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Abstract

Project schedules are critical for construction manage-
ment, yet they remain inaccessible to many profession-
als due to complex scheduling software and costly li-
censes. As a result, site engineers and last planners
rely on static, outdated schedule copies, limiting proac-
tive decision-making. This study proposes an Al-powered
schedule management application that enables natural lan-
guage interaction with project schedules. By leverag-
ing knowledge graphs (KG) and natural language process-
ing (NLP), the app enhances accessibility, reduces inef-
ficiencies, and ensures real-time interaction with updated
schedules. Central to this approach is the improvement
of Human-Data Interaction (HDI), allowing users without
technical scheduling expertise to intuitively engage with
complex project data. The results demonstrate improved
usability and engagement with schedules. This research
contributes an Al-powered schedule management solution
to bridge the gap between scheduling expertise and project
execution.

Introduction

Effective schedule management is critical in the construc-
tion industry, where project timelines, resource alloca-
tion, and task dependencies must be carefully coordinated
(Hua et al., 2022). Poor handling of schedules often re-
sults in inefficiencies, miscommunications, and costly de-
lays (Castafieda et al., 2025). These schedules contain es-
sential details about project progress and resource distri-
bution, but only professionals with scheduling expertise
can accurately interpret them. Many construction profes-
sionals lack the necessary knowledge to derive meaning-
ful insights from project schedules due to the steep learn-
ing curves of the existing scheduling tools (Brown, 2003),
leading to a reactive rather than proactive approach to
schedule utilisation. Another significant challenge is lim-
ited access to scheduling software, particularly for small
or medium-sized construction firms. Many commercial
or proprietary scheduling tools require expensive licenses,
which are typically available only to project management
departments and senior staff members (Kolosky, 2024).
As a result, site engineers and last planners—who play
a critical role in project execution—are often deprived of
direct access. Instead, they rely on printed copies or PDF

versions of schedules, making it challenging to interact dy-
namically with schedule data. This reliance on static for-
mats can lead to inefficiencies, outdated information us-
age, and misalignment with project timelines. These is-
sues highlight a broader challenge in Human-Data Interac-
tion (HDI), where users must be able to access, understand,
and engage meaningfully with complex data representa-
tions. In the context of construction, enabling intuitive
and inclusive HDI mechanisms is essential for democratiz-
ing access to critical schedule information across project
teams (Calvetti et al., 2024). Poor HDI design can re-
sult in information bottlenecks and hinder timely decision-
making, especially for those without technical expertise in
scheduling tools.

To address these challenges, this study proposes an Al-
enabled schedule management approach that leverages
knowledge graphs (KG) and Natural Language Process-
ing (NLP) to enable project professionals to interact with
schedules using natural language commands. This NLP-
driven approach enhances accessibility, efficiency, and
real-time decision-making, allowing users to query sched-
ules, receive updates, and generate insights without re-
quiring specialised scheduling expertise. Integrating NLP-
driven automation ensures project teams work with up-to-
date schedule information, improving collaboration, pro-
ductivity, and overall project outcomes.

The proposed schedule management approach consists of
three key phases. First, project schedules are converted
into a structured knowledge graph, allowing for efficient
data retrieval and relationship mapping between tasks, de-
pendencies, and timelines. Next, users can query the
schedule using natural language input, making it easier
to retrieve specific information, track progress, and gen-
erate actionable insights without requiring specialised ex-
pertise. Finally, the application is deployed as a web-
based platform, ensuring accessibility for all project stake-
holders, including site engineers, planners, and manage-
ment teams, enabling seamless interaction with up-to-date
schedule information. To this end, a case study implemen-
tation demonstrates the effectiveness of the proposed NLP-
driven schedule management application in improving the
accessibility of construction schedules.

The remainder of the paper is structured as follows: the
next section reviews previous research on graph-based and



NLP-driven approaches to construction schedule manage-
ment, followed by an overview of the proposed method-
ology and its implementation. Subsequently, the results
are discussed, and potential future research directions are
highlighted. The paper concludes with a summary of key
findings and final remarks.

