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Abstract. Successful project execution requires managing the three main constraints - scope, cost, and
schedule - throughout its life cycle. Among these, scheduling is particularly difficult in research and
development environments because of the unpredictable nature of activities. To address this challenge, an
accurate duration prediction becomes essential. The conventional approaches fail to address the complexity
of Research & Development projects and there’s a need for technologies like Artificial Intelligence (AI)
which helps to strengthen the forecasting accuracy. In this study, the PRISMA framework is employed to
analyses systematically how these methods using Al can contribute to estimate project timelines.
Comparative Performance of different Al techniques across various industries have been studied in this
review mainly focusing on the improvement of the accuracy of time predictions in R&D projects. A total of
354 publications were selected which offered insights into the various models used and evaluated their
performance with respect to parameters like Mean Square Error (MSE) and Mean Absolute Error (MAE).
Based on the synthesized results, research gaps and future opportunities were identified. The results
revealed that only limited research addresses the timeline predictions using Al approaches. Deep learning
(DL) and Machine Learning (ML) models demonstrated prediction accuracies as 92% and 80% reduction
in errors as compared to the conventional methods like Earned Value Management (EVM) and Earned
Schedule Management (ESM). Based on these results, it is suggested that modemn Al-based systems can
give better prediction on timelines of project and thus helping the project managers with more reliable
instruments for planning, resource distribution, and managing uncertainties in complex projects.

1 Introduction

Project management plays a pivotal role across various sectors by ensuring that projects are delivered on time, within
scope, and on budget. For successful delivery of project, effective project management is essential across various sectors.
The objectives like planning, execution, monitoring, and closure shall be met with the given constraints with effective
project management. Projects are becoming more complex due to which uncertainty has increase and that causes difficulty
in understanding these parameters of project management. Effective Project management, resource allocation, and
strategic decision-making depend mainly on accurate time predictions and uncertainty, which are very crucial [4]. Al
tools are emerging rapidly, which can enhance the timeline prediction and overall project efficiency. The potential to
achieve more accurate and flexible project outcomes grows as organizations increasingly rely on these sophisticated Al
methodologies, positioning R&D teams to navigate the complexities of innovation with greater confidence and efficiency.

Traditional time estimation methods often lead to project overruns, which highlights the need for improved time and
resource estimation accuracy. Gantt Charts, Critical Path Method (CPM), PERT Charts, and Work Breakdown Structure
(WBS) are some of the commonly used project time estimation tools. Expert-based estimation methods often yield more
accurate results as compared to formal mathematical models in spite of the latter’s structured approach based on the
studies. Task duration, dependencies, resource availability and historical data are some of the parameters measured.
PERT chart uses optimistic, pessimistic, and most likely estimates for time estimation. Gantt Charts visualize timelines
in a project. CPM identifies critical tasks in a project life cycle and WBS breaks projects into manageable tasks. Accuracy
of Time estimation in projects remains a major challenge despite these traditional tools. The complex and dynamic nature
of R&D activities makes the Traditional methods often fall short, necessitating the need for advanced technologies like
Artificial Intelligence which aims to enhance the predictive capabilities. Use of Al Techniques shall significantly
improve the time estimation and thus the overall success rates of R&D projects. Rise of ML techniques shows a steady
improvement in the prediction accuracy and efficiency which leads to potential shift away from the traditional methods
of time estimation. This is favorable for organizations as they aim for reliable prediction practices.

Artificial intelligence (AI) has helped enhance the software development projects management through automation,
efficiency improvement and enable project managers to focus on other important aspects of the project [9]. Operational
efficiency and accuracy across different industries have advanced significantly due the rising use of AI. Based on the
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findings of the research studies, it is seen that the manufacturing sector has increased the fault detection accuracy by 30%
and in healthcare sector there’s an increase of diagnostic precision by 90%. These findings demonstrate the effectiveness
of Al tool and techniques in predictive analytic and automation. Another study has highlighted the potential of models
like Gradient Boosting Trees (GBT) and Artificial Neural Networks (ANN) in construction industry with accurate
predictions. Boost and hybrid CNN-DNN models which focuses on feature engineering techniques have resulted in
improved prediction accuracy in crop yield.

This review paper shall be exploring the critical role of Al in enhancing project time management with an emphasis
on the R&D sector. Currently, there are various Al techniques and this study aimed to assess these techniques with respect
to time prediction of projects and evaluate their performances. The paper deliberates and examines the way Al-driven
tools and methodologies shall enhance accuracy, which leads to the improvement of project deliverable. An overview of
traditional time estimation tools is bought out in the initial sections of this paper followed by a Al applications analysis
which includes predictive analytic and ML tools in various sectors.

