]. These projects are dynamic, with task durations and dependencies constantly changing. The static 
nature of CPM and PERT limits their ability to adjust to these changes, making it difficult for project 
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managers to predict timelines accurately and to allocate resources effectively [26]. As a result, there is a 
need for more advanced tools, such as random forest, to manage the uncertainty and variability inherent 
in cloud ERP projects. The original PERT model’s simplicity is often preferred for ease of use, even if it is 
less accurate [36], [37], [38]. Integrating random forest algorithms with CPM and PERT methodologies 
potentially offers better accuracy and predictive capabilities than merely modifying traditional PERT 
estimators. Random forest’s strengths in feature selection, model simplification, and high predictive 
accuracy make it a promising tool for enhancing project management techniques [39], [40]. 

2.5. Random forest algorithms in predictive analysis 

Random forests can handle large datasets with numerous features without variable selection or 
dimensionality reduction. They are highly effective in dealing with missing values, and can estimate the 
importance of different features, which aids in feature selection and understanding the underlying data 
structure [41]. This capability makes random forests particularly valuable in complex applications in various 
domains. In project management, random forests can improve the accuracy of task duration estimation and 
schedule planning. The proposed calibration process using scaling algorithms enhances these models by 
reducing overfitting and avoiding unwanted biases, especially when dealing with uncertain factors such as 
resource constraints or task dependencies. For instance, when managing large projects such as ERP 
implementations, uncertainties in task durations and project schedules can be better managed by applying 
these calibrated random forest models [27]. This reduces the risk of inaccurate predictions and leads to 
more reliable decision-making throughout the project lifecycle. 

Random forests benefit from the ensemble method’s inherent capability to reduce variance and improve 
prediction accuracy. Each tree in the forest is built using a random subset of the data and features, which 
ensures diversity among the trees and reduces the correlation between them [20]. It leads to improved 
generalisation on unseen data, and enhances model performance. They can also be implemented using 
parallel computing frameworks, which allows for faster training and prediction times, especially on big 
data [42]. The ability to parallelise the construction of decision trees and the use of bootstrapped samples 
contributes to their efficiency and effectiveness. Techniques such as random forests with extra trees 
(extremely randomised trees) have also been developed to increase the randomness in tree building [43], 
which can improve performance and reduce training time. In addition, random forests have been integrated 
with other machine learning techniques, such as boosting and stacking, to enhance their predictive power 
and versatility [43], [44]. Advancements in machine learning techniques further illustrate the versatility 
and power of random forests in refining project management practices. 

The literature reveals that the integration of traditional project management techniques such as CPM and 
PERT with machine learning methods such as random forests offers a promising approach to managing the 
complexities and uncertainties of modern projects [24], [45]. This hybrid model enhances predictive 
accuracy and adaptability, providing project managers with better tools to optimise project outcomes. 
Further research into these hybrid models is necessary to address both theoretical and methodological 
gaps, ultimately improving project management practices in various industries. 

3. RESEARCH METHODS 

The study began by collecting relevant project data from previously implemented cloud ERP systems, 
focusing on task durations, dependencies, and resource allocations. Historical project data, including 
delays, task complexity, resource utilisation, and external factors affecting the project timeline, were 
compiled from various sources, including project management databases and case studies, cloud ERP 
implementation case studies, project management reports, and other relevant literature; task durations, 
task dependencies, resource allocations, external factors (e.g., market conditions, technological 
limitations), and recorded delays. CPM and PERT were applied to the collected data to define the critical 
path, estimate task durations, and identify areas of uncertainty in the project timeline. The random forest 
algorithm was introduced to enhance the accuracy of task duration predictions by analysing complex 
interactions between variables. 

3.1. Research procedure 

This study followed a structured research workflow consisting of data collection, data preprocessing, model 
development, training, and evaluation. Project data were collected from previously implemented cloud 
ERP projects and included CPM- and PERT-derived scheduling outputs as well as uncertainty factors based 
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on the 4M framework (man, method, machine, and material). In this study, CPM and PERT were applied 
solely as preliminary scheduling tools to derive baseline project duration indicators. The scheduling outputs 
obtained from CPM and PERT were used as input features for the subsequent machine learning models, 
rather than as standalone analytical methods. 