Related Studies

Since the 1990s, research in construction project schedul-
ing has focused on optimising activity sequences and re-
source allocation under various constraints (Li, 1996).
Early studies explored heuristic and meta-heuristic meth-
ods, including ant colony optimisation, symbiotic organ-
isms search, artificial immune systems, and genetic algo-
rithms (GA). However, recent studies have focused more
on Al-based methods for automatic schedule management.
Related studies in this area can be broadly divided into
three sub-areas: NLP in construction schedule manage-
ment, graph-based approaches in construction scheduling,
and information retrieval from knowledge graphs Using
NLP. The following sections discuss them in detail.

NLP in Construction Schedule Management

The integration of natural language processing (NLP) and
artificial intelligence (AI) into construction scheduling
has addressed inefficiencies, reduced human errors, and
bridged automation gaps. Hong et al. (2021b) tackled
inconsistencies in activity names, demonstrating that la-
tent semantic analysis (LSA) outperformed other cluster-
ing methods in detecting repetitive activities, improving
data preprocessing for Al applications. Building on this,
ul Hassan and Le (2022) developed an NLP-based depen-
dency parsing system to automatically extract scheduling
activities from contract documents, achieving high accu-
racy (94% recall, 95% precision). Similarly, Ren and
Zhang (2022) introduced a semantic NLP-based informa-
tion extraction (IE) method to generate structured sched-
ules from procedural documents, significantly reducing
manual effort (by 89.33%) while achieving 95.83% pre-
cision. Moving toward schedule validation, Amer et al.
(2022) developed a machine learning model capable of de-
tecting logic errors with an F1 score of 88.3%. Expand-
ing this approach, Amer et al. (2023) introduced the Im-
plicit Logic Checker (ILC), a Transformer-based model
that refines look-ahead plans with an F1 score of 91%.
Lastly, Prieto et al. (2023) explored large language mod-
els (LLMs) like ChatGPT for automated schedule gener-
ation, finding them promising but in need of further re-
finement. Collectively, these studies highlight the growing
role of NLP in automating construction scheduling, span-
ning from data extraction to logic validation and intelligent
scheduling, while underscoring the need for continued re-
search and development.

Graph-Based Approaches in Construction Scheduling

Graph-based methods have emerged as an effective ap-
proach for improving construction scheduling by leverag-

ing historical project data and reducing reliance on experi-
enced schedulers. Hong et al. (2021a) pioneered a graph-
based approach to identify time- and risk-efficient con-
struction patterns from past projects, demonstrating that
excavation activities could be completed in just 0.6% of
total project time. Building on this, Hong et al. (2023) in-
troduced the Graph-Based Automated Scheduling (GAS)
method, which captures tacit scheduling knowledge, clas-
sifies sequences, and optimises schedules for cost and time
efficiency. This method produced results 6.70% closer to
actual execution than traditional planned schedules. Fur-
ther research by Hong et al. (2022) utilised a graph-based
technique to analyse 353 historical schedules, identifying
inefficiencies in earthwork sequencing, particularly in road
construction, and revealing that learned sequences were
26.7% more accurate than planned ones. More recently,
Yao et al. (2024) introduced a Deep Reinforcement Learn-
ing (DRL) model integrated with a Graph Convolutional
Network (GCN) to dynamically optimise scheduling. This
Al-driven approach reduced project duration and compu-
tational runtime, reinforcing the potential of graph-based
methodologies in construction scheduling. Together, these
studies demonstrate the potential of integrating NLP and
graph-based modelling to optimise scheduling workflows
and drive efficiency in construction management.

