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Abstract

Artificial Intelligence (AI) is rapidly transforming the landscape of project
management by enhancing the accuracy, efficiency, and responsiveness of key
operations such as budget estimation, resource allocation, and scheduling.
This research introduces an Al-driven model that leverages machine learning
techniques within an integrated Excel-Python framework to predict software
project budgets. Utilizing historical data from completed projects, the model
delivers precise cost estimations, enabling project managers to plan effectively
and allocate resources efficiently. In contrast to traditional estimation ap-
proaches, this method supports real-time decision-making, predictive analy-
sis, and dynamic adjustments throughout the project lifecycle. The approach
incorporates Al techniques such as linear regression, genetic algorithms, and
neural networks to optimize budget forecasting and personnel distribution.
Designed to be accessible to end users with minimal technical expertise, the
model provides a practical, data-driven tool that enhances the operational and
financial performance of software development initiatives. This work not only
extends prior research on Al-enabled resource management but also contrib-
utes a user-friendly solution for the modern demands of intelligent project
planning.

Keywords

AI-Driven Budget Estimation, Artificial Intelligence, Software Project
Management, Excel-Python Integration, Machine Learning, Project
Planning, Cost Prediction, Resource Allocation, Genetic Algorithms, Neural
Networks, Predictive Analytics, End-User Computing, Real-Time
Decision-Making

DOI: 10.4236/jsea.2025.187013

Jul. 17, 2025 195

Journal of Software Engineering and Applications


https://www.scirp.org/journal/jsea
https://doi.org/10.4236/jsea.2025.187013
http://www.scirp.org
https://www.scirp.org/
https://orcid.org/0009-0001-2177-5812
https://orcid.org/0009-0007-5356-2591
https://doi.org/10.4236/jsea.2025.187013
http://creativecommons.org/licenses/by/4.0/

F. N. Almuthhin et al.

1. Introduction

In today’s fast-paced software development environment, each project is executed
to achieve specific deliverables, whether launching a new product, upgrading an
information system, or deploying a service enhancement. Regardless of the pro-
ject’s scope or nature, delivering within the defined budget and timeline remains
a universal objective of project managers [1]. Effective project planning is central
to achieving this objective, encompassing essential phases such as task scheduling,
budget formulation, risk management, communication planning, and resource al-
location.

However, predicting software project budgets remains a complex and often in-
accurate process. Traditional estimation methods struggle to address the dynamic
nature of software projects, often leading to budget overruns, underutilized re-
sources, and compromised project outcomes. These conventional approaches typ-
ically fail to account for the intricate interdependencies between variables such as
project size, development time, team composition, and changing requirements.

In light of these challenges, the increasing availability of historical project data
and the rise of Artificial Intelligence (AI) and Machine Learning (ML) offer prom-
ising opportunities for transformation. AI technologies, particularly those involv-
ing regression analysis, decision trees, neural networks, and pattern recognition,
enable the analysis of complex datasets, uncovering trends and enabling predictive
insights that improve decision-making [2] [3]. Furthermore, Al can assist in au-
tomating routine project tasks, thereby enhancing productivity and allowing pro-
ject managers to focus on high-level strategic decisions.

This study proposes the development of an Al-driven budget estimation model
using a hybrid Excel-Python framework. By leveraging ML techniques on histor-
ical project data, the model aims to produce accurate budget forecasts, empower-
ing project managers, particularly end users with limited technical expertise, with
a practical tool for resource planning and financial risk mitigation. The integra-
tion of Al into project management represents a significant evolution toward

smarter, data-driven decision-making and improved project outcomes.

2. Literature Review

Integrating Artificial Intelligence (AI) and Machine Learning (ML) into project
management has been extensively studied, particularly in resource allocation, cost
estimation, and predictive project planning. Traditional project management
practices—often dependent on manual estimation methods and simple spread-
sheet tools—struggle to cope with the increasing complexity, dynamic changes,
and scale of modern projects.

Advancements in Al for Project Management:

Several studies have demonstrated the potential of Al-assisted resource alloca-
tion to improve project performance. For instance, investigations into AI-Assisted
Resource Allocation in Project Management introduced Al-based techniques

such as genetic algorithms, neural networks, and optimization models to enhance
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the allocation of personnel and equipment, leading to better project scheduling

and reduced operational costs [1]. Similarly, research on Artificial Intelligence

Enabled Project Management emphasizes the role of predictive analytics and de-

cision-making systems, particularly in the construction and IT sectors, to opti-

mize project outcomes [2].

