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Figure 1 Furnishing Pairing Recommendation Framework

3. Method

The methods used in this study were divided into two stages (as illustrated in Fig. 1). First, 
Korean living room image data were uploaded into eight style categories on Today’s House, 
and user response data were collected. The data-driven framework proposed by Park and 
Hyun (2022) was utilized to extract the design elements and color attributes from the living 
room images at the furnishing level. Second, using furnishing and crowd preference data, the 
furnishing pairing rule for interior design elements was identified using AARM. A method 
was presented for calculating the AARM, and interpretation methods were applied to an 
interior-style analysis. 

  Although our research is anchored in the framework of (Park and Huyn 2022), it has 
several distinct and critical attributes. First, it integrates crowd preference data into the 
analysis through a comprehensive approach that considers both design aesthetics and user 
preference. Second, our study introduces a distinct advantage in the rule-generation method, 
which allows the formulation of style-specific rules using only data pertinent to a single style. 
This approach not only simplifies the process but also significantly eases future data updates 
and expansion. In contrast, Park and Hyun’s method, which involves relative analysis, 
requires navigating through the entire dataset to discern style-specific pairings and their 
influences. Consequently, this potentially complicates the process of data adaptation and 
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extension. Finally, we incorporated structural elements as background data to ensure that 
comprehensive interior information was included in the analysis.

		  3. 1. Data Collection and Processing

      3. 1. 1. Data

Two main types of data were collected. First, we collected living room images (N = 24,194) 
from Today’s House, spanning uploads from April 2014 to July 2020. Professional styling 
images were also included; however, considering that they included actual styling images of 
general semi-professional users, they are more realistic and practical. While they encompass 
professional styling, their value is accentuated by the realism and practicality stemming from 
semi-professional users’ actual styling images. This is because consumers often rely on such 
data as practical and trustworthy references (Lee et al., 2021, May). Today’s House segments 
interior styles into eight types: Classic Antique, Korea-Asia, Modern, Natural, Provence 
Romantic, Scandinavian, Unique, and Vintage styles. The style information provided by the 
individual uploading the content was utilized as a label in our study. The number of images 
collected for each style is listed in Table 3. Second, we collected user response data assigned 
to the image. Owing to the community-like character of the Today’s House platform, we could 
aggregate additional data on the number of visitors, likes, scraps, shares, and comments; 
scrap data were used as crowd preference data for AARM methods in this study. The act of 
scrapping images indicates the user’s intent to revisit certain designs, arguably positioning 
it as the most affirmative user response data. This is supported by the active use of Today’s 
House features, such as the scrapbook, allowing users to save images for later reference. 
Therefore, in the context of our study, scrap data can be considered an important response 
reflecting crowd preferences. We compiled the scrap data until July 2020, starting from the 
initial upload period of the images (April 2014 to July 2020). Table 3 details the cumulative 
numbers of scraps garnered from Today’s House.

  These data are valuable because they reflect real-life experiences and preferences of the 
general public, offering insights that are readily applicable and relatable. Although they 
may include individual user data that lack consistency or professionalism, they offer broad 
insights into consumer demand and preferences. Consequently, this research will play a 
crucial role in fostering understanding and communication among designers, companies, 
and the public. Additionally, this dataset, which reflects the crowd’s preferences, contributes 
to enhancing the accuracy and reliability of the research. The data structures and their sizes 
are listed in Fig. 2.
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Figure 2 Data Structure

      3. 1. 2. Object Detection and Color Extraction

For a precise analysis of the interior design, we identified and quantified design elements 
by detecting furnishing objects and background elements in the images and subsequently 
extracting and quantifying their color information. While we employed the framework 
introduced by Park and Hyun (2022) to identify design elements, we exclusively used color 
information. This strategic focus was selected for several reasons. First, color is crucial in 
interior design, significantly influencing the overall ambiance and aesthetic representation 
of a space. It sets the scene and mood of the interior and often guides further design choices. 
Second, incorporating various interior design elements (such as texture, material, or specific 
design features) would complicate the analysis due to a significant increase in potential 
scenarios. By focusing solely on color information, we simplified our rule extraction process, 
making it more practical and effective. Thus, our research prioritizes color information 
not only for the feasibility of rule generation but also for its substantial impact on the 
comprehensive interpretation and experience of interior spaces.
Object detection. We employed the You Only Look Once (YOLO) v3 model (Redmon and 
Farhadi, 2018) to identify ten types of living room furnishings from interior images and to 
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Adjusted Confidence (AC) is the ratio of A to B found in the design examples, including A. 
The conditional probability indicates how often B appears based on an image containing A. 
Thus, it indicates confidence in furniture combinations. This shows the general pattern of 
item combinations in a styling image. Adjusted Lift (AL) is the ratio of combinations A and 
B within the B combination standard and represents the robustness of the rules. The AC of 
each combination was divided by the frequency of combination B. A high AL value indicates 
that an item’s appearance positively impacts the appearance of B, such that the larger the 
lift value, the more substantial the impact of the rule on the co-occurrence of items A and B 
(Hikmawati et al., 2022).