Information Retrieval from Knowledge Graph Using
NLP

Recent studies have explored information retrieval from
knowledge graphs using NLP to enhance compliance
checking, risk assessment, accident analysis, and safety
guideline recommendations in construction. Li et al.
(2024) proposed an automated BIM compliance checking
framework, leveraging ontology-based knowledge mod-
elling and deep learning to structure building standards
into a Neo4j knowledge graph. A matching algorithm en-
abled automated rule-checking. Lee and Lee (2024) intro-
duced an NLP-based risk-assessment system, developing
an entity-name recognition and keyword-extraction engine
to extract predefined safety knowledge from unstructured
construction data automatically. The extracted knowl-
edge was structured into an entity-relationship-based risk-
assessment knowledge base, enhancing accessibility and
reducing reliance on individual expertise. Hong et al.
(2024) focused on accident analysis, constructing an ac-
cident hazard ontology by modelling keyword relation-
ships and structuring accident-related data into a graph
database. The framework identified accident patterns,
quantified severity, and predicted critical hazards using
network analysis, enabling real-time safety tracking. Fi-
nally, Lee and Ahn (2024) addressed safety guideline in-
efficiencies by developing a recommendation framework
that transforms unstructured safety texts into a knowledge
graph. The PageRank and Louvain Clustering algorithms
ranked safety measures based on relevance, improving
retrieval efficiency. A case study on scaffolding safety
demonstrated the system’s effectiveness in identifying key



hazard clusters like ‘fall” and ‘drop’.

Related studies highlighted that knowledge graphs with
NLP have the potential for automatic information retrieval
from text documents. However, similar methods need
to be tested for automatic construction schedule manage-
ment.

Methodology

This research is motivated by practical challenges ob-
served in construction projects, particularly the limited
accessibility and usability of project schedules among
site-level professionals. Informal consultations with in-
dustry stakeholders revealed issues such as reliance on
static schedule formats, steep learning curves of schedul-
ing tools, and poor Human-Data Interaction (HDI). A
structured literature review using databases like Scopus
and Web of Science confirmed these gaps and highlighted
the need for more intuitive, Al-driven solutions. In re-
sponse, this study integrates Knowledge Graphs (KG) for
structured schedule representation, Natural Language Pro-
cessing (NLP) for conversational querying, and HDI prin-
ciples to ensure the system supports clear, inclusive, and
user-friendly interaction. The methodology is structured
across three core stages: (1) conversion of schedules to a
knowledge graph, (2) querying a schedule through natu-
ral language input, and (3) deployment of the application
through a web-based platform. Fig. 1 shows the Workflow
of the proposed methodology. In the subsequent sections,
each stage is explained in detail.

Deployment of the
application through
web platform

Ay

Input schedule file in
.pp/.xer/.mpp format

N

N

Convert schedule to a
knowledge graph

Natural language
query to the schedule

Figure 1: Workflow of the proposed method.

Conversion of Schedule to Knowledge Graph

Using the Python wrapper for the MPXJ Java library, con-
struction schedules can be automatically read from various
file formats and databases, including Asta Power Projects,
Primavera P6, and Microsoft Project. MPXJ extracts tasks
and work breakdown structure (WBS) elements from the
schedule database and maps them as nodes in a Neo4j
graph database. Each task or WBS element is stored as
a node with attributes such as name, UID, start and finish
dates, duration, total float, and critical path status. To rep-
resent the project hierarchy, the WBS elements are linked
to their respective tasks using the “HAS” relationship. Ad-
ditionally, logical dependencies between tasks, such as
successor and predecessor relationships, are captured with
attributes like relationship type [start-to-start (SS), finish-

to-start (FS), start-to-finish (SF), and finish-to-finish (FF)]
and lag time, represented by the “SUCCESSOR” relation-
ship in the graph. At the start of graph creation, existing
nodes are cleared before processing, and nonnull attributes
are validated to ensure data integrity and prevent errors.
Finally, each node is assigned a path attribute to define its
hierarchical position within the project, enabling efficient
querying and visualisation of the schedule in Neo4j. A
graph representation of a construction project schedule is
shown in Fig. 2. Fig. 3 shows a detailed view of WBS
and Task nodes and relationships visualised in a Neo4;j
browser. Here, task nodes and WBS nodes are represented
by orange and magenta colours, respectively. The right
side of Fig. 3 shows the attributes of a task stored in the
graph database.

Figure 2: A graph representation of a construction schedule.