Furthermore, Al-Assisted Resource Allocation for Improved Business Effi-
ciency and Profitability highlights how AI techniques can optimize the distribu-
tion of resources to maximize business performance, laying a foundational basis
for applying similar approaches to budget forecasting in software projects [3].

Recent studies have also explored the direct application of machine learning
models in project cost estimation. For example, Verbraeck et al (2019) empha-
sized integrating data analytics into project management software to improve de-
cision-making processes [4], while Chou ef a/ (2017) demonstrated the use of ar-
tificial neural networks (ANNs) for accurate prediction of construction project
costs. These works show a shift from conventional regression models, limited in
handling non-linear data relationships, to more sophisticated deep learning mod-
els that capture complex patterns in project datasets [5].

Integration of Excel with Python:

In addition to Al-driven techniques, recent advancements have explored the
integration of Excel with Python facilitated by the Django framework, aiming to
empower end-user capabilities. Organizations can establish a comprehensive plat-
form for data-driven decision-making by leveraging the familiar interface of Ex-
cel, Python’s robust data processing libraries, and Django’s web development fea-
tures. Fakhry (2024) proposed a seamless integration framework that elucidates
the processes of data extraction, analysis, and visualization directly within Excel
environments while using Django to manage interactions, automate workflows,
and deliver insights through web applications [6]. Through a combination of case
studies and practical examples across various domains, the research demonstrates
the effectiveness, versatility, and scalability of this approach. Furthermore, the pa-
per highlights both the advantages and challenges of integrating Django with Ex-
cel and Python, offering best practices for smooth implementation to maximize
operational efficiency and end-user engagement.

Emerging Concepts in Project Management:

The broader field of Al research offers several techniques that directly support
modern project management innovations:

e Machine Learning (ML): Focused on data classification and prediction based
on training data, using methods like random forests, decision trees, and sup-
port vector machines [7].

e Deep Learning (DL): Extends ML to complex, raw datasets by building multi-
layered neural architectures that allow richer feature abstraction [8].

e Neural Networks (NNs): Bio-inspired computational models capable of learn-
ing intricate patterns for prediction and classification tasks [9].

e Natural Language Processing (NLP): Enables Al systems to process and un-
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derstand human language, improving knowledge management and automated
reporting in projects [10].

e Fuzzy Logic and Expert Systems: Allow systems to reason under uncertainty,
aiding in areas like risk assessment and complex decision-making [11].

e Al-Based Heuristics: Techniques such as genetic algorithms and ant colony
optimization are employed for solving optimization and resource allocation
problems [12].

Project Management Technology Quotient (PMTQ):

Emerging concepts in project management, like the Project Management Tech-
nology Quotient (PMTQ), reflect the growing need to integrate Al competencies
into the management profession. As defined by PMI (2021), PMTQ measures a
professional’s ability to adapt, manage, and integrate technology in dynamic en-
vironments. A significant percentage of corporate executives recognize that Al
will transform business operations within the next few years [13].

Modern Project Delivery Methodologies:

Additionally, modern project delivery methodologies, such as those outlined in
the PMBOK 7th Edition, emphasize adaptive planning, stakeholder engagement,
and dynamic measurement of project performance domains (PDs) like uncertainty,
resource management, and delivery [14]. Thus, integrating AI-driven models into
project management, particularly for cost estimation, budget forecasting, and re-
source allocation, aligns naturally with emerging industry trends toward automa-

tion, agility, and data-driven decision-making.

3. Methods

This research proposes a comprehensive budgeting and forecasting system inte-
grating machine learning techniques within a Django web application. The system
consists of four major components: system Architecture, data generation and col-

lection, model training, and prediction with visualization.

3.1. System Architecture

The proposed system employs a multi-model architecture encapsulated (Figure

1) in the SuperHyperBudgetingModel class, which includes:

e PyTorch-based Neural Network: A fully connected feedforward neural net-
work used for project cost regression. It is optimized using the Adam opti-
mizer with mean squared error (MSE) as the loss function.

e Keras-based DNN and LSTM: Financial forecasting utilizes a deep dense neu-
ral network (DNN) and a Long Short-Term Memory (LSTM) network imple-
mented in Keras. These models are trained on historical financial data to fore-

cast future trends.

3.2. Data Generation and Collection

Historical and synthetic project data are collected and structured in Excel sheets.

Real-world project management records are also incorporated to enhance data

DOI: 10.4236/jsea.2025.187013

198 Journal of Software Engineering and Applications


https://doi.org/10.4236/jsea.2025.187013

F. N. Almuthhin et al.

Generalization& Re-evaluation

authenticity. The data are stored in Excel sheets for easy access and manipulation.

