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ABSTRACT
It is challenging for customers to select appearance building prod-
ucts (e.g., skincare products, weight loss programs) that suit them
personally as such products usually demonstrate efficacy only after
long-term usage. Although e-retailers generally provide product
descriptions or other customers’ reviews, users often find it hard to
relate to their own situations. In this work, we proposed a pipeline to
display envisioned users’ appearance after long-term use of appear-
ance building products to deliver their efficacy on each individual
visually. We selected skincare as a case and developed Skincar-
eMirror which predicts skincare effects on users’ facial images by
analyzing product function labels, efficacy ratings, and skin models’
images. The results of a between-subjects study (N=48) show that
(1) SkincareMirror outperforms the baseline shopping site in terms
of perceived usability, usefulness, user satisfaction and helps users
select products faster; (2) SkincareMirror is especially effective to
males and users with limited product domain knowledge.
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• Human-centered computing→ Empirical studies in HCI.

KEYWORDS
Appearance building products, personalized visual aid, decision-
making, virtual try-on

ACM Reference Format:
Chuhan Shi, Zhihan Jiang, Xiaojuan Ma, and Qiong Luo. 2022. A Person-
alized Visual Aid for Selections of Appearance Building Products with
Long-term Effects. In CHI Conference on Human Factors in Computing Sys-
tems (CHI ’22), April 29-May 5, 2022, New Orleans, LA, USA. ACM, New York,
NY, USA, 18 pages. https://doi.org/10.1145/3491102.3517659

Permission to make digital or hard copies of all or part 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 components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
CHI ’22, April 29-May 5, 2022, New Orleans, LA, USA
© 2022 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-9157-3/22/04. . . $15.00
https://doi.org/10.1145/3491102.3517659

1 INTRODUCTION
As human society places particular value on physical characteris-
tics of an individual, there is a growing demand for products and
services that can help people improve physical appearance and
health [34], such as skincare products, dietary supplement medica-
tion, and weight loss programs. It is difficult for many consumers
to select suitable products for physical appearance enhancement
when they are exposed to a great variety of available candidates,
especially when they lack knowledge in the related domains. Many
popular e-commerce sites (e.g., Amazon1, Taobao2) thus provide
information such as product descriptions and brand stories as well
as other customers’ ratings and reviews [67] to facilitate customers’
selection process. Nevertheless, reading such information is time-
consuming and tedious for customers. Also, consumers always find
it difficult to relate others’ cases to their own situations, since long-
term appearance building is highly personalized and most of them
may not have enough product domain knowledge to distill useful
information specific to themselves [14].

Similar issues in the fashion industry have driven the develop-
ment of virtual try-on technologies, but these technologies mostly
assist in selecting products that show effects immediately upon
application, such as makeup [15] and clothes [28]. These virtual
try-on services mainly consider the visual information that could
be obtained from the appeal of the products, e.g., color and shape,
and then directly render the known visual effects of a given product
on top of user’ face or body captured by a camera [23]. Such visual
effects are typically stable and consistent across customers [39]. In
contrast, the efficacy of long-term appearance building products is
not visually observable upon application and usually varies from
person to person after prolonged usage [61]. The final effects spe-
cific to each user, if visible, are determined by certain non-visual
aspects of the products (e.g., ingredients) and individual customer’s
actual concerns (e.g., skin condition and body composition). Few
works thus far have investigated the user experiences and percep-
tions of virtual try-on applications for products and services that
take time to work.

This paper proposed a personalized visual aid to deliver the
projected efficacy of the appearance building products on each
individual visually by predicting the envisioned user appearance
after long-term use of them. We first conducted a need-finding
1https://www.amazon.com
2https://www.taobao.com
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study by interviewing 12 consumers of such products who have
prior experiences with virtual try-on in other domains. We gained
an understanding of their experiences, barriers, and needs when
choosing long-term products suitable for themselves. We further
summarized their specific requirements for the personalized visual
aid to address their needs: locating the specific concern(s) of each in-
dividual, facilitating intuitive product comparison centered around
the identified concern(s), and integrating all related information
that helps make sense of envisioned product effects in consumers’
decision-making process. Based on these design requirements, we
designed a pipeline to mine efficacy-related product information
(i.e., product descriptions/efficacy labels, customer reviews, images
of models or end-users before and after using a product as shared
on the official brand websites, etc.) and translated these information
to parameters that control the visual effects of image processing al-
gorithms that predict and render users’ future physical appearance.
As most participants in our need-finding study referred to skincare
as an example when asked about their usage of appearance building
products with long-term effects, we chose skincare as a case and
developed SkincareMirror (Figure 1) based on our pipeline.

Rather than a full-fledged system for skincare product selection,
SkincareMirror serves as a research prototype to explore whether
such a personalized visual aid, when embedded in an e-shopping
platform, can facilitate the inspection and interpretation of such
products, and how it may influence customers’ behavior and percep-
tion. To this end, we invited 48 participants to a between-subjects
user study with the control group using the same experimental
platform without our visual aid. Results from analysis of objec-
tive and subjective data captured in the experiment showed that
with SkincareMirror, users explored more products in significantly
shorter time than the control group did. The site with SkincareMir-
ror significantly outperformed the baseline on perceived usability,
usefulness, user satisfaction, and perceived informativeness. Moti-
vated by the findings in prior literature that gender and experience
differences exist in information processing during online shopping
[24, 38], we further compared the behavior and perception of the
participants with different genders and with different levels of skin-
care knowledge. Unlike the conclusion of previous work that male
customers tend to use virtual makeup try-on as a playful app for en-
joyment rather than as a tool supporting decision-making [30], we
found that males and users with less skincare knowledge considered
SkincareMirror to be an effective tool for their skincare product se-
lection more than the female users and those more knowledgeable.
Based on these findings, we discussed the challenges and concerns
in designing personalized visual aids in appearance enhancement
area, and design opportunities to further improve such personalized
visual aids and enhance user experience.

In summary, the main contributions of this paper are as follows:

(1) To benefit the selection process of appearance building prod-
ucts, we proposed a pipeline to develop visual aid to show
envisioned users’ appearance after using the appearance
building products that aim for long-term effects.

(2) To showcase the proposed pipeline, we developed Skincar-
eMirror based on it and conducted a user study to evaluate
how the proposed visual aid, when embedded in a shopping

Figure 1: SkincareMirror shows a user’s appearance before
using a certain skincare product (left) and envisioned ap-
pearance after using the product (right).

website, impacts users’ skincare selection perception and be-
havior. Both quantitative and qualitative analysis suggested
that SkincareMirror can enhance consumer experience ef-
fectively compared with the baseline website without it. It is
especially effective for males or users with limited skincare
knowledge.

(3) We further proposed design opportunities to improve our
pipeline and to address the difficulties in evaluating product
effects that customers may face when selecting appearance
building products with long-term effects.

2 RELATEDWORK
2.1 Product Selection Supporting for

Appearance Building Products with
Long-term Effects

Recent work proposed variousmethods to provide product selection
supporting for appearance building products with long-term effects.
Many review-sharingwebsites, such as@cosme3, sprang up. Yuki et
al. presented a tag recommendation method for these sites helping
filtering reviews and understanding the effects of products [44].
But the large amount of accessible information on such websites
prevents customers from discovering the information they need
[2]. Even if they can find correctly, they still have to spend a long
time searching and studying all opinions [56].

