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ABSTRACT

This study aims to forecast patent trends and exploring technologies in the construc-
tion industry using BERTopic, with patent data as the primary database. In addition, the
study forecasts trends in patent registrations related to BIM technology using the Moving
Average, Single Exponential Smoothing, and ARIMA methods. The results indicate that
ARIMA(0,2,1) yields the lowest mean squared error (MSE) of 1.12. Furthermore, in explor-
ing technology trends of BIM technology through keyword-based BERTopic analysis, the
findings show that patents related to BIM technology can be classified into four main topics:
(1) Topic 0, related to BIM-based methods and systems, such as the application of BIM in
construction systems, management, and methodologies; (2) Topic 1, related to Augmented
Reality (AR) and Virtual Reality (VR); (3) Topic 2, related to Digital Twin technology, in-
cluding Digital Twinning methods integrated with BIM; and (4) Topic 3, related to interior
and decoration design using BIM. The findings of this study are intended to support construc-
tion firms, research and development departments, and technology policymakers in making
informed strategic decisions regarding BIM adoption, innovation investment, and long-term
technology planning in the construction sector.
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1. Introduction tion of Building Information Modeling

The construction industry is cur- (BIM). BIM is a comprehensive informa-
rently undergoing rapid technological trans- tion modeling system used for the digi-
formation, particularly driven by the adop- tal design, planning, and management of
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construction projects (scheduling, analyses,
cost evaluation, etc.) [1, 2]. This technol-
ogy facilitates efficient data exchange and
collaboration, substantially reduces errors
in the construction process, and enhances
the accuracy of cost and schedule manage-
ment [3]. However, despite the widespread
implementation of BIM technology, the de-
velopmental trajectory and its integration
with exploring technologies remain in a
state of flux, necessitating in-depth analysis
to forecast future directions. Consequently,
a thorough understanding of these trends is
crucial for informing innovation strategies
for organizations and practitioners within
the construction sector.

One of the information sources that
concretely reflects the overall landscape
of technological development is patents,
which represent innovations that have been
officially registered and legally protected.
Therefore, patent data analysis can be used
to track exploring technological directions
and global trends in research and develop-
ment. Patent analysis helps enhance un-
derstanding of innovation and technologi-
cal development over time. Related stud-
ies include analyses of BIM technology de-
velopment paths that provide in-depth in-
sights into knowledge diffusion and indus-
try knowledge networks. These studies aim
to identify key technologies and future di-
rections of BIM through patent citation net-
work analysis, employing methods such as
Main Path Analysis and Cluster Analysis
[4,6]. Accordingly, this study seeks to con-
duct a quantitative analysis of patent data
to forecast technological trends in BIM and
exploring technologies in the construction
industry, providing a comprehensive per-
spective on the evolution and future direc-
tions of BIM-related technologies.
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2. Literature Review

Patent analysis is a strategic process
that involves organizing, processing, and
extracting knowledge from patent docu-
ments in order to transform technical and
legal information into actionable insights
that can support decision-making. Patents
constitute the largest and continuously up-
dated repository of technological informa-
tion, containing detailed technical disclo-
sures that may not be available in other
types of academic literature. Consequently,
patent data have been widely utilized by re-
searchers for a variety of purposes, ranging
from the analysis of technological trends to
the development of product innovations.