4. Adjusted Association Rule Results

		  4. 1. Data Overview

A total of 24,184 images were analyzed using the AARM, and the numbers of collected images 
and extracted rules for each style are listed in Table 3. Hikmawati et al. (2022) proposed 
a method for obtaining minimum support in adaptive rule models. The traditional ARM 
methodologies do not prescribe a standard way to define minimum support value. Thus, we 
adopted the same strategy as Hikmawati et al. (2022), who divided the average AS per item 
by the number of images to determine minimum support. In this section, we organized the 
association rules in the AARM based on three criteria: AS, AC, and AL. We examined every 
rule across styles and reported the results, focusing on rules with higher values in each 
metric, accompanied by illustrative image cases.

Table 3 Number of collected images and extracted rules

Metric Classic Antique Korea-Asia Modern Natural

Number of images 982 338 9,538 7,340

Number of rules 391 54 1,245 1,751

Minimum support 0.25 0.08 0.68 0.093

Provence Romantic Scandinavian Unique Vintage

Number of images 655 3,081 506 1,744

Number of rules 220 1,155 158 586

Minimum support 0.006 0.16 0.08 0.17

		  4. 2. Rule Generation with Adjusted Support

The rule with AS focuses on furnishing combinations frequently found in images preferred 
by the crowd. This method multiplies the probability of antecedent and consequent items 
appearing together by the value of crowd preference, thereby weighting the frequency of 
furnishing combinations. Notably, AS (A, B) and AS(B, A) are identical; thus, the AS value 
does not ref lect the directionality between items. Our analysis highlights the types of 
furniture most seen and appreciated by the crowd in each style, specifically within the top 
10% of AS rules (N = 567). These included Classic Antique (N = 39), Korea-Asia (N = 5), 
Modern (N = 125), Natural (N = 175), Provence Romantic (N = 22), Scandinavian (N = 116), 
Unique (N = 16), and Vintage (N = 59). As a result of analyzing the top 10% AS rules by style, 
Brown-background, Brown-cabinet, Brown-plant, Brown-table, and Brown-chairs were 
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included in the top AS rules in all styles. The Today’s House data analysis shows that brown-
colored furniture is commonly used in living room interiors in South Korea and can be 
seen as an item that is highly connected to other furniture. Therefore, these types of brown 
furniture can be interpreted as essential items compatible with all styles. As illustrated 
in Fig. 4, certain rules were consistent across multiple styles. For example, the pairing 
of {Brown-cabinet} → {Brown-background}, {Brown-plant} → {Brown-background}, and 
{White-art wall} → {White-background} had high AS values in common in all styles. South 
Korean living room interiors often use these combinations as basic item combinations. 
 

Figure 4 Top 5 AS rules by style

  In contrast, some furnishing pairings were exclusive to specific styles, as shown in Fig. 
5. For instance, Pink-cabinet appeared in the Classic Antique style (Fig. 5a), Green-plant 
only in the Natural style (Fig. 5b), and White-floor lamp in the Scandinavian style (Fig. 5d). 
Similarly, Gray-cabinet, Gray-table, and Gray-chair were common in the Modern style (Fig. 
5c), with White-themed items like White-ceiling light, White-table, White-cabinet, White-
chair, White-sofa, and White-rug dominating in both Modern (Fig. 5c) and Scandinavian 
styles (Fig. 5d). These unique elements are easily recognizable as characteristics of their 
respective styles. Therefore, furnishings pairings specific to a particular style can be 
regarded as descriptive rules for that style. However, despite these unique associations, no 
significant differences existed in AS rules among the styles. This observation confirms the 
commonality of certain furnishing pairings in Korean living room design.
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Figure 5 Among the AS top 10%, furnishing combinations only appear in each style