Conventional recommendation systems are based on user profile
(e.g., age) or/and item attributes (e.g., ingredients). For example,
[36] recommended skincare through calculating the similarity of
product ingredient composition. Nakajima et al. recommended skin-
care products that provide the desired effects based on users’ age
and skin type as well as the ingredients of products [50]. Other sys-
tems recommended products according to contextual information,
such as [59] which provided long-term personalized support for
healthy nutrition decisions by analyzing users’ everyday dietary
intake and physical activities. Also, some companies (e.g., Lemon-
box4) began to produce tailored plans for various supplements
3https://www.cosme.net
4https://lemonbox.com.cn/

https://lemonbox.com.cn/
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based on customers’ input personal nutrition goals and lifestyle
habits. As physical characteristics are also keys to determining the
suitability of products, image-based systems have emerged. These
systems require users to upload their personal photos, and then
assist them in finding appropriate products based on users’ charac-
teristics captured from the photos. For instance, many applications
like TroveSkin [70] offer skin analysis services and recommend
skincare products based on the detected skin problems. Maki et
al. utilized users’ uploaded images to record their skin conditions
and shared these data with professional skincare experts so that
users can obtain appropriate skincare advice from the experts re-
motely [49]. In addition, many other product features customers
may concern about were considered in previous works to support
the selection of appearance building products with long-term ef-
fects, such as product price, side effects, availability of goods, and
packaging [51].

Even though all existing works suggested possible appropriate
products, they can not satisfy users’ needs to try products and view
the effects intuitively. Customers are prone to be frustrated when
evaluating whether the final effects of the recommended products
would satisfy their needs. In addition, it is often the desire to en-
hance appearance that drives customers to use appearance building
products with long-term effects [41]. Predicting such products’ pos-
sible outcomes and showing the changes of customers’ appearances
thus is important and needed.

2.2 Virtual Try-on
Virtual try-on technologies are widely used as they offer an oppor-
tunity to virtually try products before purchase [62]. Traditionally,
based on computer graphics techniques, products’ visual effects
can be simulated by rendering the given product effects on top of
users’ faces or bodies in the output 2D images or 3D models [17, 21].
For example, Tong et al. used the quotient of the exemplar image
“before” makeup divided by the exemplar image “after” makeup
to indicate the makeup effects and transferred the effects to the
target face to achieve virtual makeup try-on [69]. Guo et al. further
completed the virtual makeup try-on with only the image “after”
makeup as an exemplar by directly transferring the facial skin and
color information in it to the subject image.With the burgeoning de-
velopment of deep learning, researchers began to use deep learning
models (e.g., GAN [20]) to synthesize the images of try-on products
and target customers to predict the envisioned effects [22, 23, 37].
For instance, Yang et al. proposed an Adaptive Content Generating
and Preserving Network which can achieve photo-realistic virtual
clothes try-on by synthesizing a target clothing image and a refer-
ence human image while preserving details such as characteristics
of clothes [81]. Liu et al. applied optimization-based neural makeup
transfer models to synthesize the makeup of the reference face
on the image showing the before-makeup face of the target user
[40]. To provide more immersive shopping experience, virtual re-
ality (VR) and augmented reality (AR) systems also emerged to
a new trend. Eisert et al. proposed a real-time visualization in a
virtual mirror environment by retexturing the garment dynamically
[25]. Various virtual fitting rooms/mirrors were also developed (e.g.,

ModiFace5), enabling virtual try-on of makeup, haircut, nail salon,
and teeth whitening.

However, these virtual try-on services were mainly for prod-
ucts that show effects immediately and they could not be directly
applied to appearance building products with long-term effects.
This is because models employed by these services aim to gener-
ate stable visual effects that are consistent across customers [39].
For instance, a makeup foundation could produce the same skin
color and concealing effects regardless of who applies it with what
kind of skin concern. In contrast, an acne removal skincare product
would only show effects on users who indeed have acne issues; it
would not work for those with redness but not acne [1]. Even for
the customers with acne, the actual visual effects after long-term
usage of the same product on them may be different. For instance,
users with mild acne problems are likely to have lighter post-acne
marks than those with severe acne problems. In short, existing
virtual try-on services for fashion products that show instant ef-
fects mainly considered the visual information of products (e.g.,
color, shape) [22, 23, 63], and they focused primarily on how to
align and render the standard product effects on users’ faces or
bodies. On the contrary, illustration of the efficacy of a long-term
appearance building product requires comprehensive consideration
of visual and non-visual characteristics of the product as well as
customers’ actual concerns. Few works have explored the design
and user experiences of personalized visual aids for this type of
products.

3 NEED-FINDING STUDY
To understand consumers’ decision-making process in purchasing
appearance building products with long-term effects, their needs,
and the hurdles they encounter in product selection process, we
conducted a qualitative need-finding study.

3.1 Participants and Procedure
We recruited 12 participants with diverse academic backgrounds by
word-of-mouth and online advertisement via social media. Their
ages range from 21 to 30 (M = 24.3, SD = 2.19), which falls in the
main age group using online shopping [16]. All participants use
appearance building products with long-term effects and have the
needs to purchase them in daily life. They all have prior experi-
ences with virtual try-on services in domains including makeup (5),
shoes (3), clothes (2), and cosmetic contact lenses (2). We specified
this inclusion criterion because we hope the participants can sug-
gest more specific requirements for our visual aid based on their
prior interaction with virtual try-on. We acknowledge that our
participants lack diversity in their virtual try-on experience. How-
ever, it is reported that a considerable percentage of e-commerce
consumers are likely to have been exposed to virtual try-on appli-
cations [35, 86] due to their growing popularity (used by more than
84% of major online retailers according to [85]). Thus, we believe
that our need-finding results generally reflect the needs of ordinary
customers of long-term appearance building products. As previous
literature suggested that there exist considerable gender differences
in appearance-related purchase [8], we recruited participants of
different genders. Six participants were self-declared as male (M)
5https://modiface.com/
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and six were female (F). To ensure the generality of our findings, we
included consumers who identified themselves as knowledgeable
(KN, five people) about such product selection as well as those who
self-reported to be unknowledgeable (UN, seven people).

We conducted semi-structured interviews with these partici-
pants. After signing the consent form, they were first invited to
recall and describe their latest experience of selecting appearance
building products with long-term effects, including but not limited
to what product information they focused on to help make deci-
sions, how they collected such information, how long they spent on
the decision-making process, and what step(s) took the most time.
We also asked them about the difficulties they faced when choosing
products suitable for them and their needs for facilitating their
product selection. Then we asked the participants to recollect their
most recent experience of using virtual try-on for purchasing such
products with long-term effects. The interview questions mainly
covered what they used such systems for, how they interacted with
and perceived such a service, whether, and if so, how such systems
benefited their decision-making process. Finally, we invited the par-
ticipants to envision what services they would like to have in the
selection process for long-term appearance enhancement products,
and what expectations and concerns they had for such services.

3.2 Findings
All participants acknowledged that choosing appearance building
products that require persistent usage and evaluating whether the
products were suitable for them personally were difficult and time-
consuming. We summarize the key insights from the need-finding
study below.

Seven participants reported that one main obstacle of selecting
appearance building products was that they found it hard to ob-
tain a sense of the possible outcome of a product that takes
time to work without applying it for a long period of time.
Although current product selection supporting strategies (e.g., rec-
ommendation systems) could facilitate product selection to some
extent, most (8/12) participants complained that they were still
confused about what concerns they have and whether the prod-
ucts target their concerns. Three participants additionally stressed
that, compared to existing virtual try-on application scenarios, the
(visual) effects of such products are usually subtle, which makes it
even harder for users to evaluate the products. P2 (M, UN) reported
that he often failed to realize in time that he had made wrong prod-
uct choices. Nearly half of the participants (5/12) reflected that they
had made such mistakes before and worried that applying wrong
products may cause adverse reactions and be harmful to their health.
Therefore, most participants (8/12) felt that they need to be more
careful and made more efforts to choose such products than other
products that do the job immediately (e.g., makeup, shoes), trying to
lower the risk of wasting money on wrong purchases. For example,
they “tend to buy products they have used before” (P10, F, KN) but
this may “lead to missing more suitable products (P11, F, UN).