Research utilizing Social Network
Analysis (SNA) includes the work of Pan
et al. [5], who examined patents related
to Building Information Modeling (BIM) in
the construction industry. They developed
a text mining framework integrating sev-
eral techniques: (1) SNA; (2) Latent Dirich-
let Allocation (LDA) for topic clustering
to extract key thematic content from patent
documents; and (3) Natural Language Pro-
cessing (NLP). Their findings indicate that
BIM is increasingly being integrated with
exploring technologies—such as the Inter-
net of Things (IoT), blockchain, and Ge-
ographic Information Systems (GIS)—to
facilitate smart city development and en-
hance data management efficiency. Fur-
thermore, Mazlumi [9] employed quanti-
tative patent analysis focusing on Inter-
national Patent Classification (IPC) co-
occurrence networks. By applying SNA,
the study constructed and analyzed the co-
occurrence structures of IPC codes in [oT
patents, utilizing various metrics includ-
ing centrality measures (node importance),
edge measures (inter-node relationships),
and community detection to identify net-
work clusters.
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Park et al. [6] examined the structure
and knowledge flow within BIM technol-
ogy by utilizing patent citation networks,
integrated with patent data mining and So-
cial Network Analysis (SNA). The findings
demonstrate that BIM applications have
evolved beyond design, expanding signifi-
cantly into energy management, smart city
integration (GIS), and big data analytics.

Zhang et al. [7] investigated the
construction of innovation pathways by
leveraging expired patents through a multi-
methodological approach.  This frame-
work integrates Functional-Oriented Search
(FOS) for cross-domain technology identi-
fication, the BERTopic model for advanced
semantic analysis, TRIZ theory for system-
atic technology migration, and the Best—
Worst Method (BWM) for prioritizing in-
novative solutions.

Furthermore, text mining has been
extensively adopted as a primary instrument
for patent analysis to extract insights and
forecast technological trajectories beyond
the scope of BIM. For instance, Bamakan
[8] utilized text mining to analyze unstruc-
tured data and develop patent maps for
strategic decision support. Similarly, Char-
manas [10] explored deep learning-based
NLP techniques to streamline the identifi-
cation of complex technical topics, thereby
reducing the cognitive load on domain ex-
perts, particularly within the 6G domain.

Furthermore, several studies have
adopted BERTopic, a next-generation topic
modeling approach that leverages word em-
beddings for advanced data analysis. For
instance, Mun [12] utilized BERTopic to
extract field-level topic patterns from U.S.
patent abstracts, examining the correlation
between technological evolution and the re-
activation of previously overlooked patents.
Kim [13] applied this model to identify ten
core topics within the customer service in-
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dustry, demonstrating its efficacy in fore-
casting annual technological trends. To
address complex and rapidly shifting do-
mains, Jiang [14] proposed an enhanced dy-
namic topic modeling framework based on
BERTopic to capture the temporal evolu-
tion of 6G technologies, thereby improving
both analytical accuracy and interpretabil-
ity. Similarly, Lu [15] employed BERTopic
to delineate knowledge pathways in leading
agricultural universities, emphasizing the
linkage between scientific innovation and
technical application. Finally, Xian [16]
implemented the model to cluster academic
literature and track shifts in research priori-
ties over time.

Existing BIM patent studies primar-
ily rely on citation analysis, Social Network
Analysis (SNA), Latent Dirichlet Alloca-
tion (LDA), and keyword-frequency ap-
proaches. While these methods provide
useful insights, they often suffer from lim-
ited semantic representation and difficulty
capturing contextual relationships among
patent documents. In contrast, BERTopic
leverages transformer-based embeddings
that preserve semantic meaning and con-
textual information, enabling more accu-
rate topic discovery from complex tech-
nical texts. Furthermore, previous BIM
patent studies rarely integrate topic mod-
eling with time-series forecasting to ex-
amine both technological themes and fu-
ture innovation trajectories simultaneously.
This study addresses these gaps by combin-
ing BERTopic-based semantic topic model-
ing with patent trend forecasting methods.
Consequently, this study employs a quan-
titative framework to analyze BIM tech-
nological trends and explore potential fu-
ture development directions in construc-
tion technologies. The selected forecast-
ing models (Moving Average, Single Expo-
nential Smoothing, and ARIMA) were cho-
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sen because they represent widely adopted
time-series forecasting approaches with dif-
ferent assumptions and forecasting charac-
teristics. Moving Average (MA) is effective
for smoothing short-term fluctuations and
identifying underlying trends, while Sin-
gle Exponential Smoothing (SES) is suit-
able for datasets where recent observations
may provide stronger predictive informa-
tion than older observations. ARIMA was
included because of its capability to model
temporal dependencies and autocorrelation
patterns commonly observed in technology
and innovation indicators. Since patent
registration data may exhibit technology-
driven growth, fluctuations, and evolving
temporal patterns, comparing these fore-
casting approaches provides a comprehen-
sive assessment of future BIM innovation
trends and enables the selection of the most
appropriate model for the dataset. This in-
tegrated methodology provides robust in-
sights into the evolutionary trends and out-
look of the BIM landscape.

