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The rapid evolution of generative artificial intelligence (Al) is transforming project management practices
by enhancing efficiency, productivity and adaptability in decision-making processes. The integration
of large language models (LLMs) into project management research and practice is reviewed, with a
particular focus on virtual assistants as decision support tools. State-of-the-art models such as Mistral,
Large Language Model Meta Al (LLaMa), Bidirectional Encoder Representations from Transformers (BERT)
and T5, are assessed for their potential to automate complex project tasks, extract insights from project
datasets, and optimize decision-making across various project management domains and business sectors.
Generative Al is shown to surpass traditional project management systems by not only analysing historical
project data but also generating new strategies and solutions in real time. Applications include project risk
assessment, resource allocation optimisation, stakeholder communication and project performance prediction.
The role of fine-tuning and retraining LLMs to adapt them to industry-specific project management challenges
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is also examined enhancing relevance and performance across diverse business environments.

I. INTRODUCTION

IN recent years, projects have become larger and more complex,
evolving into significant undertakings. Alongside this, industrial
expansion has created a greater need for specialised skills in project
management, which is critical given the typically slim profit margins
involved. Although established project management methodologies
offer essential frameworks for initiating and advancing projects,
enabling issues to be addressed quickly and effectively, traditional
methods alone may prove insufficient. Managing complex and
evolving challenges requires a more structured and closely monitored
approach across all project areas [1].

The objective is to strengthen the project manager’s capacity to handle
difficult situations during development and to reduce errors arising
from inadequate planning or oversight, particularly in areas such as
portfolio management (2], [3], [4]. Even with widely used management
practices such as the project management professional (PMP) [5] in
place, a clearer structure and comprehensive oversight across all project
domains, including information systems, remains essential.

Traditional approaches often leave project managers relying
heavily on intuition and prior experience when making decisions,
especially when confronted with issues involving numerous variables
and outcomes. It is nearly impossible for a single project manager
to address all the complexities of modern projects alone, which
contributes to the high rate of project failures [6].

Generative artificial intelligence can be applied not only to project
management [7], but also to business decision-making more broadly.
In today’s rapidly changing and data-centric landscape, organizations
must make fast and well-informed decisions across various domains
such as marketing, finance and operations. Generative Al models,
including generative pre-trained transformer (GPT)-based systems
and advanced machine learning techniques, can process large
datasets, predict future trends and recommend effective strategies.
By automating repetitive tasks, providing valuable insights, and
simulating different scenarios, these models enable decision-makers to
focus on higher-level strategies while reducing risks and inefficiencies,
ultimately improving overall decision-making and fostering business
growth [8], [9], [10], [11].
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Previous studies have explored this concept within the specific
context of applying machine learning to project management [12],
[13]. Gil et al. [12] examined how machine learning techniques can
optimise project workflows, enhance resource allocation, and support
decision-making processes in project environments. Building on these
findings, the present research expands this approach by applying
similar principles to novel domains.

In classical Al systems, decision support tools are designed to assist
businesses by analysing historical data, identifying patterns, and
offering recommendations to guide strategic decisions [14], [15]. These
systems typically rely on machine learning algorithms and statistical
models to process large datasets, make predictions, and assess risks,
helping businesses optimise their decisions in areas such as resource
management [16], market strategies and financial forecasting. They
provide a structured approach to decision-making by focusing on
existing information and using predictive analytics to suggest data-
driven solutions, reducing the reliance on human intuition.

These conventional approaches are constrained in managing
intricate and ever-changing problems. The role of generative Al as a
development of classical models addresses this limitation. In addition
to analysing and forecasting based on existing data, generative
Al models such as GPT and other language models can generate
new ideas, optimise tactics in real time and provide highly flexible
insights. These models expand the capabilities of previous systems
by producing additional content, strategies or potential outcomes,
offering organisations a more adaptable and powerful toolfor complex
decision-making tasks [17], [18], [19].

Various generative Al models exist, each with unique capabilities
that can be tailored to different applications, including the
development of specialised chatbots through retraining open models
[20]. These chatbots can be designed to handle specific tasks, such
as customer support [21], [22], [23], team collaboration, or complex
decision-making processes in business environments [14], [15].
Large language models (LLMs), can be adapted to support strategic
decision-making by analysing data trends, forecasting outcomes,
and providing insights in real time, which is particularly valuable
in corporate settings. An Al-powered chatbot, for example, could
assist managers by streamlining information [24], identifying
potential risks [25], [26], and suggesting data-driven strategies [27],
[28], thereby enhancing productivity and enabling more informed
decision-making in dynamic business scenarios.