In addition, five participants mentioned that retailers tend to put
many function labels on each product to make the products easier
to be searched. Product descriptions thus become very much alike.
When facing such similar product descriptions, participants found
it challenging to distinguish which product is more effective. Eight
participants suggested that it would be helpful if our personalized

visual aid could enable them to intuitively distinguish the possi-
ble differences of products’ effectiveness. Interestingly, seven
participants indicated higher tolerance of the disparity between the
actual effect and the envisioned result displayed by virtual try-on
for long-term appearance building products than for products that
can show obvious effects upon application. This is because, as P1 (F,
KN) put it, “rather than getting absolutely accurate prediction results,
being able to compare different [projected] product effects is more
important [for products that take a long time to show outcomes]”.

Furthermore, six participants expressed that shopping websites
usually cannot provide all the product information they need
in one place and that they tend to get distracted by other infor-
mation on the sites that are not related to product efficacy, such
as services, product packaging, and delivery. To make informed
decisions, participants would turn to various other online platforms
to collect information. For example, some participants mentioned
that they would turn to review-sharing sites or mobile applica-
tions to check the “reviews and ratings towards product efficacy from
customers who have used the products” (P1, F, KN). Due to this, cus-
tomers’ product selection process is especially time-consuming and
they “easily get lost in the searching process” (P6, F, KN).

3.3 Design Requirements
Based on the feedback from the need-finding study, we derived a
set of design requirements for a visual aid to facilitate selection of
appearance building products with long-term effects:

D1. Locating the specific concern(s) of each individual.
The individual differences and subtleties in appearance concerns
make it hard for customers to choose long-term appearance en-
hancement products suitable for themselves. Therefore, our visual
aid should help users quickly and explicitly localize physical area(s)
specific to their concern(s) and present the predicted product effects,
if any, in a targeted manner.

D2. Facilitating intuitive product comparison centered ar-
ound the identified concern(s). From the need-finding study, we
found that customers are usually confused about the increasingly
alike product descriptions. Thus, it is important to facilitate users
to intuitively differentiate the effectiveness of products, especially
the products whose claimed functions are similar.

D3. Integrating all related information that helps make
sense of envisioned product effects in consumers’ decision-
making process. According to our need-finding study, customers
often have to navigate between platforms to collect and integrate
their needed information. The visual aid should provide comprehen-
sive product information that would benefit consumers’ product
selection process in an integrated fashion without context switch-
ing.

4 PIPELINE DESIGN AND IMPLEMENTATION
Based on the three design requirements, we developed a pipeline to
automatically predict users’ appearance after using a given product
for a necessary period of time (Figure 2). Asmost of the need-finding
participants mentioned skincare products as an example of such
products, we chose skincare as a case domain and developed Skin-
careMirror based on our pipeline to explore whether the proposed
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Figure 2: Pipeline flow. {Product_1, · · · , Product_i, · · · , Product_z} and
{
pproduct_1, · · · ,pproduct_i , · · · ,pproduct_z

}
denote the prod-

ucts in our dataset and their corresponding image processing parameter values. {Product_x , · · · , Product_q, · · · , Product_l} and{
pproduct_x , · · · ,pproduct_q , · · · ,pproduct_l

}
denote the products targeting user’s top skin concern and their corresponding image

processing parameter values.

visual aid is beneficial for inspecting and interpreting products and
how it may influence customers’ product selection process.

4.1 Information Extraction
The information extraction module derives product efficacy labels,
customer ratings, and pairs of images from real usage cases before
(Before-Image) and after (After-Image) using products (D3).

4.1.1 Collection of Product Efficacy Label and Consumer-provided
Images. SkincareMirror provides prediction for four kinds of skin-
care products including (1) cream and moisturizer, (2) face treat-
ment, (3) toners, and (4) eye treatment. We searched 3,703 products
and their corresponding efficacy labels on Taobao.com, one of the
most widely used shopping websites in China, and only 391 prod-
ucts were with Before- and After-Images on the official brand web
pages. To describe product efficacy, Taobao offers 20 efficacy labels
for each kind of skincare products, such as "Dark Circles" for eye
treatment. Following these labels, the products of each kind can be
divided into 20 efficacy categories. However, as most products each
have multiple labels, each product may fit into multiple efficacy
categories. Also, we noticed that some product labels have similar
meanings. To remove redundancy, we randomly sampled 40 prod-
ucts under each label and merged two efficacy labels if the overlap
of the items under these two labels is more than 80%. For instance,
we randomly sampled 40 products of cream and moisturizer with
the efficacy label “Hydration” and 40 with the label “Moisturiza-
tion”, respectively. We found the two samples have 34 products (i.e.,
85% out of 40) in common. Therefore, we merged these two efficacy
labels into a new label “Hydration and Moisturization”. We kept
the original labels if the products under the efficacy label overlap
less than 80% with those under any other label. Finally, we obtained
seven new efficacy labels for cream and moisturizer, eight for face
treatment, six for toners, and four for eye treatment (details see
Table 1). We then replaced products’ original efficacy labels from
Taobao with the corresponding new labels to describe the efficacy
of each product in our dataset. To further simplify the selection

process and avoid customer confusion, if a product had multiple
new labels, we kept only one label that represented the primary
efficacy of the product and put the product in the corresponding
efficacy category.

4.1.2 Collection of Product Rating. After reassigning the efficacy
label of each product, we collected product ratings as the measure of
product effectiveness (D2). Because Taobao does not limit users to
rate only for efficacy, the ratings may be affected by many factors,
such as packaging and services. Therefore, we collected ratings
from “You are so beautiful today” [9], a popular mobile application
that covers more than 400,000 products, has been used by more
than 100 million people, and contains 5 million customer reviews.
The ratings from this application are claimed to all come from users
who have applied the products, and each product’s rating will be
shown only if there are more than ten reviewers on the product.
In the app, users can rate a product from 0 to 10 (0 – no effect at
all and 10 – perfect effect). We found that the ratings of products
are all between 6.0 and 9.0, so we further divided the products
in each efficacy category into three levels, i.e., [6.0, 7.0], (7.0, 8.0],
and (8.0, 9.0]. For example, a facial cream with a primary efficacy
label of “Hydration and Moisturization” and a user rating of 7.8
belongs to the “Hydration and Moisturization” efficacy category -
(7.0, 8.0] level. As we created seven efficacy categories for cream
and moisturizer products (Section 4.1.1) and each had three levels,
we finally obtained 7×3 efficacy-level categories of this kind of
products. Similarly, we got 8×3 efficacy-level categories of face
treatment, 6×3 of toners, and 4×3 of eye treatment.

To have the same number of products with officially provided
Before- and After-Images in each category to do the following
image processing parameter configuration, we selected five such
products in each efficacy-level category, which resulted in a total
of 375 products with official images in our dataset.
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Table 1: Image processing algorithms for different efficacy labels.
Skincare Product Efficacy Label Algorithms

Cream and Moisturizer

Hydration & Moisturization Band-Sifting Decomposition (make skin look wetter) [4]
Oil Control & Acne removal Band-Sifting Decomposition (make skin look more drier)

[4] & Bilateral Filter [19, 65, 68]
Brightening Band-sifting Decomposition (make skin look brighter

and more glowing) [4]
Lifting & Firming Bilateral Filter [19, 65, 68]
Pigmentation & Dark Spots Diminishing Lookup Table Based Skin Tone Adjustment [57]
Pore Reducing & Blackhead Removal Bilateral Filter [19, 65, 68]
After Sun Repair Lookup Table Based Skin Tone Adjustment [57]

