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Abstract

Designing modular housing is a complex task that necessitates a thorough understanding of the diverse needs of clients in terms
of both design aesthetics and floor plan layout. Furthermore, adhering to design for manufacture and assembly (DfMA) principles
adds to the complexity, as these are essential modular home requirements. Traditional construction methods frequently fail to meet
the specific needs of both clients and DfMA, potentially resulting in suboptimal design solutions. Incorporating client requirements
during the design phase necessitates the use of an effective system and framework to reduce changes in subsequent project stages.
Existing literature lacks a suitable approach, particularly in the context of modular housing. To address this gap, this paper introduces
an artificial intelligence-building information modeling recommender system (RS) for detached modular housing design. The system
processes client requirements entered as text utilizing the Word2vec algorithm with the GloVe dataset, refined through transfer
learning using surveyed client data of housing needs. The system recommends three distinct modular building design alternatives
sourced from a building information modeling models database using cosine and Euclidean similarity functions. A sensitivity analysis
ensures that client needs are considered fairly, increasing the robustness of the RS. By incorporating natural language processing,
this system transforms the construction industry by making initial designs more client-centric compared with traditional methods.
Furthermore, it promotes improved collaboration among clients, design, and construction teams, reducing modifications to design in
later stages of construction.

Keywords: detached modular housing, Word2vec algorithm, building information modeling, design recommendation system, client
needs, similarity functions

1. Introduction tion is still uncommon in the construction industry due to vari-
ous barriers such as lack of awareness, stakeholder acceptance,
cost-effectiveness concerns, design limitations, logistical issues,
and the absence of integration frameworks and specific guidelines
(Abd Razak et al., 2022). Highlighting the importance of compre-
hensive strategies (Wuni & Shin, 2020), frameworks such as de-
sign for manufacture and assembly (DfMA, Rankohi et al.,, 2023)
and specific elements such as design (Baro et al., 2022; Gbadamosi
et al., 2019), cost-efficiency (Almashagbeh & El-Rayes, 2021), stan-
dards (Rehman et al., 2022), and logistics (Lee et al., 2022) are criti-
cal for encouraging the shift from traditional construction meth-
ods to modular construction.

Modular housing construction offers high levels of customiza-
tion, which underscores the importance of early client engage-
ment due to the limited flexibility in the post-production modi-
fication. Similar to traditional projects, successful modular con-
struction projects rely heavily on client collaboration. A deep
understanding of client needs not only elucidates the require-
ments for the final product but also optimizes the design for effi-
ciency and customization, streamlining the construction process
and enhancing both its efficiency and cost-effectiveness (Design-
ing Buildings, 2022). This customization encompasses changes to

Detached modular housing has received significant attention over
the years due to the advantages it offers in comparison with tra-
ditional construction methods. The process of detached modular
housing consists of a combination of controlled factory settings
and modular construction which allows for unparalleled flexi-
bility and efficiency in building design and manufacturing. The
factory-controlled environment ensures the quality and consis-
tency of each module, leading to a superior product. By leverag-
ing these benefits, organizations can achieve their building ob-
jectives in a cost-effective, dependable, and sustainable manner.
With this innovative approach, buildings can be assembled with
precision and speed, resulting in streamlined construction time-
lines, and minimized on-site disruption (Bertram et al., 2019; Law-
son et al., 2012; Pan & Sidwell, 2011; Velamati, 2012). Using mod-
ular construction, the speed of a project can be increased by 20%
to 50% and with proper environment and trade-offs, 20% cutoff
in project budget can be achieved (Bertram et al., 2019). Modular
construction is suitable for a wide range of building types, includ-
ing residential, commercial, industrial, and institutional buildings
(Modular Building Institute, 2021; National Institute of Building
Science, 2018). Despite its numerous benefits, modular construc-
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various elements, including floor plans, layout, structure, facade,
and finishes, to bring the client’s vision to life, all while consid-
ering the constraints of post-production adaptability (Hentschke
et al, 2014). The controlled factory environment ensures pre-
cise module fabrication but makes subsequent modifications dif-
ficult and expensive (Bertram et al., 2012). Therefore, key de-
cisions regarding modular production, installation, and inter-
face planning must be made during the early design phase to
align modules with specific client requirements, emphasizing the
need for a dynamic, client-centric approach to modular con-
struction (Abdul Nabi & El-adaway, 2020; Rehman et al., 2023).
Achieving this requires specialized design configuration knowl-
edge for modular housing. Architects must have a comprehen-
sive understanding of modular house production and assembly
processes to provide diverse solutions that meet unique client-
specific requirements while adhering to building codes (Ghannad
& Lee, 2022; Svensson & Barfod, 2002; Westbrook & Williamson,
1993).

The current process of modular housing construction presents
challenges in conveying client needs to their project products, af-
fected by various factors. These challenges include the absence
of experienced collaborative teams, a limited comprehension of
stakeholder’ roles, and difficulties in effective communication
among stakeholders on the client’s part (Kamali & Hewage, 2016;
Nguyen et al., 2022). Within traditional structured design process,
where client requirements are defined in a brief and architects
subsequently translate and elaborate on these requirements in
technical terms, modular housing design options have been ex-
plored by architects relying solely on their experience, often lack-
inga systematic analysis of client needs. This approach frequently
results in limitations in exploring the full spectrum of modu-
lar house project aspects, from initial design to the installation,
and necessitates costly and time-consuming iterations of design
changes (Branddo, 2011). These distinctions underscore the ne-
cessity of a dynamic, client-centric approach to modular housing
construction, redefining how client needs are met within this in-
novative building methodology (Abdul Nabi & El-adaway, 2020).
However, client collaboration within offsite construction, particu-
larly during the design phase, has received limited attention in
both academic and practical contexts (Othman, 2015). Despite
the pivotal role of client involvement in the success of modular
projects, there is currently no comprehensive approach available
to address client needs in modular design. What is needed is a
new approach that can efficiently incorporate client feedback and
requirements into the design process and offer customized de-
sign options based on the client specific needs and preferences.
This approach could reduce the time and effort required to design
modular housing while simultaneously improving the quality of
the final design solution.

Building information modeling (BIM) is a dynamic process for
creating and managing information on a construction project
throughout its whole lifecycle. It has been conceived as an enabler
of successful collaboration among diverse stakeholders through-
out the project lifecycle (Sebastian, 2011; Shin et al., 2020). Effec-
tive collaboration requires the ability to input, extract, update,
or modify information in accordance with the distinct roles of
each involved stakeholder. BIM facilitates this collaboration by en-
abling the development of a shared and integrated digital repre-
sentation of multidisciplinary information of building, based on
open standards for interoperability. It evolved into a virtual in-
formation model that seamlessly transfers from the design team
to contractors, subcontractors, and, ultimately, the client (Sebas-

tian et al., 2009). Research has demonstrated that using BIM in
the design process results in higher customer satisfaction, un-
derscoring its effectiveness in meeting client needs (Dauphin
Americas, 2022). A survey conducted among architecture firms
has shown that BIM can be leveraged to create user-centered
smart working environments, thus fostering greater client in-
volvement in the design phase (Park et al., 2022). Many stud-
ies highlight the potential of BIM as an effective collaborative
mechanism for modular building design, ensuring client partic-
ipation in the design decision-making process regarding building
elements (Abanda et al.,, 2017; Bakhshi et al., 2022; Gbadamosi et al.,
2019).

This paper aims to respond to the challenge of addressing
client needs in residential modular building design by develop-
ing an artificial intelligence-building information modeling (AI-
BIM) recommender system (RS). An RS is a tool that analyzes
user preferences and behaviors to provide personalized recom-
mendations (Amara & Subramanian et al., 2020). The RS proposed
in this study analyzes client requirements, and it suggests suit-
able modular design options within the BIM environment, em-
ploying machine learning algorithms. To accomplish this aim, this
research first identifies housing preference of clients through sur-
veys involving 500 individuals who have constructed or intend to
construct houses, regardless of whether they choose modular or
non-modular construction methods. Of these, the most promi-
nent needs have been derived, using text processing method - La-
tent Dirichlet Allocation (LDA) topic modeling. Furthermore, this
research creates BIM models, each incorporating these prominent
needs in various combinations to serve as three-dimensional (3D)
digital representation of the needs. We established a BIM database
to store and manage these BIM models in systematic manners.
Additionally, the client needs are translated into vectors, making
them machine-readable, through employment of the WorD2VEC
algorithm, a text processing technique. Moreover, relationships
between the client needs in vector form and BIM database schema
are identified and quantified using Euclidean similarity measured,
forming the core of the RS. Utilizing the similarity measurements,
we designed an AI-BIM RS capable of suggesting various house
designs from the BIM database based on input needs of clients.
The robustness and reliability of the recommendation system has
been validated using sensitivity analysis. This system has the po-
tential to enhance client-centric approaches by enabling real-time
client interactions and delivery of customized recommendations,
resulting in a precise alignment of final design with client expec-
tations as well as heightened client satisfaction. Furthermore, it
can facilitate the optimization of the modular construction pro-
cess, guaranteeing the provision of personalized, efficient design
solutions.

