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Abstract—Resource planning and cost optimization are
essential elements of effective project management. Conventional
models are weak in changing environments because they cannot
keep pace with intricate task interdependencies and changing
project constraints. To overcome such weaknesses, this research
envisions an LSTM-based predictive analytics model that deploys
temporal trends and past project information for precise
predictions of task duration, resource allocations, and possible
delays. The proposed method combines sequential data modeling
with Long Short-Term Memory (LSTM) networks, along with
data preprocessing and optimization, to enhance project
scheduling and cost control decision-making. With TensorFlow
implementation, the proposed LSTM-PRO model resulted in a
Mean Squared Error (MSE) of 0.0025, Root Mean Squared Error
(RMSE) of 0.05, and an R2 score of 0.96, which was far better than
ARIMA and other baseline models. The model resulted in a cost
saving of 20% on project costs and 20% rise in resource utilization
from 65% to 85%. The outcome proves the effectiveness and
applicability of the model in actual project settings.

Keywords—Resource optimization; project management; long
short-term memory; predictive analytics; task scheduling

I.  INTRODUCTION

In the age of rapid industrial development and globalization,
resource management and energy efficiency have assumed
importance in coping with myriad environmental and economic
problems [1]. Efficient management not only cuts costs but also
clears the way to environmental sustainability [2]. Great strides
have occurred in energy efficiency and resource management in
energy due to technological advancements, mostly in Artificial
Intelligence (Al) [3]. And that’s where Al comes in with the
promise of doing things faster and better, even better

predictions, and automating complex processes that contribute
to better resource management [4].

Effective project management is tightly dependent on
effective resource optimization. One will need to have your
planning, coordination, and management of all of these
resources: people, equipment, time, and money [5]. Many
traditional project management practices rely on manual
estimation and reliance on expert judgment to allocate resources
to determine project schedules [6]. Despite the use of these
methods going back decades, a number of challenges remain in
making accurate predictions of resource demands,
interdependencies among tasks and how to react when
unexpected process-related delays or risks arise [7]. Thus,
project managers sometimes face inefficiencies, cost overruns,
and prolonged project timelines, including those that undermine
the abilities of a project to be successful [8]. In recent years,
predictive analysis within the realm of project management has
been developed as a possible resolution to these challenges [9].
Regression analysis and other types of predictive models
provide the potential to analyze historical data and find patterns
[10]. However, even many of the traditional models find it hard
to cope with the dynamics of complex environments that are the
domain of dynamic project environments with dynamic resource
requirements, fluctuating dependencies, and emerged external
risks [11]. Furthermore, such models may not consider the
temporal dependencies between project tasks and allocation of
project resources [12].

To solve these challenges, LSTM networks have been
proven especially good at handling them. LSTM is best at
modeling sequential data, capturing long-term dependencies and
making accurate predictions that are based on time series trends
[13]. LSTM models have their strength of being able to handle
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the time series data which offers great potential in improving the
resource optimization in project management, where accurate
forecasts on resource needs, task duration and risk mitigation
strategies may be available. The purpose is to investigate the use
of LSTM models for optimal resource allocation, improved
project scheduling and better risk prediction in project
management. The proposed methodology utilizes historical
project data to leverage LSTM’s ability to model sequential
dependencies and generate actionable insights that improve
resource use efficiency and project outcomes. In this
methodology, results, and implications of applying LSTM based
predictive analytics to project management will be outlined:
showing the benefits of applying predictive analytics instead of
traditional approaches.

A. Key Contributions

e Introduces an LSTM model for accurate prediction of
task durations, resource needs, and delays.

e Boosts resource utilization from 65% to 85% and reduces
project costs by 20%.

e Achieves 93.4% prediction accuracy with an MSE of
0.018, outperforming traditional methods.

e Provides a scalable, automated solution adaptable to
diverse projects.

e Enables proactive decision-making, reducing delays and
improving project outcomes.