Figure 3: Knowledge graph created from a construction
schedule

Natural Language Query to the Schedule

Once the graph database is created, users can query
schedule information in natural language by leveraging
a large language model (LLM). The proposed applica-
tion facilitates this by integrating LangChain’s Graph-
CypherQAChain module and prompt engineering to trans-
form user queries into Cypher statements for retrieving
project data. The application utilises the Meta Llama
3.1 8B open-source model or similar LLM to dynam-
ically interpret natural language queries and generate



structured Cypher queries. The graph schema helps in
Retrieval-augmented generation (RAG), which enhances
accuracy, allowing the model to fetch relevant sched-
ule data from the Neo4j graph database before formu-
lating responses. This RAG-based approach ensures the
Al remains context-aware, improving query precision and
response reliability. Additionally, prompt engineering
plays a crucial role by using a custom Cypher genera-
tion template that ensures schema compliance and struc-
tured output. LangChain’s GraphCypherQAChain pro-
cesses queries within this structured framework, dynam-
ically constructing optimised Cypher statements for exe-
cution. Users can extract key insights such as critical ac-
tivities, look-ahead plans, and task dependencies, with re-
sults visualised through interactive Gantt charts. An ex-
ample is shown in Fig. 4. It can be seen that, given a user
query, the application converts it into a valid Cypher query
to retrieve tasks from the graph database. Further, these
tasks are plotted as a Gantt chart for better visualisation,
as shown in Fig. 5.

Find the critical tasks in this schedule

See cypher query ~

{
"query"
"cypher
MATCH (t:Task)
WHERE t.Critical_Path = 'True’'
RETURN t.name AS Task_Name, t.Start AS

Start_Date, t.Finish AS Finish_Date

Task_Name Start_Date  Finish_Date

12 Core Walls (B2-B1) 2025-01-09  2025-02-19

13 Remove Plunge Columns B4 - B1 2025-02-20 2025-05-02

14 B1-L02 2025-05-06  2025-07-15

15 Access Deck / Soffits 2025-08-20 2025-08-28

16  Access Deck 2025-08-29  2025-09-05

Figure 4: Example of a natural language query to the schedule.

Deployment of the Application through Web Platform

The schedule management application is deployed lo-
cally using Streamlit, running on localhost for easy ac-
cess through a web browser. The user interface (UI) pro-
vides options for selecting different LLM models, allow-
ing users to choose the most suitable model for processing
their queries. The application features a two-page layout:
one page is dedicated to converting project schedules into
a graph database and visualising the data, while the second

Task_ Name

Figure 5: A Gantt chart representation of retrieved project
tasks.

page enables users to interact with the schedule in natural
language. The system connects to a Neo4j database, ensur-
ing efficient data retrieval. Users can launch the applica-
tion by running a Python script, which starts the Streamlit
server, providing an intuitive and interactive experience,
making it ideal for offline use. In the future, the applica-
tion will be hosted on a cloud platform, enabling users to
access it over the internet without requiring local instal-
lations. Cloud deployment will also support scalability,
remote collaboration, and real-time data updates, enhanc-
ing its accessibility and usability for construction planners
and project managers. The UI of the Schedule Assistant
app is shown in Fig. 6.

Deploy

[l Project Schedule Assistant

schedile2ic This app aims to help schedul tant information from project schedul

schedule assistant

B o the crtca tasks
Functions

See cypher query ~
Gz

llama3.1:8b v

Critical Activities

Slelect look ahead date
20200325 20240325

2025/02/15
1B4(GLB-H/38)  2024-08.06 2024-10-08

Look ahead plan Excavation to Core Base (GLE-G/6:8) 20241002 2024-10-15

Gnatt Chart °®

o e ERO ¢

Figure 6: Web-browser user interface of the Schedule Assistant
app

Implementation

The application was implemented and tested on an of-
fice building construction project in central London. The
building consists of 26 floors with a gross floor area of
275,500 sq ft. The master schedule, developed in Asta
Power Projects, comprised nine WBS levels and approx-
imately 1,800 tasks. Using the schedule-to-knowledge
graph (KG) conversion methodology, the project schedule
was transformed into a Neo4j graph database. Once the
knowledge graph was created, various common schedule
queries were tested, including identifying critical tasks, ex-
porting look-ahead schedules for a user-defined duration,



filtering tasks based on attributes, retrieving specific de-
tails of tasks and WBS levels, and analysing task relation-
ships such as preceding and succeeding dependencies. For
natural language interaction, a chat interface developed us-
ing Streamlit was implemented, enabling users to query
the project schedule efficiently. The following sections
present the results of various interactions.

