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Abstract —

Building Information Modelling (BIM) is widely
recognised as a key driver of digital transformation in
the architecture, engineering and construction
industry. However, its full potential remains
underutilised, partly due to the vast and complex
nature of BIM-related data. At the same time, Natural
Language Processing (NLP), a rapidly evolving field
of artificial intelligence, offers advanced methods for
interpreting and leveraging text-based information.
The convergence of these two technologies holds
considerable potential to facilitate human interaction
with BIM data by making it more accessible. Despite
this potential, research directly linking NLP and BIM
remains limited. This paper attempts to bridge this
gap by mapping and evaluating the current state of
research on NLP applications within BIM workflows.
To this end, a Systematic Literature Review is
conducted in accordance with the methodological
framework proposed by Fink, identifying 92 relevant
publications. The metadata of these publications was
analysed using VOSviewer, followed by a detailed
content analysis. For each source, the BIM-related
tasks optimised by NLP and NLP functionality
applied to BIM data are identified, and a novel
approach is proposed to classify the BIM-NLP
integration into five categories: Extract, Query,
Enrich, Modify, and Match. The analysis reveals that
most existing literature explores NLP application in a
peripheral or exploratory manner, with few instances
of deep integration into BIM workflows. Nevertheless,
the reviewed literature highlights the potential of
NLP to improve data accessibility, automate
information processing, and enhance human-machine
interaction.
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1 Introduction

The architecture, engineering, and construction (AEC)
industry is a highly data-intensive domain. Throughout
the entire building lifecycle, large volumes of
heterogeneous information are generated and exchanged.
Despite ongoing digitisation and the increasing adoption
of Building Information Modelling (BIM), a substantial
share of information exchange in the AEC sector
continues to rely on textual information, from both
unstructured documents and semi-structured but
fragmented information systems. [1-3]

Natural Language Processing (NLP) provides
methods for the automated analysis of such textual
information [4, 5]. Recent advances in NLP, particularly
the emergence of Large Language Models (LLMs), have
significantly expanded the ability to capture semantic
meaning, contextual relationships, and domain-specific
knowledge from vast and unstructured text sources [6, 7].
In the context of the transition toward a data-driven and
model-based construction industry, the combination of
BIM and NLP has been identified as a technology with
considerable potential [8—10]. BIM relies on structured
information models that are commonly exchanged using
the Industry Foundation Classes (IFC) standard, which is
based on formal, machine-readable text [11]. Integrating
NLP techniques with BIM, therefore, enables the linkage
of textual information from other sources within one
central information model of a built asset. This provides
the potential for more data-driven processes, which can
result in enhanced decision-making and greater
automation across the entire lifecycle of a building.

To understand the potential of BIM—NLP integration
current applications and limitations need to be analysed.
But only a limited number of studies have explicitly
reviewed the combined application of BIM and NLP. Di
Giuda et al. [12] presented a literature review, identifying
several potential application areas of NLP in AEC, but
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with a strong focus on using NLP for requirements
engineering at an early project phase to initialize BIM.
Two subsequent studies by Locatelli et al. [2, 13] applied
scientometric methods to analyse BIM—NLP integration.
These analyses identified a rapidly increasing scientific
interest in NLP and Semantic BIM as independent
research domains and clustered the identified articles
thematically. However, the clusters lack a unified
clustering strategy, consisting of a mix of BIM-related
tasks, NLP tasks, and review articles.

Overall, the existing review studies indicate growing
academic interest in the integration of BIM and NLP but
also reveal unresolved research gaps. In particular, there
is a lack of a systematic, content-oriented literature
review that critically examines NLP integration into
BIM-centred workflows. In addition, due to rapid
developments in Artificial Intelligence (AI) methods,
NLP is a dynamically evolving field [5]. Consequently,
the findings of existing studies are no longer up to date.
Hence, the objective of this article is to conduct a
Systematic Literature Review on the combined use of
BIM and NLP in the AEC sector. The study aims to
approach existing research from a content perspective,
identify dominant application areas, and assess current
limitations to outline directions for future research.