Face Treatment

Hydration & Moisturization Band-Sifting Decomposition (make skin look wetter) [4]
Blemish Removal Bilateral Filter [19, 65, 68]
Brightening Band-sifting Decomposition (make skin look brighter

and more glowing) [4]
Acne Removal Bilateral Filter [19, 65, 68]
Redness Relieving Lookup Table Based Skin Tone Adjustment [57]
Lifting & Firming Bilateral Filter [19, 65, 68]
Pigmentation & Dark Spots Diminishing Lookup Table Based Skin Tone Adjustment [57]
Pore Reducing & Blackhead Removal Bilateral Filter [19, 65, 68]

Toners

Hydration & Moisturization Band-Sifting Decomposition (make skin look wetter) [4]
Brightening Band-sifting Decomposition (make skin look brighter

and more glowing) [4]
After Sun Repair Lookup Table Based Skin Tone Adjustment [57]
Pore Reducing & Blackhead Removal Bilateral Filter [19, 65, 68]
Even Skin Tone Bilateral Filter [19, 65, 68]
Oil Control & Acne removal Band-Sifting Decomposition (make skin look more drier)

[4] & Bilateral Filter [19, 65, 68]

Eye treatment

Hydration & Moisturization Band-Sifting Decomposition (make skin look wetter) [4]
Dark Circle Removal Lookup Table Based Skin Tone Adjustment [57]
Lifting & Firming & Eye Bag Removal Bilateral Filter [19, 65, 68]
Fat Granule Removal Bilateral Filter [19, 65, 68]

4.2 Image Processing Parameter Configuration
for Each Product

We applied different algorithms to produce the envisioned visual
effects of skincare products of different efficacy. Details are shown
in Table 1. For instance, we employed the bilateral filter algorithm
to remove skin blemishes and smooth skin, because it is good at
smoothing details while preserving edges [19] and is proven to have
good performance in skin smoothing [10, 65, 82]. While we used
band-sifting decomposition algorithm [4] to adjust the wetness and
gloss of skin. Furthermore, as the skincare products are usually
applied on different areas of a face, we constrained the effects of the
image processing algorithms within the corresponding region(s) of
the facial image. More specifically, for cream and moisturizer, face
treatment, and toners which are commonly used on the whole face,
we applied their associated algorithms on the entire facial skin area,
while we would only apply the related algorithms on the eye areas
for eye treatment for the skin around the eyes.

To ensure that the image processing algorithms could predict and
generate visual effects that match the efficacy of individual product,
we need to obtain the specific values of algorithm parameters for
each product item (Figure 3). For a product i with officially provided
pair of skin model’s Before-Image (Ii ) and After-Image (I∗i ), we first
processed its Before-Image Ii with the image processing algorithm
(A) corresponding to its efficacy category (Table 1). A uses a set
of n parameters PA = {P (1), P (2), · · · , P (n)} to control its degree of

image processing. Each parameter has a set of possible values, i.e.,
p(j) is a value of P (j) and p(j) ∈ {p

(j)
1 ,p

(j)
2 , · · · ,p

(j)
Nj

}, where Nj is

the number of possible values of parameter P (j) (j = 1, 2, · · · ,n).
We can get all possible combinations (m = N1 × N2 × · · · × Nn ) of
the values for the parameters in PA, and then configure the algo-
rithm Awith each value combination to process Ii , respectively. For
example, the kth (k = 1, 2, · · · ,m) parameter value combination
is denoted as {p(1,k ),p(2,k ), · · · ,p(n,k )}, where for each parame-
ter P (j), its value in this combination p(j,k ) ∈ {p

(j)
1 ,p

(j)
2 , · · · ,p

(j)
Nj

}.

The result image that is generated by this kth combination is de-
noted as Rk . Consequently, we produced a series ofm result images
{R1,R2, · · · ,Rm }. Then we calculated the cosine similarity – an
effective measure in facial image comparison [27, 52] – between
each result image and the After-Image (I∗i ), and found the one with
the maximum similarity. That is

Rt = argmax
{
similarity

(
Rt , I

∗
i
)
|Rt ∈ {R1,R2, · · · ,Rm }

}
.

Here Rt is the result image produced by the t th parameter value
combination and has the highest cosine similarity to the original
After-Image I∗i . We thus set the final parameter values for product
i to be pAi = {p

(1)
Ai
= p(1,t ),p(2)Ai

= p(2,t ), · · · ,p(n)Ai
= p(n,t )}, and

regarded the effects generated by pAi as the predicted effect of
product i.
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Figure 3: Flow of image processing parameter configuration for a product i.

In this way, for every efficacy-level category in our dataset, we
obtained the parameter values for all products with Before- and
After-Images in this category. Then, we take the median value of
each parameter to configure the remaining products without skin
model images. That is to say, assuming that product 1 to product l
are all the items with Before- and After-Images in a given efficacy-
level category, for any remaining product q in this category:

pAq =
{
median{p(1)A1

,p
(1)
A2
, · · · ,p

(1)
Al

},median{p(2)A1
,p

(2)
A2
, · · · ,

p
(2)
Al

}, · · · ,median{p(n)A1
,p

(n)
A2
, · · · ,p

(n)
Al

}

}
.

A pilot study was conducted to evaluate the results of image
processing parameter configuration. We recruited seven partici-
pants with diverse academic backgrounds (4 female, 3 male; age
range 22-26, M = 24.3, SD = 1.60) via word of mouth. They all have
experience in using skincare products. We first collected their facial
images (with consent) and the skincare products each of them used
before. We identified the primary efficacy label and efficacy level
of the most frequently used product for each participant, and then
randomly chose two other products of the same kind and the same
efficacy category but at two other efficacy levels. We processed
the participant’s facial image based on the corresponding image
processing parameter values of the three products, and showed the
three result images to the participant.

Next, we asked them to match images to efficacy levels to see
whether they can easily and correctly distinguish the effects of
products based on the images, because our need-finding results in-
dicate that users may care more about whether the tool could allow
them to compare product efficacy visually. Then we asked the par-
ticipants whether the results were exaggerated, overprocessed, and
unacceptable. Finally, we told them which image(s) corresponded
to the products they had used before and asked whether the effects
shown matched their experience. In general, all seven participants
can easily distinguish the effects of the three levels of product
efficacy. They all agreed that our image processing results were
acceptable, matched their experience well, and would not cause
any unrealistic expectations.

4.3 Implementation
Here we introduce how we implemented SkincareMirror to auto-
matically predict product effects on each customer. After a user
uploaded his/her facial image, we first applied the Meitu Skin Anal-
ysis API [45] to analyze skin concerns and detect area(s) of concerns
in the images and determine the top skin concern by comparing
each skin concern’s area (D1). Then we selected the products that
can address the top skin concern from our product dataset based
on efficacy labels. Next, we used the image processing parameter
values of each product to process user-uploaded facial images and
regarded the output as the prediction results on the product (Figure
2). As the effects of some skincare products are subtle, we high-
lighted the areas of the top skin concern using rectangles (Figure 4)
to make it easier for users to see the changes on their facial images
(D1). For a product in our dataset that was not selected to address
the user’s top skin concern, we would simply return the user’s orig-
inal facial image to reduce the difficulties of distinguishing such
products from those that can address user’s other skin concerns
but may only have subtle effects (D2).

5 EXPERIMENT
In this section, we conducted a 2 (with SkincareMirror vs. without
SkincareMirror) × 2 (male vs. female) × 2 (knowledgeable vs. un-
knowledgeable) between-subjects study to explore the answers to
the following research questions:

RQ1: Whether (and how) would SkincareMirror affect users’
skincare product selection behavior and perception?

RQ2: Whether (and how) would SkincareMirror affect users with
different gender and knowledge in skincare?

RQ3: How would users perceive SkincareMirror, and what are
their concerns?