Identification of Critical Tasks

In construction schedule management, critical tasks are
activities that directly impact the overall project timeline.
Delays in these tasks can cause significant project disrup-
tions, making their identification crucial for effective plan-
ning and risk mitigation. The Streamlit-based chat inter-
face enabled users to retrieve critical tasks using natural
language commands such as “What are the critical tasks?”
or “Find the critical tasks in this schedule.” The applica-
tion converted the user’s command into a Cypher state-
ment and queried all tasks where the Critical Path attribute
is marked as “True,” ensuring precise extraction of critical
activities. The application dynamically returned the list of
critical tasks along with their start and finish dates. An
example of the critical task retrieval is shown in Fig. 4.

Generation of Look-Ahead Schedules

Look-ahead schedules provide a short-term planning view
of upcoming tasks, helping project teams plan and coor-
dinate work efficiently. These schedules enable last plan-
ners to anticipate critical activities, allocate resources ef-
fectively, and mitigate potential delays. Users selected a
target date through the UI, and the application retrieved
tasks scheduled to start between the current and selected
dates. The application queried the Neo4j database using
Cypher, ensuring efficient data extraction. The extracted
tasks were displayed in a structured table and visualised
using an interactive Gantt chart. Fig. 7 shows an exam-
ple of 3 days of look-ahead planning using the proposed
application.

Here are tasks for 3 days look ahead from 2025-02-12

Task_MName Start_Date  Finish_Date

Pour Cancrete to PT Slab  2025-02-12  2025-02-12
4 Rebar 2025-02-13  2025-02-1%9
Verticals 2025-02-13  2025-02-14
Install Stair Trays 2025-02-13  2025-02-13
7 Rebarto Stairs Landings & 2025-02-12  2025-02-14

Concrete 2025-02-14 2025-02-17

Figure 7: Look ahead plans

Filtering tasks

Filtering tasks based on specific attributes is crucial for
efficiently accessing relevant project information. It en-
ables project teams to quickly identify tasks using criteria
such as name, start and finish dates, assigned resources,
task status, WBS levels, or dependencies, ensuring more
effective planning and decision-making. By utilising nat-
ural language queries, users retrieved only the most per-
tinent tasks, allowing them to focus on key project ele-
ments while enhancing accessibility and streamlining the
scheduling process. Fig. 8 shows one such filtering exam-
ple. Here, the user was interested in filtering the ‘Rebar’
activities corresponding to different levels of the building.
The application accurately returned start and finish dates
and WBS level of all the ‘Rebar’ activities.

Find the start date, end date, and parent of ‘Rebar’ tasks

See cypher query -~
I

ask_Mame Start Date Finish_Date Parent
Rebar 2025-03-25 2025-03-26  Level 18

75  Rebar 2025-04-11  2025-04-14  Level 19
Rebar 2025-04-28  2025-04-29  Level 20
Rebar 2025-05-09  2025-05-12  Level 21

78  Rebar 2025-05-22  2025-05-23  Level 22
Rebar 2025-06-04 2025-06-05  Level 23

80 Rebar 2025-06-16  2025-06-17  Level 24

Figure 8: Task finder

Retrieving Specific Details of Tasks/ WBSs

Accessing detailed information about tasks and WBS ele-
ments is essential for effective construction schedule man-
agement. Project teams often need to retrieve specific de-
tails such as durations, start and finish dates, assigned re-
sources, dependencies, and progress status to ensure align-
ment with project goals. In this project, each task node
contained attributes such as name, unique ID (UID), start
and finish dates, duration, total float, critical path status,
and parent WBS. Similarly, WBS nodes stored hierarchi-
cal information, including WBS name, UID, start and fin-
ish dates, and child tasks. Users accessed these details
through natural language queries, which were dynamically
converted into Cypher queries using LangChain and Meta
Llama 3.1 8B. The retrieved data was displayed in a struc-
tured table. Fig. 9 illustrates an example where a user re-



trieved the duration of a task with a simple query, such as
“Duration of Install Placing Boom.”