		  4. 3. Rule Generation with Adjusted Confidence

A rule with AC has the direction of Antecedent → Consequent and is expressed as { a set 
of antecedent items } → { a single consequent item }. After ranking the association rules 
extracted from each style by their AC, we analyzed the furnishing combinations and reported 
the top 30 rules. The AC measures the confidence of the furnishing pairing, representing 
the ratio of instances where A and B coexist among design cases including A. This metric 
helps pinpoint highly dependable furnishing pairings unique to each style. In sorting by AC, 
backgrounds feature prominently across most styles. These rules suggest a standard practice 
in which designers first select furniture for the interior plan before settling on a background. 
This sequence is evident in the rules and has practical application value in the design process. 
Fig. SA presents the representative furnishing pairing rules for each style. 
	 In the Modern style (Fig. SA3), Brown-background mainly appeared. The furnishings that 
precede this consequence were primarily Blue-Green or Blue furniture, fabrics, lighting, and 
decorative objects. In the Scandinavian style (Fig. SA6), Blue furniture appeared on Brown-
background, and Brown-background dominated in the Vintage style (Fig. SA8). Owing to the 
rule’s Unique style (Fig. SA7), Brown-background is extracted from most rules.
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Figure 6 Example of AC of (a) Classic Antique Style and (b) Natural Style

  In the Provence Romantic style (Fig. SA5), Pink-cabinet and art wall were paired with 
Brown-background. The color that appeared due to the Korea-Asia style was Brown and 
mostly comprised a background (Fig. SA2). In the Classic Antique style (Fig. SA1), Brown-
background was extracted from the consequences of 24 rules among the top 30 rules. For 
example, Blue, BlueGreen, and PurpleBlue fabrics, furniture, lighting, and decorative objects 
were associated with Brown-background. In the Natural style (Fig. SA4), all consequences of 
the top 30 AC rules were extracted in Brown, and most were background data. A significant 
relationship was found between Blue furniture and Brown backgrounds. The combination 
of Blue or PurpleBlue furniture and Brown-Background was common in Classic Antique and 
Natural styles, as shown in Fig. 6.

  Overall, Brown-background is an everyday item that is used repeatedly; therefore, it mostly 
appeared consequently. Furnishings connected to Brown backgrounds differed slightly from 
style to style. Analysis of rules with high AC values revealed that each style relied heavily 
on similar rules. Additionally, the differences between the styles significantly influenced 
the details. Comparing images and rules, for example, the Classic Antique style contained 
blue-colored furniture with high saturation. In contrast, large windows and sunlight caused 
bright-colored furniture to appear slightly blue in the natural style (Fig. 6).

		  4. 4. Rule Generation with Adjusted Lift

A rule with AL indicates the robustness of the combination rules. According to Hikmawati 
et al. (2022), prioritizing rules based on AL is useful. The higher the AL, the more potent 
the rule and, consequently, the more pronounced its correlation with the respective style. 
Rather than rules sorted by AC values, various furnishing items appear in rules with AL. 
Unlike rules with an AC, unique furnishing–pairing rules are available. Among these, a rule 
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preceded by a background is often extracted, which is suitable for the newly designed living 
room. If the background information is fixed in the antecedent, the rules can help in selecting 
furniture that matches the background. Rules with clear patterns or matching the style 
described in the top 30 were emphasized. Fig. SB illustrates the top 30 furnishing pairing 
rules sorted by AL values.

Figure 7 Example of AL of (a) Korea_Asia Style, (b) Modern Style, (c) Provence Romantic Style, (d) Vintage Style