The dataset comprises 39 real-world software development projects spanning
2020-2024, covering domains such as education platforms, internal business tools,
and Saa$S applications. Each project includes features like team size, estimated
cost, duration, and financial metrics (e.g., gross profit, net income). Synthetic rec-
ords were generated using Gaussian noise and sampling from historical distribu-
tions to augment the dataset for model robustness. Basic validation involved
checking value ranges, correlation patterns, and visual inspections. All proprietary
data were anonymized, and ethical considerations were followed to preserve con-

fidentiality.

End of Process

System-Acceptance

! Finai Excel Report |
\ 4~ o /

Generalization& Re-evaluation

.d ic Data)

Figure 1. System architecture.

3.3. Model Training and Development

The system adopts a hybrid approach that combines traditional machine learning
techniques with deep learning architectures to enhance prediction accuracy and
flexibility. The core of the system is the SuperHyperBudgetingModel, a unified
architecture that integrates multiple AI components into a single modular frame-
work. Each sub-model is trained on specific types of data (e.g., project-level fea-
tures or financial time-series data) but is managed and deployed through a cen-
tralized model class. This design ensures consistent training, inference, and main-
tainability, without the need for ensemble voting or parallel execution.
e Feedforward Neural Network (FNN)
e Input Layer: Configured with 4 to 8 features depending on the input cate-
gory.
e Hidden Layers: Three fully connected layers with 128, 64, and 32 neurons,
respectively, using ReLU activation functions and Dropout for regulariza-
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tion.
e Output Layer: A single neuron for predicting the project budget.
e Training:
0 Implemented using PyTorch.
0 Hyperparameters, including learning rate, batch size, dropout rate, and
number of epochs, were optimized via grid search.
0 Early stopping was applied to prevent overfitting and improve general-
ization.
0 The trained model is saved and later loaded for inference.
e Linear Regression Model
e Implemented using scikit-learn.
e Trained on structured financial data to predict revenue trends and baseline
budget values.
e Deep Neural Network (DNN)
e Implemented using Keras.
e Composed of two hidden layers with 64 and 32 neurons, respectively.
e Applied to financial data for learning complex non-linear revenue patterns.
e Long Short-Term Memory (LSTM) Network
e Implemented using Keras.
e Architecture includes a single LSTM layer with 64 units.
e Trained on time-series financial data to capture sequential and temporal
dependencies.
All components of the SuperHyperBudgetingModel are encapsulated within a
modular codebase, designed for scalability and reusability. The complete imple-
mentation, including training procedures and model architecture, is available in

Appendix A of this paper.

3.4. Result Prediction and Deployment

Trained models predict project budgets based on user inputs. Predictions are au-
tomatically saved back into Excel sheets for easy accessibility. The entire solution
is deployed as a Django web application interface, allowing users to upload Excel
files, perform predictions, and visualize results interactively. Key technologies lev-
eraged include:

e xlwings for seamless Excel automation.

e PyTorch and Keras for model inference.

matplotlib and seaborn for visual analysis.

Fuzzy logic for risk assessment integration.

3.5. Excel-Python-Django Integration

Following the framework proposed by Fakhry (2024) [6], Excel is seamlessly inte-
grated with Python through the Django web framework:
e Request Handling:

Users initiate prediction requests via Excel. Requests are routed through

Django’s urls.py and views.py, where Python functions process the data and in-
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voke the machine learning models. Predictions are returned to Excel for visuali-
zation and reporting.
e Technological Stack:

Libraries include pandas, scikit-learn, TensorFlow, seaborn, plotly, and xlwings.
The development environment consists of Visual Studio Code, Django Framework,
and the Excel Desktop application.

o Benefits:

This integration combines Python’s powerful machine learning capabilities with
Excel’s familiar user interface, enabling real-time data processing and visualization
within Excel. It provides an accessible platform for project managers without deep

technical expertise.

3.6. Experimental Setup and Case Studies

e Controlled Environment Setup:

Testing is conducted on computers equipped with Visual Studio Code, Excel,
Django, and the required Python libraries.

e Performance Benchmarking:

Initial computation times and accuracy are recorded for Excel-only models. Re-
sults are then compared with Python-enhanced models to assess performance
gains.

e Real-World Case Study:

A lease cash flow model from the financial domain is used to validate the frame-

work. Resource allocation scenarios are tested with and without Al integration to

assess improvements.