Duration of 'Install Placing Boom' task. Don't output the start and

end date—only the task name and duration.

See cypher query A
{
"query" :
"cypher
MATCH (t:Task {name: 'Install Placing Boom'})
RETURN t.name AS Task_Name, t.Duration AS
Duration
}
Task_Mame Duration
Install Placing Boom 16.0h

Figure 9: Retrieve specific details of an activity

Analysing Task Dependencies

The succeeding and preceding activities help users anal-
yse task dependencies by retrieving activities that come be-
fore (predecessors) and after (successors) a selected task.
Identifying these dependencies helps teams assess the im-
pact of delays, optimise workflows, and maintain smooth
project execution. The application queried the Neo4j
graph database using Cypher to find relationships marked
as “SUCCESSOR,” where the current task served as either
a source (predecessor) or target (successor). The applica-
tion efficiently identified predecessor and successor tasks,
enabling users to track dependencies and assess their in-
fluence on the overall schedule. Queries such as "What
are the predecessor tasks of Activity X?” or "List the suc-
ceeding tasks of Task Y™ allowed stakeholders to retrieve
relevant information instantly. This output helped project
managers understand task sequences, manage constraints,
and mitigate scheduling risks. Fig. 10 and 11 show how
the application can effectively retrieve preceding and suc-
ceeding tasks of a given task.

Discussion

This section examines the qualitative accuracy of the pro-
posed application in retrieving schedule information. Ad-
ditionally, it provides a comparative analysis of the pro-
posed application and traditional scheduling software, em-
phasising the operational knowledge required for effective
schedule management.

Qualitative Evaluation of the Proposed Application’s
Accuracy.

A validation process was conducted to qualitatively as-
sess the accuracy of the proposed application by verifying

Find the proceedings tasks of 'Erect Access Platform
Around Core (Level 01-02)'

See cypher query ~

q
"query" :
"cypher
MATCH (t:Task {name: 'Erect Access
Platform Around Core (Level 01-82)'})
(s:Task)-[:SUCCESSOR]->(t)
RETURN s.name AS Task_Name, s.Start AS

Start_Date, s.Finish AS Finish_Date

ask_Name Start_Date Finish_Date

LO1-L02 2024-04-11  2024-05-01

Figure 10: Predecessor relationship

the retrieval of preceding and succeeding activities. The
application-generated Cypher query was extracted and ex-
ecuted directly in the Neo4j browser to cross-check the out-
put. Additionally, the same task dependencies were man-
ually reviewed in the scheduling software to ensure con-
sistency. The results confirmed that the application accu-
rately retrieved the preceding and succeeding tasks with-
out discrepancies. Furthermore, the visualisation of the re-
trieved relationships from the graph database is illustrated
in Fig. 12, providing a graphical representation of task de-
pendencies. This visualisation was compared against the
application output displayed in Fig. 10 and Fig. 11, both
of which showed an exact match with the validated data in
Fig. 12. These results demonstrate the reliability of the
proposed application in extracting schedule information
accurately, reinforcing its capability as an effective tool for
project schedule analysis and management.