The article is organized as follows: Section 2 delves into re-
lated literature, highlighting the shortcomings in detailing client
needs in modular construction. Section 3 describes the research
methodology, focusing on data acquisition process, BIM models
and database development process, training process of WORD2VEC
model, and methods used for similarity measurement and vali-
dation. Section 4 describes the implementation of artificial intel-
ligence (AI) and BIM RS in which the result of the methodology
subsections is presented with the system architecture of the RS.
And Section 5 discusses the implication of the study and com-
pares it with existing RS and literature. Finally, Section 6 provides a
concise summary of the article, highlighting its conclusions, con-
tributions to the AEC sector, and providing insights for future re-
search.
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2. Related Studies

2.1. Client-centered design in modular
construction and recommendation systems

In modular construction, client-centered design principles are im-
perative to ensure that the projects align with specific needs, pref-
erences, and constraints of each client. These principles encom-
pass following key elements: (i) identifying core portfolio elements
that cater to customer desires, (ii) understanding the unique plan-
ning and design intricacies of modular construction, (iii) facili-
tating communication through shared models and rapid perfor-
mance evaluations, and (iv) acknowledging the role of human
senses in architectural design (Bertram et al, 2019; El Mounla
et al., 2023; Spence, 2020; Wilson, 2019). This approach under-
scores the critical importance of recognizing and incorporating
individual client requirements into the construction process,
highlighting the necessity for customized design solutions. Con-
sidering client needs during the initial design stages can help mit-
igate design changes, which has direct impact the overall perfor-
mance of the project, especially concerning cost, schedule, and
quality (Yap & Skitmore, 2018).

Traditional design practices frequently fail to comprehensively
meet the specific client needs through appropriate design solu-
tions, resulting in suboptimal design changes. To address this,
numerous academics and practitioners have endeavored to de-
velop approaches for considering client needs during the de-
sign phases, with the objective of minimizing the necessity for
subsequent design modifications. Gao et al. (2013) emphasized
differences in people’s housing preferences and the importance of
high-level customization in architectural design. They introduced
preference indices to evaluate to what extent people are satisfied
with different design options, with particular focus on floor plans.
Zawidzki and Szklarski (2020) established a framework that op-
timizes architectural plan layout for functionality, comfort, and
authentic perspectives based on user input preferences on layout
and site, utilizing rigorous mathematical optimization methods.
In practice, RSs have been considered as a viable solution to ad-
dressing client needs within project design (Isinkaye et al., 2015).
These systems have proven successful, particularly in managing
the challenge of information overload, and have become a favored
approach for considering and addressing client needs in a vari-
ety of fields such as psychology, mathematics, computer science
(Roy & Dutta, 2022; Wei et al., 2005). In the construction indus-
try, several recommendation systems have also been developed.
For instance, Architectural Designs (2023), available in the USA
and Canada, has been developed to provide design suggestions
based on criteria, such as the number of bedrooms, bathrooms,
floors, and heated floor area. Similarly, Family Home Plans (Stem,
n.d.) has been established to offer housing designs catering to six
types of client needs, such as living area, bedroom count, bath-
room count, floor levels, garage, and foundation types. Addition-
ally, House Plans (2023), available in the USA, Canada, and Europe,
offers a range of design options based on five key client specifica-
tions: bedroom count, bathroom count, floor levels, garage count,
and total housing area.

Existing studies have shown limited attention to aligning mod-
ular housing design with client needs, despite its significance
when compared with traditional construction methods. They fall
short in considering both the modular aspects and client require-
ments for building facilities and spaces, instead focusing solely on
layout configuration while neglecting facility considerations that
should align with client needs. Additionally, the existing recom-
mendation systems tend to suggest building design plans based

on filtering plans that meet specific quantitative criteria. They do
not fully address intricate design needs and preferences, such as
specific layout preferences, aesthetic choices, or unique spatial re-
quirements, which are critical in housing construction, especially
modular housing because modular housing presents unique chal-
lenges and opportunities due to its prefabricated nature, requiring
more emphasis on modularity, adaptability, and assembly consid-
erations in the design process. Aesthetic choices remain critical,
with the additional layer of ensuring these preferences are feasi-
ble within modular construction constraints. Furthermore, these
systems have limitations in leveraging advanced analytics tech-
niques, such as natural language processing or machine learn-
ing algorithm, which hampers their ability to offer highly person-
alized and context-aware design recommendations. Additionally,
their deficiency in maintaining a comprehensive database, espe-
cially one that integrates client-centric data, could curtail the va-
riety and precision of design options they provide, potentially re-
sulting in suboptimal or generic design solutions that may not
align perfectly with individual client needs.

2.2. Client requirements harmonized with BIM
in modular construction

The integration of BIM and modular construction has enormous
potential in ensuring that the projects align with client needs
(Hwang & Kim, 2022). However, meticulous attention to detail dur-
ing the BIM modeling phase is essential, as is a client-centric ap-
proach. Balancing the standardized efficiency of modular con-
struction with the need for customized client solutions is still a
significant challenge. It necessitates a careful integration of BIM’s
digital precision with the adaptability and customization required
in modular construction, resulting in a harmonious alignment of
digital design and physical modular reality in addressing diverse
client requirements. Researchers rarely pay attention to client
needs in consideration in the BIM for modular building, their fo-
cus is mostly on the manufacturing and fabrication phases. Lu
and Korman (2010) highlight the improved interoperability of BIM
applications, which improves integrated building design and in-
tegrated project delivery. According to the authors, BIM simpli-
fies modular construction by enabling seamless digital design-to-
fabrication workflows across disciplines. Nonetheless, challenges
remain, such as the need for standardized BIM models and inter-
operability among various BIM software platforms. To encourage
the design and construction of mid-rise modular buildings, Xiao
and Watson (2019) propose an information framework and sup-
porting infrastructure. According to the authors, BIM can improve
the efficiency and quality of modular construction. However, the
authors do not emphasize the need for client needs considera-
tion in the mid-high-rise buildings. Gbadamosi et al. (2020) inte-
grate BIM, DfMA, and big data to propose Big Data Design Options
Repository (BIG-DOR), a solution that aims to connect BIM clients
with manufacturers/suppliers by providing critical data such as
prefabricated component costs and production lead times. This
integration has resulted in the creation of a design alternatives
assessment system, which has increased the use of offsite con-
struction methodologies. However, the design option repository
was not developed by preliminary surveying various client needs
and creating BIM models based on those needs. The various design
alternatives may not be suitable to the requirement of client for
modular building design. Nonetheless, the design option reposi-
tory was not established by first exploring various client require-
ments and then creating BIM models tailored to these needs. As
a result, the variety of design options available may not corre-
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spond to the specific requirements of clients for modular building
design. Gan (2022) proposed a BIM-based graph data model for
the automatic generative design of modular buildings, claiming
that the model can generate modular building designs based on
user-defined parameters. The graph model was built with a focus
on modular building design requirements, with client preferences
primarily influencing mass plan development based on specific
site conditions. However, critical client needs such as floor plans,
interior layouts, and other structural considerations, which fre-
quently drive design changes in later phases, were overlooked. As
a result, designs generated by the graph model typically include
a mass model that corresponds to client preferences, while other
details frequently remain unaligned.

The integration of BIM and modular construction has enor-
mous potential for meeting client needs, but it necessitates metic-
ulous attention to detail and a client-centered approach. Current
research frequently overlooks client needs during BIM modeling,
instead focusing on the manufacturing and fabrication phases.
The BIG-DOR system, e.g., aims to improve offsite construction
methodologies but lacks deep client-centric customization. Simi-
larly, the BIM-based graph data model focuses primarily on mass
plans, ignoring critical interior layouts and structural considera-
tions important to clients. In the BIM modeling phase, a compre-
hensive and client-oriented approach is required to align digital
precision with client needs in modular construction.