Prior to modelling, the dataset was examined for inconsistencies and missing values. All variables were 
numerical and standardised using a scaling procedure to ensure comparable feature ranges and to improve 
model stability. The prediction task was formulated as a binary classification problem, in which the target 
variable indicated whether or not the project schedule target was achieved. 

A random forest classifier was used as the primary predictive model, while a neural network model was 
included as a benchmark for comparison. Model training and evaluation were conducted using the Orange 
data mining platform. The dataset was divided into training and testing subsets using a hold-out validation 
approach. 

Model performance was assessed using multiple evaluation metrics, including accuracy, precision, recall, 
F1-score, and the area under the receiver operating characteristic curve (AUC). Confusion matrices were 
also used to analyse classification outcomes and misclassification patterns. Data preparation, model 
development, training, and evaluation were conducted using the Orange data mining platform, which 
provides an integrated and reproducible workflow for machine learning experiments. 

3.2. Dataset building 

The dataset for this research was constructed using the 4M framework as independent variables to analyse 
their influence on project outcomes. Each of these variables was quantified using a structured scoring 
system (1–10 scale) to reflect their maturity, readiness, and alignment with ERP project requirements. The 
details are provided in Table 1. 

Table 1: Scoring for uncertainty variable dataset 

Variable Dimension Score Description 

(Man) x1 Skill & competence, change 
readiness, engagement, 
leadership support, 
communication, training Hours 
[46] 

1-3 Workforce lacks ERP knowledge, engagement, 
and readiness; no leadership support or 
communication. 

4-6 Basic ERP skills; moderate engagement; some 
leadership support; inconsistent 
communication. 

7-9 Skilled, engaged, and adaptive workforce; 
strong leadership support and clear 
communication. 

10 Fully proficient, committed, and proactive 
workforce; excellent leadership and 
communication. 

(Method) 
x2 

Process alignment, SOPs, 
change management 
strategies, customisation 
effort, implementation 
timeline [14], [47] 

1-3 ERP misaligned with processes; no SOPs or 
change management strategy. 

4-6 Partial alignment; basic SOPs and some change 
management strategies exist but need 
improvement. 

7-9 Well-aligned processes; detailed SOPs; 
effective change management with minor 
gaps. 

10 Processes fully aligned; comprehensive SOPs; 
excellent change management strategy. 

(Machine) 
x3 

System compatibility, 
performance metrics, 
scalability, data migration 

1-3 Incompatible ERP system; poor performance 
and data integration; inadequate technical 
support. 
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Variable Dimension Score Description 
success rate, integration, IT 
support [46]  

4-6 Basic functionality; moderate compatibility; 
partial integration with other systems. 

7-9 Reliable ERP system with good compatibility, 
performance, and integration. 

10 Highly efficient, scalable, and seamlessly 
integrated ERP with excellent technical 
support. 

(Material) 
x4 

Budget use, resource 
availability, project cost, 
quality of input data, vendor 
support [48], [49] 

1-3 Insufficient budget, poor resource allocation, 
and inaccurate data. 

4-6 Adequate budget and resources; some 
inefficiencies in allocation or data quality. 

7-9 Well-planned resource allocation; clean data 
and good vendor support. 

10 Optimal resources, budget, and data quality; 
excellent vendor collaboration. 

The target completion time was established using  CPM or  PERT analysis, depending on the nature and 
complexity of the project under evaluation. CPM would be applied to projects with well-defined tasks and 
deterministic timelines, whereas PERT would be used for projects with probabilistic time estimates, 
allowing for an assessment of variability and uncertainty in task durations. 

To evaluate the project status, the actual completion time was compared against the target time predicted 
by CPM or PERT. Projects that met or completed tasks within the predicted timeframe were classified 
as “achieved”, while those exceeding the target were labelled “not achieved”. This binary classification 
served as the basis for analysing the relationship between the 4M variables and the success of ERP 
implementation projects. By leveraging this dataset, the study aimed to identify critical factors influencing 
project timelines and to assess how the 4M dimensions affected the likelihood of achieving planned project 
objectives. 