To this end, we simulated an online shopping scenario and in-
vited each participant to complete two separate tasks of choosing a
skincare product (one about face treatment and the other about eye
treatment) that is suitable for himself/herself. We counterbalanced
the order of the tasks to alleviate potential order effects. In each
task, participants were required to select only one product from 48
candidates. We randomly selected two products from each of 8×3
face treatment efficacy-level categories (Section 4.1.2) to get the
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Figure 4: Example images with skin concerns on “Pores & Blackheads”. (a) Original facial image. (b) level [6.0, 7.0]; image pro-
cessing parameter=28. (c) level (7.0, 8.0]; image processing parameter=60. (d) level (8.0, 9.0]; image processing parameter=113.
(Note: The products may improve skin conditions on other facial area(s), we only highlight the area(s) of the top skin concern to
clarify users’ skin concerns and avoid misleading users).

48 face treatment candidates and four products from each of 4×3
eye treatment efficacy-level categories (Section 4.1.2) to get the 48
eye treatment candidates. All relevant product data were collected
from their brands’ official websites. As for the participants’ final
decisions, there was no right or wrong answer [54]. We instead
asked them to present the reasons for and basis of their decisions
immediately after submitting their products of choice, to make
sure that the participants take the tasks seriously. Here, we used
the website without SkincareMirror rather than existing virtual
try-on applications as the baseline because previous virtual try-on
works are not applicable to the appearance building products with
long-term effects.

5.1 Experimental Website Design
We developed two experimental websites with and without Skin-
careMirror respectively. To remove potential confounding effects
in the between-subjects study, these two websites contained the
same set of experimental stimuli. The website with SkincareMir-
ror popped up an additional page for users to upload their facial
photos with clear instructions and requirements of images. The
main page of both experimental websites was a product catalog
(Figure 5). These catalog pages, regardless of the condition, shared
the same design modeled after Taobao and contained the same
amount of information. More specifically, the catalog displayed 48
content tiles in a grid layout (Figure 5: (a)) and every tile (Figure
5: (c)) included an image, the name, the price, and a unique ID of a
candidate product. Once participants have decided which product
to choose, they can select the corresponding product ID (Figure 5:
(c)) from the drop-down list (Figure 5: (b)) located at the bottom
of the catalog page and submit their choices when ready. Clicking
on a particular tile would take users to its associated item detail
page (Figure 6). Item detail pages on both websites showed the ba-
sic product information (i.e., volume, expiration date, etc.) (Figure
6: (a)), detailed product description (i.e., main ingredients, usage
method, etc.) (Figure 6: (c)), a pair of consumer-provided Before-
Image and After-Image (Figure 6: (d)), as well as twenty customer
reviews from brand official webpages on Taobao (Figure 6: (e)). The
only difference between the two versions of experimental websites
was that the one with SkincareMirror has an additional section
presenting the user’s original facial photo and the predicted user
photo result generated by SkincareMirror on each item detail page
between basic product information and detailed product descrip-
tion (Figure 6 : (b)). To minimize potential brand and price bias, we

blurred all information about brands and kept all prices within a
reasonable range.

5.2 Participants
We recruited 48 participants with diverse academic backgrounds
(age range 18-31, M = 23.2, SD = 2.78) by word of mouth and online
recruitment via social media. We randomly assigned half of the
participants to the with-SkincareMirror group (SP1-24) and the
other half to the without-SkincareMirror group (P1-24). All of our
participants use skincare products in daily life and their average
self-assessed knowledge in skincare product selection is 3.75 (SD =
1.60), with 1 being no knowledge at all and 7 being a lot of knowl-
edge. To counterbalance users’ gender and knowledge in skincare
product selection, we recruited equal numbers of male (M) and
female (F) participants and each gender had the same number of
people who are knowledgeable (KN) and unknowledgeable (UN)
(1∼3 as unknowledgeable, 5∼7 as knowledgeable, and we confirmed
with participants who rated 4 again about their knowledge before
assignment). As a result, in each group, there were 12 males (6
knowledgeable, 6 unknowledgeable) and 12 females (6 knowledge-
able, 6 unknowledgeable). All participants are familiar with the
Internet and have shopped online previously, meaning that they
have no problem interacting with our experimental websites. Note
that we only considered binary gender when exploring possible
gender differences in this study following the practice of existing
literature in related domain, so that we could compare our findings
with prior works.

5.3 Measures Design
We designed eight measures (i.e., website usability, website useful-
ness, website credibility, user confidence in choice, website ability
of improving user confidence in choice, user satisfaction with web-
site, perceived informativeness, and trust of website) to measure
users’ skincare product selection perception (See Appendix A.1 for
details). In addition, we asked participants in with-SkincareMirror
group to rate their user trust of product effects showing on their
own facial images (predicted by SkincareMirror), participants in
without-SkincareMirror group to rate their trust of product ef-
fects showing on consumer-provided images, to investigate the
difference. As for user behavior, we logged the user’s total time
spent on completing each task and the number of products a user
clicked in each task. To further probe SkincareMirror influence
user behavior in which part(s) of the experimental websites, we
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Figure 5: Screenshots of product catalog page. (a) product cat-
alog. (b) a drop-down list for users to submit their chosen
products. (c) a tile of a candidate product.

Figure 6: Screenshots of the item detail page with Skin-
careMirror. (a) basic product information. (b) SkincareMir-
ror. (c) detailed product description. (d) consumer-provided
Before-Image and After-Image. (e) customer reviews.

subsequently computed the user’s time spent on scanning the basic
product information, SkincareMirror’s prediction images (only for
with-SkincareMirror group), detailed product description, official
skin model images, and customer reviews, respectively. (RQ1, RQ2)

To measure user perception towards SincareMirror, participants
in with-SkincareMirror group also need to rate their user experi-
ence, adoption and use intention, in terms of SkincareMirror [55].
(RQ3)

5.4 Procedure and Data Collection
After obtaining participants’ consent, we first asked them to com-
plete a self-assessment on their knowledge in skincare product
selection on a 7-point Likert scale. Then we introduced the proce-
dure of the experiment and gave a quick tutorial on our visual aid
to the with-SkincareMirror group. The tutorial was mainly about
the functions of SkincareMirror and how to use it. We intentionally
avoided any information which might cause bias such as names of
service providers. For example, we said that we would detect users’

skin concerns based on their facial images but do not reveal that it
is based on Meitu Skin Analysis API [45]. In each task, participants
can freely browse the given products. Once they have submitted
their final choice, they need to write down the reasons for and basis
of such a decision to complete the task. During this process, we ran
a backend script to track and log each user behavior measure on
the webpages. After finishing both tasks, participants were asked
to rate their perception on a 7-point Likert scale ((1 – strongly
disagree and 7 – strongly agree) regarding each perception mea-
sure respectively. To better understand participants’ ratings and
behavior, we further conducted a semi-structured interview with
them. With users’ consent, we recorded the audio of the whole in-
terview. The whole experiment lasted for around 40 minutes. Upon
its completion, the participants received a token of appreciation.
The user study was approved by our institution’s IRB.

5.5 Data Analysis
From the results of two-way ANOVA (between-subjects:
with/without visual aid and task order, gender and task order,
knowledge in skincare product selection and task order) tests,
we confirmed that the task order has no significant main effect
and interaction effect on every measure of participants’ skincare
product selection perception and behavior. Therefore, we combined
the behavior data from the two tasks per person using the sum of
data from the two tasks for each measure.

We planned to research not only the SkincareMirror’s impact
on participants but also the difference in SkincareMirror’s im-
pact on participants of different genders and the difference in
SkincareMirror’s impact on participants of different knowledge
in skincare product selection. Therefore, we conducted two-way
ANOVA on each behavior measure and perception measure regard-
ing with/without SkincareMirror and gender, with/without Skincar-
eMirror and knowledge, respectively as between-subjects variables.
To probe the difference of participants with different genders and
knowledge in perception and behavior towards SkincareMirror, we
conducted one-way ANOVA analysis on user experience, adop-
tion and use intention, and users’ time spent on SkincareMirror
withmale/female and knowledgeable/unknowledgeable as between-
subjects factors separately.

