
 CHI 2020 Late-Breaking Work CHI 2020, April 25–30, 2020, Honolulu, HI, USA

FashionQ: An Interactive Tool for 
Analyzing Fashion Style Trend with
Quantitative Criteria 

Youngseung Jeon Bogoan Kim 
Department of Software and Department of Software and 
Computer Engineering Computer Engineering 
Ajou University Ajou University 
jeonyoungs@ajou.ac.kr bokim1122@ajou.ac.kr 

Seungwan Jin Kyungsik Han 
Department of Software and Department of Software and 
Computer Engineering Computer Engineering 
Ajou University Ajou University 
jin6491@ajou.ac.kr kyungsikhan@ajou.ac.kr 

Permission to make digital or hard copies of part or all of this work for personal or 
classroom use is granted without fee provided that copies are not made or distributed 
for profit or commercial advantage and that copies bear this notice and the full citation 
on the first page. Copyrights for third-party components of this work must be honored. 
For all other uses, contact the owner/author(s). 

Copyright held by the owner/author(s). 
CHI’20, Extended Abstracts, April 25–30, 2020, Honolulu, HI, USA 
ACM 978-1-4503-6819-3/20/04. 
https://doi.org/10.1145/3334480.3382978 

Abstract 
Fashion is one of the areas in which decision-making re-
lies on the subjective experiences of fashion profession-
als. Fashion style trend analysis is an important process in 
fashion; however, due to a lack of quantitative style criteria, 
analysis results tend to vary by fashion professionals, of-
ten making it difficult to apply the analysis results to other 
fashion cases. In this paper, we propose an interface that 
provides fashion professionals with objective support which 
can aid in making more generalizable decisions on fashion 
analysis. Through interviews and interactions with fashion 
professionals, we identified quantitative-style classifica-
tion criteria and analysis requirements in decision making. 
Based on such design guidelines, we introduce FashionQ 
(Fashion Quant), which provides three main features: a 
quantitative-based style clustering (FashionQStyle), style 
trend analysis (FashionQTrend), and style comparison anal-
ysis (FashionQMap). Professionals positively evaluated 
FashionQ, showing its usefulness and feasibility of fashion 
analysis in the future. 
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Introduction 
The fashion industry plays a major role in the economy. Ac-
cording to Fashion United, the global market for apparel 
is estimated at $3 trillion USD and accounts for 2% of the 
world’s GDP (Gross Domestic Product) 1. In particular, due 
to the development and proliferation of the Internet and mo-
bile technologies, fashion-related images are increasingly 
being shared online, and the use of and dependence on 
online shopping are also growing [2, 3]. Online informa-
tion (e.g., image, text) to describe fashion products plays 
an important role in the analysis of fast-changing fashions 
for fashion professionals as well as in consumer purchas-
ing decisions. Considering two characteristics of fashion 
data–(1) variability, meaning that clothes often have large 
variations in style, texture, and cutting and (2) subjectivity, 
meaning that clothing items are frequently subject to de-
formation and discontinuation–fashion professionals have 
difficulty in making decisions due to an absence of quantita-
tive standards. 

Prior quantitative studies in the fashion domain have mainly 
focused on building image recognition algorithms such as 
fashion style analysis and classification [9, 10], trend (popu-
larity) analysis [8], style similarity [11] and identity modeling 
of customers based on their outfits [5]. However, to the best 
of our knowledge, little research has focused on eliciting the 
design requirements and developing a decision-making tool 
for fashion professionals by considering not only their task 
practices but also quantitative fashion standards. 

In this paper, we introduce FashionQ (Fashion Quant), a 
decision-making support system for fashion professionals. 
For its design, we considered both HCI and computational 
methodologies in particular. First, through interviews with 
fashion professionals, we identified the core elements that 

1https://fashionunited.com/global-fashion-industry-statistics/ 

quantitatively classify a fashion style and ascertain the ma-
jor functionalities that should be supported in a decision-
making support system. Second, using a deep-learning-
based, object detection model for finding fashion attributes 
and the clustering model for grouping styles, we built an in-
terface that presents the results of fashion trend analyses. 
FashionQ includes the following three main features. 

• FashionQStyle provides the conditions for classifying 
a certain style and the representative information 
about the style. It indicates the locations and names 
of the attributes in the fashion images, also supplying 
representative looks of a certain style and related 
fashion brand information. It allows professionals to 
recognize the style of a certain look. 

• FashionQTrend provides a popularity analysis of a 
certain style by season, presenting a popularity flow 
of the style by year and/or city. It helps professionals 
understand and predict fashion style trends. 

• FashionQMap provides a clustering map that repre-
sents all the fashion design style groups. It presents 
a visual distribution of 25 style groups in a two-dimensional 
space. It not only helps professionals recognize the 
relationships between different styles but also pro-
vides them with the potential for new design develop-
ment by suggesting different styles. 