2 Theoretical Background

2.1 Natural Language Processing

NLP is a technique to analyse, understand, and work
with human language with the help of computers [14].
NLP involves converting unstructured language data into
a structured data format. This enables machines to
identify and understand language and text to generate
relevant responses [15]. Contrary to some definitions,
NLP does not constitute a subfield of Al per se; however,
it does utilise AI methods [4, 5], as shown in a schematic
classification of different forms of NLP in Figure 1.
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Figure 1.
methods and models based on Canchila et al. [5]
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According to Locatelli et al. [2] the first scientific
article about NLP application in the field of AEC was
published in 1989 by Logcher et al., in the form of an
article bearing the title "Knowledge Processing for
Construction Management Data Base"[16]. Since then,
methods have evolved from rule-based/symbolic
procedures, such as ontologies, to statistical procedures.
In the field of statistical methods, it is possible to
distinguish between classical statistical methods and
machine learning methods, which are part of the field of
Al. Within machine learning, one can differentiate
between Neural Networks (NN) and other methods.
Continuing along the chain, among NN methods, Deep
Learning is the subfield leading to Transformer
architectures, which have attracted considerable attention
for several years [15]. Transformer models refer to a NN
architecture introduced by Vaswani et al. [17]. It is a
general-purpose architecture that can be applied to many
tasks beyond language. Most contemporary LLMs (e.g.
GPT-5, LLaMa, and BERT) are implemented using
Transformer architectures [5]. LLMs, in turn, are models
defined by their large scale in terms of parameters,
training data, and computational resources, as well as
their ability to perform a wide range of language-related
tasks [18].

2.2  Building Information Modelling

BIM is a model-based methodology for the digital
representation and management of physical and
functional characteristics of built assets [19]. BIM
enables the integration of geometric, semantic, and
relational information into a coherent information model
that can be used across different phases of the building
lifecycle [19]. In this context, the 3D geometric model is
commonly extended by additional information, so-called
dimensions. Typically, temporal information to support
construction sequencing and scheduling is referred to as
4D-BIM, and adding cost-related data to enable quantity-
based cost estimation and financial control is referred to
as SD-BIM [20]. Beyond these dimensions, BIM models
can be further enriched with information related to
aspects such as sustainability, safety, or facility
management [20]. The extension of BIM into multiple
dimensions enables a more comprehensive and integrated
management of construction projects by combining
heterogeneous information within the digital model of
the built asset. A central aspect of storing the relevant
information is the underlying data structure of the BIM
model. BIM models are typically exchanged using the
IFC standard, which provides a formal, object-oriented
schema for representing building components, their
properties, and their relationships [11, 21]. IFC is based
on machine-readable and hierarchical data structures that
support interoperability between software systems [22].
These structured representations allow information to be



queried, validated, and processed algorithmically,
forming the basis for NLP applications [11].

3 Methodology

To identify relevant publications, a Systematic
Literature Review according to the methodology of Fink
[23] is conducted. The first step in this methodology is
defining research questions (RQs). In this article, three
RQs are posed. The first RQ pertains to the identification
of relevant literature and the initial characterisation of the
same. The specific inquiry is as follows:

e RQI: What scientific articles
integration of BIM and NLP?

exist on the

Following the next steps according to Fink [23],
subsequently the databases for the search are defined.
The databases Engineering Village (Compendex), IEEE
Xplore, Scopus, Taylor & Francis, Wiley Online Library,
and Web of Science are used, since they cover a large
part of common databases for both general and
engineering-specific topics. Additionally, the DBs allow
suitable options for keyword entry, as well as filter and
export functions. The search string for the Systematic
Literature Review consists of one component on the topic
of “BIM” and a second component on the topic of “NLP”.
Synonyms for the two main search words are additionally
collected. In the NLP component, “LLMs” are included
as the only specific method, as they have gained
particular prominence in recent years. The synonyms are
linked by the Boolean operator “OR” and the two
components are linked by an “AND” operator.