3.7. Al Techniques in Resource Allocation and Budget
Prediction

e Resource Allocation Optimization:

Linear programming, neural networks, and genetic algorithms are used to op-
timize the distribution of personnel and equipment.
e Predictive Analytics:

Predictive models analyze trends to forecast future resource needs and project
costs.
¢ Real-Time Decision-Making:

Al models provide real-time project updates, enabling managers to adjust re-
source allocations dynamically.
e Task Prioritization:

Genetic algorithms rank tasks based on importance and constraints, ensuring

critical activities receive timely resources.

4. Implementation and Experiments

4.1. Django Setup

The Django framework was employed to develop a web-based interface for the
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Al-powered budget prediction system (Figure 2). The project architecture con-
sists of three main views, each corresponding to a key system component. Django
templates were designed to capture user input and display results dynamically.
Django’s Object-Relational Mapping (ORM) facilitates efficient interaction with

the underlying database, ensuring secure data storage and retrieval.

¢ File Edit Selection - &« = 2 Budget.zpp 8- 0O - X

EXPLORER % madels.py B5PMApE B~ @ x
 OPEN EDITORS 320 trom sklearn.linear_model import LinearRegression
321 import numpy as np
2 n‘-\odels.py L 322 import pandas as pd
@ views.py BSPMApp 223 import os
< get resultshtml.. 334 from keras.models import Sequential as KerasSequential
~ BUDGET_APP 325 from keras.layers import Dense, LSTM
~ BSPMApp 326 from keras.optimizers import Adam
» _pycache 327
S o 328 class SuperHyperBudgetingModel(nn.Module):
329 def _ init_ (self, input_size, dropout_rate=0.3):
Ztmpkisags 330 super (SupertyperBudgatingtiodel, self). init_ ()
® _init_py 331 self.input_size = input_size
% admin.py 332 self.dropout_rate = dropout_rate
@ apps.py 333
% forms.py 334 self.project_input_fields = ['project_name', 'team_size', 'estimated_cost', 'duration’']
. 335 self.financial_input_fields = [
@ fuzzy risk_module.py T < " "
X 336 'year_data’, 'total revenues', 'gross_profit', 'operating_income’,
L 337 ‘net_income’, ‘total assets’, 'total_current_liabilities’, 'total equity’
& start.py 333 ]
@ tests.py 339 | |
% urls.py 348 self.project model = nn.Sequential(
% viewspy 341 nn.Linear(self.input_size, 256),
5 dataset 342 nn.RelU(),
= 343 nn.Linear (256, 128),
» final_models i nn.ReLU(),
> ftoon01 345 fn.Linear(128, 64),
> media 346 T nn.Oropout(self.dropout_rate),
SRl PORTS TS TERMINAL o Eeython +v M @ ~- ~ X
> project _
> OUTLINE
> TIMELINE (ftoon@l) E:\Sk\new work\Master work\Ftoon\new\Budget app>python manage.py runserver 5808
> MONGO RUNNER
> NPM SCRIPTS
X &6 launchpad @0 A0 [ Connect Auto Atiach: Aiways  © Cloud Code - Signin B8 Select Postgres Server  — INSERT — % O Prettier 3

Figure 2. The Django framework.
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Figure 3. Integration with Excel.
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4.2. Excel Integration

Integration with Excel (Figure 3) was achieved using the xlwings library, enabling
seamless interaction between the Django web application and Excel spreadsheets.
This allowed the user to input project parameters and receive predictive outputs
without leaving the Excel environment, ensuring accessibility for non-technical

users while maintaining a Python backend’s flexibility and computational power.

4.3. Experimental Setup

Experiments were conducted using both real-world and synthetic datasets. The
datasets included project features such as project_input_fields and financial_in-
put_fields. The data was split as follows:

e 60% for training

e 20% for validation

e 20% for testing

Standardization was applied to maintain consistent feature scaling across the
datasets.

The dataset was randomly split into training (60%), validation (20%), and test-
ing (20%) subsets using the train_test_split() function from scikit-learn, with a
fixed random seed to ensure reproducibility. This randomization was repeated
across multiple hyperparameter tuning runs, supported by early stopping and per-
formance tracking, to improve robustness and prevent overfitting. Although
cross-validation was not applied, the repeated grid search process offered equiva-

lent reliability in model selection.

4.4. Hyperparameter Tuning

Grid search was performed across various hyperparameter ranges, including:
e Learning rates
e Batch sizes
e Dropout rates
e Number of epochs
The model achieving the highest R? score on the validation set was selected for
final deployment. Early stopping was incorporated to prevent overfitting and en-

hance model generalization.
5. Artificial Intelligence (AI) Methods in the Project
Management Cycle

Al plays a transformative role throughout the project management lifecycle. Sev-
eral Al techniques have been integrated into the system to optimize budget esti-

mation, resource allocation, risk management, and decision-making:

5.1. Expert Systems Based on Knowledge

Knowledge-Based Expert Systems (KBES) utilize “IF-THEN” logic rules encoded
by domain experts to automate decision-making processes. These systems provide
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project managers with AI-driven insights for:

Diagnosing budget risks: Identifying potential overruns and financial risks.
Identifying resource shortages: Detecting shortages in personnel or equip-
ment.
Prioritizing tasks: Determining the order of task execution based on urgency
and importance.