The present study examines the various architectures that have
contributed to the development of contemporary models used in
the creation of virtual assistants, with a particular focus on project
management and business decision-making environments. It also
highlights practical applications that leverage existing models through
retraining techniques, demonstrating their adaptability and relevance
in addressing complex organisational challenges.

A structrured literature review was conducted by querying the
Scopus and Google Scholar databases. The search strategy employed
a combination of keywords representing core project management
knowledge areas (e.g., "resource allocation,’ "risk assessment,’
"portfolio management") alongside technical terms including "Large
Language Models," "LLMs," "Generative Al," and "fine-tuning".

Initially, approximately 100 records were identified. After removing
duplicates and screening titles and abstracts, the remaining candidates
were evaluated against specific inclusion and exclusion criteria. Works
were included if they:

« Demonstrated an explicit link to a recognized project management
process or knowledge area.

+ Presented empirical or design science research involving the
deployment or evaluation of an LLM customized via fine-tuning.

Conversely, studies were excluded if they:

« Focused solely on general-purpose Al without specific domain
adaptation for business or project environments.

« Lacked sufficient technical detail regarding the underlying
architecture or training methodology.

+  Were not published in English.

This process yielded a final set of 29 studies for in-depth analysis.
In addition to peer-reviewed publications, the review incorporates
preprints and technical reports in order to reflect the fast-paced
evolution of the LLM field, where state-of-the-art models, benchmarks,
and applications are frequently disseminated through open repositories
prior to formal journal publication.

This study has several limitations. Despite efforts to capture
recent advances, the rapid evolution of LLMs implies that some
emerging models or applications may not be fully represented.
Moreover, while the review identifies general trends and insights,
the practical effectiveness of LLM-based approaches in project
management contexts is likely to vary depending on organizational
characteristics, domain-specific requirements, and data availability.
Finally, the scope of this review is primarily limited to text-based
LLMs and does not extensively address multimodal or hybrid AI
systems, which may become increasingly relevant in future project
management applications.

Based on the systematic analysis of the literature, the main
contributions and key insights of this review can be summarized as
follows:

« LLMs are increasingly used as decision support tools in project
management, moving beyond descriptive analytics towards
generative and adaptive decision-making capabilities.

« Different project management domains tend to favour different
LLM architectures. Open-source models such as LLaMa and
Mistral are preferred in contexts requiring customisation, data
privacy, and regulatory compliance, while proprietary models
such as GPT are more commonly adopted for rapid deployment
and stakeholder communication tasks.

+ Fine-tuning is a critical enabler for effective adoption of LLMs
in project management. Across domains such as finance, risk
management, logistics, and human resources, fine-tuned models
consistently outperform general-purpose LLMs in terms of
relevance, accuracy, and contextual alignment.

+ Generative capabilities represent a qualitative shift with respect
to traditional decision-support systems. Rather than relying solely
on historical data analysis, LLMs are increasingly used to simulate
scenarios, generate alternative strategies, and support real-time
adaptive planning.

« Trust, transparency, and human oversight remain central
challenges. While LLMs improve efficiency and decision quality,
the literature highlights the risks of over-reliance and the
importance of explainability and governance mechanisms in
practical deployments.

This paper is structured into two main sections. The first
focuses on generative Al models, exploring their evolution and the
key architectural advancements that have shaped their current
capabilities. The second section addresses the practical applications
of these models within project management, emphasizing their role
in optimising decision-making processes and improving efficiency in
organisational settings.
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Fig. 1. Timeline of LLM evolution: Key milestones.

II. GENERATIVE Al MODELS

Generative Al refers to a subset of artificial intelligence focused on
creating new and original content [29] such as text, images, audio or
code, rather than merely analysing or classifying data. It uses advanced
models such as neural networks [30], often based on architectures
such as Transformers or generative adversarial networks [31], to learn
patterns from existing data and generate outputs that emulate human
creativity. Applications include chatbots [32] and realistic voice
synthesis enabling automation and innovation across diverse fields.

The development of LLMs has progressed through significant
milestones over the past decade, driven by breakthroughs in neural
network architectures and increases in computational power (Fig. 1)
[33]. In the early 2010s, recurrent neural networks (RNNs) [34] were the
dominant models for sequential data processing, providing an initial
framework for tasks such as text generation and sentiment analysis.
However, their limitations in handling long-range dependencies led
to Vaswani et al’s introduction of the revolutionary Transformer
architecture in the seminal 2017 paper Attention Is All You Need [35].