Comparison of Knowledge Required: Scheduling Soft-
ware v. Proposed Application

The table 1 compares the level of knowledge required
to perform various schedule management tasks using
traditional scheduling software versus the proposed Al-
powered application. Each scheduling software has a dif-
ferent user interface (UI), and users unfamiliar with a par-
ticular tool may require time to navigate and learn its fea-
tures. Traditional scheduling software demands higher
expertise in scheduling principles, tool functionalities,
and manual data extraction. Users must navigate com-
plex menus, apply filters, and run queries to obtain in-
sights, which can be challenging without prior experience.
Conversely, the proposed Al-driven application simpli-



Find the next tasks of 'Strike Core & Insert Internal Platforms'

See cypher query A

T{ B
"query" :
"cypher
MATCH (t:Task {name: 'Strike Core & Insert
Internal Platforms'})-[:SUCCESSOR]->(s:Task)
RETURN s.name AS Task_Name, s.Start AS

Start_Date, s.Finish AS Finish_Date

=

Task_Name Start_Date  Finish_Date
Adapt Shutters 2024-05-13  2024-05-22

Raise Internal / Install External Platforms = 2024-05-13  2024-05-22

Figure 11: Successor relationship

Q SUCCESSOR
SUcgg,
Ssop

R
<O
O i
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o

Figure 12: Qualitative assessment of information retrieval:
Predecessor relationship (left) and Successor relationship

(right)

fies schedule interaction using natural language process-
ing (NLP), automated Cypher query generation, and in-
tuitive visualisation. This significantly reduces the learn-
ing curve, making schedule analysis more accessible to a
wider range of users, including project managers, site en-
gineers, and stakeholders with limited technical expertise.

Future Research Directions

Future research can explore several avenues to enhance the
proposed application’s capabilities in construction sched-
ule management. One potential direction is the inte-
gration of multi-modal Al, combining text, images, and
BIM (Building Information Modeling) data to provide a
more comprehensive project visualisation. Additionally,
improving the natural language processing (NLP) capa-
bilities by fine-tuning large language models (LLMs) on
construction-specific datasets can enhance query accuracy
and contextual understanding. Another promising area is
the incorporation of reinforcement learning to allow the
system to improve its responses based on user feedback
over time. Cloud deployment and scalability enhance-
ments would enable broader accessibility, supporting real-
time collaboration among project stakeholders. Further-
more, extending the application’s functionality to incor-
porate cost and resource management analysis could pro-
vide a more holistic project control solution. Future work

Table 1: Comparison of the proposed application with
traditional scheduling software in terms of required operational

knowledge

Description Schedulig Proposed
software application

Identification  of High Low
critical tasks within
a specific period
Generation of High Low
Look-ahead Sched-
ules
Identification  of Medium Low
critical tasks
Filtering tasks Medium Low
Retrieving Specific Low Low
details of Tasks/
WBSs
Analysing Task De- Medium Low
pendencies

can also integrate planned resource allocations against ac-
tual utilization, allowing for real-time performance moni-
toring. Delay cause information retrieved from site diaries
or progress reports using LLMs (Pal et al., 2024) can be
added to the graph nodes, helping to explain variability in
project schedules and improve decision-making. Finally,
research into explainable Al (XAI) methods could improve
transparency and user trust by offering justifications for the
Al-generated responses.

Summary and Conclusions

This study presents an Al-powered application for con-
struction schedule management, integrating natural lan-
guage processing (NLP) and graph-based data represen-
tation to enhance project accessibility and efficiency.
By leveraging Neo4j for knowledge graph construction,
LangChain for Cypher query generation, and the Meta
Llama 3.1 8B model for Al-driven interpretation, the
system allows users to interact with construction sched-
ules using natural language. Key functionalities include
retrieving critical path activities, generating look-ahead
plans, identifying task dependencies, and applying filter-
ing options, all visualised through interactive Gantt charts.
The user interface offers model selection and two main
modules—one for schedule-to-graph conversion and visu-
alisation and another for natural language interaction with
the schedule. Currently deployed on a local host, the ap-
plication aims to transition to a cloud-based platform for
broader accessibility in the future.

The developed application enhances construction sched-
ule accessibility by enabling Al-driven natural language
querying and graph-based visualisation. By automating
schedule analysis and decision-making, it reduces man-
ual effort and improves efficiency in project management.



Future improvements include cloud deployment, advanced
Al-driven schedule optimisation, and potential integration
with real-time project updates. This application represents
a significant step toward automated construction schedule
management, making complex project data timely, acces-
sible, and actionable.
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