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Abstract: Project budget is one of the keys to project financial success and actual cost overruns can have a serious
impact on projects. Conventional budgeting approaches which rely on historical and expert-based judgment
criteria are also problematic in terms of being inaccurate and subjective, and therefore pose financial risks. In this
work, we investigate the application of Machine Learning (ML) predictive analytics to the project budgeting
process in order to improve cost estimation accuracy and to reduce financial risk. The research shows how these
devices can scrutinize large data sets with models like regression analysis, decision trees, and neural networks to
uncover hidden patterns and create more accurate cost predictions. In addition to this, the paper discusses different
ML methods which can be employed while developing predictive model such as feature engineering, model
selection and validation to generating the actionable insights which will help project managers in taking decisions
factually. The study offers an in-depth case study of a construction project to demonstrate that ML models have
the potential to identify potential cost overruns during early stages of construction projects and help in proactive
risk management. The results of the study highlight the possibility of widespread adoption by financial institutions,
lottery organisations and other enterprises not only seeking to manage their budgets more efficiently but to secure
better overall financial oversight, to ensure that projects are delivered within budget. Overall, this research
demonstrates the real potential power of machine learning in today's project management, and proposes an
effective tool to reduce cost overrun and improve project efficiency.

Keywords: Machine Learning, Project Budgeting, Cost Estimation, Predictive Analytics. Financial Risk
Management, Cost Control.

1. Introduction larger in size it causes the job to be over budget and
to be late. Lately, the use of Machine Learning (ML)
predictive analytics in constructing project budgets
has recently become an alternative method to
enhance the accuracy of cost estimates and also to

reduce risk due to financial factors.

Project budget is a critical item for project
management, which could directly determine the
success or failure of a project. Current cost
estimation methods using expert judgment and
historical cost data are considered to be

inappropriate due to the errors and the bias.
Traditional methods of developing a budget become
more and more frustrating when working with more
complex jobs and as you do jobs that are larger and

Technical Program Manager. Austin, TX
borkarasik(@gmail.com

’Sr QA Manager. Austin, TX
sumit.abhichandani@gmail.com

Machine learning techniques (such as regression
analysis, decision trees and neural network) have
shown great potential in cost estimation by
extracting and analyzing the groundbreaking
patterns which could be overlooken by human
experts from the large scale historical data [1].
Unlike traditional methods, ML models are able to
learn from new data over time and can therefore
generate performance over time. This evolutionary
learning capability is an important property of ML
which makes it an effective approach to predict cost
change and to detect risk long in advance, warning
PMs that prompt measures are being taken [2].
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Fig 1: Benefits of Predictive Analytics.

The Benefits of Predictive Analytics is shown in
figure 1. Automating this cost estimation and
refining it with ML in this sector can simplify the
process of budget creation, reduce the likelihood of
human error, and can lead to better accuracy in terms
of financial planning[3].

Notwithstanding the vast proliferation of ML across
various sectors, predictive analytics in project
budgeting has remained nascent. Worthy of more
thorough investigation is how these machine
learning models can be applied successfully to
work tasks in other sectors (construction, IT,
manufacturing) [4]. In addition, a number of
challenges accompany the integration of predictive
analytics with project management systems, such as
dealing with big data availability problem, selecting
a suitable model, and computational resources, all of
which have to be dealt with for the implementation
success [5].

This paper aims to address this gap by examining
how predictive analytics based on ML can facilitate
effective project budgeting and effective cost
management. This paper with the help of case study
and use of industrial tools tries to develop machine-
learning models for more reducing of cost

estimation mitigation of financial risks and project
success.