The next section shall cover the Methodology of literature review, followed by a comparison of the integration of Al
tools/techniques in project time management, analysis of gaps, limitations, and future perspectives, and a conclusion that
reflects on the future implications of Al in project time management within the R&D sector.

2 Research Procedure

In this systematic literature review, Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
framework has been followed as the research procedure. The key steps involved in PRISMA is given in Figure 1. Various
databases like Scopus and Google Scholar were explored as part of the comprehensive search strategy. Then these studies
were screened for eligibility based on predefined inclusion and exclusion criteria. Further to this, data extraction and
synthesis, were carried out on the screened studies where key findings are summarized. To get a thorough assessment of
AT’s effectiveness in project time management., the research spanned over six months.

Records identified through database Additional records identified through
searching: 1250 other source : 500

Records Records after duplicates removed : 693
(removed 1057 ) after duplicates removed : 693
{removed 1057 )

Number of Records screened : 467 Number of Records excluded : 226
Number of full text article addressed for
eligibility : 354

Number of Records included in qualitative
synthesis : 50

Number of Records included in quantitative
synthesis: 22

Number of full textarticle excluded
with reasons : 113 (not for project time
estimation)

Included Eligibility m Identification

Fig. 1. PRISMA
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2.1 Data Collection Strategy

2.1.1 Search Strategy

Using keywords like Project Management AND Acrtificial Intelligence searched across 1750 academic papers from the
Semantic Scholar corpus (Google Scholar/Scopus) and retrieved 693 papers that were more relevant to the query.

2.2 Literature Review Methodology

2.2.1 Screening process

Screened the above 693 papers with filters such as period of publication since 2015, citation count, time
prediction, duplication, word in title only, R&D sector, and any type of article. After the screening process,
467 papers were found relevant.

2.2.2 Filtering process (inclusion and exclusion criteria)

To filter the collected literature, the inclusion and exclusion criteria were established, ensuring that only pertinent studies
were 354 retained for analysis. The characteristics of included studies were study focus, AI/ML methods used for time
estimation, application context, key findings, future scope, and full text retrieved. From an initial pool of 354 papers, we
filtered the most relevant 50 papers based on the above characteristics. There were a lot of papers on Al tools for project
task scheduling, and they had relevance to similar methods for time estimation. Papers with a general impact of Al tools
on project management were also excluded. Figure 2 gives the year-wise distribution of the screened articles.
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Table 1. Formatting sections, subsections and subsubsections

Document type No. of documents
Research paper 218
Review paper 62
Conference paper 35
Books 22
Others 17
Total 354

From the comprehensive search of 354 articles, several types of papers were found. These include research papers, which
are 218 in number, followed by 62 nos. of review papers, then 35 nos. of conference papers, then 22 books, and the
remaining are 17 nos. Table 1 gives the types of documents filtered from the comprehensive search, and Figure 2 gives
their distribution.

2.2.3 Analysis if the research developments

In this section, an analysis of data from the 354 primary studies aims to give a clear overview of Al’s contribution in
various sectors, highlighting the various Al models/tools used for time forecasting and their effect on project performance.

3 Literature Review

Integration of Al in Project Management is discussed below.

3.1 Traditional Time Estimation Tools

Research indicates that the low success rate of projects (around 35% of the total) is due to the low level of maturity of
technologies available for project management, indicating a limitation in the traditional tools and methodologies. The
traditional tools include limited risk integration in Gantt Charts and CPM, and high MSE variability in complex projects
due to their dependence on judgment by experts and historical data. Table 2 gives a summary of the range of accuracy
for project time estimation tools (Gantt Charts, CPM, PERT, WBS) in terms of MSE.

Table 2. Comparison of MSE for different project management tools

Task Project Critical Path
Tools Duration Completion Duration
(MSE (MSE) (MSE)
Grantt Charts | 0.05-0.15 0.05-0.15 0.15-0.30
CPM 0.04-0.12 0.03-0.10 0.02-0.08
PERT 0.03-0.10 0.04-0.12 0.10-0.25
WBS 0.04-0.12 0.05-0.15 0.12-0.25

3.2 Al Tools in Project Management

In the recent past, several studies have been carried out which highlights the transformative role of Al tools which
enhances project time estimation accuracy. A particular study demonstrated the capacity of predictive analytic in
foreseeing the project timelines more accurately. Several studies have been carried out on Al-driven scheduling tools
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that reported an improved time estimation accuracies in projects. Few studies concluded that Al integration effectively
leads to enhancing operational efficiency and stakeholder satisfaction.