3.3. Machine learning integration: Random forest algorithms 

These processes are presented in Figure 2, describing the initial step to obtain the required result from the 
data with the features derived from CPM & PERT analysis, as follows: 

This framework delineated a structured approach to predictive analysis using a dataset generated from 
CPM and PERT analysis – methodologies widely applied in the project for scheduling tasks and estimating 
durations. The process began with the selection of significant features from the dataset, a critical step in 
reducing dimensionality and optimising model performance by concentrating on the most relevant 
variables. Next, the random forest algorithm was implemented; this ensemble learning method constructs 
multiple decision trees to enhance predictive accuracy and to mitigate the risk of overfitting. Following 
this, the model’s performance was rigorously evaluated through metrics to determine its effectiveness. 
The final phase involved interpreting the outcomes, which might include predictions and classifications 
derived from the random forest model, thus contributing valuable information for informed decision-
making.  

Figure 3 shows the flow of predictive analysis; the researcher used the machine learning (ML) software tool 
known as Orange, which supports the implementation of predictive models efficiently. To begin, the 
dataset was imported into Orange, where the “data training” feature was used to provide a clear, organised 
view of the data, facilitating initial inspection and analysis. Next, before initiating model processing, the 
researcher conducted a feature selection step by using it to identify and retain only the most representative 
columns, ensuring that the input data was both relevant and optimised for modelling. Once the dataset 
had been prepared, the random forest model processed it. This stage involved two key components: the 
first was bootstrap aggregation (bagging), in which the model performed random sampling with 
replacement of the training data, generating multiple subsets for training. This bagging technique reduced 
variance and enhanced model robustness. Second came the feature selection for decision trees: each 
decision tree in the ensemble was built with a randomly selected subset of features, creating diverse 
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decision paths and minimising the risk of overfitting [20], [43], [44]. After that, multiple decision trees 
were constructed, each learning unique patterns in its subset. 

 

Figure 2: Analysis framework 

 

Figure 3: Analysis workflow on Orange 
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In addition to the random forest model, a neural network algorithm was incorporated as a comparative 
benchmark. Neural networks, known for their capability to model complex, non-linear relationships, serve 
as a robust alternative to random forest. However, based on the literature and on theoretical assumptions, 
it was hypothesised that the random forest model would yield superior predictive accuracy owing to its 
capacity to handle smaller datasets and its inherent resistance to overfitting compared with neural 
networks, which often require extensive tuning and larger datasets to achieve optimal performance. This 
hypothesis was rigorously tested by comparing the results of both models. Following model training, 
performance evaluation was conducted using established metrics to ensure the reliability and validity of 
the findings. The final phase involved the interpretation of the results, encompassing the predictions and 
classifications generated by the models.  

3.3.1. Random forest classification formula 

To classify a variable (e.g., predict whether an activity will be delayed or not), the formula used is: 

𝑦𝑦� = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑦𝑦1, 𝑦𝑦2,⋯ , 𝑦𝑦𝐵𝐵) (1) 

where 
𝑦𝑦� Predicted class for the target variable (e.g., delay: yes/no). 

𝑦𝑦𝑖𝑖 Predicted class from the 𝑖𝑖-th tree. 

mode Function that returns the most frequently occurring value among the tree predictions. 

3.3.2. Performance analysis 

In classification tasks, performance evaluation is crucial for understanding how well a model is doing. Here 
are some key metrics and their formulas used to evaluate classification models: 

Accuracy measures the proportion of correctly classified instances out of the total instances. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 
(2) 

where 
TP (true positives) Correctly predicted positive instances 

TN (true negatives) Correctly predicted negative instances 

FP (false positives) Incorrectly predicted positive instances 

FN (false negatives) Incorrectly predicted negative instances 

Precision measures the proportion of true positive predictions among all positive predictions. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 
(3) 

Recall measures the proportion of true positive predictions among all actual positive instances. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 
(4) 

The F1 Score is the harmonic mean of precision and recall, providing a balance between the two metrics. 