This procedure identifies 430 articles, from which
duplicates are first removed. According to Fink [23], the
remaining articles are then subjected to a first and second
filtering procedure (screening). Formal quality criteria
are applied in the first filtering process. These quality
criteria include:

e  Article not accessible
e  Article no longer available
e  Article not in German or English

Material quality criteria are applied in the second
filtering process. These include, above all, thematic
relevance to the research question. For instance, reasons
for exclusion include:

e  Article does not relate to the construction industry

e  Article does not relate to the use of NLP

. Article  only  mentions BIM in  the
outlook/introduction

The review process is shown in Figure 2, based on a
PRISMA diagram [24]. It shows the number of articles
included or excluded in each step, along with the reason
for exclusion.
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Figure 2. Conducted Systematic Literature

Review process based on a PRISMA-diagram

As a result of the Systematic Literature Review, 92
articles remain for further analysis. To answer the first
RQ, scientometric data is evaluated by VOSviewer [25].
This paper highlights two aspects: the year of publication
and a classification of the publication type. The
development of publication frequency indicates the
interest in a research field and can show trends.
Analysing the publication type, differentiating between
“Original Research”, “Reviews”, and “Case Studies”,
can give a first impression of the content.

The bibliometric data is followed by an in-depth
content analysis of the BIM—NLP applications described
in the articles. Therefore, two more RQs are defined:

e RQ2: Which BIM workflow-related tasks are
tackled by NLP integration in the identified articles?

¢  RQ3: Which NLP functionalities are used regarding
BIM data in the identified articles?

To answer both RQs, clustering techniques are
applied. For RQ2, the clusters are formed based on the
BIM-related tasks within a building’s lifecycle. At this
point, the primary focus is on the identification of tasks
within the BIM workflow that are impacted, while the
specific functionality of NLP is not a primary concern.
The task clusters are developed based on existing review
research articles, and are then adapted to or supplemented
by novel categories. For RQ3, the clusters are formed
based on the NLP functionality applied to BIM data.
These clusters are not related to specific NLP methods or



models, but rather characterise the actions performed by
the NLP application on the BIM data. Therefore, new
categories are developed.

4  Analysis

4.1 Year of Publication

Figure 3 shows how the identified publications are
distributed over time. The diagram starts in 2014, as no
articles published before this date were identified.
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Figure 3. Development of the number of
publications about BIM—NLP integration

It should be noted that the number of articles for 2025
only covers part of the year, as the research was
conducted in May 2025. Based on the results from May,
a higher number of publications can be expected for 2025
than for 2024. The development of publication numbers
shows a rising research interest in the integration of BIM
and NLP, confirming the findings of the reviews
mentioned in Chapter 1. At the same time, the number of
existing studies is still rather limited.

4.2  Type of Publication

The following section provides a concise overview of
the categorisation of each publication into one or more
types of publication. The results of the publication type
analysis are shown in Table 1.

Table 1. Number and percentage of articles per

publication type
Publication type Number % (N=92)
Original Research 78 84
Review 11 12
Case Study 3 3

The majority of the identified publications are
classified as Original Research. These contributions
investigate a wide range of applications related to the
integration of BIM and NLP, typically focusing on
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specific methods, tools, or workflows. Given the
diversity of application contexts and technical
approaches, a detailed content-oriented analysis of these
studies is provided in Chapters 4.3 and 4.4.

The second largest group consists of Reviews. Three
of these publications [2, 12, 13], briefly introduced in
Chapter 1, focuses explicitly on the combined application
of BIM and NLP. One additional review addresses the
use of NLP in the context of construction schedule
management [9]. The remaining Reviews cover related
but more specialized topics, including reviews of
computational techniques supporting specific BIM-
related tasks, such as quantity take-off, knowledge
management, and compliance checking, as well as
broader technological perspectives on digital twins, big
data analytics, and Al in the AEC industry. Two reviews
focus on specific NLP-related models or techniques,
namely GPT models (short for: Generative Pre-trained
Transformer models; a special kind of Transformer
model) and Deep Learning approaches, while one
addresses digital twin applications in tunnel construction.

