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Abstract. Predictive maintenance systems rely on machine learning
(ML) to anticipate equipment failures, but domain engineers often can-
not explain why a prediction was made, limiting trust and adoption.
Knowledge graphs (KGs) can connect predictions with structured domain
knowledge, but building industrial KGs requires semantic web expertise
domain engineers lack. This PhD proposal addresses three problems: ML
predictions lack human-readable explanations, KG construction has no
reproducible method with formal validation, and no web-based approach
enables non-technical users to build and query KGs. The proposed Web
Engineering method integrates large language model (LLM) assistance
across the KG lifecycle, from ontology elicitation and data validation to
natural language querying and explanation generation. The method is
realised through a web portal following End-User Development (EUD)
principles, enabling domain engineers to construct ontologies, ingest data,
query the KG, and inspect prediction explanations. Evaluation uses CMP
semiconductor manufacturing, with a second use case planned in wind
turbine monitoring.
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1 Introduction
Predictive maintenance systems powered by machine learning (ML) can detect
early signs of equipment failure from sensor data [1], and knowledge graphs
(KGs) can make those predictions traceable by linking them to structured domain
knowledge [2,3]. Building such systems for industrial use, however, remains an
open challenge [5].

Industry 5.0 calls for human-centred manufacturing where domain engineers,
not only IT specialists, take part in shaping AI-driven processes [13]. At present,
no method enables these engineers to construct and use knowledge structures
independently. This PhD proposal presents a Web Engineering method that
uses AI-assisted ontology construction, SHACL (Shapes Constraint Language,
a W3C standard for validating RDF data)-based validation, and a web portal
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that enables domain engineers to construct, query, and obtain explanations from
industrial KGs through a standard browser.

1.1 Problem Statement and Motivation

Three problems limit the adoption of KG-based explanation systems in industrial
predictive maintenance.

PROB 1: ML predictions are not interpretable for domain engineers.
When a predictive maintenance system warns that a machine is likely to fail,
the engineer needs to understand why before acting [1]. Existing KG approaches
can link predictions to process context [2], but they are built and operated by
knowledge engineers, not by the domain experts who actually need them.

PROB 2: Industrial KG construction lacks reproducible methods.
Building industrial KGs has typically taken months of specialised effort, and
neither reproducible construction methods nor formal sensor data validation have
been established [5]. Although large language models (LLMs) can now assist
across the KG construction lifecycle [12], existing LLM-assisted approaches [6,7]
have not been applied in industrial sensor domains with formal quality checks.

PROB 3: No web-based method exists for non-technical users.
Current KG tools such as Protégé require knowledge of OWL, SPARQL, and
RDF, which manufacturing and process engineers typically do not have [10].
These engineers possess deep domain knowledge of equipment and failure modes
but lack the semantic web skills to author ontologies or formulate graph queries.
To date, no Web Engineering method offers a documented workflow that enables
such users to construct industrial KGs, enforce data quality through SHACL
validation, and obtain explanations for ML predictions through a single process
with clearly assigned roles, defined inputs and outputs, and evaluation criteria at
each step.

1.2 Research Aims and Objectives

This research is guided by the following overarching question: How should a Web
Engineering method be designed to support AI-assisted construction, quality assur-
ance, and explanation of industrial knowledge graphs within a single reproducible
process accessible to domain engineers?