𝐹𝐹1 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  2 ∙
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∙  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 +  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 

(5) 

A confusion matrix summarises the performance of a classification algorithm. It is a table with four 
combinations of predicted and actual values. Table 2 presents the confusion matrix used to evaluate the 
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classification performance of the proposed model in predicting project schedule achievement. True positive 
(TP) represents cases where projects that successfully met the target schedule were correctly classified as 
“target achieved,” while true negative (TN) corresponds to projects that failed to meet the target and 
were correctly classified as “not achieved”. False positive (FP) indicates cases where delayed projects were 
incorrectly classified as achieving the target, whereas false negative (FN) represents projects that achieved 
the target but were misclassified as not achieved. 

Table 2: Confusion matrix 

  Prediction values 
  Predicted positive Predicted negative 

Actual values Actual positive TP FN 
Actual negative FP TN 

4. RESULTS AND DISCUSSION 

4.1. Dataset description 

This subsection describes the dataset used in the experimental analysis. It consisted of 100 project 
instances derived from cloud ERP implementation cases. Each instance was characterised using the 4M 
framework, while project status was defined as a binary classification outcome (“target achieved” or “not 
achieved”), based on the comparison between actual project duration and the target duration estimated 
using CPM or PERT. 

 

Figure 4: Map of critical path method 

 

Figure 5: Map of programme evaluation and review technique 

Activities A, B, D, E, G, H, J, and K were identified as critical activities located on the critical path, meaning 
that any delay in these activities would directly delay the overall project completion time. Activity A 
represents the project kickoff meeting, followed by Activity B, which corresponds to the internal team 
kickoff meeting. Activities D and E involve business process analysis, where Activity D captures the “as-is” 
process assessment and Activity E focuses on the “to-be” process design. Activity G covers prototype 
development and system configuration, which is subsequently evaluated through Activity H, the prototype 
testing phase. User validation is conducted in Activity J through user acceptance testing (UAT), and the 
implementation culminates in Activity K, which represents the “go live” phase. 
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Figure 4 presents the CPM analysis, while Figure 5 represents the PERT. Both diagrams illustrate the 
sequence from node 0 to 11, with CPM estimating a project duration of 162 working days and PERT indicating 
a shorter duration of 157 working days. This suggests that PERT was more efficient in reducing project 
time, and thus, the PERT duration would serve as reference data in building a random forest dataset for 
prediction and classification. 

In this dataset, the 4M factors were incorporated as independent variables to identify which types of 
uncertainty most influenced project timelines. By analysing these factors, the model could detect the 
variability sources that had a significant impact on deviations from the PERT-based duration [19]. By 
examining each 4M variable in relation to the PERT duration, the model could capture patterns of 
uncertainty and reveal key risk areas. For each factor, a higher score indicated a greater influence on the 
actual project duration, meaning that addressing high-impact variables had the potential to reduce overall 
project time significantly. This insight was critical for prioritising areas where efficiencies could be gained, 
ultimately accelerating project completion. The predictive model assessed these factors individually to 
quantify their accuracy and impact, identifying the specific sources of delays and enabling more targeted 
risk mitigation.  

Table 3: Dataset variables 

 

The dataset in Table 3 provides an overview of various features, denoted as 4M, with “project status” as 
the target variable categorised as either “target achieved” or “not achieved”. These features were 
characterised by numerical data types; meanwhile the target variable was characterised by categorical 
data types, allowing for the direct identification of classification [20], [40]. The dataset comprised 100 
data points, each representing a unique set of observations that corresponded to the target time to decide 
whether “achieved” or “not achieved” (project status), recorded based on the interaction of the 
aforementioned features. Table 3 presents quantitative scores for each of the 4M components, alongside 
the actual performance outcomes compared with a consistent target of 157. Projects achieving the target 
exhibited balanced contributions for all 4M factors, indicated by red bars, whereas projects that fell short 
highlight gaps (blue bars). The dataset served as a foundational resource for training the model, ensuring 
that the predictions were based on real-world observations and not merely on theoretical assumptions. The 
scoring system presented in Table 3 was derived from a structured questionnaire designed to assess the 
performance and efficiency of various factors influencing the project. Each 4M factor was evaluated 
through responses collected from related parties. The questionnaire used a ranking scale from 1 to 10, 
where respondents assigned higher scores to indicate greater efficiency and shorter completion times, and 
lower scores to reflect inefficiencies or delays in the respective factor. 