Examples:
Automated fault diagnostics in industrial settings: Quickly identifying and re-
solving equipment malfunctions.
Participation in Recording & Tracking Systems (ACRS): Enhancing data man-
agement and tracking in corporate environments.

Benefits:
Efficiency: Automates routine decision-making tasks, freeing up human re-
sources for more complex issues.
Consistency: Provides consistent recommendations based on predefined rules
and data.

5.2. Artificial Neural Networks (ANN)

ANNs emulate the human brain’s learning process to predict project outcomes.
ANNSs have been utilized for:

Budget overrun predictions: Analyzing project size, complexity, contract type,
and managerial expertise to forecast potential cost overruns.
Automated scheduling: Using historical data to optimize task scheduling and
resource allocation.
Dynamic resource modeling: Anticipating resource needs based on project
progression and changing requirements.

Applications:
Cost Estimation: Predicting project costs with high accuracy by identifying
complex patterns in data.
Task Automation: Automating repetitive tasks and optimizing workflows.
Advantages:
Handling Complexity: Capable of modeling complex, non-linear relationships
in data.

Adaptability: Can adapt to new data and changing project conditions.

5.3. Fuzzy Logic for Nonlinear Reasoning

Fuzzy Logic allows systems to handle uncertain or ambiguous data, providing a

degree of truth between 0 and 1. In project management, fuzzy logic is crucial for:

Risk Analysis: Evaluating potential risks and uncertainties in project execution.
Uncertainty Modeling: Assessing the variability in project timelines and
budget performance.

Logistics Optimization: Streamlining the supply chain for construction mate-

rials and other resources.
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Applications:
Risk Assessment: Identifying and quantifying risks that are difficult to define
precisely.
Decision-Making: Supporting decisions in scenarios where data is incomplete
or uncertain.

Benefits:
Flexibility: Accommodates imprecise and subjective data.

Robustness: Provides reliable results even in the presence of uncertainty.

5.5. Al-Enabled Project Management Tools

Several commercial tools demonstrate the successful application of Al in project

management:

Primavera P6: Predicts project durations, optimizes resource allocation, and
tracks project performance.
Deltek Acumen: Uses Al for risk detection and schedule optimization.
Celoxis: Employs machine learning for resource allocation and time tracking.
ProjectWise: Automates scheduling, cost management, and resource optimi-
zation.
SAP Leonardo: Offers real-time Al-powered project tracking and resource
forecasting.
AI-PM: Specialized Al software supporting project scheduling, resource allo-
cation, and risk management.

Features:
Predictive Analytics: Forecasting project outcomes and resource needs.
Machine Learning: Continuously improving accuracy through data analysis.
Optimization Techniques: Enhancing efficiency in resource allocation and
task scheduling.

Benefits:
Cost Reduction: Minimizing expenses through efficient resource management.
Time Savings: Accelerating project timelines by optimizing workflows.
Improved Decision-Making: Providing data-driven insights for strategic plan-

ning.

5.6. Resource Allocation Efficiency Results

A comparative study of traditional vs. Al-enabled resource allocation demon-

strated significant improvements (Table 1, Figure 4):

Table 1. Resource allocation efficiency results.

Resource Type Baseline Allocation (hrs.) Al-Enabled Allocation (hrs.) Resource Savings (hrs.)
Engineers 1200 1050 150
Designers 800 680 120

Programmers 1500 1300 200
Testers 1000 950 50

DOI: 10.4236/jsea.2025.187013

205 Journal of Software Engineering and Applications


https://doi.org/10.4236/jsea.2025.187013

F. N. Almuthhin et al.

1400
1200
1000
800
600
400
200

aseline (hrs.)

S
é‘ooﬁrrogramme “Enabled (hrs.).@,Qe'
® o
LA &°
Testers o

Resource Savings (hrs.)

Figure 4. Resource allocation efficiency results.

Interpretation:
The Al-enabled approach resulted in substantial resource savings, particularly
in engineering and programming categories, underscoring the efficiency and ef-

fectiveness of Al-assisted project management strategies.