Transformers removed the sequential processing bottleneck
of RNNSs, enabling parallelisation and scalability, that are critical
for modern LLMs. This advance has contributed to the emergence
and proliferation of virtual assistants and generative Al systems.
The improvement was achieved by replacing the recurrent and
convolutional layers [36] of traditional neural networks with a
self-attention mechanism, which allows the model to evaluate the
importance of each word in a sentence relative to others, regardless
of distance. This capability to capture long-range dependencies made
Transformers highly effective for understanding and generating
human language.

The Transformer neural network architecture (Fig. 2), consists of
an encoder (left block) and a decoder (right block), both composed
of stacked identical layers. Each encoder layer has two sub-layers:
a multi-head self-attention mechanism and a position-wise fully
connected feed-forward network. The decoder adds a third sub-
layer, which performs multi-head attention over the encoder stack’s
output. Each sub-layer incorporates a residual connection and layer
normalisation. Inputs and outputs are embedded into vectors, and
positional encoding is added to provide information about word order
in the sequence. The Transformer relies solely on self-attention to
compute representations of input and output without the need for
sequence-aligned RNNs or convolution. This scalability has enabled
the development of advanced LLMs such as GPT, Bidirectional Encoder

Representations from Transformers (BERT), Mistral, Large Language
Model Meta Al (LLaMa) and Text-To-Text Transfer Transformer
(T5) which have demonstrated exceptional abilities in language
comprehension, generation, and even reasoning.
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Fig. 2. The transformer - model architecture, reproduced from [37].
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Building on the Transformer architecture, Google’s BERT [38],
[39], [40] (2018) introduced bidirectional context understanding
to language representation, marking a paradigm shift in natural
language understanding tasks. Models such as GPT-2 and T5 [41],
[42] (2019-2020) further extended LLM capabilities, excelling in both
generative and comprehension tasks. OpenAI's GPT-3 [43], [44] (2020)
demonstrated the potential of large-scale pretraining, with 175 billion
parameters, establishing itself as a benchmark in generative Al

The architecture of the GPT-3 language model (Fig. 3), represents
an advanced evolution of the Transformer paradigm, incorporating
structural modifications to enhance contextual processing and
semantic representation. The Text and Position Embed block indicates
the embedding of input text and its position within the sequence, which
is essential for understanding context. Unlike the original architecture,
which used both encoder and decoder stacks, GPT-3 employs a
decoder-only structure. This configuration focuses on generating text
by predicting the next word in a sequence, using masked multi-head
self-attention [45] to focus on relevant preceding words. As with the
Transformer, GPT-3 also incorporates residual connections, layer
normalisation, and feed-forward networks. The primary distinction
lies in GPT-3’s specialisation for text generation, with a streamlined
architecture compared to the more general-purpose encoder decoder
structure of the original Transformer.
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Fig. 3. GPT Transformer decoder, adapted from [37].

More recently, the emergence of open-source models (2021-
2022) and the exploration of graph-based LLMs have highlighted a
diversification in model architectures and applications. Open-source
efforts have democratised AI research, fostering innovation and
accessibility. Platforms such as Hugging Face [46] have become central
to this democratisation, offering a vast repository of pre-trained
models and tools for natural language processing NLP, computer
vision and other applications. Hugging Face serves as a hub for both

researchers and practitioners, enabling access to state-of-the-art
models and supporting practical applications across diverse domains,
including healthcare, education and entertainment [47], [48], [49].

Mistral [50], [51] is an emerging open-source Al model launched
in 2023 and designed to emphasise efficiency and innovation in
generative Al Mistral 7B, a decoder-only language model, shares
its foundation with Transformers but incorporates distinct features.
While both utilise stacked decoder layers with self-attention and feed-
forward networks, Mistral introduces optimizations such as grouped-
query attention [52] and sliding window attention for enhanced
efficiency. It also applies root mean square (RMS) normalisation and
SiLU activation, differing from the original Transformer. Additional
differences include rotary positional embeddings (RoPE) and a focused
design for text generation, setting it apart from the Transformer’s
broader encoder decoder arquitecture.

LLaMA [53], [54] was developed by Meta (formerly Facebook)
with a research-focused design and launched in 2023. LLaMa adopts
a decoder-only language model that, while inspired by Transformers,
includes key differences. Unlike the original Transformer’s encoder
decoder structure, LLaMa focuses solely on the decoder for text
generation. It retains core elements such as self-attention and feed-
forward networks within each decoder layer but incorporates specific
modifications. LLaMa applies RMS normalisation in place of layer
normalisation, and its feed-forward network features an expansion and
contraction of dimensionality (H N 2.7H N H) using SiLU activation.
Compared to the general-purpose Transformer, LLaMa represents a
streamlined architecture specialised for text generation with distinct
internal configurations.