The study is organized as follows: Section | deals with
resource optimization in project management problems. Section
Il reviews related work on predictive analytics and LSTM
models. In Section Ill, a problem statement and a set of
challenges are given. In Section 1V, the methodology with
LSTM models is detailed. Results are given in Section V. The
study concludes in Section VI with some future research
directions.

Il. RELATED WORKS

Proactive strategies are an important aspect of effective risk
management to help mitigate unexpected costs and ensure
project success. Jahan [14] presents an innovative real-time risk
management framework to identify potential risks with respect
to key factors, including task durations, resource allocation, and
project outcome is the subject of this framework. Using a t -
SNE approach to optimize feature selection and reduce
dimensionality while preserving critical data properties is used
by it. Predictive analytics also increases resource utilization
efficiency by 85 per cent and decreases project cost by 10 per
cent over traditional methods, which achieve 70 per cent and 5
per cent efficiency, respectively. GBM has superior
performance all the way, but LR is a good choice for precision-
recall tradeoffs, indicating the need to choose the correct model
according to the risk of the project.

Al, on the other hand, has made life easier for almost every
industry and given software engineering a significant boost in
Al-driven process automation. In particular, DNN models will
help in how project management is applied through the use of
more modern and advanced approaches. Tarawneh et al.[15]
studies on how Al can improve project management by
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optimizing resource allocation, time estimation and cost
prediction. The research better refines project planning, risk
management and development of new methodologies with data
from multiple sources. The results, with a 99% accuracy during
training and 78% during testing, reflects the need for continuing
improvements to fully exploit the possibilities an Al opens up
for the field.

In real estate, efficient project management is critical to
getting projects done on time, on budget, and according to
quality standards. In this work, Manchana [16] studies how ML
and Al can be used to improve real estate project management.
The shift from traditional manual methods to data driven,
automated systems that improve performance and enable better
decision making through streamlining operations while reducing
risks are covered in this study. The research demonstrates the
transformational effect ML and Al are having on project
management in real estate by providing a range of case studies
and practical examples in areas such as strategic planning,
construction management, budget control and sustainability.

Managing projects has complex process, with careful
planning, execution and monitoring. Traditional methods are
usually insufficient when working with large datasets,
unforeseen challenges and repetitive tasks. The approach Al
provides in terms of improving different parts of project
management is groundbreaking. Parekh and Olivia [17]
investigate the currently Al field, covering research about
applying Al methods of resource allocation, risk analysis,
scheduling, cost estimation and communication. The paper
discusses the application of Al to project management by
addressing data collection, model selection, and training, along
with potential challenges and limitations.

Data analysis, predictive analytics and ML in the context of
Al help us solve planning, scheduling and risk management
processes through optimal project planning. In their study,
Obiuto et al.[18] discuss strategies to integrate Al: in other
words, strategies for collecting data, applying ML algorithms
and CC. Successful Al implementations are showcased through
case studies, showing savings in time and cost, along with
increased safety. But there are challenges: data security and
workforce acceptance. The future trends are explored in the
study, and the potential of Al to bring better outcomes in projects
for the construction sector is advocated.

Gkonis et al.[19] discuss the challenges in deploying the full
sixth generation (6G) network, proposing that the full design,
including the complexity, of the 6G network would require a full
network redesign to cover the future challenges of integration of
new devices with new technologies, support of latency and
bandwidth-intensive applications. NWDAF provides the
network data analytics function for collecting data from diverse
network functions of fifth generation (5G) architecture as
defined in 3GPP Release 15. It facilitates execution of large
networks in the most optimal manner, when coupled with state-
of-the-art ML approaches, considering customer traffic loads
and network service levels. In addition, information available
from NWDAF can be utilized for augmenting security and
privacy along with assistance in anomaly detection. This study
analyses the significance of NWDAF in next generation
broadband network data collection, resource optimization and
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security enrichment as well as state-of-the-art. It proposes a
high-level architectural model to efficiently collect data and
train ML models for large-scale and heterogeneous
environments.