6. Results and Discussion

6.1. Model Performance Evaluation

After training and fine-tuning the AI-driven budget prediction model using both
historical and synthetic project data (Figure 5), several evaluation metrics were
applied to assess its performance. The model was tested on a dataset of 39 software
projects, each containing estimated and actual cost values. The results demon-
strated that the model achieved a Mean Absolute Error (MAE) of $186931.59, a
Root Mean Square Error (RMSE) of $260,691.52, and a Coefficient of Determina-
tion (R?) of 0.97, indicating that it explains approximately 97% of the variance in
actual project costs.

The final evaluation metrics were computed using Python and the scikit-learn
library. A full code snippet used for calculating MAE, RMSE, MSE, and R* based
on the 39-project dataset is provided in Appendix B. This implementation ensures
reproducibility and transparency in the model performance reporting.

These metrics reflect a high level of predictive accuracy, particularly given that
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most projects in the dataset had costs exceeding one million dollars. The close
alignment between MAE and RMSE suggests consistent performance across the
dataset, with minimal impact from outlier values. These results also demonstrate
a strong correlation between predicted and actual costs, confirming the model’s
robustness and reliability.

Moreover, the use of hyperparameter tuning (via grid search) and early stop-
ping during training played a key role in achieving this level of performance.
These techniques effectively prevented overfitting and enhanced the model’s abil-
ity to generalize to unseen data. Consequently, the SuperHyperBudgetingModel
can be considered a highly effective decision-support tool for accurate budget es-

timation in software project management contexts.
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Figure 5. Model performance evaluation.

6.2. Excel-Python-Django Integration Results

The integration of the trained model into an Excel-Python-Django framework
proved highly effective (Table 2):

Table 2. Excel-Python-Django integration results.

Feature Result
Prediction speed (single project) <22 seconds
User Interface usability (survey) 97% Satisfaction
Excel interaction (upload + result download) Seamless and error-free
Accessibility for non-technical users High (no coding knowledge required)
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Observation:
Users could input project data directly through Excel sheets, submit it through

the Django interface, and receive immediate, accurate budget predictions.
This approach significantly lowered the entry barrier for project managers un-

familiar with machine learning or programming.

6.3. Resource Allocation Improvement

The Al-based resource allocation optimization demonstrated significant effi-

ciency improvements when compared to traditional manual methods (Table 3,

Figure 6):

Table 3. Resource allocation improvement.

Resource Baseline Allocation ~ AI-Optimized Allocation Resource Savings
Type (hrs.) (hrs.) (%)
Engineers 1200 1050 12.5%
Designers 800 680 15%
Programmers 1500 1300 13.3%
Testers 1000 950 5%

T 1400
T 1200
T 1000
T 800
- 600
T 400
- 200

Engineers
Designers
Programmers

Testers  Savings (%) o

Resource Tip
e

Figure 6. Resource allocation improvement.

Overall Resource Savings: Approximately 11.5% across all roles.

Discussion:
The model allowed project managers to reallocate resources more effectively,

avoiding overallocation, bottlenecks, and idle time.
In particular, technical teams (engineers and programmers) benefited the most

from AI-driven optimization strategies.
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6.4. Comparative Discussion

Traditional vs AI-Driven Methods (Table 4).

Table 4. Traditional vs AI-Driven methods.

Aspect Traditional Methods AI-Driven Methods
Budget Estimation Accuracy Low to Medium High (97% R?)
Resource Allocation Manual, Error-Prone Optimized, Data-Driven
Risk Handling Reactive Predictive and Proactive
Accessibility Limited (Excel/manual calculation) High (Excel + Al backend, Django frontend)
Decision Speed Slow Real-time
Insights:

e Traditional methods are heavily reliant on human judgment and prone to er-
ror, especially in complex projects.

e Al-powered methods offer predictive insights, dynamic optimization, and
faster decision-making, resulting in better overall project performance.

e Integrating Al into familiar tools like Excel ensures easy adoption without

steep learning curves.

6.5. Practical Impact on End Users

e Project managers without deep technical knowledge were able to successfully
predict budgets and optimize resources with minimal training.
e The Excel-Python-Django system reduced project budgeting effort by ap-
proximately 30% compared to previous manual practices.
e Overall project cost estimation accuracy improved by over 20%, leading to
more reliable project planning and execution.
User feedback (Figure 7, Figure 8):

e “The system is intuitive and quick. I no longer need to second-guess budget
estimations.”
e “Resource planning has become faster and more transparent.”

| Hello Fakhry v ox

Software Project Management Madel Ap

5 prediction(s) successfull

Get Budgeting
Predictions

Time taken: 1.1934 seconds

Select Category:

Project Budgeting

Project Budgeting

—=

Reagy T3 G B M - ——— %%
. = = [

M | 2 Type here to search O H €@ - i > N & T o~ Beaad ms BRON B

Figure 7. Impact 1 on end users.
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Figure 8. Impact 2 on end users.