3. Research Methodology

This section presents the method-
ological foundations underlying the pro-
posed transparency assessment framework.
The study integrates three complementary
analytical techniques: the Analytic Hierar-
chy Process (AHP), the Technique for Or-
der Preference by Similarity to Ideal Solu-
tion (TOPSIS), and Factor Analysis. Fac-
tor Analysis is employed to identify la-
tent dimensions associated with corruption
and transparency indicators, AHP is used
to determine the relative importance of
these dimensions through expert judgment,
and TOPSIS provides a systematic mech-
anism for aggregating the weighted crite-
ria and ranking foundations according to
their transparency performance. Together,
these methods establish a coherent quanti-
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tative framework for supporting evidence-
based transparency assessment and gover-
nance evaluation.

PATENT DATABASE

PATENT SEARCH

INFORMATION
EXTRACTION

DATA
CLEANSING

USER >

|

DATA FORECASTING CLUSTERING

MOVING AVERAGE
SINGLE
EXPONENTIAL
SMOOTHING
and ARIMA|

BERTopic

|

CLUSTERING BIM PATENT TOPICS AND FORECASTING:
TRENDS OF BIM TECHNOLOGIES AND EMERGING TECHNOLOGIES
IN THE CONSTRUCTION INDUSTRY

Fig. 1. Research framework.

The Framework consists of four main
steps:
(i) Data Collection: Patent data were
collected from Google Patents [17]
on November 10, 2025 using the
search query: (BIM) (Building In-
formation Modeling) (G06Q) (GO6F)
(GO6T) before:priority:20250101 af-
ter:priority: 20100101. The IPC
classes GO6F, GO6T, and GO6Q were
selected for inclusion in the search
query based on evidence from pre-
vious studies. These classifications
cover key technology domains re-
lated to digital data processing, im-
age processing and visualization, and
business or management informa-
tion systems, which are commonly
associated with BIM technologies.
Therefore, the use of these IPC
classes helps improve the relevance
and precision of the retrieved patent
dataset. The search initially retrieved
1,374 patent documents from multi-
ple patent offices including USPTO,
CNIPA, KIPO, WIPO, and EPO.
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(i)

(iii)

Data Preparation and Processing:
The initial phase involved a com-
prehensive refinement of the selected
patent dataset. This was done to
filter out any noise, such as du-
plicate entries, incomplete records,
or irrelevant information. Regard-
ing the textual components were ap-
plied a series of standard preprocess-
ing techniques: all text was normal-
ized to lowercase, and we stripped
away punctuation numbers, and spe-
cial symbols that did not contribute to
the core meaning. Furthermore, were
removed... common stopwords such
as “the,” “and,” and “of” to focus
specifically on high-value keywords.
By extracting key attributes—such as
the title, abstract, registration year,
and [PC codes—we converted the
raw data were converted into a struc-
tured format optimized for analysis.
For example, a patent titled BIM
(building information modeling) for-
ward automatic design method of
building structure based on Revit’
was processed into: ’bim building
information modeling forward auto-
matic design method building struc-
ture based on revit’. Integrating this
cleaned text with its corresponding
metadata, including the 2022 regis-
tration year and IPC code GOGF, pro-
vided a finalized dataset ready for the
next stages of the study.