Predictive analytics and real-time frameworks have had
great promise in improving outcomes and reducing cost, but
challenges such as data security, workforce acceptance and
adaptability of Al models to dynamic environments remain.
Moreover, the use of Al in areas such as real estate, construction
lawyers generate a lot of this data, and managing complex
projects like these with automated data drives are here today
even if much more work needs to be done to bridge the gap
between the data from different sources (heterogeneous data),
securing it, and utilizing the resources effectively during large
projects such as building 6G networks. There is a gap here for a
deeper exploration into what methods might be able to bridge
these technological advancements with true, practical, scalable
solutions for other sectors.

I1l. PROBLEM STATEMENT

Effective resource utilization and cost savings are still major
project management challenges today, particularly in dynamic
and complex environments. Conventional resource scheduling
models usually have difficulty dealing with large, dynamic
datasets, repetitive activities, and unexpected problems, which
create inefficiencies [19], delay schedules, and rising costs [15].
Although machine learning methods like Gradient Boosting
Machines (GBM) and Deep Neural Networks (DNN) have
promise for risk and cost estimation, they are constrained by

Data Pre-
processing

Data Collection
(Historical data)

Normalization
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accuracy, scalability, and flexibility issues [18]. Moreover, the
implementation of Al-based solutions is also affected by issues
pertaining to data security, organizational acceptance, and data
source heterogeneity. Domain industries such as construction
and real estate with high project complexity and often failing
communications specifically require improved forecasting
systems due to these limitations, wherefore this research
suggests an LSTM predictive analytics model that utilizes
temporal trends and task dependency from past project data to
make credible predictions of task duration, resource
requirement, and potential delays. This strategy facilitates
proactive planning, risk avoidance, and evidence-based
decision-making in multi-phase project settings.

IV. LSTM-BASED PREDICTIVE RESOURCE OPTIMIZATION
(L-PRO)

The proposed methodology is to collect historical project
data concerning schedules, resource usage and risk factors.
Outliers and missing values, and temporal dependencies are
preprocessed from the data. Data are directing an LSTM model
towards forecasting future resource requirements, task
durations, and project risks. Dynamic resource allocation,
schedule optimization, and risk mitigation are applications of the
predictions from the model. This method emphasizes ongoing
learning, increasing the model and maintaining the model via
fresh project information so that the model is acceptable to a
variable project state. The process provides a real-time, data-
driven method of resource optimization and project result
enhancement. The overall methodology is illustrated in Fig. 1.

andling
Missing
Values LSTM model Hyper Parameter
- Training

Result <

Fig. 1. Overall Methodology of LSTM-PRO.

B. Data Collection

The study employs a rich historical project dataset [20] that
comprises extensive project timeline, task schedule, and
milestone records, combined with resource allocation data,
including manpower, equipment, and budget allocated to tasks.
It includes project results like task completion status, success
rate, delays, cost overrun, and performance measures, as well as
task duration and interdependencies, which are essential for
scheduling and resource allocation. Risk factors, internal (e.g.,
resource availability, team efficiency) and external (e.g.,
climate, market fluctuations) are also covered in the dataset,

together with historical performance metrics, including previous
project costs, delays, and patterns of team productivity.
Together, these high-fidelity datasets provide a strong backbone
for predictive modeling, facilitating correct analysis of
determinants of project success and risk, and resource
optimization [21].

C. Data Preprocessing

Preprocessing is the very important step that help you keep
the model strong enough. In this phase clean, choose, and
transform the dataset to train the LSTM model as in Fig. 2.
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Missing Values

Strategies for dealing with missing data
points.

. Outlier Detection

Fig. 2. Steps in data preprocessing.