Finally, two authors conducted thematic analysis [5] on the tran-
scripts of interview audio recordings and identified key themes in
participants’ feedback in response to our three research questions.

6 RESULTS
In this section, we present our findings about the possible impact
of SkincareMirror on users’ behavior and perception in skincare
product selection, and further compare the effect between male
and female users as well as between customers of different levels of
knowledge about skincare product selection. We also discuss users’
perception and concerns towards SkincareMirror.

6.1 Behavior in Skincare Product Selection
Process (RQ1)

Comparing with the without-SkincareMirror group, SkincareMir-
ror effectively shortens the total time of skincare product selection
of the with-SkincareMirror group; ANOVA, F (1,46) = 8.7, p < .01,
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Table 2: Means and standard errors of users’ behavior in
skincare product selection process.

Without With

M SE M SE

Overall 882.33 583.31 487.43 302.90
Click 10.33 4.73 17.54 10.12
Details 390.60 337.95 124.29 101.94
Comments 328.20 215.71 131.69 127.04

Overall: the total time spent on the website (s). Click: the number of viewed
products. Details: time spent on detailed product description (s). Comments: time

spent on comments (s).

Figure 7: Means and standard errors of users’ perception of
website in terms of usability, usefulness, satisfaction, per-
ceived informativeness, trust in images (∗: p < .05, ∗∗: p < .01).

η2 = .16. In such shortened time, participants with SkincareMirror
clicked and investigated significantly more products than those
without SkincareMirror; F (1,46) = 10.0, p < .01, η2 = .18 (Table
2). More specifically, the two sections that contain the most tex-
tual information are: detailed product description and customer
reviews. Participants with SkincareMirror spent significantly less
time on them (product description: F (1,46) = 8.7, p < .01, η2 = .23;
customer reviews: F (1,46) = 14.8, p < .01, η2 = .24) than partici-
pants in without-SkincareMirror group (Table 2). These results
show that, with SkincareMirror, users spend much less time on
textual information. Consequently, our visual aid not only reduces
the total decision-making time but also enables participants to view
more products. On the time spent on basic product information and
brand-provided Before- and After-Images of model faces, we find
no significant difference between these two groups.

6.2 Perception in the skincare product
selection Process (RQ1)

In general, SkincareMirror, when embedded in a shopping website,
significantly improves the website’s usability (F (1,46) = 16.63, p <
.01, η2 = .27), usefulness (F (1,46) = 28.20, p < .01, η2 = .38), user
satisfaction (F (1,46) = 8.53, p < .05, η2 = .16), and perceived infor-
mativeness (F (1,46) = 7.89, p < .05, η2 = .15) in product selection
tasks (Figure 7). Although no significant effect is found on users’

trust of the shopping website, participants’ trust in SkincareMirror-
provided preview images based on their own facial images is sig-
nificantly higher than that in consumer-provided product effect
images (F (1,46) = 28.22, p < .01, η2 = .38) (Figure 7). In the rest of
this section, we provide possible explanations of these results based
on interview feedback from the participants.

6.2.1 Usability. Shopping websites for appearance building prod-
ucts with long-term effects usually tend to provide textual descrip-
tion of product efficacy as the visual effects of such products often
vary for individuals, making it laborious to extract the key informa-
tion (SP28, F, 26, KN) [3, 12]. We offer a visualization that directly
shows users their facial images before and after virtually applying
skincare products (SP16, M, 26, UN; SP24, F, 24, UN), providing
them with an immediate understanding of the products’ long-term
effects. Nine participants explained that they could not fully under-
stand the abstract product information or ingredient description
in item detail pages. In comparison, SkincareMirror is easier for
them to learn and to use. “I hardly need to learn any extra skincare
knowledge, just comparing some images is enough” (SP3, M, 23, UN).
This, however, may cause over-reliance on our visual aid, which
we discuss in more details in the Discussion section.

6.2.2 Usefulness.
SkincareMirror makes up for users’ lack of knowledge in
skincare product selection. In advertisements or detailed prod-
uct descriptions, it is common for customers to encounter unfa-
miliar terminologies that require abundant domain knowledge to
understand [11]. This may mislead customers to have unrealistic
expectations about the products’ efficacy (P7, F, 23, KN), which may
lead them to impulsive purchase without a comprehensive survey
(P22, F, 20, UN). Another problem is that the facial skin condition of
each individual is different [18] while users do not know their skin
conditions well (SP23, F, 19, UN; SP3, M, 23, UN). So they do not
know exactly how to evaluate whether the products are suitable
for them. In our study, we find that participants feel it easier to
make decisions with SkincareMirror, as it can “automatically display
visual effects and skin concerns’ areas making inspecting products
intuitively and easily” (SP2, M, 23, UN) (D1).

SkincareMirror greatly simplifies users’ search for skin-
care information. Participants find it “a struggling process to find
useful and applicable information for evaluating the products” (P14,
F, 23, KN) although shopping websites show product information.
11 out of the 48 participants, including three users who are knowl-
edgeable about skincare products, expressed that they are skeptical
about product efficacy claimed by retailers (P5, F, 25, KN), other
customers’ reviews (P1, F, 28, UN), and sometimes recommenda-
tions from friends (SP17, F, 20, KN) for their skin conditions [13]. “I
think that a certain product works well for me, though I find others
do not like it on review-sharing platforms” (P4, M, 30, KN). With
personalized prediction, SkincareMirror reduces users’ burden on
identifying information relevant to individual situation, by auto-
matically performing skin analysis on users’ facial images and
envisioning possible product effects specific on them based on their
skin concerns (SP14, F, 27, UN). This confirms that SkincareMirror
meets our D3.

SkincareMirror helps participants distinguish the main
functions of products. In order to increase sales, retailers tend
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to claim each product to have many functions [72]. Product de-
scriptions thus become quite alike as they all put down more or
less the same list of functions. In reality, a single product mainly
solves one or two skin problems (P18, F, 19, KN). As a result, even
if participants have different needs, there are many overlaps in the
products, making them confused (P20, M, 24, UN). SkincareMirror
helps with the product filtering, since we kept only one main veri-
fied function for each product in our database and only processed
images of products that match the skin concerns in users’ facial
images (D2). As the effects of skincare products are often subtle,
the effective regions highlighted by colored frames make it easier
for users to locate the area(s) of interests and pick out products
whose main functions are suitable for their skin concerns (5/24)
(D1). “Once I found the visual aid did not process my image [with no
frames shown], I would directly turn to another product and would
not look at the rest of the page any more” (SP14, F, 27, UN).

6.2.3 Satisfaction. Results of the interview suggest that, partic-
ipants show more satisfaction with the shopping website with
SkincareMirror compared to the baseline. For example, SP18 (F, 18,
UN) explicitly expressed her satisfaction that “I really appreciate it
[SkincareMirror]. Obviously, judging based on my own photos is better
than based on others’ cases”, while no one in the group without the
visual aid did so. The group with SkincareMirror also express more
satisfaction with their final decisions than the group without in the
interview. “With the tool’s help, I can easily tell that some products’
effects are poor and some are good. I have an intuitive sense of the
skincare products’ effects, which makes me more sure of my choices”
(SP8, M, 24, UN) (D2).