Patent trend forecasting was con-
ducted using time-series forecasting
methods, including Moving Average
(MA), Single Exponential Smooth-
ing (SES), and Autoregressive In-
tegrated Moving Average (ARIMA)
These methods were selected because
they are well-established time-series
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forecasting methods that are suit-
able for relatively small datasets and
provide different levels of modeling
complexity. The patent dataset used
in this study consists of annual patent
counts over a limited observation pe-
riod, making these methods appropri-
ate and reliable for trend forecasting.
(iv) The identification of key technology
topics was conducted through key-
word clustering using the BERTopic
model to detect exploring technol-
ogy trends in the future. Patent ab-
stract data were analyzed using the
BERTopic model, which serves as
a keyword clustering technique to
identify the key technology topics
represented in the patent corpus.

All data analyses were conducted us-
ing Python 3.12. Topic modeling was per-
formed using the BERTopic framework in
combination with the SentenceTransformer
model (all-MiniLM-L6-v2) for document
embedding generation. Dimensionality re-
duction was carried out using UMAP (Uni-
form Manifold Approximation and Projec-
tion) with cosine distance, while topic clus-
tering was performed using HDBSCAN
(Hierarchical Density-Based Spatial Clus-
tering of Applications with Noise). Data
preprocessing and management were per-
formed using pandas and numpy, while
data visualization was generated using mat-
plotlib. Model performance was evaluated
using the Mean Squared Error (MSE) met-
ric from the scikit-learn library.

3.1 Forecasting methods and measure-
ment of forecasting accuracy

3.1.1 Moving Average (MA)

MA is a statistical smoothing tech-
nique used in time-series analysis to reduce
short-term fluctuations and highlight under-
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lying trends by calculating the average of
observations within a specified time win-
dow. As new observations become avail-
able, the oldest observations are removed
from the calculation, resulting in a contin-
uously updated average. The method is
widely used for trend analysis and forecast-
ing due to its simplicity and effectiveness
in filtering random variations in data, a pro-
cess formally articulated by the expression
in Eq. (3.1).

Al +A2+---4+A
MA = 1 2 n’
n

3.1)

where 7 is the number of observations in the
dataset. A is each of the data points.

3.1.2 Single Exponential Smooth-
ing (SES)

SES is a time series forecasting
method for data without clear trends or sea-
sonal patterns, a process formally articu-
lated by the expression in Eq. (3.2).

From = ay; + (1 - a)Fy,

where  F;.,, is single exponential
smoothed value in period t+m for
m=1,2,3,4,...,y, is the actual value in
time period 7. « is the unknown smoothing
constant to be determined with value lying
between 0 and 1. F, is the forecast or
smoothed value of period ¢.

(3.2)

3.1.3 Autoregressive
Moving Average (ARIMA)

ARIMA is a statistical forecasting
method that uses past values, trends, and er-
rors in time-series data to indicate potential
future points. It is denoted as ARIMA(p,
d, q), where p is the lag order, d is the de-
gree of differencing, and q is the order of the
moving average. The general formula ex-
presses the differenced variable y; as a lin-
ear combination of its past values and past
error terms:

Integrated

Vi=ct+dy e+ dpyis,
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+016 1+ +048g+&, (3.3)
where y; is the time series data that has been
differenced (integrated) to make it station-
ary. c¢ is a constant. is the white noise error
(or residual) at time 7. ¢ is Autoregressive
(AR). 8 is Moving Average (MA).

3.1.4 Mean Squared Error (MSE)

MSE serves as a pivotal metric in
model evaluation, quantifying the average
of the squared disparities between the ob-
served (actual) values and the correspond-
ing values estimated (predicted) by the
model. Its derivation is formally repre-
sented by the formula delineated in Eq.
(3.4).

1< .
MSE =% (n=50%  (34)
t=1

where n is the number of observations in the
dataset. y; is the actual value at time ¢. y,
is the predicted value at time ¢.