  For example, design cases using BlueGreen-art wall in Classic Antique were often used 
together with Black-cabinet, Black-table, Black-chair, Brown-chair, Brown-art wall, or 
BlueGreen-curtain (Fig. SB1). When using Black-rug, Black-sofa or Black-table of the same 
color also tended to appear together. As for the Vintage style (Fig. SB8), achromatic rugs 
were highly correlated with achromatic backgrounds, sofas, and plants. PurpleBlue-Rug was 
also connected to a Black-plant and Brown-cabinet. Rugs in Vintage style paired well with 
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achromatic furniture, objects, and backgrounds. In the Natural style (Fig. SB4), Blue-rug 
was connected to Brown-curtain, cabinet, background, and plant, and Black-rug links Black-
table, sofa, chair, and cabinet. In addition, the Blue-sofa appears along with Brown-chair, 
table, plant, and background, and the Blue-table followed the Brown-chair, background, and 
cabinet. As for the rules of the Natural style, Brown items followed blue furniture. In the 
Provence Romantic style (Fig. SB5), Pink and Purple blue-art wall appeared with Gray and 
Brown art wall or Brown sofa and cabinet. 
 
  A White rug matched well with a White cabinet, an art wall, and a curtain in the same 
color. Among the upper rules of the Scandinavian style (Fig. SB6), many combinations 
were preceded by the background. Blue backgrounds matched Brown furniture, whereas 
Black backgrounds matched furniture of the same color. The Modern style tended to have 
many rules that preceded the background. These rules assist in the selection of furniture 
after designing the background. In addition, Blue-rug was connected to Brown-curtain, 
background, plant, and cabinet (Fig. SB3), and if Gray-floor lamp preceded it, Gray-sofa, 
curtain, and background were likely to appear together. In the Korea-Asia style (Fig. SB2), 
the top AL rules were dominated by Browns and Blacks. The Black-sofa had high connectivity 
with the Black-cabinet, Brown-cabinet, and background, and Brown-curtain connected to the 
Brown-plant, cabinet, and background. Owing to the AL order rule, furnishing combinations 
that are closely related to the style can be identif ied. If a furnishing combination 
corresponding to an antecedent is found in a design case, then recommending furniture from 
the consequent can help create that style.

5. Experts Interviews and Discussions

The main goal of the expert interviews was to assess the reliability, practicality, and 
applicability of the developed rule generation method and the furnishing pairing rules. 
Specifically, we conducted semi-structured interviews with experts in the field of interior 
design to evaluate whether the rules precisely capture the features unique to each style and 
understand how they can be implemented in real-world interior design practices.

		  5. 1. Interview setting

Participants. The experts selected for our study all possessed a minimum of five years of 
practical experience in interior design. These individuals, with an average of 17.2 years in the 
field, had been directly involved in residential space design projects. Detailed background 
information on the participants is shown in Table 4.

Table 4 Basic educational and professional details for each participant

Participant ID Professional experience (years) Role in project Educational background

P1 13 Design researcher Interior design (Doctorate)

P2 5 Designer Interior design (Masters)

P3 27 Project lead Interior design (Doctorate)

P4 28 Director Interior design (Masters)

P5 13 Design researcher Architecture design (Doctorate)
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Data collection. Interviews were conducted online via Zoom and lasted approximately 60 
minutes. All the sessions were recorded for subsequent analysis. Interviews were conducted 
in two stages. In the first section, the participants were asked about their methods of 
gathering design reference materials, identifying trends, and collecting information on 
consumer preferences in the context of real-world projects. The second part aimed to elicit 
participants’ evaluations of the research findings and methodologies and discuss how 
these rules could be beneficial in real-world projects or experiences. Participants listened 
to a 10-minute introduction on the study’s methodology and style-specific pairing rules. 
Throughout the interview process, the participants continuously reviewed the proposed 
rules and explored their potential applicability for designers, consumers, and interior design 
related companies.

		  5. 2. Interview Findings

      5. 2. 1. Theoretical Implications

Validity of the Furnishing Pairing Rule. All interview participants agreed that the rules 
presented matched well with the images representative of each style, reflecting the common 
and general understanding of specific styles. For example, P1 believed that the rules, 
such as the prominence of the “White” keyword in the Modern style, distinctly reflected 
the characteristics of the style. P2 highlighted that certain item within the rules, such as 
plant elements in the Natural style, effectively embodied that style. P3 noted that from a 
color-object perspective, most style-specific rules were trustworthy and aligned with the 
style images. These insights indicate that our quantitative approach to analyzing interior 
design elements and furnishing pairing rules is a reliable representation of specific styles.
Assistance in Decision-Making Processes. The furnishing combinations frequently used 
in each style were confirmed as guidelines, providing directions for consistent styling. Using 
this methodology, designers and consumers can gain new insights into furnishing choices 
and decision-making processes using data. Every interviewee agreed that our pairing rules 
can serve as valuable indicators in decision-making, reflecting public style preferences. For 
example, P1, P2, P4, and P5 emphasized that the rules informed by data reflecting crowd 
preferences enable designers to present design narratives that are both relatable and easily 
understood by the public. Additionally, P2, P3, and P5 recognized the rules as strategic tools 
capturing crowd preferences and serving as support during the decision-making phase, 
thereby grounding their choices in quantifiable trends. Consequently, our method can assist 
designers and consumers in making informed decisions, thereby facilitating a harmonious 
ambiance that reflects the desired style. They provide clarity on the rationale behind design 
choices.