Al tools like Machine Learning (ML) and Deep Learning (DL) significantly improves the timeline predicting
accuracy as per recent literatures. ML algorithms improve scheduling and budgeting accuracy based on the
analysis of historical project data which leads to better project outcomes. The role of Al in facilitating real-
time collaboration which significantly reduces the delays incurred in project is discussed in a study. For
classification and regression tasks, Decision Trees models are better as they are simple, understandable models.
These are used in R&D projects as they can handle categorical and numerical data. However, while dealing
with noisy data, they can suffer from over-hitting.

Support Vector Regression (SVR) is a regression version of Support Vector Machines (SVM) which is mostly useful
for handling high-dimensional data and non-linear relationships. This model has been widely used in various sectors like
R&D, software effort estimation and wind speed prediction. The performance of this model is very sensitive to the choice
of kernel and other parameters.

Neural Networks, including shallow and deep architectures, have been widely used in R&D projects as they handle
complex relations which is inherent in R&D projects. Deep Long-Short Term Memory (LSTM) networks have shown
good performance in time series prediction and regression tasks. These models achieve a high R? values, low MSE and
MAE scores. Another study employs an integrated approach that combines artificial neural networks (ANNs) with the
Taguchi method to predict project duration.

In recent times, Gradient Boosting and Boost have emerged as powerful ensemble learning methods and have gained
popularity. These models are good to handle both classification and regression tasks as they have high accuracy. These
models often outperform other algorithms in terms of MSE, MAE, and R? scores in various R&D applications. Hybrid
models, such as the Boost-Simulated Annealing (Boost-SA), outperform the traditional methods like Earned Value
Management (EVM) by reducing time prediction errors by approximately 80% and achieving up to 92% prediction
accuracy. For more precise forecasting in the early stages of project planning, Bayesian Networks combined with
Structural Equation Modeling have shown better results highlighting the importance of integrating risk analysis into
forecasting. While hybrid models have many benefits, traditional approaches are still useful in simpler projects with less
complex and variable data, advocating a balanced approach depending on the situation.

3.3 Contextualizing R&D: Practical Challenges and Solutions

3.3.1 Dataset and data size for the time estimation

Project titles, branch connections, and clustering techniques were the independent variables in a feature selection model
for R&D projects utilized in a time prediction study. 212 projects from 1982 to 2020 served as the basis for the study.
Project Titles, Branch, Branch Budget, Branch Strength, Cluster, Sanction Date, Initial PDD, and Final PDD were the
eight columns that made up the data-set. Among them, time prediction was mostly utilized for project title, cluster, and
branch. All things considered, the data-set provides a comprehensive picture of project dynamics spanning forty years,
which makes it an invaluable addition to both scholarly study and real-world project management and innovation
applications. Random Forest Regression, Linear Regression, Support Vector Regression (SVR), Gradient Boosting, and
a Dense Neural Network are among the models employed in the study.

For the Dynamic Project Duration Prediction model, the study in article [28] used data-sets from two organizations:
a tiny startup business and a major international IT enterprise. The start-ups data-set comprises 26 projects completed
between 2018 and 2021, averaging nine projects yearly, while the IT corporation's data-set comprises 20,024 initiatives
from 2005 to 2021, averaging 1251 projects annually. Eleven project attributes are included in both data-sets, but their
units and descriptions are very different, reflecting different project management approaches and the availability of
historical data between the organizations. The study highlights how crucial it is to modify prediction methods for these
diverse data-sets.