3.1.5 The Root Mean Square Error
(RMSE)

RMSE stands as a widely employed
metric for quantitatively assessing the dis-
crepancy between a model’s projected val-
ues and the empirically observed data
points. The computation of this measure
involves taking the square root of the aver-
age of all squared error terms, a process for-
mally articulated by the expression in Eq.
(3.5).

1 & )
RMSE = J - ;@t —5)2. (3.5)

3.1.6 Mean Absolute Percentage
Error (MAPE)

MAPE is a forecasting metric de-
rived using the explicit mathematical for-
mula presented in Eq. (3.6). This measure
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effectively expresses accuracy as a percent-
age of the error, relative to the actual obser-
vation. Fundamentally, a reduced MAPE
value is directly indicative of superior fore-
casting precision and robustness, signify-
ing that the model’s projections are tightly
aligned with the realized values.

n

1

MAPE = 100% x = Z
n

=1

A, - F;

| GO

where A; is the actual value at a given time
t. F; is the forecasted value at time ¢.

3.2 BERTopic

BERTopic is a topic modeling
technique used to extract topics from
large collections of text by combining
natural language processing (NLP) with
transformer-based language models such
as BERT (Bidirectional Encoder Repre-
sentations from Transformers).  Unlike
Latent Dirichlet Allocation (LDA), which
relies on a bag-of-words representation
and requires the number of topics to be
predefined, BERTopic leverages contex-
tual embeddings from transformer-based
language models to capture semantic rela-
tionships between documents. This enables
BERTopic to automatically determine the
optimal number of topics without prior
assumptions, and to produce more coher-
ent, interpretable topic representations —
particularly when applied to short technical
texts such as patent abstracts. The method
consists of three main steps:

(i) Dimensionality =~ Reduction  via
UMAP: The initial phase involves
applying Uniform Manifold Approx-
imation and Projection (UMAP) to
perform dimensionality reduction of
the vector representations. This pro-
cedure is critical for streamlining the
processing speed and computational
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efficiency of the data, while simulta-
neously ensuring the preservation of
the essential underlying topological
and relational structures among the
individual data points.
(i) Clustering via HDBSCAN: Hierar-
chical Density-Based Spatial Clus-
tering of Applications with Noise
(HDBSCAN) is applied to aggregate
proximate vectors into distinct clus-
ters, or topics. This algorithm is
specifically utilized for its efficacy
in identifying and segregating data
points that do not exhibit sufficient
density to be assigned to any cluster,
classifying them as noise.
(iii)) Keyword Extraction using c-TF-IDF:
Following clustering, class-based
Term Frequency—Inverse Docu-
ment Frequency (c-TF-IDF) is
employed. This technique facili-
tates the identification of the most
representative and salient words or
phrases within each derived cluster
(topic), thereby providing a clear and
interpretable semantic summary for
every identified thematic group.

4. Results and Discussion

After screening and cleaning, 724
BIM-related patents remained for topic
modeling analysis. Among these, 153
patents with granted status were used for
patent trend forecasting. The remaining
571 records represent patent applications
that were published but had not yet been
granted. The country with the highest
number of patent registrations is China
(59.48%), followed by South Korea (32%)
and the United States (5.28%), as shown
in Fig. 2. The dominance of BIM-related
patents in China and South Korea may re-
flect strong government support for digital
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construction, smart cities, and Industry 4.0
initiatives. These policies encourage R&D
investment, patent protection, and technol-
ogy commercialization. As a result, BIM
innovation appears to be concentrated in a
few leading markets, which should be con-
sidered when interpreting global technol-
ogy trends and future developments.

2(1%)2(1%) 1

8 (5.23%) ‘ .65%) = CN
49 “ = KR
(32.03%) USs
AU

91
(59.48%) ™ EP
= Jp

Fig. 2. The percentage of granted BIM patents.