2.3. Architectural design customization through
generative algorithms and NLP

A machine learning system draws conclusions from patterns in
data and changes its behavior based on the inferences (Alzubi
et al., 2018). In today’s era, machine learning techniques have
found widespread and diverse applications. The AEC industry ex-
tensively employs machine learning algorithms in various do-
mains (Yu et al, 2022). On of the earliest examples of machine
learning in construction industry is the use of neural networks in
1989 for the design of steel beams (Adeli, 2001). Since then, ma-
chine learning has been utilized for various purposes such cost
prediction (Wilmot & Mei, 2005), construction management (Her-
avi & Eslamdoost, 2015), and safety and risk assessment (Li et al.,
2020). For design customization, Bianconi et al. (2019) used ad-
vanced techniques such as parametric modeling and generative
adversarial networks (GANSs). Their approach includes the devel-
opment of a web-based catalog capable of generating multiple
design options for individual houses. This methodology not only
improves critical elements such as functionality, aesthetics, and
cost-efficiency, but it also allows architects and clients to work
in a more seamless and collaborative manner. However, the in-
corporation of client preferences occurred only after the architect
had chosen a specific design alternative for further detailed devel-
opment which makes the design alternative proposed by genera-
tive design algorithms to be not in compliance with client needs.
Another study investigates how Markov decision process (MDP)
can be used to improve architectural design processes (Karan &
Asadi, 2019). To incorporate subjective data into the architectural
design process, the study employs a standard window design ex-
periment based on a design-review-feedback strategy. The MDP
algorithm is used in the study to model a window design experi-
ment as a sequential decision problem, yielding favorable results
in terms of client satisfaction. However, as stated by the author,
the designs proposed by the MDP model may not always align with
the client’s preferences. So, there is a need to apply Al to design
challenges with a greater number of clients needing parameters.

Merrell et al. (2010) propose an automated method for generating
building layouts for computer graphics applications by combining
high-level requirements with a Bayesian network trained on real-
world data. Based on the architectural program, stochastic opti-
mization is used to generate floor plans, which are then used to
build detailed 3D buildings with internal structures. The method
is demonstrated using a variety of computer-generated buildings,
and it was concluded that it is capable of producing effective ap-
plications for collaborative building layout creation. However, it
does not take into account the wide range of site-specific and
client-specific factors that architects do which makes the gener-
ated layout not in compliance with the client needs.

Given that client requirements are mostly communicated
through natural language, direct integration into Al-based design
processes is difficult. As a result, incorporating NLP into building
design systems becomes critical, allowing the translation of com-
plex client language into a format compatible with Al technolo-
gies. NLP has found applications in the AEC sector for tasks such
as extracting requirements from construction contracts (Hassan
& Le, 2020), categorizing requirements in design-build contracts
(Ul Hassan et al.,, 2020), design rule checking (Song et al., 2020),
and automating the evaluation of construction specifications us-
ing WorD2vVEC word embedding (Moon et al., 2021). Word embed-
dings serve as a fundamental step in the field of design and ar-
chitecture, significantly enhancing our ability to understand and
process language within the context of various NLP tasks. These
potent word representation techniques convert textual informa-
tion into dense vector spaces, capturing semantic relationships
and contextual nuances between words (Ayyadevara, 2018).

The integration of generative Al, particularly ChatGPT, into the
architectural design process signifies a transformative shift to-
wards a more efficient and collaborative design workflow. This
shift is evident in the use of ChatGPT to diverge ideas during
the planning stage of architectural design, proposing a novel
concept-making method that combines generative Al with tra-
ditional thinking methods, such as the fishbone diagram, to en-
hance creativity and initial design generation (Maeda et al., 2023).
Moreover, the employment of generative Al-powered parametric
modeling and BIM further demonstrates the potential of Chat-
GPT in facilitating rapid exploration of design ideas and producing
context-sensitive, creative design generation (Ko et al.,, 2023). On
the other hand, the consideration of client needs in architectural
design remains a critical aspect, with methodologies like architec-
tural programming aiming to discover the formal potentialities of
sites based on client and expert goals (Al-Shaljia & Al-Dabbaghb,
2022). Such considerations ensure the alignment of architectural
designs with client expectations and the fulfillment of user needs,
underpinning the essence of a client-centric approach in architec-
tural practice. Collectively, these insights underscore the evolving
synergy between Al technologies and architectural design, em-
phasizing the importance of both innovative Al applications and
a deep understanding of client needs in creating responsive and
sustainable architectural solutions.

3. Research Methodology

This research develops an AI-BIM RS designed to analyze client
preferences and provides personalized recommendations through
four steps: data acquisition and processing, BIM database cre-
ation, recommendation logic development, and validation. In the
data acquisition and processing step, client needs have been col-
lected via survey and subjected to LDA-based topic modeling to
identify prevalent client needs. In the BIM database creation step,
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Figure 1: Procedural framework and flowchart.
Table 1: Content of the questionnaire.
Question Example answers
Please provide your age 20, 30, 40, 50
Specify the intended occupants of the envisioned residence Individuals living singly, Married individuals, Married individuals with children,
Professional

Describe the space configuration of your dream house

Identify 3 to 5 essential features of dream house

3 Bedrooms, 1 guesthouse, 1 living room with floor-to-ceiling glass windows;
Bathrooms connected to each room; Kitchen with island; Rooftop patio

1. Rooftop patio

2. Extended room

3. Kitchen island

4. Be sure to include rooms that can be accessed from inside or outside the home

5. There should be a full glass window on one side of the living room

BIM models reflecting these typical needs have been created, and
BIM database has been established based on designed schema to
store and manage the BIM models. In the recommendation system
development step, this research first employs WORD2VEC modeling
to process the identified needs into vectors, which are machine-
readable. As core of recommendation system, the recommenda-
tion logic has been formulated by leveraging cosine and Euclidean
similarity functions to provide recommendations from the BIM
database according to vectors of client needs. To ensure an easy-
to-use user experience, the user interface (Ul) has been devel-
oped to enable clients to input their needs for housing and receive
corresponding recommendations from the logic. In the validation
step, the reliability of the recommendation system has been vali-
dated using the sensitivity analysis, focusing on recommendation
logic. Figure 1 depicts the overview of research methodology. The
details of each step will be discussed in the following subsections.

3.1. Data acquisition and processing

A thorough comprehension of the preferred architectural at-
tributes for homes among different clients underlies this research.

To achieve this, our study employed a qualitative survey method
to gain an in-depth understanding of the multifaceted prefer-
ences, requirements, and aspirations of clients regarding resi-
dential spaces. The 586 respondents represent clients and future
clients who are interested in building a house in South Korea, en-
suring a diverse pool of participants. They answered the open-
ended questions on housing features such as type of resident, spa-
tial configuration and layout, and any essential special features
as shown in Table 1. The survey was conducted online, making
it accessible to anyone interested in home construction or build-
ing a house. To enrich the surveyed dataset, web crawling tech-
niques were employed, specifically targeting the housing sector
needs of clients. This approach promotes diversity and inclusiv-
ity among participants from various geographic locations and so-
cloeconomic backgrounds, thereby ensuring a comprehensive and
diverse dataset.

The gathered client responses in Korean from have been exam-
ined to identify the most significant patterns and trends in hous-
ing needs. To accomplish this, this research has employed a topic
modeling process on the survey data. Topic modeling is a natu-
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ral language processing technique utilized to reveal predominant
topics and main themes within text collections. From the array of
widely used topic modeling algorithms, we selected LDA, which
is specifically designed for textual data, demonstrating its effi-
cacy in discovering hidden themes within extensive text corpora.
LDA’s ability to handle multidimensional text data could facili-
tate the identification of key characteristics and essential require-
ments that are widespread in the realm of housing preferences.
For LDA-based topic modeling, this research utilized Gensim li-
brary in Python. The pseudo-code 1 for the LDA topic modeling
which highlights the preprocessing and visualization techniques
is provided below:.

Pseudo-code 1: LDA topic modeling of client need surveyed data.
Import necessary libraries
Read data from excel file into sentences
Clean and preprocess text in sentences
Function text_cleaning (txt):

Remove non-ASCII characters, convert to lowercase, replace textual
numbers

Remove special characters and multiple spaces

Return cleaned text
Apply text_cleaning function to each row in sentences [“content”]
Remove stopwords from cleaned text
Tokenize and lemmatize the text
Generate bigrams and trigrams from lemmatized text
Create a dictionary and doc-term matrix using TF-IDF Model
Train an LDA model with 9 topics
Compute perplexity and coherence score for the LDA model
Visualize topics using WordCloud and pyLDAvis

3.2. BIM database creation

In this research, BIM data serve as a digital representation of
client housing needs and as a means for providing design option
recommendations. In BIM-based projects, architects and design-
ers collaborate to create comprehensive BIM models tailored to
specific client requirements. The client needs identified through
LDA topic modeling were used as parameters of BIM models. The
primary goal of developing BIM models in this study is to en-
capsulate and represent client-specific housing needs in a digital
format. BIM models serve as dynamic and comprehensive infor-
mation repositories, facilitating the seamless integration of client
requirements into the design process. We ensure accuracy and ef-
ficiency in collaboratively creating detailed BIM models by using
AUTODESK REVIT, thereby improving the overall design process.