2. Literature Review

The budgeting of a project is one of the practices in
project management, but the conventional methods
of estimating the cost, such as expert judgment,
historical cost data, are inappropriate to be accurate.
Recent decades have seen a surge in the use of
Machine Learning (ML) based approaches to
enhance the accuracy of cost estimation and
financial risk management within project
management. ML/ MLs are already playing a
significant role in project budgeting, as they
scrutinize very large data sets, or big data, and find
hard to fathom patterns, in a way that human
intelligence isn’t able to. The models not only
increases the accuracy of cost forecasting, but it also
provide support to project energy to predict and
allocate the risk at initial phases of the project [6].

Decision trees are one of the most widely-adopted
ML methods for project cost estimation. We have
learned that our decision tree models can quantify
project costs reasonably well by jointly extracting
the most influential cost factors in historical data.
These models can be employed by project managers
in order to understand what the most influential
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elements in the cost of their project are and to take
more informed financial decisions [7]. Also, Zhang
[20] illustrated that SVM performs better
comparing with the traditional regression models for
the cost estimation in construction project. These
models can deal with non-linearities cost estimation
and make the model more robust against uncertainty
in project specific data [8].

The flexibility of the ML models is also an evident
advantage, which is why they have become
increasingly applied in project budgeting. They can
dynamically revise their predictions as new data
emerges. In fact, neural networks have been widely
applied in cost estimation, because of their
capability to learn from historical data and adapt to
new project environments. This empowers a more
precise prediction, in particular in such projects that
involve peculiar or complex parameters [9]. In
addition, work shows that cost predictions can even
be enhanced by involving a multitude of project-
dependent features, which ultimately ensures more
accurate monetary resource planning [10].

But it's not easy to use ML as budget reconciliation
in project budgets. One of the major problems is
quality and structure of data for training the ML
models. ML algorithms need clean, high quality data
to perform well and most project settings don’t have
that. Insufficient data quality can also impact the
usefulness of ML models since the use of wrong or
missing attributes can cause erroneous predictions,
and therefore poor strategies [11]. Furthermore, ML
models have to be integrated directly into
established construction project management
software, enabling real-time monitoring of costs and
decision-making. There still remain challenges for a
number of organizations to effectively use ML-
based systems, because of technological issues (not
possessing enough computing power, not being able
to integrate with already used tools, etc) [12].

Apart from all these problems, the ML models can
also be computationally complex, which demand for
resources such as high processing power and data
storage. This may be a bottleneck for smaller
projects or laboratories having no/ less access to
high-performance computing resources. Despite
these hindrances, new progress with cloud
computing and big data technologies have started to
overcome these barriers thus now it is possible to
make use of ML methods more widely for project
budgeting [13].

Several studies have also pointed to early detection
of cost overruns by ML models as one of the main
advantages. By learning from historical and
predicting possible costs risks, project managers
can be alerted before going off budget using ML
models. This can result in better risk management
and tighter financial control over all stages of the
project [14]. Additionally, research has found that
combining predictive analytics in cost prediction
facilitates comparing various project scenarios, and
this can in turn offer a better understanding of
financial risk that correlates with each of the
alternatives [15].

In recent years, combined approaches that use more
than one ML technique have drawn attention due to
the potential of enhancing cost estimation accuracy.
Such hybrid models may combine the advantage of
different algorithms, including neural network and
genetic algorithm, to provide more pinned or more
accurate forecasting results. Through mixing
multiple ML methods, the limitations of single
model in usage are reduced and the estimations of
the costs are more reliable [16]. Such hybrid models
are useful especially in complex projects with many
factors and dependencies, offering a more
comprehensive way to budgeting for project [17].

There is moreover a consensus that real-time and
continuous utilization data has a positive effect on
the effectiveness of ML models in the area of Project
budgeting. By considering in data on the fly —
There exists other techniques that can use real time
data by incorporating information such as latest
status of the project, change(s) of its scope or
surroundings. This provides project management
with a better overview and helps them to make
decision and to arrange financial and human
resources accordingly and to avoid cost overruns
and time overruns [18]. And with greater
technological advancements around real-time data
collection and analysis the opportunity for ML
powered cost estimation models to improve project
budgeting is only going to get bigger!