4.1 Forecasting patent registration
trends using time series methods

To forecast the trend of patent regis-
trations, statistical methods were employed,
including MA, SES and ARIMA. The Mov-
ing Average windows of 3, 6, and 9 peri-
ods were selected to represent short-term,
medium-term, and long-term smoothing ef-
fects. The SES smoothing parameter (o =
0.1-0.9) was systematically varied to eval-
uate different weighting schemes for recent
observations. For ARIMA model selection,
an automated grid search procedure was
conducted by examining various combina-
tions of autoregressive (p), differencing (d),
and moving average (q) parameters. Can-
didate models were further screened based
on preliminary stationarity assessment and
low-order model specifications appropriate
for the relatively small dataset. The re-
sults showed that ARIMA(0,2,1) yielded
the lowest forecasting error (MSE = 1.12)
and an AIC value of 64.46.

Table 2 presents a comparison of
forecasting methods using MSE, RMSE,
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Table 1. Comparison of forecasting methods.

Method MSE RMSE MAPE
MA (3) 1941 441 1518
MA (6) 9213 959 3661
MA (9) 212.50 1458  55.65
SES (0.1) 3119 17.66  67.29
SES (0.2) 156.93 1252 67.29
SES (0.3) 8261  9.09  33.71
SES (0.4) 4708 686  24.80
SES (0.5) 2994 547  19.11
SES (0.6) 2149 463 1558
SES (0.7) 1723 415 1347
SES (0.8) 1499 387 1223
SES (0.9) 13.75 371 1148
ARIMA (0,2,1)  1.12*  1.06*  3.13*

and MAPE. Annual patent registration
counts from 2010 to 2025 were used as
the forecasting dataset. The data were di-
vided into a training set (2010-2022) and a
testing set (2023-2025), with a forecasting
horizon of three years. The comparison re-
sults indicate that ARIMA(0,2,1) achieved
the lowest forecasting error (MSE=1.12).
This finding suggests that the patent regis-
tration series exhibits a non-stationary trend
structure that can be effectively addressed
through second-order differencing (d = 2).
In addition, the moving average component
(q = 1) captures the influence of past fore-
cast errors, enabling the model to better rep-
resent the underlying temporal dynamics of
patent registration activity.

A total of 724 BIM-related patent
documents were included in the topic mod-
eling analysis. The parameter settings
were selected based on commonly adopted
BERTopic configurations reported in pre-
vious studies and the official BERTopic
implementation guidelines. Specifically,
UMAP parameters (n_neighbors = 15 and
n_components = 5) were chosen to balance
local and global document structures, while
HDBSCAN parameters (min_cluster size
=5 and cluster_selection _method =”eom”
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Table 2. Top Keywords of BIM.

To Repre-
Topic Count Ke wgr ds sentative
¥ Patent
Pile, carbon, carbon
1 17 method, method
emossion emossion
BIM, Bulldlr{g
o Information
building, Modelin,
0 633 model, s
; System for
construction, .
management Construction
Management
virtual,
reality, Virtual Reality
1 32 visualization, System for BIM
augmented, Visualization
immersive
digital, twin, Digital Twin
5 30 monitoring, Platform for
platform, Smart Building
infrastructure Monitoring
interior, .
. Interior
decoration, .
. Decoration
3 12 design, .
. Design
furniture, System
layout 4
SES (0.3) 82.61 9.09 33.71
SES (0.4) 47.08 6.86 24.80
SES (0.5) 29.94 5.47 19.11
SES (0.6) 21.49 4.63 15.58
SES (0.7) 17.23 4.15 13.47
SES (0.8) 14.99 3.87 12.23
SES (0.9) 13.75 3.71 11.48
ARIMA 1.12% 1.06* 3.13*

(0,2,1)

were used to ensure stable topic formation
and avoid excessive fragmentation of top-
ics. The analysis identified four major tech-
nology topics within the BIM patent land-
scape, as discussed in the following sec-
tions.