For the effective storage and management of BIM model data,
this research has established a local database to house BIM mod-
els, their rendered pictures, and IFC files. The parameters of the
BIM models are represented in a spreadsheet structure. The Ex-
cel database structures data into rows and columns, with each
row representing an entry and columns defining attributes, such
as ID, area total, number of rooms. This database contains 34 en-
tries, and it has been saved as a CSV file for web API use. This file
is then read and processed by a Python backend for the web APL
This enables us to receive requests and offer recommendations
based on the CSV data, responding with suggested BIM models or
relevant information as per API request parameters.

A database schema has been logically designed to centralize
important BIM model details within the BIM_Models table, ensur-
ing a standardized format while allowing for model-specific flexi-

bility. The computations of the recommendation system are built
on top of this schema. The data schema simultaneously stores
the metadata that is necessary for design recommendations. This
coordinated method makes it possible to retrieve designs quickly
and make insightful user recommendations.

3.3. Recommendation logic development
3.3.1. Word2vec model training

The choice of WorD2VEC was driven by its balance of simplicity,
efficiency, and effective capture of semantic word relationships,
fitting our system'’s initial design requirements. The prevalent
WOoRD2VEC models, CBOW (Continuous Bag of Words) and skip-
gram, complement each other, with CBOW capturing broad text
topics and skip-gram revealing finer word relationships by pre-
dicting target words based on context words. In domain-specific
applications with divergent technical vocabularies, pre-trained
models struggle due to variation in word frequency distribution
and a lack of domain-specific vocabulary. To address this, it is
critical to train WorD2vEC with domain-specific knowledge. The
refinement process with the GloVe dataset incorporated domain-
specific knowledge, including architectural terminology and client
preference language, making the model more attuned to the nu-
ances of modular housing design. In this research, transfer learn-
ing has been employed to refine a pre-trained model using hous-
ing survey data due to the limited size of the collected house spec-
ification corpus. Preprocessing the collected dataset to align with
the GloVe Twitter dataset’s format (Pennington et al., 2014), specif-
ically utilizing its 25-dimensional vector representations, is re-
quired for this approach. The GloVe Twitter dataset, derived from 2
billion tweets, provides a nuanced understanding of word seman-
tics in the context of Twitter conversations. The process flow for
training the WorD2vEC model and processing the surveyed text is
depicted in Fig. 2.

The WorD2vEC model architecture used in this study is de-
picted in Fig. 3, emphasizing the importance of data transforma-
tion. The model uses a fixed number of tokens for each input
and includes an input layer with four nodes representing context
words. This layer connects to a hidden layer of 100 nodes, which
then connects to the output layer via the SoftMax function. The
model’s simplicity ensures lower computational complexity, while
the appropriately sized hidden layer captures word similarity in-
formation effectively.

Preprocessing

The Korean dataset preprocessing begins with spell checking us-
ing the KoNLPy library. The dataset is then translated into English
with the help of Argos-translate, an open-source offline transla-
tion library. The decision to translate the dataset from Korean to
English prior to applying WorD2VEC, was driven by several con-
siderations. Firstly, the GloVe model, which played a pivotal role
in refining our WorD2vEC embeddings, offers a rich, pre-trained
dataset based primarily on English language sources. The use of
this comprehensive English-based dataset allowed us to leverage
a wide array of semantic relationships and nuanced language pat-
terns that are extensively documented and understood within the
context of English language research. Moreover, our system aims
to serve a broad audience, including stakeholders who might in-
teract with the system in English. Translating the data into En-
glish enabled us to create a model that is not only informed by
the deep semantic insights available in English NLP resources but
is also more accessible to a diverse user base. The pseudo-code 2
for the data preprocessing procedure is provided next.
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Pseudo-code 2: Textual data preprocessing.
Step 1: Spell Checking and Grammar Correction
function perform_spell_and_grammar_check(dataset):
corrected_dataset = KoNLPy_spell_check(dataset)
return corrected_dataset
Step 2: Translation to English
function translate_to_english(dataset):
translated_dataset = Argos-translate (dataset, source-language =
“Korean,” target_language = “English”)
return translated_dataset
Step 3: Main Preprocessing Function
function preprocess_data(raw_dataset):
Step 1: Spell Checking and Grammar Correction
dataset_after_spell check =
perform_spell_and_grammar_check(raw_dataset)
Step 2: Translation to English
dataset_in_english = translate_to_english(dataset_after_spell_check)
return dataset_in_english

Pre-trained model refinement through transfer learning

WORD2VEC, a three-layer neural network, uses CBOW and skip-
gram approaches to transform words into semantic feature vec-
tors (Nicholson, 2023), aiding NLP tasks by capturing contextual
relationships. The CBOW architecture (Qiu et al.,, 2020), depicted
with a window size of 4, incorporates context words in the input
layer ranging from w(t — 2) to w(t + 2), while capturing seman-
tic links in the hidden layer. Target word prediction in the out-
put layer enables numerical word representations. Figure 4 de-

E Preprocessing

H Spell Checking

i Translation

i Data transformation

Client needs corpus
obtained through survey

Figure 2: WORD2VEC training.
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Figure 4: Depiction of token prediction using WORD2VEC.

picts the core concept of the CBOW WoRD2VEC model used in this
study, demonstrating its ability to predict related terms from con-
text words. The mathematical foundations of Word2ve lies in the
probability of predicting the target word given context words is
calculated by the SoftMax expression (Mikolov et al., (2013).).

The process from translating client input to enhancing our
design recommendation system involves a meticulous process
where the translated English text, initially segmented into sen-
tences for simplicity, undergoes pre-training with the GloVe
model. This step is pivotal as it leverages the rich semantic land-
scape of the GloVe dataset, renowned for its deep understand-
ing of the English language gleaned from extensive social media
data. By arranging the translated sentences in a structured format
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Figure 3: Architecture of WorD2vEC (modified from Yilmaz & Toklu, 2020).
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Figure 5: WorRD2VEC trained model training flowchart.

suitable for WoRD2VEC processing, each sentence is methodically
fed into the model. Here, WoRD2VEC’s neural network architecture
springs into action, generating word embeddings that capture the
nuanced meanings of words based on their contextual relation-
ships within the corpus. This semantic information, encoded into
high-dimensional vectors, is further refined with the GloVe Twit-
ter 25d dataset, enriching our model’s grasp of informal and col-
loquial expressions related to housing. The culmination of this
training is a model file in the GloVe format, a compact repository
of linguistic knowledge that our system utilizes to interpret client
inputs accurately.

The pseudo-code 3 underlying the recommendation process
powered by WORD2VEC-trained model is provided below. This
pseudo-code outlines the logical steps involved in analyzing
client input, from initial processing to the generation of design
recommendations. Furthermore, Fig. 5 visually illustrates the
refinement process of our model using the GloVe Twitter 25d
dataset, providing a graphical representation of how the pre-
training enriches our model’s semantic capabilities. Through
these methodological steps, our study harnesses NLP techniques
to transform client inputs into actionable design insights, paving
the way for a more intuitive, responsive, and client-centric
architectural design process.

Pseudo-code 3: WorD2VEC-based recommendations.
Prompt the user for input
Read and store the user input as “user_input”
Apply NLP processing:
- Spell correction
- Grammar correction
- Argos translation
- Token finding using predefined criteria
- If token finding using predefined criteria fails:
- Token finding using WORD2VEC synonyms
Recommend the output
- if valid numeric value is found:
- Display numeric value in green
- else:
- Display error message in red

3.3.2. Similarity measurement

The use of cosine and Euclidean similarity functions in RS enables
effective matching of specific client needs with appropriate build-
ingmodels. The cosine similarity calculates the cosine of the angle

between two non-zero vectors, yielding a numeric value that rep-
resents the similarity between the client needs and the features
of the building models. A closer match is indicated by a higher
cosine similarity. Similarly, Euclidean similarity determines the
similarity between the client needs and the BIM model features
by calculating the straight-line distance between two points in a
multidimensional space. Euclidean similarity is effective for com-
paring quantitative attributes, such as spatial dimensions, offer-
ing a straightforward way to find designs closely matching nu-
merical client requirements. Cosine similarity, in contrast, excels
in assessing semantic alignment between client preferences and
design descriptions, focusing on the directionality of preferences
rather than magnitude. This dual approach allows our system to
accurately identify designs that are not only close to numerical
specifications but also aligned in thematic or conceptual similar-
ity with client requests. The system compares the client input
needs (transformed into vectors) with the features of available
BIM models to provide recommendations.