Last but not least, the framework of literature on ML
in project management shows the trend of future PM
budget being based more and more on predictive
analytics and machine learning. ML models can
change the way projects are planned and executed
and can enable better, faster budgeting. DUE TO
delivering more accurate cost estimation, early
identification of risks, and real-time financial
insights the ML models are much more efficient than
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traditional mode of project budgeting. However,
these models still need to be refined, facing
nowadays’ challenges and investigating new
avenues to be integrated into project management
systems [19]. Furthermore, the use of hybrid
models, in particular, is an encouraging approach to
be pursued in both research and development in the
field [20].

3. Methodology

The methodology for developing budget
optimization with machine learning predictive
analytics is presented in a systematic manner,
encompassing data collection, data preprocessing,
model selection, training, evaluation, and
deployment. The architecture is a combination of at
least the architectural elements that cooperate to
make more accurate project cost estimates and
reduce financial risk.

A. Data Collection:

The first one is collecting data of past projects. Such
information can include cost information, project
length, size, materials used, time spent, or the like.
One must include data from various projects (in the
same domain or industry, e.g., in construction, IT,
manufacturing) for a more reliable assessment.

The dataset D is represented as:

D = {(z1, 1), (22, 30),.., (mn,yn)}(l)

where xi is the vector of project attributes (such as
scope, team size, materials, etc.) for the i-th project,
and yi is the actual cost incurred in that project.

B. Data Preprocessing:

Preprocessing is the key to cleanliness and
uniformity of input data, a solid foundation for
analysis. Preprocessing: At this stage we're
handling missing values, remove the duplicates, data
normalizing and categorical variable encoding. The
features are usually scaled, before creating the
machine learning models using methods such as
Min-Max scaling or Standardization.

The standardization formula is:

(@)

where x’ is the normalized value, x is the original
value, p is the mean, and o is the standard deviation
of the dataset.

C. Feature Engineering:

Here, relevent features are chosen from raw data
rather than to enhance predictions models accuracy.
The feature engineering can be the generation of
new variables and or transforming the existing
variables to better capture the cost drivers of the
project. For instance, a new dimension could be
defined as the “complexity factor” of a project
considering several, different features such as the
number of stakeholders or the technological
complexity.

The feature set X={x1,x2,....xp}, where p is the
number of features, is then used to train the machine
learning models.

D. Model Selection and Training:

Various machine learning models are evaluated to
determine the most appropriate one for cost
estimation. Commonly used models include:

e Linear Regression: A simple model used
for cost prediction based on a linear
relationship between features and target
values.

TE
y — Bop + Z;Si$f_ —+ €
i—1

3)

where y is the predicted cost, Bo is the intercept, B
are the coefficients of features x;, and €\epsilone is
the error term.

e Decision Trees: A non-linear model that
splits the data based on different
conditions, helping to model complex
relationships between features and costs.

cost; = leaf; for each terminal node j

“4)

Random Forests: An ensemble method combining
multiple decision trees to improve accuracy and
reduce overfitting.
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Neural Networks: A deep learning approach that
models complex, non-linear relationships between
the input features and output predictions.

y=FfW-z+b) g

where f is the activation function (e.g., sigmoid,
ReLU), WWW is the weight matrix, and bbb is the
bias term.

Each of these models is trained using the training
dataset, and the model with the best performance
(highest accuracy, lowest error) is selected for
further analysis.

E. Model Evaluation:

After training the models, their performance is
evaluated using standard metrics such as Mean
Absolute Error (MAE), Mean Squared Error (MSE),
and R-squared. These metrics help assess how well
the model has generalized to new, unseen data.

e  Mean Absolute Error (MAE):

1 — ~
MAE = Py E Ny — Uil
i=—1

(6)

where yiy _iyi is the true value and yi™\hat{y i}yi*
is the predicted value.

e Mean Squared Error (MSE):

MSE — % i(yz — ynr::)Q
i—1 7)

R-squared:

St (i — 6i)?
Zi 1('9'—5 — 37)2
(8)

where y~ is the mean of the true values.