4.2 Weight assessment using the AHP
method

4.2.1 Topic 0: BIM-based methods
and systems

This topic constitutes the most sub-
stantial cluster in terms of patent volume
and exhibits a pronounced upward trajec-
tory. This trend unequivocally signals the
accelerated development and widespread
application of BIM technologies across
construction systems, project management
frameworks, and rigorous process control
mechanisms.
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4.2.2 Topic 1: Augmented Reality
(AR) and Virtual Reality (VR)

The notable growth in patent activ-
ity within this technology area after 2020
suggests an increasing integration of Aug-
mented Reality (AR) and Virtual Reality
(VR) technologies with BIM systems.

4.2.3 Topic 2: Digital twin

This thematic area demonstrates a
gradual, yet consistent expansion following
2021. The core focus lies on the progressive
development of high-fidelity digital repre-
sentations of physical assets. This effort is
aimed at providing robust support for strate-
gic planning, optimized maintenance pro-
tocols, and advanced project management
functionalities throughout the asset lifecy-
cle.

4.2.4 Topic 3: Interior and Decora-
tion Design with BIM

The significant increase in patent ac-
tivity after 2022 suggests that BIM appli-
cations are expanding beyond traditional
structural engineering into specialized areas
such as interior design and architectural de-
tailing.

As shown in Fig. 3, the horizontal
and vertical axes represent UMAP Dimen-
sion 1 and UMAP Dimension 2, respec-
tively, which visualize the dimensionality
reduction of high-dimensional textual data
into a two-dimensional space. This trans-
formation enables the observation of topic
distribution and clustering patterns. Each
dot represents a single document plotted in
the UMAP space, providing an overview
of how BIM-related texts are clustered by
BERTopic based on semantic similarity.
The green cluster, corresponding to Topic
0, is the largest group, indicating that a sub-
stantial number of documents are classified
under the primary topic (e.g., general BIM
systems or BIM-based management). The
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remaining clusters represent more special-
ized documents, such as those related to
AR/VR, Digital Twin, or interior design ap-
plications. The spatial distribution of the
documents suggests moderate topic separa-
tion, although some overlap between clus-
ters can be observed due to the intercon-
nected nature of BIM-related technologies.

BIM Document Clusters (via BERTopic + UMAP)

UMAP Dimension 2
-
s
Cluster (Topic ID)

UMAP Dimension 1

Fig. 3. BIM document cluster.

As shown in Fig. 4, results of topic
analysis generated by BERTopic use dimen-
sionality reduction to visualize the spatial
relationships among the identified topics
derived from patent data. Topic 0 appears
as the largest cluster, indicating that it con-
tains the highest number of documents or
patents, and is located near the center of
the map. This central position suggests that
Topic 0 represents a general or overarch-
ing topic whose content is highly related to,
or encompasses, other topics. In contrast,
Topics 1, 2, and 3 are represented by smaller
circles, reflecting fewer documents, and are
positioned farther from Topic 0 in different
directions. This spatial separation indicates
that these topics are more specialized, fo-
cusing on specific technologies and exhibit-
ing substantial differentiation from Topic 0.
Topics positioned closer to each other im-
ply greater content similarity, whereas top-
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ics located farther apart indicate relatively
distinct thematic content.

Intertopic Distance Map
D2

TOPIC 3
TOPIC O o

. ‘
o

° TOPIC1
TOPIC 2

Fig. 4. BERTopic intertopic distance map.

Table 3 presents the topic qual-
ity evaluation results based on coherence
score, silhouette score, and topic diver-
sity. The BERTopic model achieved a co-
herence score of 0.364, indicating accept-
able semantic consistency among keywords
within each topic. The silhouette score
of 0.121 suggests moderate separation be-
tween topic clusters, reflecting some over-
lap among BIM-related technology themes.
In addition, the topic diversity score of 0.67
indicates a relatively high degree of key-
word uniqueness across topics, supporting
the distinctiveness of the identified thematic
clusters.

Table 3. Topic modeling validation.