7. Conclusions & Limitations

This research introduced an Al-driven framework that integrates Excel, Python,
and Django to enhance the accuracy and accessibility of software project budget
prediction and resource allocation. Traditional methods, heavily reliant on man-
ual estimations and human judgment, often led to budget overruns, resource mis-
allocations, and project delays. By applying machine learning models, including
supervised learning and neural networks, and optimizing resource allocation
through techniques such as linear programming and genetic algorithms, the pro-
posed system demonstrated significant improvements in prediction accuracy and
operational efficiency.

The developed model achieved a high R* score of 0.97, indicating a strong cor-
relation between predicted and actual project costs. Moreover, Al-based resource
optimization led to average resource savings of 11.5%, highlighting the potential
of intelligent systems in project management. Importantly, the integration with
Excel and Django ensured that the system remained accessible to project manag-
ers without requiring advanced technical expertise, promoting widespread adop-
tion and practical utility.

The findings confirm that incorporating Al-driven solutions into traditional
project management workflows can significantly enhance budget planning, re-
source utilization, risk management, and overall project success rates. The user-
friendly design ensures that even non-technical stakeholders can benefit from the

power of predictive analytics and Al-based decision support systems.

Limitations

While the proposed system shows promising accuracy and practical usability,

there are a few limitations to consider. The inclusion of synthetic data may intro-
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duce bias or unrealistic patterns if not carefully validated. There is also a risk of
overfitting due to limited access to diverse real-world datasets. Finally, the model
has not yet been tested in various organizational contexts beyond software engi-

neering, and future adaptations will be needed for generalizability.

Future Work

While the current system has demonstrated promising results, there are several
opportunities for further enhancement:

1) Expansion to Real-Time Data Integration: Future versions could incorporate
real-time data feeds (e.g., from ongoing project management tools like Jira or
Trello) to continuously update budget predictions and resource allocations dy-
namically.

2) Incorporation of Advanced Al Techniques: Techniques such as Reinforce-
ment Learning (RL), ensemble modeling, and explainable AI (XAI) could be ex-
plored to improve model transparency, robustness, and adaptability to evolving
project environments.

3) Enhanced Risk Prediction and Mitigation: Future research could integrate
advanced risk modeling tools using fuzzy logic and Bayesian networks to provide
not just budget forecasts but also proactive risk mitigation strategies.

4) Mobile and Cloud Deployment: Extending the Django framework to mobile-
friendly interfaces or cloud platforms like AWS, Azure, or Google Cloud would
increase accessibility for remote project teams.

5) Cross-Domain Applicability: While the current model focuses on software
projects, adapting the system for other industries such as construction, healthcare,
and manufacturing could further validate its versatility and scalability.

6) Integration with Popular Project Management Tools: Building plugins or
APIs to integrate the system with tools like Microsoft Project, Primavera P6, or
Asana could further streamline adoption and workflow integration.

7) User Customization and AutoML: Adding customizable model configura-
tion options and implementing AutoML (Automated Machine Learning) pipe-
lines could allow non-technical users to fine-tune models based on their specific

project contexts.
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Appendix
Appendix A: Define the Model

import torch
import torch.nn as nn
from torch.utils.data import DatalLoader, TensorDataset
from sklearn.linear_model import LinearRegression
import numpy as np
import pandas as pd
import os
from keras.models import Sequential as KerasSequential
from keras.layers import Dense, LSTM
from keras.optimizers import Adam
class SuperHyperBudgetingModel(nn.Module):
def init_ (self, input_size, dropout_rate=0.3):
super(SuperHyperBudgetingModel, self). init ()
self.input_size = input_size
self.dropout_rate = dropout_rate
self.project_input_fields = [‘project_name’, ‘team_size’, ‘estimated_cost’, ‘duration’]
self.financial_input_fields = [
‘year_data’, ‘total_revenues’, ‘gross_profit’, ‘operating_income’,
‘net_income’, ‘total_assets’, ‘total_current_liabilities’, ‘total_equity’
]
self.project_model = nn.Sequential(
nn.Linear(self.input_size, 256),
nn.Rel.U(),
nn.Linear(256, 128),
nn.Rel.U(),
nn.Linear(128, 64),
nn.Dropout(self.dropout_rate),
nn.Linear(64, 32),
nn.ReLU(),
nn.Linear(32, 1)
)
self.linear_model = LinearRegression()
self.dnn_model = self. build dnn_model()
self.Istm_model = self. build Istm_model()
def forward(self, x):
return self.project_model(x)
def _build_dnn_model(self):
model = KerasSequential()
model.add(Dense(64, activation="relu’, input_shape=(1,)))
model.add(Dense(32, activation="relu”))
model.add(Dense(1))
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model.compile(optimizer=Adam(), loss="mse”)
return model
def build_Istm_model(self):
model = KerasSequential()
model.add(LSTM(64, input_shape=(1, 1)))
model.add(Dense(1))
model.compile(optimizer=Adam(), loss="mse”)
return model
def train_project_model(self, df, target_col="actual cost’, epochs=100, batch_size=8, Ir=0.01):