3.3.2 Data pre-processing and hyperparameter tuning

For machine learning models to perform better, data reprocessing is crucial. Model accuracy can be greatly impacted by
methods including feature scaling, feature selection, and normalization. For example, in a variety of R&D applications,
normalization has been demonstrated to enhance the performance of Random Forest and SVR models For machine
learning models to perform better, hyper-parameter adjustment is crucial. The optimal hyper-parameter combination for
a particular model and data-set can be found using techniques like grid search and cross-validation. In numerous R&D
initiatives, it has been demonstrated that proper hyper-parameter tuning increases R2 values and lowers MSE and MAE
scores. The importance of model understandably in research and development projects cannot be overstated, as grasping
how a model arrives at its decisions is often as vital as the accuracy of its predictions. Generally, models such as Decision
Trees and Random Forests offer greater understandably than more complex techniques like Neural Networks and Gradient
Boosting. The research studies reveal several significant observations: (a) support vector machines and Random Forest
are the most frequently utilized ML algorithms in project analytic s; (b) while Artificial Neural Networks continue to be
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a prevalent DL algorithm, their application in project-related scenarios has diminished in recent years due to their high
computational complexity and substantial data requirements; (c) genetic algorithms and fuzzy logic represent additional
advanced techniques that are often integrated with ML and DL methods to tackle project-related challenges; (d) there has
been a notable increase in the application of ML and DL across various project contexts; and (e) researchers have
employed ML and DL algorithms to analyze cost and time performance in both construction and software projects.

Table 3 presents a summary of the principal findings from the filtered 50 papers, which encompass the model input
parameters, the utilized data, and the performance evaluated through Mean Squared Error (MSE) and Mean Absolute
Error (MAE). The table illustrates a comparison of the performance metrics of various Al tools, revealing that the Hybrid
Al model exhibits the lowest error rate in comparison to the other models.

Table 3. Al models for project time estimation

Performanc Inout
Study Focus Model e p Data used MSE MAE
parameters
parameters
. Task size Software
ML-based software project Random Task ’ Project datasets| 0.015- 0.10-
L . effort,
effort estimation Forest Duration L (IS- 0.03 0.20
historical data
BSG)
DL for predicting Project Project Task . de- Software
L ANN . dependencies,
Completion in software Completion| . Development | 0.015 0.08
(LSTM) . duration,
development Time logs
resources
Task .
Explainable AL for ANN Task Complexity, Project 0.03- 0.20-
. L (Decision . Management
transparent time estimation Duration team . 0.05 0.30
Trees) . archives
experience
Critical Task Large-scale
Ensemble learning for critical Gradient dependencies, Ee 0.02- 0.10-
. . Path o project
path prediction accuracy Boosting . critical path 0.035 0.18
Duration datasets
data
Challenges in Al-based time Project | Task duration,  yp.p oo | 0,025 0.15-
S ANN Completion resource
prediction . . datasets 0.045 0.28
Time allocation
AI—dI‘l.VeIl. duration Duration | Project scope, Complex 0.025- 0.15-
forecasting in complex ANN . g .
. Forecasting| milestones project datasets|  0.04 0.25
projects
. . Hybri .
Project risk management and };:)Ir id Duration 0.02- 0.12-
efficiency (ML+DL) forecasting 0.035 0.20
Support Vector ML Duration Proj ec.t titles, 212 R&D
. . Ancillary . 0.09 0.26
Regression (SVR) forecasting Projects
features
ANN Task Task duration, 2
ML-based ANN Genetic D rzstion risk Organisation’s
Algorithm " level project database

3.3.3 Unexplained links between data quality and ML performance in project forecasting

The literature review identifies critical deficiencies in project time estimation. A significant gap exists in comprehending
the connection between data set quality and the ML models performance. This shortcoming suggests that improving the
data set's quality could increase the model's accuracy and reliability, which would impact the validity of conclusions in
project management settings. The reliance on proprietary data-sets creates problems with repeatability because other
researchers can find it difficult to replicate findings because of limited data access. Numerous studies are not deeply
validated by real-world data, thus making them less useful. This weakness underscores the importance of enhancing
empirical support to confirm the applicability of the models in field applications. The article recommends future research
focus on comparison of algorithms during more complicated tasks. To improve performance, future research should
explore sophisticated algorithms like transfer learning and multitask learning. Current models use a static methodology
and do not take project phases into consideration. The need for better methods for concurrent duration and cost prediction
is emphasized throughout the article. Addressing dynamic project contexts and testing Al models with real-world data
continue to be difficult tasks.

The sensitivity analysis of one of the research projects shows the flaws of the proposed Al methods, citing the inability
of the methods to be robust in different project conditions. This highlights the necessity of further research to enhance
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their versatility and reliability in various situations. Additionally, a different study on time forecasts does not explicitly
address the implications of ethicality of using predictive analytic in project management, such as concerns about data
privacy and biases in Al algorithms. To increase prediction accuracy, a variety of ML and feature selection techniques
are employed in the study of time prediction within Agile software development. It does not, however, explore how more
sophisticated algorithms or hybrid approaches may be integrated to further enhance the accuracy of time effort estimation
in agile environments. The Boost-SA model, a data-driven model that offers a more accurate forecasting tool addressing
the complexities and uncertainties inherent in project environments, is also presented in another study. Projects from a
variety of industries and data-sets, which would help comprehend the model's performance and adaptability in varied
project contexts, are not included. A new dynamic Project Duration forecast (DPDP) tool using ANN has been proposed
to increase the forecasting accuracy of project duration. The study recognized that although the DPDP tool is flexible and
applicable to various types of projects and data-sets, it may not always be appropriate. There is a lack of research on how
to balance the practicality and effort of designing a specialized model versus using a generalized prediction tool if a model
specifically designed for a certain type of project or data-set type performs better.