      5. 2. 2. Managerial and Practical Implications

Discrepancies between Designer and Consumer. Several participants pointed out that the 
current design process often encounters communication difficulties owing to the disparity 
in information between experts and non-experts (P2, P4). All participants commonly remain 
up-to-date with prevailing trends and consumer preferences through design trend reports, 
exhibitions, and the works of professionals. P2 and P4 pointed out that discrepancies in how 
designers and consumers visualize and interpret styles often lead to miscommunication, 
affecting the overall direction of the project. They added that style-specific furnishing pairing 
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rules can facilitate a unified understanding of design preferences and intentions between the 
parties, promoting agreement in the early stages of a project. Consequently, consumers can 
articulate their style preferences more clearly, and professionals can develop better design 
outcomes based on this understanding. Thus, our proposed style-specific furnishing pairing 
rules can enhance consumer participation in the design process, helping designers establish 
harmony with consumer preferences.
Guiding Generative AI with Pairing Rules. Our findings support the potential of applying 
these pairing rules in the form of text-guided prompts for generative AI models, particularly 
in image generation contexts (P2, P3). Text-to-image generative models, as discussed by 
Liu and Chilton (2022, April), enable designers and users to create novel visual artworks or 
reference images based on their input. Participant P3 highlighted the prospect of utilizing 
these style-specific design element relationships, grounded in large-scale data analysis, 
to enhance existing AI models. This integration could potentially yield a wide range of 
practically usable images. In this regard, we applied the style-specific rules as text-guided 
prompts in the DALL-E3 model to generate images (Betker et al., 2023). The results reveal 
that detailed input including furniture combinations, as per pairing rules, leads to the 
manipulation of image-specific styles (as illustrated in Fig. 8). 

 

Figure 8 Application of AL rules in Generative AI for Each Style Living Room

  In conclusion,  style-specific pairing rules can be utilized as guidelines for refining prompts 
to achieve desired outcomes. This approach enables the generation of a wider array of stylistic 
variations, demonstrating the effectiveness of our method in enhancing AI-driven design 
processes as well as practical applications.
Benefits to Consumer. All participants stated that the style-specific rules would directly 
benefit consumers, primarily because they assist in formulating a desired design direction 
even without specialized design knowledge. P4 suggested that consumers can use the rules 
as a prototype and adjust or add them to establish their design directions. P2, P4, and P5 
mentioned that these rules can help consumers consider the pairing of design elements. 
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P4 and P5 observed that consumers, who often lack extensive design experience, typically 
concentrate on fragmented or isolated components of a design. Thus, these rules assist in 
broadening their focus, encouraging an integrated approach to considering comprehensive 
design elements from structural features to furniture and decorations. P5 highlighted that 
because the rules are derived from data reflecting the real-life preferences of the crowd, they 
are inherently user-friendly and easily adaptable. P1 and P3 stated that consumers often 
adapt their choices to their existing home conditions instead of adapting a comprehensive 
planning approach; in such cases, the rules assist in maintaining a consistent style.
Benefits to Interior Design Related Company. As online home-furnishing platforms are 
anticipated to advance in the future, companies in furniture sales, interior construction, 
finishing, and painting industries are expected to utilize online services. In this context, the 
participants acknowledged the potential of our research methods as a tool for companies to 
analyze consumer preferences and design trends (P1, P2, P3, P5). P3 asserted that images 
with a high number of “scraps” serve dual purposes: they accurately reflect the corresponding 
style and express user preferences, thereby enhancing a company’s insight into consumer 
behavior and tastes. Furthermore, companies dealing with furniture, lighting, and home 
accessories can identify consumer-preferred styles and products, affecting industry trends. 
Additionally, by employing the methods proposed in our research, companies can collect 
and analyze additional data needed to establish or improve their pairing recommendation 
systems. Similarly, several experts suggested the possibility of expanding our analytical 
methods by incorporating additional data. For instance, participants P1 and P2 mentioned 
that including lifestyle information, such as the size of the living space and family 
composition (e.g., single-person households, two-person households, and elderly households), 
would deepen the understanding of consumer preferences. P5 added that if such data were 
examined over different periods, it would be possible to track historical design trends and 
predict future trends.