User-Centered Design (UCD) 
We employed UCD, an iterative design process in which 
system designers focus on current or potential users and 
their needs in each phase of the design process [1, 12]. 
Involving fashion professionals helps us adjust the direction 
of our research by reflecting their feedback and considering 
objective and subjective aspects together in fashion trend 
analysis and decision-making. 
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Requirement Design goal Function name 

[Goal 1] Style classification 
based on attributes 

Provides classification conditions of and representative information 
for a certain style. Professionals have an opportunity to recognize 
the style of a certain look. 

FashionQStyle 

[Goal 2] Comparison of styles 
over time 

Provides a chart for popularity analysis of a particular style 
over the season. This helps professionals understand a fashion style 
trend and predict a style trend in the future. 

FashionQTrend 

[Goal 3] Comparison between 
styles 

Provides clustering map information to represent all 
the fashion design style groups. This helps professionals recognize the 
relationships among different styles and discover new design development. 

FashionQMap 

Table 1: The design goals based on the results of interviews. 

Interviews 
We first interviewed 10 current fashion professionals (five 
designers, two magazine editors, and three business man-
agers). Each interview lasted approximately 10 minutes and 
included a semi-structured interview. Our two main inter-
view questions were: 

• What are the criteria for quantitative fashion style 
classification? 

• What are the functions that a decision-making sup-
port system should provide for fashion style trend 
analysis? 

The result of the interviews 
Attributes for quantitative fashion style analysis 
Most professionals (interviewees) responded that clothes 
comprise numerous attributes (e.g., cloth types, textile pat-
terns and types, decoration, color) and attributes are the 
most effective way of expressing clothes styles quantita-
tively. They mentioned that there are six design processes, 

and each has a different number and types of fashion at-
tributes. Working together with the professionals, we or-
ganized the attributes used in each design process and 
extracted 146 attributes (Figure 1). 

Desired information: Statistics of fashion trend analysis 
Table 1 presents professionals’ requirements for a fashion 
decision-making system. While all professionals agreed 
that they want to analyze fashion style trends quantitatively, 
their reasons and needs are different. On the one hand, 
fashion designers have difficulties in defining the style of 
various looks on new runways awash with new novel de-
signs. They want style grouping based on quantitative cri-
teria and visual examples of certain styles to understand 
the style groups [G1]. Fashion business managers mea-
sure to what extent a certain fashion style has been shown 
on runways. Statistical information related to the frequency 
of each style is helpful for evaluating the style’s commer-
cialization possibility [G1, G2]. Fashion editors utilize their 
experience and work with many ambiguous standards in 
their evaluations of how new clothes are different from other 
styles [G3]. They mentioned that it would be useful to have 
a system that can analyze fashion style using quantitative 
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Figure 2: Overview of the attribute 
detection model based on 
RetinaNet and the style clustering 
model based on NMF 
(Non-negative Matrix 
Factorization). FashionQ is based 
on 25 style groups extracted by 
those two models. 

criteria and provide information related to style comparison, 
allowing users to check how their style differs from others. 
This is because identifying different styles could provide an 
opportunity to create new designs [G3]. 

All professionals indicated that most fashion trend reports 
focus on the trends of a single season. They said that most 
fashion professionals need to present trend information, 
which is linked to past trends, catch the flow of fashion 
trends, and identify the lifecycle of certain trends [G2]. In 
addition, they noted that because each main fashion city 
(New York, London, Paris, and Milan) has its own character-
istics in fashion design, trend analysis should consider the 
design differences between the cities [G2]. 

Design goals of FashionQ 
All the authors of this paper analyzed the results of the 
interviews. We initially identified 10 key topics and then 
grouped them into three themes. Based on the three themes, 
we then extracted salient design elements and user require-
ments, and drew a blueprint for the main functionalities of 
the interface. We derived three major design goals from 
each brainstorming session for an interface to provide ob-
jective support for decision-making (Table 1). Each design 
goal has a clear objective: to present quantitative standards 
for clustering style [G1], to show the popularity of styles 
over time [G2], and to compare different styles [G3]. 

Computational Fashion Trend Analysis 
FashionQ utilizes the following two computational models to 
provide visualized results (Figure 2). More detailed informa-
tion about each model is currently under review. 

Object detection modeling and attribute labeling: We devel-
oped an object detection model that detects 146 attributes 
from a given image based on a computer vision algorithm 
(i.e., RetinaNet [6]). Using the model, we obtained 300,000 
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runway fashion images (2010 SS-2019 FW) with attribute 
annotations. 

Fashion style clustering modeling: We identified 25 styles 
by employing non-negative matrix factorization (NMF) [13], 
which maintains the interpretability of the discovered styles 
and attributes. With fashion professionals’ advice, we iden-
tified an appropriate number of styles (25 in our case) for 
clustering and verified the representative images of each 
style group as a fashion style. 

FashionQ 
FashionQ provides three main visualizations: Fashion-
QStyle, FashionQTrend, and FashionQMap (Figure 3). With 
FashionQ, fashion professionals can understand the con-
cept of quantitative fashion trend analysis, identify fashion 
trends over the season, and recognize the relationships 
among different styles. 