In this research, a recommendation logic has been formu-
lated to generate a list of design options based on user input
needs, which have been transformed into individual variables us-
ing WorD2VEC. These designs options are identified via database
filtering techniques and evaluated through user input. The RS
utilized two scoring functions for recommending design choices.
Firstly, it uses the Euclidean distance to score, sort the database,
and provide the two best design choices. Subsequently, the RS uses
cosine similarity to order the database and yield the final design
option. These two metrics are employed to mitigate the limita-
tion of scoring function. The Euclidean distance yields a good rec-
ommendation when the user input vector is outside the different
clusters present in the database, while cosine similarity produces
decent results when the user input is inside near to the cluster
centroids.

The scoring criterion, which is presented for Euclidean dis-
tance, establishes a score normalization procedure that can be
used for other metrics. The normalization procedure ensures that
the scores from each metric are mutually compatible. This nor-
malization provides an easy metric for judging the resultant de-
sign based on user input.

The distance metric computes a distance score for all models
in the database based on their distance from user input. Following
the score evaluation, the score for each model is normalized.

The normalization maps the score values to a range between
0 and 1, which is displayed in output of recommendation result.
Consequently, the top three designs with minimum distance from
user requirements are presented as outcome of recommendation
logic.

3.3.3. UI for recommendation system

The Ul of the recommendation needs to empower users to input
their requirements through a text form, directing them to design
recommendations in accordance with their specified needs. De-
veloped with the Vue.js JavaScript framework, the Ul is enriched
by CSS and HTML code to imbue the interface with a customized
design.

Aweb based IFC viewer was created for this study in order to vi-
sualize the suggested designs. The Three.js package is used for 3D
rendering in the IFC viewer, while IFC.js is integrated for IFC file
processing. The web application is constructed with a front-end
technological stack that consists of HTML, CSS, and JavaScript;
JavaScript is used as the main programming language. Through
an intuitive web interface, this viewer enables users to interac-
tively explore and evaluate the suggested architectural concepts.
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Figure 6: Visual representation of LDA topic modeling.

3.4. Validation

This research employs sensitivity analysis to validate the devel-
oped recommendation system, with a specific focus on the weigh-
tage scoring metrics (Euclidean and cosine similarity metrics)
within recommendation logic. The aim of this analysis is to as-
sess the RS responsiveness to variations in these metrics, ensur-
ing the reliability and robustness of the recommendation algo-
rithms. The weightage scoring metrics undergo fine-tuning and
validation using both cosine and Euclidean similarity functions,
which are critical for determining the relevance of recommended
designs. A sensitivity analysis is conducted to evaluate the extent
to which one user input influences the outcome compared with
another user input and to evaluate the effectiveness of the em-
ployed scoring metrics. To determine the effect of three user in-
puts on the scoring metric d the effect of each variable on the
output can be considered by computing partial derivatives. The
effect of user input, us,uz, and us on the recommendation result
is given by equations (1) and (2) with respect to us,uy, and us.

Wi (e —w) (1)
% Wy (X2 — u)

d
m WX =) @)
24 w3 (x3 — us)’

Sensitivity analysis entails a systematic adjustment of weigh-
tage values to observe their impact on the RS output. This pro-
cess provides opportunities to identify optimal weightage combi-
nations that resulted in more accurate and relevant suggestions
for users by assessing how changes in these metrics influenced
the recommendations.

meal_room

Overall term frequency
I Estimated term frequency within the selected topic

1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)ip(t)}] for topics t. see Chuang et. al (2012}
2. relevance(term w | topic 1) = A * p(w | 1) + (1 - A) * piw | tVp(w), see Sieverl & Shirley (2014)

4. Implementation of Al and BIM-based RS

4.1. Client needs for housing buildings

A total of 586 respondents participated in the questionnaire sur-
vey, contributing an average of three sentences each, resulting
in a total of 1758 sentences directly collected through the ques-
tionnaire. Additional 1000 sentences were collected using the key-
word “housing” using web crawling. These sentences, derived from
forums, articles, and blogs on housing and architectural design,
complement the direct survey responses by incorporating broader
public discourse on modular housing preferences and trends. The
reason for additional textual data was to enhance the dataset’s di-
versity and comprehensiveness, ensuring it captures a wide spec-
trum of housing preferences and reflects broader public discourse.
This method was employed particularly because the question-
naire survey’s reach might have been potentially limited to par-
ticipants from only a few nations. By incorporating insights from
global online forums, articles, and blogs on housing, we aimed
to mitigate geographic biases in the survey responses, thereby
enriching our understanding of housing trends across different
regions. Following data collection, various cleaning procedures,
such as spell-checking and the removal of irrelevant content, were
carried out. Following these steps, the dataset was refined to a fi-
nal set of 2500 sentences for further analysis.

An LDA topic modeling was performed on the surveyed data
and the results are shown graphically in Fig. 6. The complete
dataset was divided into nine separate subjects for this research,
each of which contained a different thematic cluster. A crucial
step was determining the optimal number of topics to ensure the
model’s effectiveness and accuracy. This decision was based on a
comprehensive approach of quantitative evaluation. Initially, we
utilized the coherence score, a metric that quantifies the seman-
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Figure 7: Word cloud depicting LDA topics.

tic similarity among the top words within each topic, to evaluate
the model’s performance across a range of topics from 5 to 15.
This metric served as a guide to identify the number of topics
that maximizes coherence, indicating a more interpretable and
meaningful topic structure. Our analysis revealed that a model
configured with nine topics achieved a balance, offering high co-
herence without oversimplifying or excessively fragmenting the
themes present in the data.

These nine subjects were further broken down into 30 pertinent
terms that stood out clearly in the context of that topic. These
carefully chosen terms represent the user demands that have
been identified in the field of residential design. These phrases
were successfully found because they effectively capture the key
characteristics and preferences that direct consumers’ desires for
residential spaces by embodying a detailed awareness of their re-
quirements.

Figure 7 shows a word cloud depiction of the LDA themes, with
each word’s size directly corresponding to how frequently it ap-
pears in that topic. The most common terms connected to each
topic are dynamically captured in this graphical depiction. The
predominance of larger-sized words in the analysis indicates the
recurring importance of specific features and spaces that clients
consistently prioritize in their residential dwellings. This observa-
tion emphasizes the critical importance of incorporating identi-
fied client requirements into all building BIM models. Incorporat-
ing these key elements determined by client preferences ensures
that residential designs are aligned with the specific needs and de-
sires of residents, thereby improving overall satisfaction and per-
sonalization of living spaces.

Table 2 presents a summary of the consolidated results of
LDA analysis, categorizing essential client needs. This compila-
tion serves as a thorough reference, demonstrating the precise
mapping between these requirements and relevant BIM model
parameters. The table provides a systematic and structured view
on the complex relationship between specific client requirements
and the elements of BIM.

4.2. BIM database for client needs

To accurately convert client needs into coherent BIMs, the ques-
tionnaire’s second question plays a crucial role by categorizing
standard design layouts into various types according to the oc-
cupant type of a house. This differentiation is essential, as it re-
flects the understanding that houses designed for different occu-
pant types necessitate distinct facilities. For instance, a house in-
tended for a couple with children would include separate rooms
for the children, a feature not required in homes for single indi-
viduals or couples without children. Leveraging this insight, we
meticulously integrated client needs into floor plan layouts tai-
lored to various occupant types. These layouts underwent further
revisions by architects and designers to ensure clarity and align-
ment with client specifications, thereby ensuring BIMs accurately
reflect the specific requirements and preferences of its intended
occupants.

Using the user needs identified in the housing survey process-
ing, a total of 34 detailed BIM models were created. These models
encompassed both single-story and two-story residential config-
urations, reflecting the survey respondents’ diverse architectural
preferences. The built models had a variety of floor areas ranging
from 15 to 150 m?, capturing the various spatial requirements ar-
ticulated by the survey participants. Several types of BIMs were
created using AUTODESK REVIT, covering a wide range of architec-
tural configurations such as different roof types (flat or gable) and
floor plan layouts. These models varied in size, taking into account
both total area and number of floors, ensuring an accurate repre-
sentation of various residential architectural styles. A systematic
naming convention, as illustrated in Fig. 8, has been established
for all BIMs. This convention is grounded in the design concept
and the specific properties of the floor plan layout.