		  5. 3. Limitation & Future work

Despite the acknowledged strengths of our analytical approach, the participants pointed out 
several limitations. For example, P4 noted that many designers may already be familiar with 
furnishing combinations based on their hands-on experience in the field. However, P4 added 
that owing to a previous lack of comprehensive interior design data available to professional 
designers, our research findings could serve as a valuable foundation for their decision-
making processes. P4 suggested that expanding the scope beyond color-object correlations 
to include various other factors would considerably enhance the utility and richness of the 
information. For example, P4 highlighted the importance of architectural shapes, such 
as ceiling height and window style. Simultaneously, P2 and P5 suggested that additional 
information related to lifestyle or type of residence could enhance the utility of the rules. 
Moreover, P3 emphasized that for these rules to be directly applicable in professional design 
practice, they must comprehensively incorporate aspects such as finishes, materials, lighting, 
and brand information.
	 In response to these insights, we propose extending our methodology not only to various 
residential spaces such as bedrooms and kitchens but also to offices and commercial settings. 
This expansion will allow us to test the adaptability of our findings across a wider range of 
interior environments. Furthermore, advancements in object detection technology could 
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facilitate a more detailed and nuanced understanding of interior spaces, allowing for a richer 
interpretation of complex design elements. Additionally, expanding our analytical framework 
to incorporate dimensions such as materials, finishes of elements would enable designers 
to make decisions within a richer context. Finally, applying our methodology in varied 
cultural settings could reveal unique design principles specific to those cultures, offering a 
more sophisticated and extensive analysis of interior design that supports more informed 
and creative decision-making in the field. Furthermore, given the absence of studies on 
the pairing of interior design elements in South Korea and the emergence of online interior 
design platforms as a new concept, we recognize an opportunity for pioneering research in 
this area. Therefore, the availability of data from other countries could serve as a foundation 
for potentially applying our research across various cultures.

6. Conclusions

In this study, we analyzed eight furnishing styles using actual living room images uploaded 
to Today’s House, South Korea’s largest online home furnishing and interior market. We 
identified significant combinations of furnishings for each style, indicating the importance of 
analyzing the properties and relationships of design elements, such as furniture (e.g., tables, 
chairs, sofas, cabinets), fabric (e.g., curtains, rugs), lighting (e.g., floor lamps, ceiling lights), 
and decorative objects (e.g., plants, art walls).
  The contributions of this study can be summarized as follows. First, this study identified 
a method that can be applied to interior-style analysis and furnishing recommendation 
situations using the AARM. We proposed a specific approach for interpreting the AARM, 
making it applicable to various interior-style recommendation scenarios. Second, by 
comparing the extracted rules and images based on AS, AL, and AC, we confirmed the 
differences between the results and presented a method for interpreting and using each 
measurement to make recommendations for interior furnishings. Furthermore, if only 
combination data regarding the design elements are available, then the method used in this 
study can identify the relationships between the design elements and extract highly predictive 
rules. We suggest that the analysis of this method could be enriched by incorporating the 
latest data or other relevant information, enhancing its applicability not only in interior 
design but also in other fields requiring analytical and recommendation systems. Finally, 
validated through expert interviews, the effectiveness of pairing rules in aiding consumers in 
their furnishing choices and decision-making processes. These rules are informed by crowd 
preferences and streamline communication between designers and clients, thereby fostering 
a more collaborative and informed design process. Our study also confirmed the applicability 
of generative AI in utilizing these rules for informed design visualization. As confirmed in 
our interviews, interior design is characterized by its unique cultural, social, and personal 
attributes, necessitating that any research methods and systems be flexible. Therefore, by 
utilizing the AARM-based method we propose, professional designers can acquire valuable 
insights.
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