Recently, additional models have gained prominence, including
Anthropic’s Claude [55], Nemotron [56] and DeepSeek [57], [58], [59].

DeepSeek has emerged as a family of advanced language models,
distinguished by its emphasis on computational efficiency and
knowledge generation. DeepSeek leverages optimised training
techniques and enhanced scalability to deliver strong performance in
text comprehension and generation tasks. Its architecture introduces
innovations in context handling and adaptability, making it particularly
suitable for business and research applications. With these advances,
DeepSeek positions itself as a competitive alternative within the LLM
ecosystem, rivaling open-source models such as LLaMa and Mistral.

These developments underscore the dynamic and competitive
nature of the field, with a growing variety of architectures tailored
for specific tasks and contexts, further enriching the LLM ecosystem.

III. AppLICATIONS OF LLMS IN PROJECT MANAGEMENT

This section details where these models are being retrained and
applied in real-world project management environments. A summary
is provided in Table L.

A. Tenders

In project management, tenders [60] represent a structured
process in which interested parties (vendors, contractors, suppliers)
submit formal bids to undertake specific work within a project. This
competitive process allows project managers to evaluate proposals
based on criteria such as cost, expertise, and timeline, ensuring
the selection of the most suitable partner. Tenders are crucial for
promoting transparency, fairness and value.

Ranjan Parida et al. [61] examine the integration of LLMs
into retail customer relationship management (CRM) systems,
highlighting their impact on customer support, engagement, and sales
strategies. LLMs enhance CRM capabilities by automating customer
interactions, providing real-time responses and offering multilingual
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TABLE 1. SUMMARY OF PROJECTS RETRAINING MODELS IN EACH AREA OF

PrROJECT MANAGEMENT

Category Source Model
Tenders

Financial Analysis [63] Finantial analyst Al
Sales Prediction [61] N/D

[62] Bert

Project

Decision Making [65] N/D
Retail [66] RetailGPT
Customer lifecycle [67] Llama
Business Applications [68] Bert
Business Process [69] Bert
Product Decisions [70] Bert
Risk Management [71] CMITS3-30E

[72] T5

Human Resources

Human Resources [73] GPT-2
Recruitment [74] JobReco

[75] GPT-2

Information Technology

Cibersecurity [76] Hackphyr

[77] Bert
Innovation Support [78] LLaMa2, GPT-2

Logistics

Logistic [79] LLaMa, Vicuna, Mistral
Automation [80] LLama3-7B
Object Detection [81] DINOv2

[82] ContextDET

Engineering & Design
Proyect Data Analytics [83] N/D
Design Automation [84] ChatEDA
Operations
Maintenance [85] Mistral-7B, LLaMa3-8B,
Phi3-mini

Finantial Management [86] LLaMa 2

[87] LLaMa 2

[88] LLaMa 2

Supply Chain
Supply Chain [89] T5
Construction

Portfolio selection [90] LLM with RAG

support, thereby improving customer satisfaction and retention.
These models also personalise content and conduct sentiment
analysis, to drive customer loyalty. In addition, LLMs support sales
strategies by analysing customer data for lead scoring and product
recommendations. The study addresses technical challenges, including
data privacy, model interpretability, and computational efficiency, and
suggests best practices for successful integration.

Varma et al. [62] present a custom BERT architecture for sales
and support conversations, demonstrating how incorporating the
generative capabilities of GPT with a clean, small dataset improves
performance. The enhancements bring the model’s output closer
to that of fine-tuned LLMs. Future research includes applying the

architecture to chat and voice data, expanding datasets to over 100
million conversations, and developing customer-specific models to
further optimise prediction performance.

The Financial Analyst Al on Hugging Face [63] assists businesses
by analysing financial documents such as earnings calls. It transcribes
audio to text, summarises content and evaluates fiscal sentiment using
specialised finance models, helping to identify trends and risks. It
also extracts key company-related information through named entity
recognition and detects forward-looking statements. These features
enable faster, more informed decision-making by simplifying complex
financial data.

B. Project

A project [64] is a temporary endeavour undertaken to create a
unique product, service, or result. It has a defined beginning and
end, involving coordinated efforts and resources to achieve specific
objectives. Projects are characterised by distinct goals, limited
resources and a focus on delivering value within the constraints of
time, cost and scope. Effective project management involves planning,
organising, executing and closing projects to meet stakeholder
expectations.