Table 3 depicts the mapping between specific client needs and
the corresponding BIM parameters for various house building
models, providing an overview of how BIM parameters are used
to meet various client needs.
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ID Client needs Categories BIM model parameters Examples

1 Area Structural aspects Floor area 1485.8 m?

2 Number of floors Number of floors 2 floors

3 Rooftop Roof type Flat roof

4 Roof type Rooftop area Rooftop garden

5 South facing house Orientation (south) Living spaces facing south direction

6 Living room Interior design Living room area 1 living room (27.9 m?)

7 Attic Attic space Converted attic space

8  Veranda Veranda area 9.3 m?

9 Kitchen Kitchen area 1 kitchen (13.9 m?)

10  Toilet Number of toilets, toilet area 2 toilets (2.3 m? each)

11  Bathroom Number of bathrooms, bathroom area 2 bathrooms (7.4 m? each)

12 Terrace Terrace area 11.1 m?

13 Balcony Balcony area 5.6 m?

14  Multipurpose room Multipurpose room area 1 MP room (18.6 m?)

15  Bedroom Number of bedrooms, bedroom area 3 bedrooms (18.6 m? each)

16  Master bedroom Number of master bedroom and its area 1 master bedroom (23.2 m?)

17 Dressing room Dressing room area Walk-in closet

18  Library Library area 1 library (13.9 m?)

19  Dining room Dining room area 1 dining room (11.1 m?)

20  Storage room Number of storage rooms, storage room 2 storage rooms (6.7 m? each)

area

21  Kitchen island Island dimensions, island area 1.2m x 0.8m, 0.96 m?

22 High ceiling Architectural features Ceiling height High ceiling (yes/no) (3.7 m)

23 Glass windows in living Number of windows, window height 4 windows panels (3.2 m? each)
room

24 Living room and kitchen Floor plan configuration Open space area (living room & kitchen) Open concept living and kitchen
together space

25  Garden/yard Garden/yard area Backyard garden with lawn

26  Parking garage Parking capacity, parking area Double-car garage, 35.8 m?

1. Standard Design concept

1) CNK: Couple No Kids House
2) CWK: Couple with Kids House
3) PRS: PRofessional Single

4) PRD: PRofessional Double [

5) SHH: Single Share House
6) OTS: OTherS
7) EXT: EXTended

4. Mirroring the floor plan

MV: Mirror Vertical

CWK-§I-MH-10

3. Design Rotation

MH: Mirror Horizontal

MX: Mirror X *Mirrored both

horizontally and vertically

(Rotate) Rx *Rotation Count

2. Design Number (01,02, 03,...) |

Figure 8: Unique IDs for building models.

Figure 9 illustrates the development of diverse floor plan lay-
outs for BIM models by integrating various client needs into the
design.

The level of development (LOD) for the BIM models was metic-
ulously maintained at LOD300, indicating a high level of detail-
ing and accuracy in the geometric and non-geometric informa-
tion within the model. Additionally, modularity was given top pri-
ority when developing these BIM models from conception to com-
pletion. The models were simultaneously converted into IFC files,
maintaining architectural information for database integration.
This two-step technique integrates visual appeal and data-driven
functionality, supporting user interaction and architectural un-
derstanding in the recommendation system. Figure 10 depicts the
floor plan layouts of two distinct BIM designs, emphasizing the
adoption of modularity in each layout. The figure also includes
the corresponding 3D views of these layouts.

The modularity concept in this research was meticulously de-
veloped through a combination of industry collaboration with

00 *Existing, 1,2, 3
*Rotate order clockwise and @
Number of derivatives

* 5. Derivative Numbers

M3 Systems, a Korean based modular construction company and
an in-depth analysis of modular housing production constraints,
such as module sizes and panel dimensions, provided by manu-
facturer from the same company. This approach ensures that the
methodology is grounded in practical, real-world considerations,
makingit applicable and replicable across various contexts within
the modular housing industry.

In the implementation of design RS, authors utilized a re-
lational database management system (RDBMS) that is hosted
within our local computational environment. This local hosting
approach was chosen to facilitate direct control over the database
and to simplify the process of integrating the database with our
system’s architecture. The relational model of the database allows
for structured and efficient querying of design options, based on
attributes derived from client input and preferences as analyzed
by our NLP components. For the purposes of our research and the
development of the RS, we employed a RDBMS that could be op-
erated locally. A RDBMS like MySQL serves as a fitting example of
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Table 3: Mapping of client needs to building models.

Building model unique ID ID of client needs included in building model from Table 2

CNK-01-00-00 1,2,3,6,9, 10, 11, 14, 15, 16, 19, 22, 23, 2
CNK-02-00-00 1,2,3,6,9,10, 11, 14, 15, 16, 18, 19, 22, 23, 24
CNK-03-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24
CNK-04-00-00 1,2,3,6,9,10, 11, 15, 16, 19, 22, 23, 24
CNK-05-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24
CNK-06-00-00 1,2,3,6,9,10, 11, 15, 16, 19, 22, 23, 24
CNK-07-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24
CNK-08-00-00 1,2,3,6,9,10, 11, 15, 16, 19, 22, 23, 24
CNK-09-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24
CNK-10-00-00 1,2,3,6,9,10, 11, 16, 19, 22, 23, 24
CWK-01-00-00 1,2,3,6,9,10, 11, 15, 16, 19, 22, 23, 24, 25
CWEK-02-00-00 1,2,3,6,9,10, 11, 15, 16, 18, 19, 22, 23, 24, 25
CWK-03-00-00 1,2,3,6,9,10,11, 15, 16, 18, 19, 22, 23, 24, 25
CWEK-04-00-00 1,2,3,6,9,10, 11, 15, 16, 18, 19, 22, 23, 24, 25
CWEK-05-00-00 1,2,3,6,9,10, 11, 15, 16, 18, 19, 23, 24, 25
CWEK-06-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 23, 24, 25
CWK-07-00-00 1,2,3,6,9,10,11, 15, 16, 18, 19, 22, 23, 24, 25
CWEK-08-00-00 1,2,3,6,9,10,11, 15, 16, 18, 19, 22, 23, 24, 25
CWEK-09-00-00 1,2,3,6,9, 10,11, 15, 16, 18, 19, 22, 23, 24, 25
CWEK-10-00-00 1,2,3,6,9, 10, 11, 15, 16, 18, 19, 22, 23, 24, 25
PRO-01-00-00 1,2,3,6,9,10,11, 15, 16, 18, 19, 22, 23, 24, 25
PRO-02-00-00 1,2,3,6,9,10,11, 15, 16, 18, 19, 22, 23, 24, 25
PRO-03-00-00 1,2,3,6,9,10, 11, 15, 16, 19, 22, 23, 24, 25
PRO-04-00-00 1,2,3,6,9,10, 11, 15, 16, 19, 22, 23, 24, 25
PRO-05-00-00 1,2,3,6,9,10,11, 15, 16, 18, 19, 22, 23, 24, 25
PRO-06-00-00 1,2,3,6,9,10, 11, 15, 16, 19, 22, 23, 24, 25
PRO-07-00-00 1,2,3,6,9,10,11, 15, 16, 18, 19, 22, 23, 24, 25
PRO-08-00-00 1,2,3,6,9,10,11, 15, 16, 18, 19, 22, 23, 24, 25
SHH-01-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24
SHH-02-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24
SHH-03-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24
SHH-04-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24
SHH-05-00-00 1,2,3,6,9, 10,11, 15, 16, 19, 22, 23, 24
SHH-06-00-00 1,2,3,6,9, 10, 11, 15, 16, 19, 22, 23, 24

CNK-01-XX-XX CWK-02-XX-XX
Gross floor Area — 99.42m' (30.07PY)
Giross floor Arca 90 86M' (27.49PY)
Enirance Direction  East
Entrance Direction  Nerth Direction Housing Type Linear Shape
Housing Type Line Type Detail Type | LDK horizontally coupled
Detail Type | LDK vertical combined Detail Type 2 LDK centralized
Detail Type 2 LDK Centralized Number of
. "m“": entrall i 2 Bedroom
umber of
2
Bedrooms ik} 3 Bathroom
Bathrooms
Number of First floor Plan
Bathrooms = Number of flooes 2 story.
Number of floofs  Single story Remarks No bedroom on first floor
I8 N B
_I L

Haz

Second Floor Plan

CNK-02-XX-XX PRD-01-XX-XX
Gross floor Ara  99.87m' (30.07PY) Gross floor Area S1.18m' (15.48PY)
Entrance Direction East Entrance Direction  East
Housing Type Line shaped Housing Type Lincar Shape
Detail Type | E;m?":;““’ Detail Type | LDK Vertically couplod
i Detail Type 2 LDK centralized
Detail Type 2 LDK Centralized N
Number of § Bedrooms sl
Badmoms Number of i
Number of § First floor Plan Bathrooms ailiroam First Floor
Bathrooms Number of floors  Single Story

Number of flooes 2 story

Second Floor Plan 3D view

Figure 9: Client needs based floor plan layout design for BIM modeling.
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Figure 10: BIM models: Modular floor plans and 3D views combined.

the database technology appropriate for this application, yet the
architecture of our system is adaptable, allowing for the selection
of particular RDBMS platforms depending on their availability and
performance criteria.