Top Keywords Value
Coherence Score 0.364
Silhouette Score 0.121
Topic Diversit 0.667

As shown in Fig. 5, the temporal
evolution of the topics provides critical in-
sight into their development momentum.
These trends explicitly indicate the rate of
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increase or decrease for each thematic area
throughout the study period. Topic 0 (BIM-
based Methods and Systems), represented
by the blue line, emerges as the dominant
thematic area, sustaining the highest vol-
ume of documents across the entire ob-
servation period. It demonstrates a pro-
nounced upward trajectory commencing af-
ter 2019 and ultimately peaking in 2024,
recording more than 250 documents. This
pattern unequivocally signifies the bur-
geoning attention and escalating research
focus directed towards BIM-based methods
and systems.

Topic Trends Over Time (Matplotlib)
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Fig. 5. Topic trends over time.

The remaining topics exhibit the fol-
lowing growth profiles:

* Topic 1 (Purple Line): Shows modest
growth acceleration after 2020.

» Topic 2 (Green Line): Illustrates a
gradual but consistent accrual of doc-
uments following 2021.

» Topic 3 (Orange Line): While pos-
sessing a comparatively smaller doc-
ument count, this topic initiates a no-
ticeable increase post-2022.

* Topic -1 (Red Line) denotes the out-
lier patents (noise), which are docu-
ments that do not possess sufficient
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semantic coherence to be success-
fully assigned to any of the primary
topic clusters.

The findings suggest that BIM tech-
nology has experienced sustained growth
and continues to play an important role
in construction-related innovation. Trend
technologies such as AR/VR and Digital
Twin also appear to be gaining increas-
ing attention, particularly in applications
related to model development and inter-
active simulation. The BERTopic analy-
sis enabled the identification and classifi-
cation of major technological themes, pro-
viding insights into recent patterns of BIM-
related innovation. Among the forecasting
models evaluated, ARIMA(0,2,1) achieved
the lowest forecasting error, suggesting that
it may be more suitable for modeling the
patent registration series examined in this
study. Overall, the results contribute to
a better understanding of BIM technology
development and emerging technological
themes, while providing preliminary ev-
idence that may support future research,
technology planning, and policy discus-
sions within the construction sector.

5. Conclusion

This study aims to analyze the de-
velopment trends of Building Information
Modeling (BIM) technology and explor-
ing technologies in the construction in-
dustry, using patent data from Google
Patents as the primary data source. Patent
trend forecasting related to BIM technol-
ogy was conducted using the Moving Av-
erage, Single Exponential Smoothing, and
ARIMA methods. The results indicate
that ARIMA(0,2,1) yields the lowest mean
squared error (MSE) of 1.12, demonstrating
the highest forecasting accuracy for patent
trend prediction.
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For technology topic classification
(topic modeling), the analysis using the
BERTopic model shows that BIM-related
patents can be grouped into four main
topics: BIM-based Methods and Sys-
tems, Augmented Reality (AR) and Vir-
tual Reality (VR), Digital Twin and Inte-
rior/Decoration Design with BIM. Among
these, BIM-based Methods and Systems
have the largest number of patents, exhibit-
ing a continuous upward trend after 2019
and peaking in 2024. The findings sug-
gest that AR/VR and Digital Twin technolo-
gies may represent promising areas of fu-
ture BIM-related innovation, although ad-
ditional longitudinal data would be required
to confirm long-term trends.

Future research should consider ex-
panding the patent dataset by incorporat-
ing records from additional patent databases
and validating the robustness of the findings
across multiple patent information sources.
Such efforts would improve the comprehen-
siveness and global representativeness of
the analysis. Furthermore, the application
of Dynamic BERTopic could provide finer
temporal insights into topic evolution and
emerging technological trajectories. Inte-
grating citation network analysis with topic
modeling may also offer a more compre-
hensive understanding of knowledge flows,
technological convergence, and innovation
diffusion within the Building Information
Modeling (BIM) ecosystem.
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