6.2.4 Perceived informativeness. Interestingly, although partici-
pants with SkincareMirror spent much less time on reading the
textual information (Section 6.1), the survey results show that they
perceived their decision to be more informative (of a significantly
higher rating) than those in the baseline condition. On one hand,
this is possibly because SkincareMirror reduces participants’ bur-
den of reading textual information and increases their “interests to
view more products” (SP22, M, 23, KN). On the other hand, intuitive
prediction of skincare effects makes participants dare to explore
new products rather than conservatively choosing “among popular
products” (P4, M, 30, KN) or “from the products purchased before”
(SP7, M, 24, KN). SP17 (F, 20, KN) said that she found products she
never knew before but thought more suitable for her than what she
had been using. Especially, participants with limited knowledge
about skincare products (7/24) explicitly commented that they could
rarely get useful product information on shopping websites due to
their lack of understanding of such information (e.g., unfamiliar
terminologies). However, as they can easily understand and obtain
insights from the visual results of SkincareMirror, they perceived
that they gained more useful information. Nevertheless, some par-
ticipants conveyed that showing ratings or processing parameters
can help them understand the prediction results of SkincareMirror
more accurately (SP2, M, 23, UN). In particular, participants who
pay considerable attention to ingredients (SP4, F, 26, KN), especially
those who are allergic to chemicals (SP3, M, 23, UN), stated that
they cannot get what they want from SkincareMirror and they
still need to search textual information from other sections on the
website. For example, P7 (F, 23, KN) said “I have to carefully check

the ingredient list to make sure that there is not any ingredient that I
am susceptible to, while SkincareMirror does not provide such hints”.
We discuss this in more details in the Discussion section.

6.2.5 Trust in images. An interesting finding from the interviews
is that most participants (37/48) indicated that they do not trust
others’ photos of product effects on the Internet at all and seldom
consider such photos during the selection process. One reason is
that skin conditions vary from person to person and long-term
skincare effects are highly personalized. Therefore, they doubted
that “retailers may only choose the best photos, but not everyone will
achieve such efficacy” (P5, F, 25, KN; SP10, F, 24, KN). In addition,
“many factors such as [color] brightness and image resolution may
influence customers’ perception” (P13, F, 19, UN). In contrast, six
of 24 participants in SkincareMirror condition said that they have
more control over photos uploaded by themselves, so they believed
the prediction result based on their own images more. Although
our image processing system was based on models’ photos of prod-
uct effects, we only selected consumer-provided photos posted on
official brand websites to control the quality, and avoided overpro-
cessing images by using the median value of each efficacy-level
category. Hence, SkincareMirror, which can visually display the
differences between products for individual users, is deemed more
trustworthy by our users. Four participants further stated that the
trustworthiness of the organizations that provide SkincareMirror
will also have an effect on them: they “trust SkincareMirror more if it
is developed by some well-known organizations that they are familiar
with”. In addition, as noted by SP11 (F, 23, KN) and SP17 (F, 20, KN),
participants’ trust is also established from the consistency of the
prediction images with their previous actual experience using prod-
ucts with similar efficacy. However, seven participants expressed
their concerns about the quality of our training data which may af-
fect the effectiveness of our visual aid. “Even if some customers may
have applied the product, they might not have used it long enough
before reviewing and rating” (P5, F, 25, KN). Sometimes negative
reviews and low ratings are not because the product is not good,
but because “reviewers have insufficient knowledge, which leads them
to purchase unsuitable products” (P12, F, 23, KN).

6.3 SkincareMirror’s Effect on Users of
Different Genders (RQ2)

The results of two-way ANOVA show that gender does not have
a significant main effect on each behavior and perception mea-
sure. But it has significant interaction effects towards the total time
spent on decision-making (F (3,44) = 3.0, p < .05, η2 = .17), number
of clicked products (F (3,44) = 3.5, p < .05, η2 = .19), time spent on
detailed product description (F (3,44) = 4.4, p < .01, η2 = .23), and
time spent on comments of the product (F (3,44) = 5.6, p < .01, η2 =
.27) (Table 3). The one-way ANOVA analysis shows that there is no
significant effect in terms of the time spent on consumer-provided
Before- and After-images, and on SkincareMirror (Table 3). As for
perception, there are significant interaction effects towards cred-
ibility (F (7,40) = 4.7, p < .05, η2 = .23) and satisfaction (F (7,40) =
4.4, p < .05, η2 = .10) (Table 4). Although gender does not show
a significant interaction effect in participants’ confidence in their
final choice (“I am confident in my choice” ), there are significant in-
teraction effects in participants’ perceived SkincareMirror’s ability
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Table 3: Means and standard errors of behavior of male and female, knowledgeable and unknowledgeable group in with- and
without-SkincareMirror group in terms of the total time spent on the website, the number of viewed products, time spent
on basic product information, time spent on detailed product description, time spent on comments, time spent on consumer-
provided Before- and After-Images, and time spent on SkincareMirror.

Without With Without With

Male Female Male Female Knowledgeable Unknowledgeable Knowledgeable Unknowledgeable

M SE M SE M SE M SE M SE M SE M SE M SE

Overall 834.4 144.8 930.3 194.7 425.0 86.3 549.9 88.5 789.8 111.8 984.9 211.9 501.9 100.3 473.0 76.8
Click 11.8 1.3 8.9 1.3 17.2 2.8 17.9 3.2 9.6 1.1 11.1 1.6 14.8 3.2 20.3 2.5
Basic 127.6 29.1 128.5 42.5 86.4 17.0 100.0 18.0 156.1 43.3 100.4 25.2 88.5 19.1 98.4 15.9

Details 386.0 78.8 395.2 117.0 101.6 30.5 147.0 28.0 284.5 47.0 496.7 125.1 133.0 33.5 115.9 26.0
Comments 282.5 46.1 373.9 74.9 107.2 44.3 156.2 27.1 316.5 61.5 339.9 65.6 166.2 43.9 97.2 25.8

Images 46.6 16.0 32.4 9.2 15.4 3.7 34.9 5.6 23.5 4.7 55.5 16.8 28.8 6.04 21.4 4.9
SkincareMirror - - - - 118.0 36.4 112.1 22.4 - - - - 85.7 23.6 144.4 33.4

of improving their confidence (“This website improves my confidence
in my choices” ) (F (7,40) = 4.8, p < .01, η2 = .04; Table 4). From the
interview results, we find that one possible reason for the signif-
icant gender difference is that male participants prefer intuitive
and interactive services offered by our tool which can help them
decide quickly without spending much time on browsing the text,
while females still refer to other information on the site and are
more conservative. These are also consistent with prior findings
about gender differences in information processing during online
shopping, such as males are more affected by interactivity while
females focus more on diagnostic information [38].

6.3.1 Behavior in Skincare Product Selection Process. In the inter-
view, male participants made it clear that they prefer to see the
images provided by SkincareMirror rather than read the complex
product introduction. SP21 (M, 31, UN) reported that SkincareMirror
would potentially change his habits of selecting skincare products,
as SkincareMirror “sparks the interest in viewing products because
of its simplicity and enjoyment”. In comparison, the main change
in female participants’ behaviors is that they would not collect
information on other platforms as usual if they can use the website
with SkincareMirror (SP17, F, 20, KN) and would not spend much
time comparing similar products. "I always hesitate among several
products. Now I do not need to repeatedly compare these similar prod-
ucts, but make decisions directly based on the prediction" (SP11, F, 23,
KN). Also, SP19 (F, 21, KN) indicated that she would give priority
to products that show better effects in SkincareMirror.

6.3.2 Credibility. In our study, most male participants (8/12) re-
ported that they relied on the convenience brought by technologies
in their daily life and their perceived credibility of SkincareMirror
was mainly from such life experience. In comparison, females who
think SkincareMirror is credible come to this assessment because
SkincareMirror’s simulated product effects match their actual expe-
rience with the products (5/12). Some participants (of both genders)
shared the view that SkincareMirror’s credibility would depend
on the transparency of the data and technology used and/or the
dependability of the service provider of SkincareMirror (SP6, M, 24,
KN; SP5, F, 24, KN). During the interview, six participants asked for
more details about the data and the image processing model. SP6
said that, “I need to refer to official descriptions [of SkincareMirror],
and further look into its data source and related algorithms.”. He
further frankly reported that he “would trust the visual aid only if
the data and the models could be trusted”. SP20 (M, 22, UN) implied

that, “If it is offered by some well-known companies or institutions,
users would be more likely to believe in SkincareMirror”.