1) Data cleaning

a) Handling missing values: In Eq. (1), address missing
values in the dataset using mean, median or interpolation
imputation methods:

Imputed Value = % Q)

where, X, the available data, and n number of non-missing
entries.

b) Qutlier detection: In Eq. (2), there are methods for
finding outliers such as Z score or IQR methods in which a
value, not within the threshold range, is considered as outlier.

z ="t )

The structure of the formula would be where p = Mean, ¢ =
Standard deviation, and X = Data point.

g

c¢) Data inconsistencies: It corrects any inconsistencies in
task schedules, resource allocation, or performance metrics,
applying domain knowledge or external rules.

2) Normalization. For example, these features are
normalized or standardized to make them comparable in terms
of numerical scale, for example, resource costs, task durations,
and budgets. For example, normalization is performed using
Eqg. (3):

X~Xmin
Xmax~Xmin (3)

where, x is a feature and x,,,;,, and x,,,,,. are the values of that
feature that are minimum and maximum, respectively.

Xpn =

3) Temporal encoding. Since LSTM models are designed
to work with time-series data, it is important to encode time-
based features appropriately:
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a) Time encoding: For instance, time series sequences
can be formed as descriptions of task duration or start/end
times.

b) Time-based features: Cyclical features can be encoded
using sine and cosine transformations as in Eq. (4) from day of
the week, month, or project phase:

27t

sin (%) , cos(T) (4)

where, t is the time value, and T is the period (e.g. 365 days
or 12 months).

D. LSTM Model Architecture

The LSTM network architecture is meant to capture
sequential patterns in the historical project data. In model
design, complexity and dimensionality of data determine the
choice of layers and neurons.

1) Number of layers and neurons. The depth of the model
depends on the number of layers and the capacity of the LSTM.
In general:

Simple patterns can be captured by shallow LSTM (1-2
layers). For complex sequences with deeper temporal
dependencies, the (deep) LSTM can be preferred (3 or more
layers).

2) Input size: When predicting future values, the input size
refers to how many previous time steps are used to make the
prediction. In project management, input size might be a
window of past project data (e.g. task schedules, resource
usage, or external factors) that predicts the future resource
demand or task duration.

Mathematically, the LSTM model takes input data x_t of
shape (n,m), where m is the number of features, resource usage,
and task duration n is the number of time steps.

x = {xq,x,, ..., X, } Would be the input to LSTM layer.

3) Output size. The type of prediction is what determines
the output size. For example, The output could be a single value
(task duration) when predicting task duration.

If the output must be a predicted value of resource demand,
that output may be a vector that represents the demand for
certain resources.

When your outputs are multiple, the model can generate the
output as a vector y.

a) Forget gate: It tells which part of the previous hidden
state should be forgotten. The Eq. (5) is as follows:

fe = o(wy. [he1,xe] + by ®)
b) Input gate: It determines how much new information

to add to cell state. The Eq. (6) is:
ir = oW [he—qy, x]] + by (6)
¢) Candidate cell state: A new potential memory could
be added to the cell state that is the candidate cell state. It’s

computed as Eq. (7):

¢, = tanh(w,.[hy_q, %] + b, )
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d) Update cell state: In Eq. (8), the cell state is combined
with combined forget gate, input gate and candidate cell state
to update the cell state:

€t = fe-Cto1 + i G 8)

e) Output gate: It is the current time step is determined

by the output gate from which prediction is done. The Eq. (9)
is:

0r = o (W,. [ht—lﬂxt] + b, )

f) Hidden state: Additionally, the hidden state is
estimated according to Eq. (10):

hy = o,.tanh(c;) (10)

4) Bidirectional LSTM or stacked LSTM size. The data is
processed using bidirectional LSTM in both the forward and
backward directions to capture dependencies for temporal
directions (past and future).

Multiple LSTM layers stacked one on top of the other to
learn more complex temporal patterns are known as stacked
LSTM. Mathematically, the Bidirectional LSTM can be
represented as Eq. (11):

he = LSTM (hy_q, X;) (11)

where, h; represents the hidden state at time t, and x; is the
input at time t.