The research addresses this gap through four objectives. OBJ 1: To develop
and evaluate an LLM-assisted pipeline for industrial OWL 2 ontology construction,
benchmarked against manual construction in coverage, correctness, and time.
OBJ 2: To construct and validate RDF-based industrial KGs through automated
sensor data mapping with SHACL constraints, measuring conformance rates
on real sensor datasets. OBJ 3: To design and evaluate a web portal following
EUD principles that enables domain engineers to perform all method stages
and inspect prediction explanations through a browser. OBJ 4: To assess cross-
domain generalisability by replicating the method in a structurally different
industrial domain. The research is conducted within the WiProFlex industry
project1, with CMP semiconductor manufacturing as the primary evaluation
1 https://www.tu-chemnitz.de/wiproflex/index.html.en

https://www.tu-chemnitz.de/wiproflex/index.html.en


A Web Engineering Method for AI-Assisted KG Construction 3

domain. A second case study in wind turbine condition monitoring will test
generalisability; wind turbines differ from CMP in sensor types, failure modes,
and maintenance workflows, and an existing KG baseline (XAI4Wind [4]) allows
direct comparison.

2 Related Work
Research relevant to this PhD spans four areas. Each provides foundations but
leaves the central problem unsolved.

Structured domain knowledge can ground ML outputs in human-understandable
concepts [2], and a survey establishes that KGs can serve as explanation tools
across ML systems [3]. In industrial maintenance, the XAI4Wind system demon-
strated a multimodal KG for explainable wind turbine decision support [4], and
a review examined KG applications across production environments [5]. These
works demonstrate the value of KG-based explanations but all required extensive
manual effort by knowledge engineers, none presented a reusable construction
method, and none evaluated explanation quality with domain experts.

A recent roadmap shows that LLMs can assist across the full KG construction
lifecycle, including ontology engineering, knowledge extraction, graph completion,
and question answering [12]. More specifically, LLM-assisted pipelines have
produced ontologies with accuracy approaching that of human experts [6], and
LLMs can perform ontology learning tasks such as term typing and taxonomy
discovery [7]. These efforts focus on general knowledge engineering and have not
been tested with SHACL-enforced validation or human-in-the-loop review in
industrial sensor domains. A SHACL-based web-form generator has been shown
to reduce editing errors for non-specialist users [8], though it does not cover
ontology construction, LLM assistance, or ML prediction explanation.

End-User Development (EUD) research investigates how people without
programming skills can build and extend software systems [9]. Recent work on
accelerating ontology engineering with LLMs indicates that these tasks still
require significant expert labour and calls for approaches that lower the barrier
for non-specialists [10], which motivates the portal design proposed here.

To the best of our knowledge, this is the first method to bring together LLM-
assisted ontology construction, SHACL-based validation, a web-based EUD portal,
and evaluation with domain engineers in a single reproducible Web Engineering
workflow.

3 Research Methodology
This section presents the four stages of the method and the planned evaluation.

3.1 Overall Approach

The research follows Design Science Research (DSR) [11] and produces a reusable
method organised as a structured engineering lifecycle of requirements, design,
implementation, and evaluation. The method comprises four stages, visualised in
Fig. 1 and linked to the objectives from Section 1.2.
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Fig. 1. Overview of the four-stage method.

As shown in Fig. 1, in the first stage (OBJ 1), the knowledge engineer and
domain expert extract domain knowledge with LLM assistance. Documentation
such as sensor manuals, equipment specifications, and maintenance logs is pro-
cessed by the LLM using structured prompts that guide the extraction of OWL 2
class hierarchies, properties, and relationships. Every element the LLM proposes
is reviewed by the domain expert before it is accepted into the ontology.

In the second stage (OBJ 2), the knowledge graph is constructed and validated.
First, the knowledge engineer and domain expert define SHACL constraint sets
that match the ontology from Stage 1. An automated pipeline then maps industrial
sensor data (CSV or JSON) to the OWL 2 classes defined in Stage 1 and stores
the readings as RDF triples with provenance metadata, producing the knowledge
graph. Before the graph is used, SHACL validation checks for property violations,
datatype mismatches, and missing values.

The third stage (OBJ 3) uses the validated knowledge graph to generate
explanations for ML predictions. When the ML model flags a prediction, the
system selects a parameterised SPARQL query template matching the prediction
type (e.g., tool wear, slurry degradation) and retrieves a subgraph of related
process steps, sensor readings, and failure patterns. The LLM then summarises
this retrieved subgraph into a domain-grounded, plain-language explanation for
the domain engineer, ensuring that the output is constrained to factual KG
content rather than free generation.