Another dataset would serve as the test data, and would include only the independent variables, namely 
the factors from the 4M framework. This dataset would be used to evaluate the predictive capabilities of 
the trained model by determining the project status (either “target achieved” or “not achieved”) based on 
the patterns and relationships learned during the training process. It ensured that the model’s performance 
could be assessed objectively by comparing its predictions with the actual outcomes in unseen data. 
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Table 4: Table of comparison between random forest and neural network algorithms 

 

Table 4 compares the predictive performance of two machine learning models, random forest and neural 
network, in classifying project status (“target achieved” or “not achieved”) based on the 4M factors. Each 
row represents a test instance with scores assigned by the models to indicate the probability of the project 
achieving its target. For example, the random forest model assigned probabilities to each class, such as 
0.14 (not achieved) and 0.86 (achieved), with the higher value determining the classification. Similarly, 
the neural network provided its probabilities and corresponding predictions. The dataset highlighted 
differences in model outputs, demonstrating cases where the models agreed or differed, which could 
provide insight into their decision-making processes. The independent variables, 4M, served as input 
features, and their values indicated the resource allocation or efficiency for each test case.  

4.2. Model configuration and benchmark setup 

The primary predictive model used in this study was a random forest classifier, selected for its robustness 
in handling uncertainty, nonlinear relationships, and feature interactions in project scheduling data [20]. 
The random forest model served as the core analytical component for predicting project schedule 
achievement. To provide a supporting comparative evaluation, a neural network model was also 
implemented as a benchmark. Specifically, a feedforward multilayer perceptron (MLP) architecture with a 
single hidden layer was used, trained using the back-propagation learning algorithm. The neural network 
was included solely for benchmarking purposes, allowing the performance of the proposed random forest 
framework to be contextualised rather than serving as a primary methodological contribution. 

4.3. Model training and evaluation 

Model performance was evaluated using standard classification metrics commonly applied in predictive 
analytics, including accuracy, precision, recall, F1-score, area under the curve (AUC), and the Matthews 
correlation coefficient (MCC) [20], [44]. These metrics were used to assess the ability of the models to 
classify project schedule status correctly under uncertainty. Performance evaluation was conducted 
consistently for both the random forest and the benchmark neural network models to ensure a fair 
comparison. The resulting metrics provided the basis for analysing predictive effectiveness and for 
interpreting the relative strengths of the proposed framework in comparison with the benchmark approach. 

Table 5: Accuracy rate comparison between random forest and neural network algorithms 

Model AUC CA F1 Precision Recall MCC 
Random forest 0.997 0.980 0.980 0.980 0.980 0.960 

Neural network 0.952 0.900 0.900 0.901 0.900 0.800 

Table 5 presents the performance metrics of two machine learning models, random forest and neural 
network, that were used to classify project status. The metrics included AUC, classification accuracy (CA), 
F1-score (F1), precision (Prec), recall, and the MCC [44]. Random forest outperformed the neural network 
in all metrics, achieving an AUC of 0.997 compared with 0.952 for the neural network, indicating superior 
model discrimination ability. Similarly, the random forest demonstrated higher CA (0.980), F1 (0.980), Prec 
(0.980), recall (0.980), and MCC (0.960), showcasing its robustness in capturing the relationship between 
input features and the project status while maintaining a low misclassification rate. These results 
underlined the importance of model selection to achieve high predictive accuracy and reliability in 
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classifying project outcomes. The significant performance gap in metrics such as MCC (0.960 vs 0.800) 
highlighted the random forest’s ability to provide more balanced and consistent predictions between 
classes. The superior AUC further validated its capability to distinguish between “target achieved” and 
“not achieved” cases with minimal overlap. The findings emphasised that random forest was a better-suited 
model for this task, providing reliable, high-quality predictions that could aid decision-making in this ERP 
project’s implementation duration. 