E. Model Training

1) Loss function. MSE is a widely used loss function in
regression tasks, such as predicting task duration or resource
consumption. As shown in Eq. (12), the mean squared error
represents the average of the squared differences between the
actual and predicted values:

MSE = =S, (9 — v1)* (12)

For some set of data-points, where 9; is the prediction, y; is
the real value, and n is the number of data points.

For classification problems (predicting categorical
outcomes), cross-entropy loss could be used, though for
resource optimization in project management, regression is most
common.

The Adam (Adaptive Moment Estimation) optimization
algorithm is used for training the LSTM model, and the learning
rate is adjusted during training. By iteratively changing the
weights, the model can learn to minimize the MSE loss function.

Eq. (13) can be used to represent the training process:

6 =6-nYL(Yy) (13)

where, the model parameters (weights) 0, the learning rate 7,
and V, L(9,y) are considered as model parameters.

In training, the model learns to use the historical project data
to predict the outcome of interest (e.g. resource demand, task
duration). The model is continually evaluated for the
performance against the testing set to see that it avoids over
fitting and improves the generalization. These algorithms are
created to search through various combinations of
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hyperparameters systematically in an attempt to arrive at
optimal settings for model with the best predictive performance.
This is a process to make sure that the model is able to deal with
the intricacies of the project management data and therefore, it
get accurate and reliable resource prediction. The LSTM
architecture is given in Fig. 3.

LSTM LSTM LSTM

Laver-1 Laver-2 Layer-3

Fig. 3. LSTM Architecture.

5

Input

X

F. Hyperparameter Selection

The LSTM-PRO model was trained on several different
configurations. The ultimate parameters were: 3 layers of
LSTM, 64 units per layer, batch size of 32, and a learning rate
of 0.001 with the Adam optimizer. These values were selected
following grid search and manual tuning using validation set
performance. Sensitivity of the model was tested using varying
depths of layers (1-5), batch sizes (16, 32, 64), and learning rates
(0.001-0.01). The outcome indicated that adding above 3 layers
caused overfitting, while decreasing units below 64
compromised accuracy. The learning rate of 0.001 struck a
balance between convergence rate and loss minimization. These
settings yielded the lowest MSE and highest R2, confirming their
suitability.

Algorithm 1 describes the process of step-by-step execution
of the predictive model. It starts with data cleaning, where
missing values are replaced with feature-wise means and
outliers are detected using Z-score analysis and replaced with
median values to preserve data integrity. Normalization is then
done, scaling all features between 0 and 1 to keep inputs
uniform. During the temporal encoding stage, time-dependent
features are transformed with sine and cosine functions to
maintain cyclical patterns. As a design for the model, a
Bidirectional or Stacked LSTM architecture is chosen
depending on the complexity of the task, and layers and neuron
arrangements are dynamically generated through iterative loops.
To conclude, during model training, early stopping is utilized to
track validation loss and avoid overfitting in order to maximize
performance.

Algorithm 1: Algorithm of the Proposed Study

Data Cleaning
Missing values are filled with the mean for each feature.

Outliers are detected using Z-score and replaced with the
median.
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Normalization
Features are scaled between 0 and 1 for uniformity.
Temporal Encoding

Encode time-dependent features using sine and cosine
transformations.

Model Design

A Bidirectional or Stacked LSTM architecture is chosen
based on complexity.

Layers and neurons are defined dynamically using for loops.
Model Training

Early stopping is used to train the model depending on
validation loss.

V. RESULTS AND DISCUSSION

The predictive analytics model based on LSTM showed
better forecasting of task duration, resource demand, and project
timeline, greatly improving resource optimization and
scheduling efficiency of tasks. In contrast to conventional
approaches, it was better at identifying shortages in resources
and delays in projects and improving planning and execution
overall. The reliability of the model is attributed to its capacity
to learn intricate temporal dependencies such as task
interdependencies and external factors. Performance was
measured in terms of Mean Squared Error (MSE) with strong
predictive accuracy. Nevertheless, the model's strength is
contingent on good input data, e.g., extensive historical project
records and suitable time step resolution, so strong data are
needed for the best project management results.