Eigner et al. [65] identify key determinants of LLM-assisted
decision-making, emphasising their influence on decision quality.
Findings show that trust and reliance on LLMs strongly affect
outcomes, with over-reliance leading to errors when users accept
inaccurate suggestions without scrutiny. Transparency, including clear
explanations of LLM outputs, enhances user trust but may also expose
model limitations. Prompt engineering is shown to improve decision
quality by guiding LLMs to produce more relevant and accurate
outputs. Task-specific factors such as complexity and accountability
also shape the effectiveness of LLM support.

Sharee et al. [66] present RetailGPT, a tailored LLM for the retail
industry. RetailGPT significantly improves product recommendations,
customer sentiment analysis and inventory forecasting. The
model’s understanding of customer preferences is enhanced by
the contextualized item attention mechanism, which increases the
accuracy of recommendations and enriches customer experience. Its
sentiment analysis provides real-time feedback, allowing retailers
to respond quickly to changing consumer demands. In addition, its
forecasting capabilities reduce operational costs, highlighting the
model’s operational impact. Despite this advancements, RetailGPT
represents only an early step in the continuing evolution of Al in retail.

Soni [67] explores the use of LLMs in customer lifecycle
management, focusing on stages including awareness, acquisition,
purchase, and post-purchase engagement. LLMs improve lead
identification, targeting and marketing strategy through advanced
analytics and A/B testing. By analysing customer data patterns, LLMs
help to personalise interactions, optimise sales processes and enhance
post-purchase. The study also discusses challenges such as data biases,
lack of emotional nuance in personalised content and over-reliance on
technology, stressing the need for ongoing human oversight.

Bilal et al. [70] address information overload on online review
platforms by fine-tuning a BERT base model to predict the helpfulness
of customer reviews. Tests on Yelp shopping reviews show that
BERT-based classifiers significantly outperform traditional bag-of-
words methods, demostrating superior generalisation and accuracy in
classifying helpful versus unhelpful reviews.

Chen et al. [69] propose a multi-task prediction method using
BERT and transfer learning for predictive business process monitoring
(PBPM) [91]. The approach is tested on 11 real-world event logs and
achieves high accuracy, F-score [92], and area under the receiver
operating characteristic curve (auc-roc [93], [94]) compared to state-

-109 -



International Journal of Interactive Multimedia and Artificial Intelligence, Vol. 9, No6

of-the-art methods, particularly for complex datasets such as BPIC2012
and Sepsis. Fine-tuning the pre-trained BERT model significantly
reduces training time while improving prediction performance.

Lee et al. [71] demonstrate the effectiveness of fine-tuned LLMs,
particularly CMITS3-30E, in construction site management during
severe weather. Using domain-specific datasets, the model generates
context-specific responses aligned with safety best practices. CMITS3-
30E outperformes foundational models in accuracy, specificity and
efficiency. The study highlights the importance of comprehensive
fine-tuning and domain knowledge for improving LLM performance
in safety and operational resilience.

Xia et al. [72] report on the use of the fine-tuned Typhoon-T5 model,
to enhance disaster information retrieval related to typhoons. By
integrating spatiotemporal features and factual typhoon data, the model
provides accurate, context-specific responses. Leveraging retrieval-
augmented generation (RAG) technology, it outperforms other models
in reasoning and information retrieval. Future improvements include
expanding to other disaster domains, incorporating multimodal data
and knowledge graphs and addressing limitations in current question-
and-answer systems.

C. Human Resources

Human resources (HR) in project management [95] involves
managing the people who contribute to a project. This includes
recruitment, hiring, training, motivating and managing the project
team. Effective HR management ensures that the right personnel
with the necessary skills are available at the right time and fosters a
collaborative and productive environment.

Bhatnagar [73] presents the use of transfer learning to enhance
response generation in HR peer learning. By fine-tuning the GPT-2
model with employee survey data improvements were observed in
domain-specific vocabulary and language comprehension. The study
illustrates transfer learning as a promising approach for tailoring
LLMs to specialised tasks and improving NLP performance. The
paper also adresses the challenges of ethical considerations, bias
and handling complex scenarios. These remain critical for practical
deployment, with the findings offering insights for further refinement
and responsible Al application in resource-constrained settings.

D. Information Technology

Information technology (IT) [96] plays a critical role in modern
project management, providing tools and systems to plan, execute
and monitor projects effectively. Project management software,
communication platforms, and data analytics tools enable efficient
collaboration, information sharing, and decision-making. IT facilitates
the tracking of progress, resource allocation and risk management,
contributing to improved project outcomes and stakeholder
satisfaction.