The researcher used Pythagorean forest to visualise a random forest, providing an intuitive and structured 
representation of this machine learning model by leveraging the fractal and hierarchical properties of 
Pythagorean trees [43]. Each decision tree in the random forest could be depicted as a fractal structure, 
such that larger shapes at the base represented root nodes or higher-level splits, and smaller shapes 
corresponded to deeper, more granular decisions. This multi-scale representation aligned naturally with 
the recursive nature of decision trees, making it easier to grasp both the global structure and the finer 
details of how features contributed to predictions. It helped the random forest model to be more 
transparent and easier to analyse. 

 

Figure 6: Pythagorean forest 

Figure 6 represents the Pythagorean forest, which in consisted of 100 trees. Each tree is a fractal structure 
that models hierarchical or recursive relationships in data, and depicts a hierarchical dataset, where the 
branching structure represents parent-child relationships. Larger fractal elements at the base of the tree 
correspond to root nodes or higher-level data points, while progressively smaller elements illustrate deeper 
levels of recursion, representing subordinate or granular components. This recursive visual representation 
helps to convey the depth and complexity of hierarchical systems intuitively. The use of colour further 
enhances the interpretability of the visualisation. Distinct colours, such as red and blue, differentiate 
hierarchical layers. Parent nodes are represented in one colour, signifying higher-order data, while child 
nodes are shown in a contrasting colour, representing more detailed or dependent data. This colour-coding 
system effectively illustrates the structural relationships in each tree, facilitating the recognition of 
hierarchical layers. 

The forest’s 100 trees each differed in structure, depth, and branching complexity. These variations 
illustrate the adaptability of Pythagorean trees to represent diverse datasets or hierarchical systems. By 
visualising different structures, the forest highlights the potential for fractal patterns [50], [51]. 

To show the details of each tree, the researcher used the four decision trees representing the 4M factors, 
which illustrated the structure of a decision tree. This tree consisted of 27 nodes and 14 leaves, and was 
simplified to a depth of three levels. 
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Figure 7: Decision tree 

The decision trees showcased the hierarchical structure of nodes and leaves, with each node representing 
a decision point based on a feature’s value and each leaf indicating the outcome (e.g., “target achieved” 
or “not achieved”). The red and blue colours signified different classes or outcomes, with the pie charts in 
the nodes further indicating the proportion of data supporting each classification. The branching logic in 
each tree was based on specific thresholds of feature values, which enabled the tree to focus on the most 
relevant splits at each level and to balance simplicity with predictive accuracy, represented by inequalities 
such as ≤ 4.500 or > 3.500. These thresholds determined the flow from parent nodes to child nodes, 
reflecting the decision-making process in splitting the data. Nodes at higher levels represented broader 
criteria, while deeper nodes captured more specific conditions.  

  

  

Figure 8: Scatter plot 

In Figure 8, the “actual” variable refers to the actual project completion time, measured in working days, 
recorded for each ERP implementation instance and compared against the target duration estimated using 
CPM or PERT. This scatter plot visualisation has four panels, each comparing one 4M factor against the 
“actual” variable, which likely represented the time taken to complete a project or some other 
performance metric. The X-axes of the plots represent these factors, while the Y-axis remains consistent 
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as the “actual” variable in all four panels. The plots aim to highlight correlations between the chosen 
factors and their influence on performance. 