A. Analysis of the Predictive Analysis

Fig. 4 gives the Potential Delays. It represents the delay
amounts from 2022-03-22 to 2022-04-09. On the X axis are
dates and on the Y axis it is the corresponding "Delay Amount™.
The chart reveals the following delay amounts for each date: 1
on 2022-03-22, 2 on 2022-03-24, 5 on 2022-03-26, 4 on 2022-
03-30, 5 0n 2022-04-04, 1 on 2022-04-06, 3 on 2022-04-07, and
2 on 2022-04-09. What this allows us to do is to visualize these
potential delays and to understand delay patterns so that it can
optimize the resources and manage the project timeline more
effectively.

Potential Delays

Delay Amount

o
&
; 5
L P

=,
=,

Fig. 4. Potential delays.
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Predicted Task Delay Probabilities Based on Complexity

Probability of Delay (%)
8 < & 8

5

Low Medium High Very High
Task Complexity Level

o

Fig. 5. Predicted task delay probabilities by complexity.

Fig. 5, shows how complexity levels are related to the
probability of a delay. The “X-axis” represents four complexity
levels: The X axis represents the probability of delay as per cent,
and the Y axis represents Low, Medium, High and Very High.
The chart highlights a clear trend: Delay probability for tasks of
low complexity is about 10% (green bar), Medium complexity
about 30% (yellow bar), High complexity around 50% (orange
bar), and Very High complexity almost 80% (red bar). The
visualization emphasizes the strong correlation between the
complexity of a task and its probability of delay, which is an
essential input in optimal planning for project timing and
resource allocation.

Impact of Resource Optimization

Pre-Optimization
. Post-Optimization

60

Percentage (%)

utilization (%)

Cost Reduction (%)
Categories

Fig. 6. Impact of resource optimization.

Fig. 6 shows the impact of optimization as it has reduced
resource utilized and cost reduction. The X-axis represents two
categories: The Pre-Optimization value for Utilization (%), is
approximately 65% (light blue bar) and rises to about 85% post-
optimization (dark blue bar). Similarly, for Cost Reduction (%),
the Pre-Optimization value is about 10%, and the post-
optimization value is about 30%. This chart shows the big wins
in resource efficiency and costs savings from the optimization
process.

Fig. 7 shows cost saving amount over time on X axis which
dates from 2019-01-31 to 2019-06-30 and the Y axis denoting
the amount. On 2019-01-31, the values are approximately
40,000, on 2019-02-28 approximately 35,000, on 2019-03-31
approximately 10,000, on 2019-04-30 approximately 20,000, on
2019-05-31 approximately 35,000 and on 2019-06-30
approximately 37,000. A variation of cost saving opportunities
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shown in this chart informs you about the trend and helps you
forecast the future savings and resource allocation in project
management.

Cost-Saving Opportunities

40000

35000

30000 q

25000

20000

Amount

15000

10000

5000

5 g » i k¢ ey

& g i I o &
o > o » & o
» P » b P »
Date

Fig. 7. Cost-saving opportunities.

Fig. 8 with X axis labelled as "Years" and Y axis from
60,000 to 180,000 representing expenses over the years 2022 to
2030. The graph includes three lines: Historical (2022—2028):
blue line, test data (2028-2029): orange line, forecast (2029—
2030): red line plus shaded area indicating confidence interval.
In the predictive analytics and machine learning project
management, this visualizing helps understand historical
patterns, test results and possible future outlook for informed
decision making and resource optimization.

Project Expenses Forecast

— Train
Test

180000 — Forecast

160000

140000

H
§ 120000

%
100000 /\/\/

80000

60000

2022 2023 2024 Zd?S 2026 2027 2028 2029 2030
ear

Fig. 8. Project expenses forecast.