Rigaki et al. [76] highlight the creation and fine-tuning of a 7-billion-
parameter LLM, Hackphyr, tailored for network security tasks.
Addressing privacy concerns and hardware limitations, Hackphyr
was designed as an on-premises solution and achieved performance
comparable to leading commercial models such as GPT-4. Using a
custom dataset, the model’s weaknesses in complex environments and
generating actionable outputs were mitigated. Extensive behavioural
analysis provides a foundation for explaining LLM agents’ actions,
supporting further advancements in explainability and effectiveness.

Amine Ferrag et al. [77] explore the use of the BERT architecture
in cybersecurity with the SecurityBERT model, which demonstrated
an accuracy of 98.2% in detecting 14 types of cyber attacks. The
model outperformed traditional machine learning and deep learning
approaches, including CNNs and RNNs. The paper proposes future
improvements, through fine-tuning and retraining to handle a wider

range of cyber threats and incorporate real-time data updates. The
automation of mitigation actions based on the model classifications is
also suggested to enhance cybersecurity management.

Nguyen et al. [78] demonstrate the importance of fine-tuning as
a method to adapt LLMs to specific domains and tasks, resulting in
enhanced performance and contextual understanding. Focusing on
Japanese-language tasks, the study shows how retraining models
on domain-specific data can address linguistic and cultural nuances,
improving accuracy and making LLMs more effective specialized
environments.

E. Logistics

Logistics in project management involves the planning, execution,
and control of the flow of goods, services, and information between
the point of origin and the point of consumption to meet project
requirements. This includes transportation, warehousing, inventory
management, and distribution. Efficient logistics ensure timely
delivery of materials, equipment and resources, minimising delays and
optimising project execution.

Olena [79] presents the importance of fine-tuning LLMs for
improving customer service in the logistics industry. The study
focuses on integrating AI chatbots using LLMs to enhance external
communication with customers and improve user satisfaction. By
employing parameter-efficient techniques such as QLoRA, pre-trained
models including Llama, Vicuna and Mistral were fine-tuned on a
logistics-specific dataset. The research highlights the value of domain-
specific fine-tuning in achieving superior chatbot performance and
contributing to more effective customer service.

Xia et al. [80] present an approach to integrating LLMs into
industrial automation systems, significantly improving task
automation and system flexibility. By incorporating LLMs within
a multi-agent framework and linking them with digital twins, the
study demonstrates their ability to manage production planning and
control autonomously. This integration supports dynamic decision-
making and reduces the need for human intervention. A fine-tuned
open-source model achieved performance comparable to proprietary
GPT-4 in this context. Despite challenges such as real-time latency
and economic concerns, the study highlights the potential of LLMs to
advance intelligent autonomous systems in industrial settings.

F. Engineering and Design

Engineering and design [97] encompass the technical aspects
of project management, involving the application of scientific and
engineering principles to plan, design, and develop project deliverables.
This includes creating technical specifications, conducting feasibility
studies, developing prototypes, and overseeing the construction or
implementation of project outputs. Effective engineering and design
ensure that project objectives and performance requirements are met.

Brati¢ et al. [83] address the challenge of centralised storage for
educational materials in fragmented databases, aiming to improve
retrieval efficiency for educators and students. The study introduces
a hybrid model based on the Transformer framework and an API
for an existing LLM-based chatbot, to provide precise responses
from a comprehensive materials database. The model uses advanced
word embedding techniques for accurate text processing, enhancing
efficiency and adaptability. The research offers a technical solution
and demonstrates the potential for integrating emerging technologies
in education to promote a more accessible and efficient learning
environment.

G. Operations

Operations in project management [98] refer to the ongoing
activities and processes involved in executing the project plan and

-110 -



Regular Issue

delivering the project’s outputs. This includes tasks such as managing
resources, coordinating tasks, monitoring progress, and ensuring
quality control. Efficient operations focus on optimising workflows,
minimising waste and maximising productivity to achieve project
goals effectively.

Fatem et al. [86] apply instruction fine-tuning to smaller-scale
LLMs, including Mistral-7B, LLaMa3-8B and Phi3-mini, to improve
performance in financial text classification tasks. The retraining
process adapts these models to specialised financial texts, resulting
in significant improvements in task-specific performance and better
zero-shot capabilities on complex financial tasks.

Agarwal et al. [87] fine-tune the LLaMa 2 7b-hf model for financial
sentiment analysis using parameter-efficient fine-tuning methods and
the Simple Fine-tuning Trainer. These adaptations enhance the model’s
ability to handle the complex linguistic characteristics of financial
texts, achieving significant improvements in sentiment classification
accuracy across negative, neutral, and positive categories.