Each plot includes a correlation coefficient r, which quantifies the strength and direction of the relationship 
between the X and Y variables; it determines whether the relationship is positive (both variables increase 
together) or negative (one variable increases as the other decreases). A negative correlation (r<0) suggests 
that, as the factor increases, the “actual” variable decreases, which might correspond to shorter project 
times. In this case, “method” (r=−0.42) and “machine” (r=−0.44) show moderately negative correlations, 
indicating that these factors were significant contributors to reducing project time. Conversely, “man” 
(r=−0.18) had a weak negative correlation, suggesting that personnel or team performance had a minimal 
impact compared with other factors. “Material” (r=−0.36) also shows a moderate effect, highlighting its 
importance in achieving efficiency.  

The background shading – blue and yellow – likely represents performance zones. The blue areas could 
signify high performance or shorter project times, while the yellow areas may represent lower performance 
or longer times. These zones, combined with the ellipses encircling data clusters, provide a visual indication 
of the spread and concentration of data points. The trend lines in each plot further clarify the overall 
relationship between the variables. Coloured data points add another layer of information, categorising 
observations into performance bands. Blue points indicate high-performing cases, green points represent 
moderate performance, and yellow points signify low performance. This categorisation helped to identify 
outliers and areas requiring improvement. 

The practical implications of this analysis are significant for project time optimisation. The “method” and 
“machine” factors showed the strongest correlations with project time, suggesting that optimising 
processes and improving tools or machinery could yield the most substantial reductions in time. “Material” 
also played a key role, indicating that better material selection could contribute to efficiency. The weaker 
correlation for “Man” suggests that personnel adjustments alone may not lead to meaningful time savings. 

Table 6: Comparison of ML models (random forest and neural network), whether “target achieved” 
or “not achieved” 

 

Table 6 provides further insight into the relationships discussed in the scatter plot analysis by detailing the 
metrics related to project status, predictive model results, and the 4M factor values for each project 
instance. It also includes the actual project timelines and their corresponding targets. Together with the 
scatter plot findings, this table allows a deeper understanding of how individual factors and predictive 
modelling metrics influence project outcomes and timeline reductions. The project status column 
categorises outcomes as either “achieved” or “not achieved”, based on whether the actual timeline met 
or fell below the target. Instances where the target was achieved generally showed lower actual values 
compared with the target, which indicated successful timeline reductions. The predictive probabilities from 
the random forest and neural network models further highlighted the reliability of these predictions, with 
higher probabilities (e.g., close to 0.99) aligning with the achieved outcomes. This demonstrates the utility 
of machine learning models in identifying patterns and guiding decisions to prioritise impactful changes in 
project factors. The factor ratings for “man”, “method”, “machine”, and “material” aligned closely with 
the scatter plot findings regarding the influence of these variables. Projects that achieved their targets 
often showed optimised ratings for critical factors such as “method” and “machine”. For example, 
instances where “method” and “machine” values were high often corresponded to lower actual timelines, 
consistent with their moderate negative correlations (r=−0.42, and r=−0.44 respectively) observed in the 
scatter plots. Conversely, “man”, which had a weaker correlation (r=−0.18), exhibited less variation 
between rows, and did not appear as influential in achieving target timelines.  

Table 6 also highlights the difference between the actual and target timelines. For rows where the actual 
timeline significantly exceeded the target, the corresponding factor ratings tended to be suboptimal, 
leading to a “not achieved” status. On the other hand, projects with “target achieved” status exhibited 
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balanced or optimised factor ratings. These instances reflected the trends observed in the scatter plots, 
where points in the blue-shaded high-performance regions often corresponded to better factor values and 
shorter timelines. This consistency between the scatter plot and the table data underscored the importance 
of focusing on the most influential factors to achieve efficiency. The inclusion of ML model outputs in Table 
6 further emphasised the role of predictive analytics in decision-making. High probabilities from the random 
forest and neural network models in cases where targets were achieved validated the accuracy of these 
models in identifying successful outcomes. 

A confusion matrix is provided below, comprehensively representing a classification model’s predictions 
compared with the actual outcomes, as mentioned above in the section on methods. It is a fundamental 
tool for evaluating the effectiveness of classification algorithms [43], as it provides a breakdown of correct 
and incorrect predictions for all classes. The confusion matrices below compare the performance of two 
machine learning models, neural network and random forest, in predicting whether a target is “achieved” 
or “not achieved”.  