Only a small number of publications are classified as
pure Case Study. This limited representation indicates
that, to date, relatively few BIM—NLP applications have
been empirically evaluated in real-world settings. The
field, therefore, currently remains largely exploratory,
and there is an evident need for further validation of
proposed approaches through practical implementations.

4.3 BIM Task Classification

This section provides a concise overview of the BIM
workflow-related task clusters identified in the relevant
publications. The results of the clustering are
demonstrated in Table 2. The total number of clusters is
nine. Seven publications, all Reviews, were excluded
from this analysis as they deal with various BIM task
clusters.

Table 2. Number and percentage of articles per BIM
task cluster

BIM task cluster Number % (N=85)
Knowledge Management 23 27
Compliance Checking 16 19
BIM Authoring 12 14
Design and Planning 10 12
Facility Management 6 7
Risk and Safety Management 6 7
Cost Management 3 4
Robot Control 3 4
Schedule Management 3 4
Sustainability Assessment 3 4
various 7 -

Knowledge Management: This category comprises
the capture, structuring, and reuse of project-related



knowledge, such as information from previous projects,
guidelines, and experiential knowledge. Its purpose is to
systematically provide knowledge to support and
enhance other BIM-related tasks. The cluster is only
assigned if the activities are not related to any of the
following specific BIM task clusters. In previous review
articles, the cluster was named differently, e.g.
Information management.

Compliance Checking: This category refers to the
verification of BIM models against regulatory
requirements, standards, codes, and project-specific rules.
It encompasses both formal rule-based checks and
content-related compliance assessments. The cluster has
the second highest number of assigned publications and
was already mentioned in all previous reviews on BIM—
NLP integration. This indicates that Compliance
checking is one of the most well-established BIM
workflow-related tasks, where NLP application is studied.

BIM Authoring: This category covers the creation,
modification, and continuous maintenance of BIM
models throughout the project lifecycle. It includes
model  structuring, attribute management, and
information enrichment. In previous studies, only
information enrichment of BIM models was mentioned.
This shows that BIM modelling from scratch is new, but,
as the high number of publications indicates, it is a topic
of rising interest.

Design and Planning: This category focuses on
supporting decisions during early project phases. It
includes design alternative exploration, scenario analysis,
and generative approaches that support decision-making.
A similar task cluster, namely Design management, was
identified in one previous study. The name of the cluster
was adapted to focus on the design process and illustrate
the difference from the cluster Compliance Checking.

Facility Management: This category describes the
use of BIM information to support building operation
after project completion. It includes activities related to
maintenance, operation, and asset management, mostly
related to decision support during those stages. The task
cluster was only mentioned by the more recent of the
previous studies and seems to be a rather slowly
developing application of NLP.

Risk and Safety Management: This category
addresses the identification, assessment, and prevention
of risks and safety issues in a BIM context. Most
publications in this cluster focus on the construction
phase. Previous studies also mentioned risk and safety-
related applications. Partly, publications related to this
BIM task cluster were excluded during the Systematic
Literature Review, due to the NLP application often
focusing on safety reports as separate documents, as
opposed to being incorporated into BIM workflows.

Cost Management: This category addresses
activities related to cost estimation, cost planning, and
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cost control based on 5D BIM. As the number of
publications shows, it is currently a rather small research
field.

Robot Control: This category covers the application
of robotic and automated systems in construction and
building operation contexts. It includes automated
execution activities and interactions between humans and
robots in a BIM context.

Schedule Management: This category involves the
planning, monitoring, and optimization of 4D BIM. It
includes construction sequencing, progress tracking, and
coordination of resources. Even though the number of
assigned publications is relatively small, one of the
Reviews is related to the BIM task cluster Schedule
Management.

Sustainability Assessment: This category focuses
on the evaluation of buildings across their lifecycle,
especially in the context of Life Cycle Assessment (LCA).
It intentionally does not include design recommendations
to improve the sustainability of the building, nor does it
consider energy optimization decision-making, as both
activities are included in other BIM task clusters.