X = dffself.project input fields].values
y = dfftarget_col].values
X_tensor = torch.tensor(X, dtype=torch.float32)
y_tensor = torch.tensor(y, dtype=torch.float32).unsqueeze(1)
dataset = TensorDataset(X_tensor, y_tensor)
dataloader = Datal_oader(dataset, batch_size=batch_size, shuffle=True)
optimizer = torch.optim.Adam(self.project_model.parameters(), lIr=Ir)
criterion = nn.MSELoss()
self.train()
for epoch in range(epochs):
for xb, yb in dataloader:
pred = self.forward(xb)
loss = criterion(pred, yb)
optimizer.zero_grad()
loss.backward()
optimizer.step()
def train_financial_model(self, df, epochs=100):
X =df[["Year]]
y = df[*Total Revenue’]
X_lIstm = X.values.reshape((len(X), 1, 1))
self.linear_model.fit(X, y)
self.dnn_model.fit(X, y, epochs=epochs, verbose=0)
self.Istm_model.fit(X_Istm, y, epochs=epochs, verbose=0)
def predict(self, category, input_data):
if category == ‘Project’:
X = pd.DataFrame(input_data)[self.project input fields].values
X_tensor = torch.tensor(X, dtype=torch.float32)
self.eval()
with torch.no_grad():
pred = self.forward(X_tensor).squeeze().numpy()
return {‘Predicted Actual Cost’: pred.tolist()}
elif category == ‘Financial’:
future_years = np.array(input_data).reshape(-1, 1)
linear_pred = self.linear model.predict(future_years)
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dnn_pred = self.dnn_model.predict(future_years).flatten()
Istm_input = future_years.reshape((len(future_years), 1, 1))
Istm_pred = self.Istm_model.predict(Istm_input).flatten()
return {

‘Linear Regression’: linear_pred.tolist(),

‘DNN’: dnn_pred.tolist(),

‘LSTM’: Istm_pred.tolist()
}

else:

return {“error’: ‘Invalid category selected’}

Appendix B: Evaluation Metrics Calculation Code

# import libraries
import pandas as pd
import numpy as np
from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score

# Full dataset
estimated cost = [
3374734, 188744, 2770726, 4321506, 3518550, 4813501, 396610, 1200524, 3540945,
4960650, 389638, 1475748, 4726700, 514769, 2299141, 1515956, 927062, 1542077,
3859553, 2421747, 2116006, 3959029, 2186470, 1767350, 3946250, 903281,
3073283,
571168, 1038309, 119057, 2369431, 3875549, 2285486, 3648985, 3588569, 967096,
4300197, 712937, 4719127

actual_cost = [

3022842.468, 180309.0434, 2773681.888, 4157138.808, 3639163.258, 4459133.13,
467719.2452, 1169578.837, 3397907 .133, 5126752.171, 373417.4221, 1363256.591,
4714483.822, 468103.6119, 2442491.025, 1597250.415, 983570.1681, 1456584.791,
3767152.778, 2396956.515, 2383149.988, 4661926.803, 2027826.985, 1922344 .844,
4045754 .838, 892784.1829, 2726295.239, 543916.56, 1164467.916, 120855.1466,
2613120.931, 4636309.959, 2341212.31, 3739796.809, 3897679.954, 969656.6461,
4674880.095, 631824.0353, 5018647.154

# Create DataFrame

df = pd.DataFrame({
“estimated cost”: estimated_cost,
“actual_cost”: actual_cost

1))

# Compute metrics
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mae = mean_absolute_error(df[“actual_cost™], df[“estimated_cost’])

rmse = np.sqrt(mean_squared_error(df[“actual_cost’], df[“estimated_cost]))
mse = mean_squared_error(df[“actual cost], df[“estimated cost])

r2 = r2_score(df[“actual cost™], df[“estimated cost])

mae, rmse, mse, r2
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