B. Performance Metrics

Table | shows the performance metrics of the LSTM-PRO
forecasting model applied to project management prediction.
The MSE value of 0.0025 shows the model's forecasts are
extremely low average squared deviations from the true values,
implying high precision. The RMSE of 0.05 also verifies the
same by estimating the average error in prediction using the
original units. The MAE of 0.03 indicates the average absolute
deviation between actual and predicted values, indicating
predictable reliability every time. The R2 score of 0.96 indicates
that 96% of the variation in the observed data is accounted for
by the model, which indicates a high fit and outstanding
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predictive ability. All these statistics validate the strength and
efficiency of the model in predicting major project parameters.

TABLE I. PERFORMANCE METRICS
Metric Value
MSE 0.0025
RMSE 0.05
MAE 0.03
R2 Score 0.96

C. Analysis based on Adam Optimzer

Fig. 9 shows a graph of the loss function versus training
epochs. Two curves are charted on the graph: the curve of
training loss, which indicates the performance of the model on
the training set over time, and the curve of validation loss,
indicating the performance of the model on the validation set.
The graph also marks the point of early stopping, marked as the
epoch when the validation loss plateaus or starts to rise,
indicating overfitting. This initial stopping mechanism avoids
further training after the model achieves its best performance on
the validation set, hence enhancing generalization and avoiding
overfitting.

Model Training Process with Early Stopping
1

—— Training Loss
— Validation Loss

0.8r -=—- Early Stopping

06

0.4

Loss (MSE)

0.2r

0.0r

0 10 20 30 40 50
Epochs

Fig. 9. Model training.

D. Performance Comparison

Table Il indicates that the predictive models were tested
against the key performance indicators MSE, RMSE, MAE, and
R2. ARIMA was moderately accurate among the models.
Random Forest was superior to ARIMA with reduced error
rates, with SVR having slightly more errors than Random
Forest. The ANN also produced robust results, but XGBoost was
found to be the best with the lowest error values and the highest
R2. The LSTM-PRO model closely trailed, providing strong
prediction precision, demonstrating its ability to identify
intricate patterns in the data.

Fig.10 summarizes the MSE measures of some prediction
models. ARIMA model takes the largest MSE at 0.005, which
means its prediction errors are relatively higher. Random Forest
and ANN models each take an MSE of 0.003, reflecting
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improved prediction accuracy than that of ARIMA. SVR model
takes MSE at 0.004, performing slightly lower than Random
Forest and ANN. The XGBoost model illustrates the most
optimal performance with the least MSE of 0.002, showing
highly accurate predictions. Then, the LSTM-PRO (Proposed
Model) also illustrates an MSE of 0.0025, which is similarly
close to that of the XGBoost model, indicating strong predictive
ability but less optimal compared to XGBoost. On average, both

the XGBoost and LSTM-PRO models exhibit better
performance in minimizing errors in predictions.
TABLE II. COMPARISON OF PERFORMANCE METRICS
Model MSE RMSE MAE R2 Score
ARIMA [22] 0.005 0.07 0.04 0.93
Random Forest[23] | 0.003 0.055 0.035 0.94
SVR [24] 0.004 0.063 0.045 0.91
ANN [25] 0.003 0.055 0.038 0.92
XGBoost[26] 0.002 0.045 0.031 0.95
LSTM-PRO
(Proposed Model) 0.0025 0.05 0.03 0.96
MSE
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Fig. 10. Comparison of MSE with different models.

The proposed LSTM-PRO model offers distinct advantages
over traditional and baseline predictive approaches. Unlike
ARIMA, which struggles with nonlinear temporal
dependencies, LSTM-PRO captures long-term patterns and
inter-task dynamics in sequential data. Compared to Random
Forest and SVR, which lack inherent sequence learning, LSTM
excels in modeling time-based project variables. While
XGBoost demonstrated slightly lower MSE, LSTM-PRO was
more consistent in learning temporal aspects and made more
stable forecasts under different time frames. Additionally, its
capacity to learn from both previous and current contexts with
bidirectional LSTM layers increases forecasting dependability
in multi-phase projects.