Figure 11a and b visually represent the process followed for cre-
ating the database and the structured database schema, respec-
tively. The BIM_Models table in this schema contains the essen-
tial information about each BIM model, including the number of
rooms, bathrooms, floors, and styles. Images and IFC files were
separated into individual tables, Images table and IFC_Files table,
tomaintain data integrity and simplify updates. Clear linkages, es-
tablished via properties such as “Image_Path” and “IFC_File_Path”
ensured seamless connections between tables, facilitating effi-
cient data retrieval, and improving overall information organiza-
tion and accessibility. Information about the pictures connected
to each model is kept on the Images table. The BIM_Models table
“Image_Path” property would connect to the relevant entry in this
table. Information about the IFC files connected to each model
is kept in the IFC_Files Table. Like how photos link to specific
records, IFC_File_Path attribute in the BIM_Models table would do
the same.

4.3. AI-BIM RS

The AI-BIM RS interprets client input for specific design needs
using WorD2vVEC, an NLP technique. The system captures the
essence of client requirements by transforming textual descrip-
tions into semantic vectors. These vectors are then compared
using similarity functions to identify relevant design elements
within the BIM database. Using advanced algorithms, the sys-
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tem suggests design options that closely match the client’s in-
put, resulting in tailored and precise solutions. This integration of
WOoRD2VEC and similarity functions improves the system’s under-
standing of nuanced client preferences, revolutionizing how ar-
chitects and designers interact with BIM databases to create per-
sonalized and client-centered architectural designs.

4.3.1. System architecture

AI-BIM RS is the name given to the detached modular house de-
sign recommendation system developed in this paper. The sys-
tem consists of an UI for client requirements input in which the
client enters their requirement for house design in the form of text
and then submits it. The output page of the UI shows the recom-
mended three modular design alternatives with details such as
matching percentages of the client needs and design option and
also some parameters of that specific design. The text input of the
client is analyzed and read by the WorD2vVEC algorithm and then
using cosine and Euclidean similarity recommends the designs.
The system architecture of the AI-BIM RS can be seen in Fig. 12.

4.3.2. Trained Word2vec model

User inputs a text describing their specifications for the house.
The WoRD2VEC algorithm contains a list of important architec-
tural keywords or tokens relevant to the recommendation sys-
tem. These include words like “bedroom,” “kitchen”, “bathroom”,
and “balcony”. If tokens relevant to the recommendation systems
are found in the input text, the recommendation will present a
list of three design choices for a house. If the relevant tokens are
not found the program will generate semantically similar tokens
to the list of tokens present in the program. This step utilizes
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Figure 11: (a) Database creation process. (b) Visual representation of the structured database schema.
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Figure 12: System architecture of the AI-BIM RS.

WORD2VEC model to generate search through the text for newly
created tokens as shown in Fig. 13.

While terms like “bedroom,” “kitchen,” and “bathroom” repre-
sent fundamental components of a house, the specificity and thus
the real value of client needs emerges from the details surround-
ing these components. This includes not just the qualitative de-
scriptors of these spaces, such as size or sunlight exposure, but
also the quantitative aspects like the number of bedrooms, or
specific configurations such as a kitchen with an attached living
room.

4.3.3. Similarity measurement

The AI-BIM RS employs cosine and Euclidean similarity calcula-
tions exclusively between word embedding vectors representing
architectural features and client preferences. This approach en-

sures that the similarity measurements are grounded in semantic
relevance, enhancing the system’s capability to accurately match
client inputs with the most suitable design options from the BIM
database.

For instance, when a client specifies a need for “spacious liv-
ing areas with natural lighting”, the system uses WORD2VEC to
transform this requirement into a vector representation. This
vector is subsequently compared with vectors representing the
attributes of available designs in the BIM database. Cosine
similarity scores are calculated to identify designs whose fea-
tures are most semantically aligned with the client’s expressed
preferences.

Both Euclidean distance and cosine similarity are used to gen-
erate a sorted list of suitable design options. Among the three de-
sign options, the first two design choices are taken from the top
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Figure 13: WoRrD2VEC for similar word prediction.
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shower, a dressing room in the master bedroom, kitchen and living room are attached.

Figure 14: UI for the client requirement input.

two designs from Euclidean scoring whereas the last one is from
the best design according to cosine similarity.

4.3.4. System Ul

The Ul includes a user input homepage where the user or client
can express their housing needs by typing sentences into a text
box. Following submission of the input, the system processes the
data and generates three distinct design options. These recom-
mendations, along with details such as unique house IDs and the
percentage of match to the user’s needs, are displayed on another
webpage. Users can choose any model, which is then displayed in
a web-based 3D viewer. This viewer uses IFC files to display a 3D
representation of the building, allowing users to interactively vi-

sualize and explore the recommended designs. Figures 14 and 15
show the client text input and design recommendations output,
respectively. The text can be entered in English or Korean lan-
guage. In the case of Korean, the language is translated in the
backend to align it with algorithm.

As depicted in Fig. 15, the system recommends three distinct ar-
chitectural designs against the client’s specified needs. The most
suitable design achieved an alignment of 86.70% with the client’s
requirements, encompassing an area of 109 m?. To facilitate a
deeper exploration of this design, users are provided with a “sim-
ulation” button. This feature grants access to a web-based 3D de-
sign viewer platform, offering comprehensive details regarding
the design, as further illustrated in Fig. 16. This platform enables
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Please check the recommended designs and select the design you want.

©

Land information

2nd most suitable design (suitability 79.62%)
Area: 99 m2

1st place design in suitability (86.70% suitability)
Area: 109 m?

i

Figure 15: Ul for design recommendations result.

@ WAL

e s2a2

Figure 16: Web based design viewer.

users to thoroughly examine the architectural nuances and spec-
ifications of the recommended design.

A detailed visual analysis of Fig. 16 elucidates the layout’s
components, which comprise two bedrooms, a master bedroom
equipped with an en suite toilet and a dressing room, and an inter-
connected kitchen and living area. This configuration successfully
meets all the criteria stipulated in the initial request. Nonetheless,
it is important to note a deviation from the client’s preference for
a single-story layout. The recommended design does not conform
to this particular requirement due to the absence of single-story
structures within the database that meet the specified layout and

B et it

Design ranked 3rd in suitability (79.20%
suitability)
Area: 96 m2

]

space requirements. To address this discrepancy, the recommen-
dation was formulated based on the overall floor plan layout and
configuration. The proposed model is inherently modular, allow-
ing for adjustments to better align with client preferences. Specif-
ically, the removal of a module from the attic floor is suggested
as a viable solution to reconcile the design with the single-story
requirement. This approach underscores the flexibility and adapt-
ability of the recommended design to accommodate specific client
needs.

4.4, Validation

The sensitivity analysis performed provides crucial insights into
the dynamics of user inputs within the recommendation sys-
tem. It explains how differences in individual user preferences
(ul, u2, and u3) influence the overall recommendation outcome
when weighted factors (w1, w2, and w3) are considered as shown
in Fig. 17. These figures reveal the complex interplay between
user inputs, revealing whether changes in one preference have
a greater or lesser influence on the final recommendation than
changes in another.

Notably, when w1l = w2 = w3, the analysis reveals a scenario
in which all user inputs are given equal weight in determining
recommendations. This balanced impact is critical in developing
recommendation systems that provide fair and equitable design
recommendations, addressing client diverse and evolving needs
while remaining responsive to individual preferences.

The line graph in Fig. 18 illustrates the mean squared error
(MSE) for various weightage values, providing insights into how
changes in weights influence the accuracy of the recommenda-
tion system. Each point on the graph represents a different weigh-
tage configuration, showcasing the sensitivity of the system to dif-
ferent input weights. The MSE increases with the weightage value.
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Figure 18: Relationship between weightage value and MSE.

This is because the weightage value determines the importance
of each user input. When the weightage value is high, the model
will give more importance to that particular user input. This can
lead to a higher MSE, as the model may not be able to accurately
predict the user’s preference. This study gives each user input an
identical weight of one because of this. This equal weighting of
one is about equivalent to the middle value of all the weightages
that were examined.

5. Discussion

A client-needs-based recommendation system was developed us-
ing WorD2VEC and a BIM database, with the goal of improving the
architectural design decision-making process. The system gener-

(k)

ates design options for clients based on textual input and tai-
lors recommendations to their specific needs. The seamless in-
tegration of BIM data and WoRD2VEC embeddings demonstrates
the significance of combining advanced data analysis techniques
with architectural databases. WorD2VEC’s ability to convert tex-
tual client needs into numerical vectors enabled addressing the
gap between textual input, similarity metrices, and the quantita-
tive nature of BIM parameters, resulting in accurate and relevant
recommendations.

The proposed AI-BIM RS is primarily designed for architects,
designers, and clients in the modular housing sector, aiming to
seamlessly translate client requirements into personalized, fea-
sible modular home designs. Additionally, it serves construction
companies and modular home manufacturers by incorporating
DfMA principles, enhancing efficiency and client satisfaction in
the construction process.