3.3.4 Barriers to effective Al-based time forecasting

The systematic review revealed notable shortcomings of Al tools in predicting time-frames. Issues such as reliance on
data and the interpretability of models continue to exist, leading to increased computational expenses. A study highlights
the difficulty posed by the scarcity of public datasets for training and validating the prediction tool. The study also notes
that the current evaluation scope is limited, and future research should include comparing algorithms under more complex
project conditions to gain a better understanding of their performance, and that an insufficient data-set with respect to the
number of features can result in poor prediction accuracy, and that additional caution is needed when applying Al tools
to tasks such as time prediction because of their limitations. For example, the General Regression Neural Network
(GRNN) has performed well in some cases, but may not perform as well when applied to different data-sets or different
types of R&D projects. A study in 2024 reports that although Artificial Neural Networks are one of the most widely used
deep learning algorithms, the use of them in project settings is declining, and more advanced analytical techniques such
as Genetic Algorithms and Fuzzy Logic are being integrated with ML and DL algorithms to solve project-related
challenges. Given the limitations uncovered in these studies, there is an urgent need for larger data-sets, improved
evaluation metrics to handle integration, and wider validation across contexts to handle ethical and privacy concerns, and
change resistance and future research should focus on addressing these limitations by leveraging more diverse data
sources, refining evaluation methods, and investigating model generalization in different contexts to strengthen the
reliability of time prediction research findings.

Future studies should focus on addressing the research gaps and limitations identified in the preceding section while
also developing appropriate solutions. To enhance the accuracy of predictive analytics for time estimation, there should
be an increased application of advanced Al methodologies such as ML (e.g., Random Forest, Gradient Boosting) and DL
(e.g., LSTM, CNN-LSTM). Further investigation into ML and DL models is essential for analysing cost and time
predictions as well as performance in R&D projects, to deepen understanding and improve effectiveness in these areas.
Future research could aim to expand knowledge of ML techniques and their practical implementations. Also, hybrid Al
models, which combine ML with other analytical approaches, such as network analytics, may be better suited to
improving prediction accuracy, and future research may explore the impact of including more parameters in ANN models
to increase their predictive power by taking into account additional factors that influence project duration. Incorporating
reinforcement learning algorithms to optimize allocation of resources, management of risk, and complete project results,
possibly using online training data to iteratively refine the predictive model, may be another area for future research. In
order to evaluate the robustness and applicability of DPDP for a broader range of project types and organizational
contexts, it is important to optimize DPDP and validate its performance with additional datasets. Finally, there is a lack
of attention to R&D projects, with small datasets and a limited variety of project types, which leaves significant room for
further research to expand the scope of DPDP to include more diverse project categories and to investigate other ML
algorithms.

4 Conclusion

Artificial Intelligence (Al) in particular, comprising of ML models (e.g., predictive analytics algorithms, advanced,
advanced) and random forests, as well as deep learning models (e.g., LSTM and CNN), have made tremendous strides in
forecasting time within the context of R&D projects. The models are superior to the conventional ones in the sense that
they have a high level of accuracy (e.g., 84.5% success of R&D). Depending on the goals of the sector or field, the
selection of machine learning algorithms and the corresponding evaluation metrics is made. Such a decision will depend
on the nature of the data and the performance requirements provided in the R&D project framework. Bagging and boosting
algorithms are well-known for their high predictive accuracy and robustness across a variety of application domains. In
contrast, Decision Trees and Support Vector Regression (SVR) show greater effectiveness in specific or constrained
scenarios. The selection of ML models is essential for ensuring reliable and precise results in R&D projects. The
integration of Al tools into R&D project management frameworks is projected to play an increasingly crucial role,
particularly in enhancing the accuracy of predictions, which may involve time or other resources. Future research may
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aim to develop hybrid models that capitalize on the complementary strengths of various algorithms to boost predictive
performance across different project frameworks.
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