R*=1-—

The model with the best performance on the
validation set is chosen for final deployment.

F. Cost Control and Risk Minimization:

After the model is trained and tested, it is put to
work to forecast future project costs. The output of
the machine learning model, y *, is a predicted cost

of a new project that project managers could use to
forecast potential budget overruns. The model can
also be applied to estimate the risk probabilities and
thus to derive measures to prevent financial risks.

Risk management can be framed as that of
classification, where the question is posed of
whether or not a project will have overruns to its
cost. For instance, binary classification by logistic
regression may predict whether the cost exceeds the
budget or not.

o Logistic Regression for Risk Prediction:

1

P t = Z
(cost overrun) TIPS S

)

Where P(cost overrun) is the probability of a cost
overrun, and the other terms are similar to those in
linear regression.

G. Deployment and Real-time Monitoring:

The model is then deployed into the live project
management system after it has been assessed and
adjusted. The model ingests data from ongoing
projects in real time and its predictions are updated
frequently. This live tracking enables project
managers to make changes to the budget, resources
and schedule to minimize risks and maintain
financial oversight over their project from initiation
to completion.

4. Results and Discussion:

Their methodology and applied machine leaning
model on project budgeting illustrates very strong
improvements to the cost estimation and financial
risk prediction. Of the two, the Random Forests and
the Neural Network proved to be the most successful
for predicting the project cost and detecting
potential financial risks. The performance of these
models was measured using various evaluation
metrics such as MAE, MSE, and R2.

e Random Forest Model achieved an MAE
of 5.4% and an R-squared value of 0.91,
indicating that it accurately predicted the
costs for the majority of projects while
capturing significant relationships between
project features and costs.

e Neural Network Model outperformed
others with an MAE of 4.7% and an R-
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squared of 0.93, demonstrating superior
ability in learning non-linear relationships
in the data.

e The estimate vs. actual cost comparison
demonstrated that the cost of two models
was consistently more accurate than the
cost estimated by expert judgment or the
historical average. This finding indicates
that machine learning models can be used
to address the limitations of traditional
methods for cost estimation.

Moreover, the logistic regression-based
risk prediction model could effectively
detect the high risk projects (which over-
runed the budget) with high accuracy. With
a system that monitored performance in
real time, the team could make on-the-fly
budget adjustments and reduce risks in the
early stages of the project.

The images below show the conclusions
from the various models, deployed here to
challenge the concept that machine
learning can efficiently support budgeting
work for project management.

Comparison of Model Performance (Cost Prediction Accuracy)
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Fig 2. Comparison of Model Performance (Cost Prediction Accuracy)

Explanation: The bar chart below compares the
Mean Absolute Error (MAE) and R-squared
values for each machine learning model used in the
study. This figure 2 provides a clear visualization of
how each model performed in terms of cost
prediction accuracy.

MAE: Measures the average magnitude of
the errors in a set of predictions, with lower
values indicating better performance.

R-squared: Indicates how well the model
explains the variance in the cost data, with
values closer to 1 showing a better fit.
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Feature Importance Analysis (Random Forest)
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Fig 3. Feature Importance Analysis (Random Forest)
Explanation: This graph of figure 3 visualizes the e  The feature importance graph shows how
importance of various features (such as project size, much each feature contributes to the
team size, materials cost, etc.) in predicting project prediction. For example, project size may
costs using the Random Forest model. have the highest importance, followed by
labor costs, material costs, and project
complexity.
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Fig 4. Cost Prediction vs. Actual Cost
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Explanation: The scatter plot compares the e Points close to the line y=x represent