FashionQStyle 
Information on an attribute (Figure 3-S1): To display a par-
ticular fashion style group, representative looks, and rep-
resentative fashion brands, the attribute information of a 
fashion look is required. FashionQStyle provides fashion 
attribute information on a certain image posted by a profes-
sional. This function provides a user with the location of the 
attribute in a yellow box and the frequency of the attribute in 
new fashion designs produced that year in a bar plot. 

Information on a style group (Figure 3-S2): A style group 
defined by the attribute information in a certain images is 
displayed. FashionQStyle provides representative looks and 
brand information (e.g., brand name, style group within the 
brand) about a certain style to improve the user’s under-
standing of a certain style group. 

LBW136, Page 4
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Figure 3: FashionQ interface. Six red circles are used to help to spot the FashionQ interface’s functions. 

FashionQTrend 
Total visualization (Figure 3-T1): FashionQTrend presents 
the 10-year popularity of a certain style group based on 
how frequently it appears in a specific year in the major 
four fashion shows. The popularity changes of 25 styles are 
clustered into four groups (trending, declining, comeback, 
steady). The y-axis refers to the percentage of a certain 
style’s frequency in a given year, and the x-axis refers to the 
season of the fashion show. 

Region visualization (Figure 3-T2): FashionQTrend also 
indicates a certain style’s popularity based on the four ma-
jor fashion shows (New York, Paris, London, and Milan). It 
presents trend comparisons not only by a city but also be-
tween cities, as well as displaying the overall fashion trend. 

FashionQMap 
Style map (Figure 3-M1): To visually represent style cluster-
ing in a two-dimensional space, we use t-SNE (t-distributed 
Stochastic Neighbor Embedding) [7] to display the cluster-
ing results. A node represents one look, and its distance 
from another node signifies structural similarity. Based on 
the similarity, a node is assigned to a style group with the 
same color. By presenting the distance between the style 
groups corresponding to the user’s fashion image and other 
style groups, FashionMap allows professionals to identify vi-
sually which styles are similar to or different from their own. 

Style comparison (Figure 3-M2): FashionQMap provides 
professionals with more intuitive information about com-
parison with other styles. Professionals can choose a style 
similar to or different from their own. They can also check 
the representative looks and attributes of each style, show-
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ing them where their style is located and the relationship 
between styles based on structural similarity. 

Evaluation from professionals 
We have received qualitative assessments from fashion 
professionals about the usefulness of FashionQ. Overall, 
professionals expressed that they gained new insights or 
confirmed existing knowledge with the results. 

New insights: Professionals indicated that a quantitative 
analysis of the variations in certain styles’ seasonal fre-
quency was an innovative approach that gave them new in-
sights (FashionQTrend). For example, one fashion designer 
noted, “It is difficult to know ‘when’ the style trend increased 
and ‘how many’ of those styles have come up. Arranging 
the frequency of a certain style in chronological order will 
be very useful when fashion professionals set strategies 
for long-term design directions.” In addition, a fashion edi-
tor observed, “I can identify different trends in cities, which 
opened up the possibility for fashion professionals to under-
stand the local trend.” 

Reconfirmation: Professionals responded that they were 
able to reconfirm the relationship between styles. The re-
sults of FashionQMap indicated that it performed well in 
quantitatively presenting a difference and the similarity be-
tween the 25 style groups. For example, a fashion business 
manager commented, “Quantitative viewing of the relation-
ship between styles can provide advantages to our work. 
We can digitally identify the relationship, and similar styles 
and different styles, helping us strategically plan designs.” 
A fashion designer further noted that FashionQMap opened 
up a range of new designs, discouraging users from always 
relying on the same styles; they state that “When users de-
velop their designs in the future, they will have the opportu-
nity to have various applicable design directions.” 

Conclusion and Future Work 
In this paper, we introduced FashionQ, a prototype for fash-
ion style trend analysis with quantitative criteria. We set 
three design goals based on the functions that fashion pro-
fessionals asked for during the interviews. These goals are 
to provide (1) the classification conditions of and represen-
tative information for a certain style (FashionQStyle), (2) 
popularity analysis of a certain style by season (Fashion-
QTrend), and (3) clustering map information to represent all 
the fashion design style groups (FashionQMap). 

In future work, we first plan to study the effectiveness and 
influence of the FashionQ system through a user study with 
fashion professionals and to improve the system based on 
the study results. Second, by employing a deep-learning 
method, we intend to add another interactive component 
to FashionQ that allows the user to modify fashion styles, 
which was suggested by several professionals. For exam-
ple, Hsiao et al. [4] developed a deep image-generation 
neural network model that learns to synthesize clothing 
conditioned on learned per-garment encodings; this model 
proposes a new approach to creating fashionable images 
by changing the attributes that are important in fashionabil-
ity. With a function to change certain attributes of a fashion 
image to those of different styles, we expect that FashionQ 
will give professionals the opportunity to intuitively experi-
ence new designs that are fresh and unfamiliar. 
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