The fourth stage (OBJ 1-4) brings all previous stages together in a web
portal built on React, FastAPI, and GraphDB (see Fig. 1, Step 4). Through a
standard browser, practitioners can edit ontologies using drag and drop, ingest
sensor data via CSV-to-RDF upload with automated column mapping, query
the graph using natural language through LLM-to-SPARQL translation, inspect
prediction explanations, and explore the graph visually. The design separates
schema authoring from instance data entry and shows validation feedback inline.

3.2 Evaluation Design

The primary evaluation uses CMP manufacturing data from the WiProFlex
project, with real sensor data and direct access to process engineers. For OBJ 1,
a controlled experiment compares AI-assisted ontology construction against
manual construction in Protégé, measuring time, coverage, and correctness. For
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OBJ 2, SHACL conformance rates are measured on the CMP sensor dataset.
For OBJ 3, a usability study with process engineers will evaluate the portal in
terms of usability, trust, and overall user experience, combining qualitative and
quantitative measures as appropriate. For OBJ 4, the method is replicated in the
wind turbine domain and compared against XAI4Wind on construction time and
explanation quality.

4 Preliminary Results

The core method components are under active development and testing in the
CMP domain.

CMP Process Ontology (OBJ 1). A CMP Process Ontology (CMPO)
is being constructed with domain experts and currently comprises 57 OWL 2
classes, 32 object properties, and 33 data properties covering process stages,
sensor types, polishing parameters, slurry chemistry, wafer properties, and failure
modes. A systematic literature review established that no dedicated CMP process
ontology existed prior to this work.

RDF Pipeline and SHACL Validation (OBJ 2). A data pipeline cur-
rently maps 28 CMP sensor columns to CMPO classes and stores readings as RDF
triples with provenance metadata. An initial SHACL validation run found viola-
tions in three property categories; these were resolved through schema alignment
with the domain expert, bringing conformance to an acceptable level. Further
constraint coverage is being extended as part of Phase 2.

KG Web Portal (OBJ 3). An early version of the portal supports the
core method stages through a standard browser, including ontology editing,
data ingestion, natural language querying, prediction explanation, and graph
exploration.2

5 Research Plan and Contributions

Research Plan. Phase 1 (in progress, OBJ 1 and OBJ 3): literature review,
requirements elicitation with CMP domain experts, initial CMPO construction,
and portal development. Phase 2 (mid-2026, OBJ 2): extension of SHACL coverage
to the full CMP sensor schema and completion of the explanation module. Phase 3
(Q3–Q4 2026, OBJ 1 and OBJ 3): formal usability study with process engineers
and controlled ontology construction experiment. Phase 4 (2027, OBJ 4): method
replication in wind turbine monitoring.

Contributions to Web Engineering. This research contributes a structured
method for building industrial AI systems that provide human-readable prediction
explanations, through web-based KG engineering and end-user interaction. It
will produce: (a) a reusable Web Engineering method for AI-assisted industrial
KG construction with documented stages, roles, and artefacts; (b) a validated
evaluation framework combining controlled experiments, SHACL-based quality
metrics, and usability studies; (c) an EUD web portal enabling practitioners

2 Portal prototype: https://github.com/MaheshikaWalpola/KGPortal

https://github.com/MaheshikaWalpola/KGPortal
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to construct, validate, query, and obtain explanations from industrial KGs;
and (d) cross-domain empirical evidence from CMP and wind turbine domains
showing that the method generalises. Method artefacts, prompt templates, and
SHACL patterns are available in the project repository.

The method aims to make industrial KG construction accessible through the
web, bridging ML-driven predictions and the human understanding needed to act
on them. Results will be disseminated at Web Engineering and Semantic Web
venues.
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