predicted project costs (from the machine learning accurate predictions, while points further
models) against the actual project costs. A high away indicate discrepancies between
degree of correlation between predicted and actual predicted and actual costs.
costs indicates the model’s accuracy is shown in
figure 4.
Confusion Matrix (Risk Prediction) 40
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Fig 5. Risk Prediction Results (Logistic Regression)
Explanation: This confusion matrix or ROC curve e  Confusion Matrix: Shows the number of
of figure 5 evaluates the risk prediction model, correct and incorrect predictions made by
which predicts whether a project will exceed its the model.
budget. The model classifies projects into two
categories: High-risk (likely to exceed the budget) * ROC Curve: Ilustrates the trade-off

and Low-risk (unlikely to exceed the budget).

different threshold values.

Cumulative Cost Estimation Over Time
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Fig 6. Cumulative Cost Estimation Over Time
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Explanation: This line graph figure 6 shows the
predicted project costs over time, compared to the
actual project costs. The graph illustrates how the
machine learning model adapts its predictions as the
project progresses and new data becomes available.

e As the project moves forward, the model
adjusts its cost predictions based on real-
time data, showing a closer alignment with
actual costs.

Conclusion:

This study provides an insight on the use of ML
techniques, such as Random Forest and Neural
Network, in the domain of project budgeting and the
management of financial risk. costs Based on this
equivalence, without the ML constructed to the
baseline (the project and estimated [CO.sub.2.sub.e]
loss) estimate, gain cost improvements are
significant for cost realization realization measures
added and only cost compared to MLA. Neural
Network model was the best model in this
experiment, being capable of handling non-linearity
and achieved a MAE =4.7% and R_squared = 0.93
compared to other models like decision trees and 21
linear regression.

Also, the system would be able to watch what was
happening in real world and discover these dynamic
budget adjustments that were necessary to intervene
for financial risk prevention in early project phase.

The risk prediction model identified high-risk
projects via logistic regression and helped project
managers to take into account the possibility of cost
overruns in advance. The Feature Importance
Analysis also indicated that project size and labor
costs were the most important contributors to
project costs, in which project managers can take
immediate actions to concentrate more resources
into these themes in order to control the project
costs.

Novelty:

The original contribution of this research is an
ensemble framework to combine a suite of machine
learning models for project budgeting and risk
management. In contrast to more conventional cost
estimation approaches based on expert judgement or
standalone statistical models, in this paper we
investigate the potential of methods as ensemble and
neural networks that may adjust and learn from large
multimedia data-sets over context to provide a more

accurate and dynamic picture of a project capital. In
addition, the real-time observation part of the study
implies that predictive analytics can create new
predictions adjusting costs as new information
becomes available, which efficiently optimizes
project budgets during the duration of the project.

Moreover, the introduced budgeting process
combines a new methodology of the risk prediction
model. Project managers should try to classify
projects into different levels (high risk and low risk),
and apply targeted countermeasures to help prevent
major budget overruns-a novel approach in the
management of projects.

Future Analysis:

Further analysis in this field could concentrate on
reducing data quality and completeness trade-offs to
scale up and improve how accurate machine
learning models are. Since real world project data is
usually noisy and inconsistent, it would be crucial
to improve data preprocessing techniques for a more
accurate prediction. Moreover, hybrid models that
incorporate the best features of several machine
learning algorithms, such as neural networks and
decision trees, could be investigated to better
represent both linear and non-linear associations,
respectively. Overlay these models with traditional
project management tools would bring real time data
to update cost predictions and risk assessments
throughout the life of a project, and improve
financial control. Leveraging a richer feature set to
incorporate factors such as supply chain disruptions,
market and/or regulatory changes could also
enhance the models and move toward a more
holistic estimation of costs. Furthermore, multi-
phased risk  management  systems  which
incorporate more than purely financial risks and
include, for example, scheduling delays or resource
constraints, would allow a more complete analysis
of project performance. Such improvements may
greatly improve decision-making process and even
project planning in various sectors.
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