4.4 NLP Functionality Classification

In order to explore the functions performed by NLP
in more detail, this section examines the functionality of
NLP methods with BIM data, independent of the
concrete BIM task supported. The NLP functionality
clusters intentionally avoid using a hierarchical structure.
To characterize the functionality, five distinct clusters
were developed. The resulting clusters and the number
and percentage of assigned publications are demonstrated
in Table 3 and discussed following the table. All eleven
publications classified as Review were excluded from the
analysis, as they deal with various NLP functionality
clusters. The remaining publications can be assigned to
more than one NLP cluster, as some of the presented
approaches incorporate more than one NLP application.

Table 3. Number and percentage of articles per NLP
functionality cluster

NLP functionality cluster ~ Number % (N=81)
Extract 32 40
Query 31 38
Match 20 25
Enrich 17 21
Modify 12 15
various 11 -

Extract: This category refers to approaches in which
NLP is applied to derive structured or semi-structured
information from BIM-related sources, such as
regulatory texts, technical specifications, or reports. The
extracted information is typically transformed into
formats suitable for further processing and use in BIM-



based workflows. The BIM database itself is not analysed
or changed by NLP methods in this cluster. Extract has
the highest number of allocated publications. This may
well be the case, given that NLP was originally
developed to work with human language rather than
machine-readable texts, such as IFC models.

Query: This category includes methods that allow
users to access BIM-related information through natural
language queries. NLP is employed to interpret user
inputs and retrieve relevant data from BIM models,
databases, or linked information systems, often via
conversational or assistant-based interfaces, without
altering the underlying model. Chatbots are identified to
be a trending research topic in this cluster, leading to the
second highest number of allocated publications.

Match: This category comprises methods that
establish correspondences between BIM data and
external information sources, such as regulations,
schedules, databases, or real-world entities. NLP
supports the alignment and comparison of heterogeneous
representations, enabling activities such as data
integration and cross-system mapping. Thus, the IFC file
of the BIM model is unaffected.

Enrich: This category encompasses techniques that
use NLP to augment BIM data with additional semantic
information. Such approaches add or infer attributes,
classifications, relationships, or ontological links,
thereby improving the semantic completeness and
interpretability of BIM models and associated datasets.
BIM data is enhanced by adding information, but no
previously existing data is changed or deleted.

Modify: This category covers approaches in which
NLP is used to directly influence or perform changes to
BIM data. It includes text- or speech-driven creation and
modification of model elements, execution of modelling
commands, and automated or semi-automated generation
of BIM content. The limited number of publications
assigned to this cluster could indicate the novelty of these
NLP functionalities or the complexity, resulting from the
profound impact on the BIM data structure in this cluster.

5 Discussion

The analysis reveals distinct patterns regarding both
the BIM-related tasks addressed and the functionalities
for which NLP is integrated into BIM-based workflows.

Among the BIM task clusters, Knowledge
Management represents the largest share of publications.
This finding reflects the strong reliance of BIM processes
on textual information, such as requirements, reports,
guidelines, and project documentation, which can be
processed effectively using NLP techniques. The
predominance of this category is consistent with earlier
observations [12, 13]. Compliance Checking constitutes
the second most frequent task cluster. The review shows
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that compliance-related studies often combine
information extraction from regulatory texts with
alignment or comparison against BIM data, indicating a
close relationship between the Compliance Checking
task cluster and the NLP functionality clusters Extract
and Match. Tasks related to the clusters BIM Authoring
and Design and Planning are also well represented. A
shift toward more interactive and model-centred
applications can be observed. Similar tendencies are
discussed in one of the identified review articles [7]. In
contrast, task clusters that typically depend on
numerical/geometric data or require tight integration with
domain-specific tools remain limited. This suggests that
current methods are less applicable to such data-intensive
tasks and are less applicable in complex BIM ecosystems.