The AEC sector currently lacks a recommendation system
which employs NLP to suggest designs based on client preferences
from databases. To underscore the effectiveness of AI-BIM RS, it
will be critically compared with a collaborative filtering-based RS
designed for 10T (internet of things) scenarios developed by Cui
Zhihua et al. (2020). AI-BIM RS excels in recommendation with its
WorD2vVEC model and BIM data integration, providing deep client
insights through natural language processing. The collaborative
filtering system, on the other hand, relies on clustering and at-
tenuation coefficients, putting nuanced client details at risk. In
terms of data utilization, the strength of the AI-BIM RS is its inte-
gration of both unstructured (natural language client needs) and
structured data (BIM data), allowing for a comprehensive under-
standing of user requirements and building characteristics. How-
ever, the collaborative filtering system focuses on user-item in-
teractions and temporal correlations, which may limit its under-
standing of the rich context provided by clients. In terms of scala-
bility and efficiency, the scalability of the AI-BIM RS is determined
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by the efficiency of natural language processing algorithms and
BIM data handling. With advancements in these areas, it could
handle large-scale datasets efficiently. The collaborative filtering
system parallelizes using Spark, demonstrating scalability. How-
ever, its effectiveness in diverse and complex IoT scenarios may
necessitate further investigation.

The validation process’s sensitivity analysis sheds light on
the intricate dynamics of user inputs within the recommenda-
tion system. It determined how individual user preferences (ul,
u2, and u3) influence overall recommendation outcomes and
weighted factors (w1, w2, and w3). When w1l = w2 = w3, indicating
equal weighting of user inputs, the analysis revealed a scenario
in which all client needs are given equal weighting. This finding
is critical because it indicates that this recommendation system
takes a balanced and fair approach by ensuring that the design
suggestions are not skewed towards specific preferences by as-
signing comparable weightage to various client needs, promoting
inclusivity and responsiveness to diverse client requirements.

While this system produced promising results, we recognize
that it faces some challenges. Handling nuanced and context-
specific client needs, such as cultural or environmental prefer-
ences, continues to be difficult. Due to a lack of BIM models, the
AI-BIM RS encounters a database limitation. A larger database is
required to accurately incorporate diverse client needs, ensuring
a broader and more precise range of recommendations.

In this research, we leverage the WorD2VEC approach to capture
semantic relationships within textual data, an effective method
for understanding and processing natural language in a struc-
tured, albeit fixed-dimensional, vector space. This contrasts with
the capabilities of the latest generative Al models, such as Large
language Model or GPT-3 and beyond, which embody a more dy-
namic, context-aware processing of language through the utiliza-
tion of transformers and attention mechanisms. While WorD2VEC
excels in efficiently mapping words to vector spaces based on con-
textual similarity, providing a solid foundation for specific tasks
like similarity searches or basic language understanding, it op-
erates within a narrower scope compared with the expansive,
adaptable frameworks offered by generative Al models. These
advanced models not only grasp the subtleties of language nu-
ances, idiomatic expressions, and complex grammatical struc-
tures through deep learning layers but also generate coherent,
contextually relevant text and perform a wide array of language-
based tasks with a remarkable degree of fluency and accuracy.
The contrast between this research’s specific application of NLP
in modular housing design and the broader capabilities of gen-
erative Al models lies primarily in scope and application focus.
This AI-BIM RS emphasizes direct application in architectural de-
sign, focusing on translating client requirements into actionable
design outputs within a specific domain, whereas generative Al
models offer a wide range of functionalities beyond architectural
design, including content creation, conversation, and problem-
solving across various fields.

While this research utilizes the WorD2vEC algorithm for se-
mantic understanding and mapping of client requirements to
design outcomes, generative Al models like GPT leverage vast
amounts of data and sophisticated neural network architectures
to understand and generate text. This results in a wide-ranging
impact across numerous domains. This paper contributes signif-
icantly to the architectural and construction field by offering a
specialized application of NLP algorithm, demonstrating the po-
tential for Al to meet specific industry needs, whereas generative
Al showcases the expansive and versatile capabilities of Al tech-
nology at a broader scale.

Future research could look into incorporating more contextual
data into the recommendation process. Furthermore, constant
updates and refinement of the WorD2VEC model are required to
adapt to changing language usage and construction trends. In ad-
dition, investigating advanced machine learning techniques, such
as deep learning models, could improve the system’s ability to
analyze complex textual data, resulting in more accurate and
personalized recommendations. Furthermore, incorporating real-
time data sources and user feedback mechanisms would improve
the system’s adaptability and responsiveness to changing client
needs.

6. Conclusion, Limitation, and Future
Recommendations

This article endeavors to develop an RS based on NLP that can of-
fer modular housing architectural designs that are customized to
meet the needs of the client. In order to accomplish this, a compre-
hensive client needs for housing survey data was used to gather
detailed house features and qualities, which were then incorpo-
rated into a BIM model database. WorD2VEC algorithms were then
trained to interpret textual client needs requests and use similar-
ity metrics to generate design suggestions based on the extensive
database. To enable smooth interactions between clients and the
recommendation system, a carefully designed user-friendly inter-
face was implemented. Furthermore, a comprehensive sensitivity
analysis was carried out to improve the weighting of specific client
needs, therefore improving the fairness of the comparison frame-
work.

The key findings of this research include the following: first,
the development of a modular BIM model database with detailed
housing properties and attributes derived from extensive survey
data. Second, the training of WorD2vVEC algorithms to analyze
client needs expressed in text and use similarity metrics for de-
sign recommendations which provides an approach of how these
can be integrated with BIM database. Third, a thorough sensitiv-
ity analysis was conducted to optimize the allocation of weights
to individual client needs, refining the comparison framework in
an equitable manner.

This study makes several significant contributions to the AEC
sector as follows: firstly, it introduces an innovative detached
housing recommendation system powered by NLP techniques
which effectively bridges the gap between client needs and tai-
lored design recommendations, improving the overall user expe-
rience. Secondly, the system’s ability to process client-input de-
sign requirements in textual format using WorD2vVEC embeddings
represents a significant advancement. Thirdly, the study improves
client-architect communication by providing a user-friendly in-
terface that encourages engagement. Fourthly, the integration
of BIM data and WorD2vec embeddings highlights the value of
combining advanced data analysis techniques with architectural
databases. The ability of WoRD2VEC to convert textual client needs
into numerical vectors allowed us to bridge the gap between tex-
tual input and the quantitative nature of BIM parameters, result-
ing in accurate and relevant recommendations. Finally, the re-
search provides important data for Architect’s future design de-
cisions by providing valuable insights into client preferences and
emerging design trends.

In recognizing the vital role that industrial producers play in
the modular housing industry; we acknowledge the necessity of
integrating their technical limitations and expertise into the gen-
erative process of BIM models. The collaboration with industrial
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producers not only ensures that the design recommendations are
feasible and aligned with current manufacturing capabilities but
also enhances the practicality and applicability of the proposed
AI-BIM RS. Inclusion of industry-specific constraints and produc-
tion insights could significantly refine the system’s outputs, ensur-
ing that the recommended designs are not only client-centered
but also technically viable and cost-effective. Future iterations of
the system will aim to incorporate a feedback loop with industrial
producers to regularly update the BIM model database with con-
straints and innovations from the production side. This integra-
tion promises to bridge the gap between client desires and manu-
facturing realities, fostering a more efficient, innovative, and col-
laborative ecosystem in modular housing design.

Besides many significances there are still some limitations to
this RS which needs further improvements. One of the limitations
is the size of the database, which has become quite substantial,
necessitating a corresponding increase in its scale. Furthermore,
certain client needs, particularly those related to environmen-
tal sustainability and cultural considerations for housing, are not
adequately represented in the database. Additionally, the system
lacks detailed information on external building features, such as
the absence of data pertaining to amenities like garages.

To address these limitations, future research endeavors could
incorporate innovative methods and approaches. Firstly, the adop-
tion of generative design techniques such as GANs or Genetic Al-
gorithms could be explored to create custom BIM models from
the existing database, potentially mitigating the need for an ex-
cessively large database. This strategy may streamline the sys-
tem and enhance efficiency. Secondly, addressing the absence of
client needs related to environmental sustainability could involve
conducting another survey specifically focused on these aspects,
enabling the integration of eco-friendly features into the housing
recommendations. Finally, to enrich the database with details on
external building features, such as garages or swimming pools, on-
going efforts should include systematically updating the models
with additional attributes, ensuring a more comprehensive repre-
sentation of diverse client preferences and requirements. In addi-
tion, future research could integrate advanced language models
like GPT and ChatGPT to enhance semantic understanding and
personalization in architectural design RSs, leveraging their abil-
ity to interpret complex client requests and facilitate interactive
user experiences.
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