 

 

Figure 9: Neural network confusion matrix 

In the numeric matrix, the neural network correctly predicted “not achieved” in 42 cases (true negatives) 
and “target achieved” in 48 cases (true positives). However, it incorrectly predicted “target achieved” for 
four cases of “not achieved” (false positives) and failed to predict “target achieved” for six cases (false 
negatives). These misclassifications translated into a classification accuracy of 87.5% for “not achieved” 
and 92.3% for “target achieved”. Despite these figures, the presence of misclassifications slightly 
diminished the reliability of the neural network, particularly for predicting “not achieved”, where it showed 
higher false positive rates. Overall, the model demonstrated reasonable performance, with an overall 
correct classification rate of about 90%. 

 

 

Figure 10: Random forest confusion matrix 

By contrast, the random forest model exhibited markedly superior performance. The confusion matrix 
reveals that the random forest correctly classified 45 cases of “not achieved” (true negatives) and 53 cases 
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of “target achieved” (true positives), with only a single misclassification in each category. Specifically, it 
misclassified one instance of “not achieved” as “target achieved” (false positive) and one instance of 
“target achieved” as “not achieved” (false negative). These results correspond to an accuracy of 97.8% for 
“not achieved” and 98.1% for “target achieved”. Moreover, the random forest achieved almost perfect 
sensitivity and specificity, making it highly reliable for both classes. 

Based on these matrices, the random forest outperformed the neural network in all major performance 
metrics, including accuracy, sensitivity, and specificity. While the neural network showed acceptable 
predictive performance, its higher rates of false positives and false negatives indicated room for 
improvement. The random forest, on the other hand, demonstrated near-perfect classification capabilities 
with minimal error, suggesting that it was the more effective model for this task. These results suggest 
that the random forest would be the preferred choice when accuracy is critical, although the neural 
network may still be viable if additional optimisation is undertaken or if computational constraints favour 
its use. 

5. CONCLUSION 

This research demonstrates a robust framework for enhancing project timeline predictions in cloud-based 
ERP implementations through the integration of traditional project management techniques (CPM and 
PERT) with advanced machine learning methods. The random forest algorithm was used as the primary 
predictive tool, while a neural network model served as a comparative benchmark. The analysis revealed 
that random forest outperformed neural network in all key metrics, including accuracy, precision, recall, 
and the F1-score, underscoring its effectiveness in handling complex, feature-rich datasets with inherent 
uncertainties. The random forest model achieved a near-perfect discrimination with an AUC of 0.997 and 
high reliability in predicting project statuses (“achieved” or “not achieved”). In contrast, the neural 
network, while performing well, displayed higher misclassification rates, particularly in distinguishing “not 
achieved” cases, with an AUC of 0.952. These findings support the hypothesis that the random forest model 
was better suited for this task because of its ensemble nature, which mitigated overfitting and adapted 
effectively to smaller datasets and non-linear patterns in the data. By incorporating CPM- and PERT-derived 
features into the random forest model, the framework successfully identified critical variables influencing 
project delays, particularly the “method” and “machine" factors, which exhibited the strongest correlations 
with project timeline efficiency. The comprehensive performance evaluation and visualisations (e.g., 
scatter plots, confusion matrices) reinforced the practical utility of the random forest algorithm in 
prioritising areas for improvement. 

Future work will include automated workflow optimisation for a natural extension of the proposed 
framework, enabling proactive adjustments to project plans based on predictive insights. By integrating 
prescriptive analytics, the system could recommend actions such as resource reallocation, timeline 
adjustments, or alternate methods based on the 4M features to mitigate delays. For instance, if the problem 
that mostly causes delay is “man”, then the mitigation that should be taken would probably be 
redistributing tasks, providing training, or reallocating personnel. These tailored actions directly address 
root causes, enabling proactive and effective project management. This approach shifts the focus from 
prediction to actionable strategies, reducing delays, optimising resources, and increasing overall project 
success rates. 
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