Robert [88] explores the application of fine-tuned LLaMa 2 in
financial sentiment analysis, showcasing its role in interpreting
complex financial narratives. By leveraging fine-tuning techniques,
the model improves analysis of diverse data sources, such as news
articles, social media and financial reports, enabling accurate trend
identification, investor sentiment gauging and financial outcome
prediction.

Mydhénen et al. [85] examine the potential of LLMs for enhancing
predictive maintenance and process optimisation in industrial
businesses. They show how LLMs can automate the analysis of
complex text data, such as maintenance logs and process documents,
to detect patterns, identify anomalies and optimise processes. The
study emphasises the importance of fine-tuning with domain-specific
data to improve performance and highlights the risks of bias and
performance limitations, urging careful integration and monitoring of
LLMs in industrial systems.

H. Supply Chain

The supply chain in project management [99] encompasses the
network of organisations, people, activities, information and resources
involved in moving a product or service from its origin to the end
customer. It includes suppliers, manufacturers, distributors and the
project team itself. Effective supply chain management ensures timely
and cost-effective procurement of materials, equipment and services
required for project completion.

Cheng et al. [89] explore the application of fine-tuned LLMs to
extract hierarchical schemas and predict disruptions in complex supply
chains, highlighting their value in structured schema learning and
real-time predictions. By fine-tuning models such as T5 on domain-
specific data, the research shows how they can identify patterns and
relationships in event sequences, even under complex conditions like
geopolitical tensions or legislative changes. The methodology includes
annotated datasets, robust evaluation metrics such as precision, recall,
and F-score, and real-world case studies, demonstrating how LLMs
provide actionable insights. These findings highlight the potential of
LLMs to enhance decision-making, offering timely predictions and
proactive strategies to mitigate risks.

L. Construction

Construction refers to the process of building or assembling
infrastructure or physical structures within a project. It includes
activities like site preparation, foundation laying, structural
erection, system installation and finishing works. Construction
project management focuses on coordinating resources, managing
subcontractors, ensuring safety, and delivering the project within
budget, schedule, and quality standards.

Zhao [90] introduces an innovative portfolio management
framework that integrates advanced NLP and deep reinforcement
learning (DRL). Leveraging Transformer-based models and LLMs the
framework enhances return predictions and sentiment extraction from
financial texts, while DRL agents optimise portfolio performance. It
uses a RAG module with dynamic weight adjustments, fine-tuned
LLMs and a hierarchical reinforced trader for strategic stock selection
and precise trade execution. The approach outperforms benchmarks
such as the S&P 500, improving Sharpe ratios in bullish markets
and reducing losses in bearish conditions. The study also addresses
interpretability challenges using a univariate flagging algorithm
extended through a generalized additive model, offering predictive
accuracy even with missing or imbalanced data. This work sets a
new benchmark for intelligent financial decision-making through
advanced Al integration.

IV. DiscussioN

In this section, the key points presented earlier, along with
the contents of Table I, are analysed to identify broader patterns
and emerging trends in decision-making processes within project
management influenced by the use of LLMs.

A key observation is the increasing adoption of LLMs to support and
automate project management tasks. These include risk assessment,
resource allocation, stakeholder communication and performance
forecasting, functions that have traditionally required human expertise
and manual effort. The ability of LLMs to process unstructured data
and generate coherent outputs in natural language provides a level
of responsiveness previously unattainable with classical project
management tools.

The review reveals that different types of LLMs are employed
based on the nature of the task and the operational requirements of
specific sectors. In financial project management, for example, open-
source models such as LLaMa have gained considerable traction.
These models are deployed for budgeting, financial forecasting and
regulatory compliance, particularly in settings where data privacy
and traceability are essential. Their open architecture and capacity for
fine-tuning allow organisations to retain control over sensitive data
and adapt model outputs to specific reporting standards.

Risk analysis is another area where LLMs are making a notable
impact. Mistral models, with their efficient architecture and
competitive performance, are being fine-tuned for industries such
as infrastructure, energy and construction. These models support
dynamic risk identification and can generate mitigation strategies based
on real-time data and project documentation. Their computational
efficiency makes them well suited to integration with existing project
monitoring systems that have limited processing capacity.

Tasks involving knowledge extraction, document summarisation,
and decision support often rely on models such as BERT and T5.
These models are particularly effective in sectors where project
documentation is dense and structured knowledge is critical, including
healthcare, legal services and scientific research. Their ability to
classify information and produce concise summaries helps project
teams navigate complex requirements and streamline compliance.