E. Discussion

The comparative performance study of predictive models for
predicting project management activity explains remarkable
differences across the measures applied. Of the models under
test, the proposed LSTM-PRO model showed excellent
forecasting ability, especially in capturing temporal
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relationships and intricate patterns in project data. This is clear
from its high R2 value of 0.96, reflecting its strong fit, and low
MSE of 0.0025, reflecting low prediction error. By comparison,
traditional models such as ARIMA (MSE: 0.005) and current
methods such as SVR (MSE: 0.004) were less performant.
Although XGBoost recorded the lowest MSE of 0.002, LSTM-
PRO was best at understanding sequential and temporal
dynamics because of its recurrent nature. The LSTM-PRO
model facilitates proactive project management through precise
forecasting for resource allocation, cost minimization, and delay
forecasting, as well as spatial mapping of task complexities and
related risks. The combination of Adam Optimizer with early
stopping made the training process more effective, with less
overfitting and better model generalization. These findings
highlight the benefits of deep learning structures, especially
LSTM-based models, in dealing with dynamic and intricate
project contexts. LSTM-PRO is especially suited for sequential
and time-series datasets, where task dependencies and
chronological changes in resources are common. It could be less
effective in static datasets or projects that lack temporal
variation, where basic models can work. The research supports
the merit of applying sophisticated predictive analytics to
accuracy improvement, timeliness, and interpretability
enhancement in resource and schedule management.

VI. CONCLUSION AND FUTURE WORKS

The LSTM-PRO model has immense potential in solving
project management issues using state-of-the-art predictive
analytics. Its capacity for reducing forecast errors and accurately
modeling time-series data—especially for forecasting task
durations, resource planning, and delay likelihood—is
indicative of its usability within dynamic project settings.
Relative to legacy models like ARIMA and more sophisticated
techniques like XGBoost, LSTM-PRO performed better in
terms of accuracy and reliability, as reflected in a 0.96 R2 value
and minimal MSE. By incorporating resource optimization
information and delay visualizations, the model provides project
managers with actionable, data-driven information that
promotes project performance and cost effectiveness. While it
has advantages, the research has some weaknesses. The success
of the model heavily depends on the quality and level of detail
in the input data, and there is no inclusion yet of external
variables like economic trends, weather, and company
developments. The interpretability of predictions is also an
issue, which deters adoption from stakeholders who are not
conversant with deep learning techniques. In spite of the
excellent predictive performance of the LSTM-PRO model,
some limitations are recognized. The performance of the model
is strongly reliant on the quality and detail of available historical
data, which might not be equally available in all domains. Also,
the black-box nature of LSTM networks makes it difficult to
interpret, which means non-technical stakeholders cannot rely
on the outputs. External influences such as economic conditions
or climatic influences were not accounted for, which might
restrict generalizability in specific industries.

Subsequent studies can overcome these limitations by
incorporating external influencing variables, including
economic data, weather conditions, and company restructuring,
to enhance prediction accuracy even further. Incorporating
Explainable Al (XAIl) frameworks can increase model
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transparency, allowing stakeholders to understand the model's
decision-making processes more effectively. Additionally,
implementing the model in real-time cloud-based project
monitoring systems could make it easier to deploy at scale and
learn continually. These improvements would enhance dynamic
decision-making and further enhance the model's scalability to
various industries. This research is a building block for further
research into predictive analytics in project management and, as
such, is an open research problem. Subsequent research can use
this study as a starting point to investigate new architectures,
mixed methods, and domain-focused applications, further
pushing the state-of-the-art in intelligent project management
systems.

Subsequent studies can investigate the application of
transformer-based  architectures for richer long-range
dependency modeling, particularly in high-scale initiatives.
Moreover, the integration of LSTM with Explainable Al (XAl)
components can enhance model interpretability. Real-time
deployment through cloud monitoring platforms and transfer
learning as a means of domain adaptation also holds high
potential for greater scalability.
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