Regarding NLP functionality clusters, the categories
Extract and Query are most prevalent, followed by Match.
The strong presence of Extract and Query is consistent
with the dominance of the BIM task clusters Knowledge
Management and Compliance Checking, both of which
primarily involve handling textual information. The
comparatively lower frequency of Enrich and Modify
shows that semantic augmentation and model-altering
applications remain limited. Extract and Query
functionalities may dominate, due to requiring only
limited interaction with BIM schemas, whereas the more
advanced functionalities Modify and Enrich remain
comparatively rare due to their need for strict compliance
with structured data models and semantic consistency.
This discrepancy can be interpreted as a representation
mismatch problem: NLP systems operate on probabilistic,
context-dependent representations, while BIM relies on
deterministic, schema-constrained data structures.
Bridging this mismatch is therefore a broader integration
problem between statistical and symbolic systems.

To enable a transition from passive NLP interaction,
such as querying, to active model modification, this study
proposes several technical prerequisites. First, the
development of schema-aware language models is
essential, as current LLMs lack an explicit understanding
of BIM (especially IFC) schemas. Future research should
therefore focus on fine-tuning models on IFC-based
datasets. Second, formal validation layers are required to
ensure the correctness of model modifications. This
includes the integration of rule-based validation systems
for IFC compliance, as well as hybrid pipelines that
combine NLP outputs with symbolic reasoning. Without
such mechanisms, NLP-generated modifications risk
producing invalid or inconsistent BIM models. [26]

The analysis also indicates significant barriers to real-
world adoption, as reflected in the low number of case
studies identified in the literature. One possible reason is
data privacy and security concerns, as construction
projects often involve sensitive contractual and design
information [27]. Additionally, issues of trust play a



crucial role, as practitioners require transparent and
verifiable outputs due to the high impact of modifications
on BIM data, which the black-box nature of many Al-
based NLP techniques precludes. Inaccuracies can
propagate into design decisions, cost estimation, or
construction execution, leading to considerable financial
risks [28]. Instead of fully automated pipelines, human-
machine-interaction, like Explainable Al and human-in-
the-loop approaches are therefore seen as promising [29].
This trend can also be observed in the review, namely in
the rising number of co-pilot systems.

Overall, the results indicate that current research
mainly applies NLP at the interface or preprocessing
level, while deeper integration into BIM workflows
remains uncommon. Although recent publications
demonstrate  technically  advanced  prototypes,
particularly in connection with Transformer architectures,
their scope is often limited to controlled scenarios and
lacks validation in complex, real-world projects.

6 Conclusion

This study presents a Systematic Literature Review
on the integration of BIM and NLP, identifying 92
relevant publications and analysing them with respect to
BIM-related tasks and NLP functionalities. The results
confirm that BIM—NLP integration is an emerging but
still fragmented research field. To characterise the nature
of BIM-NLP integration, this study introduces a novel
classification of NLP functionalities in connection with
BIM data, consisting of the five clusters Extract, Query,
Enrich, Modify, and Match. The analysis shows that most
existing work focuses on information extraction and
querying, whereas deeper integration forms, such as
semantic enrichment and model modification, are less
common. The discussion identifies barriers that hinder
deeper integration of NLP into BIM workflows. A key
finding is the mismatch between probabilistic NLP
models and schema-based BIM representations, which
limits the ability of current approaches to directly modify
or enrich BIM data. Furthermore, data privacy concerns
in handling sensitive project information, and a lack of
trust due to limited reliability of NLP outputs obstruct
real-world adoption.

Some limitations of this review should be
acknowledged. The literature search was conducted up to
May 2025, which restricts the coverage of very recent
developments in a rapidly evolving field. In addition, the
clustering of BIM-related tasks and NLP functionality
involves interpretative decisions, particularly for studies
addressing multiple objectives.

To bridge the gap between NLP and BIM, future
research should focus on the development of schema-
aware language models and NLP—rule-based validation
frameworks including technical and human quality
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assurance. In addition, the evaluation of approaches in
real-world scenarios is a high-priority step toward
practical adoption. Ultimately, the integration of NLP
into BIM has the potential to improve automation of
complex information processes and enhance decision-
making in a BIM context. However, realising this
potential requires solutions that can operate reliably
within existing BIM workflows.
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