In manufacturing and logistics, the use of LLMs for resource
allocation and scheduling is becoming increasingly common. Fine-
tuned versions of T5 and LLaMa are integrated with enterprise
resource planning systems to optimise workforce deployment and
material flow. By anticipating resource constraints and proposing
alternative allocation strategies, these models help to enable more
resilient and adaptive project execution.
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A clear distinction also emerges between the adoption of open-
source and proprietary models. Proprietary solutions, such as GPT
based models, dominate in contexts where rapid deployment and
integration with existing cloud-based tools are priorities. Open-source
alternatives, by contrast, are favoured where customisation, regulatory
compliance, and cost control are paramount. The ability to fine-tune
models on domain specific datasets is particularly valuable, allowing
organisations to align model outputs with internal processes.

Another significant trend is the shift from purely analytical to
generative applications of LLMs. Beyond summarising historical data,
these models are increasingly used to simulate alternative project
scenarios, formulate strategic responses and assist with adaptive
planning. This generative capability marks a fundamental change in
the role of Al in project management, transitioning from passive data
analysis to active involvement in strategic decision-making. LLMs
also provide real-time insights, automate routine tasks and support
complex leaders to focus on strategy and accelerate decision-making
through rapid data processing.

In conclusion, the integration of LLMs into project management
practices represents a major transformation in how organisations
address complexity, uncertainty and decision-making. The strategic
choice between open-source and proprietary models reflects an
awareness of the trade-offs between performance, control and
regulatory compliance. LLMs are emerging as essential tools in the
digital transformation of project-based work across a range of sectors.

V. CONCLUSION

This study examined the integration of LLMs into project
management, with particular emphasis on their role as decision
support tools. By synthesising current applications and model-specific
deployments across sectors, it has been shown how generative Al
particularly LLMs such as GPT, LLaMa, Mistral, BERT and T5, is
reshaping project workflows. Unlike traditional decision-support
systems, which rely heavily on static historical data and predefined
rules, generative Al enhances adaptability by generating new
strategies, offering creative solutions, and optimising real-time
decision-making.

Section IV highlighted clear patterns linking specific models to
particular project domains. For example, the widespread use of LLaMa
2 in financial management is driven by its open-source nature and
adaptability for secure environments. GPT’s language generation
capabilities make it particularly suited for stakeholder communication,
while Mistral models are being fine-tuned for dynamic risk assessment
in infrastructure and energy projects. This differentiated adoption
underscores the importance of aligning model selection with both
technical requirements and sector priorities.

Furthermore, it was found that that fine-tuning models for
specialised tasks such as financial sentiment analysis, market trend
forecasting and PBPM allows organisations to operate more efficiently.
These models can analyse complex data and generate insights that
closely align with organisational objectives, supporting decision-
making based on a more thorough understanding of the business
environment. The capability of Al to interpret nuanced data, including
financial language or customer sentiment, further enhances its value
as a strategic decision-making aid.

For practitioners and organisations seeking to integrate LLMs
into project management processes, the following roadmap is
proposed: First, identify project tasks where language understanding
or generation plays a central role, including reporting, planning or
documentation. Second, assess whether data sensitivity or regulatory
constraints require the use of open-source models. Third, conduct

pilot deployments using models such as LLaMa or T5 for targeted
tasks, and iteratively fine-tune them with internal data. Finally,
clear evaluation metrics, such as time savings, decision accuracy or
stakeholder satisfaction should be established to measure impact and
justify scaling efforts.

However, the implementation of generative Al in business requires
attention to trust and transparency. Although LLMs offer impressive
capabilities, their effectiveness depends on how well they are
integrated into business processes and on the level of trust users have
in their outputs. Over-reliance on Al-generated suggestions without
human scrutiny can result in errors, making it essential to balance
Al recommendations with human oversight. Additionally, providing
clear explanations of model outputs is critical to fostering trust and
understanding, especially in complex decision-making scenarios.

In conclusion, the integration of generative Al into business
decision-making offers a substantial opportunity to optimise
operations, enhance strategic planning and support long-term
growth. By leveraging advanced AI models organisations can gain
valuable insights, improve decision quality and adapt to rapidly
changing market conditions. The ability of these models to process
vast amounts of data, generate new strategies and provide real-time
insights empowers businesses to make more informed and effective
decisions. As Al technologies become more widely adopted, the
potential for innovation and competitive advantage will continue
to grow, establishing generative Al as a vital tool for the future of
business.
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