6.3.3 Satisfaction. From the post-study interviews, we indeed find
that the male participants show more satisfaction with and reliance
on SkincareMirror, and their envision satisfaction after using the
chosen products is higher than that of the females. “I would be
more satisfied with the products since I made decisions based on the
personalized prediction of the products’ effects rather than on my
imagination built upon some online information that may not even be
suitable for me” (SP2, M, 23, UN). However, both male and female
participants whose skin conditions are relatively good are not so
satisfied with our visual aid. “It is hard to tell the difference between
after-images and original images since the changes are too subtle”
(SP24, F, 24, UN).

6.3.4 Ability of improving users’ confidence. In the interview, male
participants commented that the website with SkincareMirror could
improve their confidence in their choices. They compared products
based on the post-processing images (SP8, M, 24, UN; SP13, M, 24,
UN), particularly when they are hesitant among several similar
products (SP16, M, 26, UN). In contrast, five female participants
said that many factors may influence products’ final effects and
they are still not very confident in their choices.

6.4 SkincareMirror’s Effect on Users with
Different Levels of Knowledge (RQ2)

Two-way ANOVA shows that knowledge in skincare product se-
lection does not have a significant main effect on each behavior
and perception measure. However, there are significant interaction
effects towards total time spent on decision-making (F (3,44) = 3.2,
p < .05, η2 = .18), number of clicked products (F (3,44) = 4.4, p <
.01, η2 = .23), time spent on detailed product description (F (3,44) =
6.4, p < .01, η2 = .30), and time spent on comments of the product
(F (3,44) = 5.2, p < .01, η2 = .26) (Table 3). But one-way ANOVA
analysis shows that there is no significant effect in terms of the
time spent on consumer-provided Before- and After-images, and
on SkincareMirror (Table 3). Also, there are significant interaction
effects towards users’ perceived usefulness (F (7,40) = 3.4, p < .05,
η2 = .14) and confidence in their choices (F (7,40) = 3.9, p < .05, η2 =
.16) (Table 4).

6.4.1 Behavior in Skincare Product Selection Process. Our interview
results show that knowledgeable and unknowledgeable participants
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Table 4: Means and standard errors of perception of male and female, knowledgeable and unknowledgeable group in with-
and without-SkincareMirror group in terms of website usability, website usefulness, website credibility, user confidence in
choice,website ability of improving user confidence in choice, user satisfactionwithwebsite, perceived amount of information,
trust of website, trust of images, user experience, and adoption and use intention.

Without With Without With

Male Female Male Female Knowledgeable Unknowledgeable Knowledgeable Unknowledgeable

M SE M SE M SE M SE M SE M SE M SE M SE

Usability 5.06 .21 4.92 .35 5.97 .17 5.92 .19 4.92 0.36 5.06 .18 6.08 .21 5.81 .13
Usefulness 4.44 .26 4.73 .31 6.06 .24 5.88 .23 4.43 .33 4.73 .23 5.90 .27 6.04 .19
Credibility 5.14 .19 5.53 .32 6.06 .25 5.31 .27 5.33 .29 5.33 .24 5.50 .30 5.86 .26
Confidence 5.08 .26 5.58 .34 5.83 .27 5.67 .14 5.67 .28 5.0 .30 5.75 .22 5.75 .22
Confidence (Ab) 4.33 .38 4.67 .33 6.33 .19 5.17 .42 4.50 .31 4.50 .40 5.83 .37 5.67 .38
Satisfaction 4.83 .32 5.08 .29 6.00 .25 5.67 .26 4.83 .32 5.67 .31 5.08 .29 6.00 .17
Informativeness 3.39 .14 3.69 .15 3.92 .15 4.03 .17 3.53 .17 3.56 .13 3.89 .17 4.06 .15
Trust 5.00 .21 5.42 .31 5.75 .28 5.17 .27 5.08 .34 5.33 .189 5.50 .29 5.42 .29
Trust (Im) 4.42 .29 4.08 .42 6.00 .25 5.83 .30 4.00 .21 4.50 .45 5.83 .30 6.00 .25

use SkincareMirror in different ways and that unknowledgeable
participants have more behavior changes, as they rely more on Skin-
careMirror than the knowledgeable group. Specifically, four (of 12)
unknowledgeable participants reported that they almost ignored
the textual contents which they cannot understand and began to
choose products solely based on SkincareMirror, whereas no one
in the knowledgeable group reported this behavior. With Skincar-
eMirror, unknowledgeable participants look at as many products as
possible (SP3, M, 23, UN). When they find that there is no rectangle
on the facial image indicating that the product is not suitable for
them, they turn to the next product immediately. Therefore, the
number of clicks they make is higher than the knowledgeable par-
ticipants. The knowledgeable participants view only the products
that they think may be suitable for them (SP12, M, 20, KN). Some
knowledgeable participants, such as SP22 (M, 23, KN), also explic-
itly reported that SkincareMirror could prompt participants to click
on more products to “find lots of great products” that they “did not
know before”.

6.4.2 Usefulness. Unknowledgeable participants use SkincareMir-
ror more during the selection process than knowledgeable partici-
pants, and some unknowledgeable participants “almost completely
rely on SkincareMirror to choose products” (SP3, M, 23, UN). Espe-
cially, participants, who said that they never made skincare product
selection decisions independently but absolutely followed others’
suggestions, reported that they were willing and able to choose
skincare products by themselves with the support of SkincareMirror
(SP5, F, 24, UN).

6.4.3 Confidence. Participants in the unknowledgeable group tend
to use SkincareMirror to select skincare products directly. They felt
more confident in choosing skincare products based on Skincar-
eMirror rather than based on other information on the website that
they hardly understand (SP2, M, 23, UN). In contrast, participants in
the knowledgeable group mostly said that they used SkincareMirror
to do reconfirmation after they have made preliminary choices and
that the visual aid thus further increased their confidence (SP7, M,
24, KN).

Figure 8: Means and standard errors of the perception
of male and female, knowledgeable and unknowledgeable
group towards SkincareMirror in terms of user experience,
and adoption and use intention (+: .05 < p < .1).

6.5 Perception towards SkincareMirror and
Concerns (RQ3)

6.5.1 User experience. Participants rate an average of 5.98 (SD =
1.09) on user experience about SkincareMirror, and gender has a
marginally significant effect in one-way ANOVA analysis (p = .07)
(Figure 8). Users praised the visual aid as it is “attractive, interesting”
(SP6,M, 24, KN), “intuitive” (SP5, F, 24, UN), “novelty, understandable”
(P1, F, 28, UN) and “convenient” (SP7, M, 24, KN). Participants also
had positive comments on SkincareMirror’s personalized results,
“it solves many problems in my daily skincare shopping process. I pay
more attention to the photos rather than the other content on the page”
(SP8, M, 24, UN).

6.5.2 Adoption and use intention. In one-way ANOVA, neither
gender nor knowledge in skincare selection shows a significant
effect on visual aid adoption and use intention (Figure 8). Most
participants intend to adopt SkincareMirror again, with an average
rating of 5.93 (SD = 0.87). Participants reported that SkincareMirror
improved their efficiency and was beneficial to decision-making. “I
am not afraid to choose skincare any more” (SP2, M, 23, UN). 19 of 24
participants stated that they looked forward to continuing to use
the visual aid in the future. SP22 (M, 23, KN) hoped SkincareMirror
“to be promoted to more platforms and be widely used”. He added that
“it has broad prospects for development”.
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6.5.3 Privacy concerns. Surprisingly, only a few participants worry
that SkincareMirror may leak their information with the uploaded
photos of the entire faces. 25% participants are not concerned about
the privacy issues at all, since “uploading and scanning facial image
is extremely common nowadays” (SP20, M, 22, UN). More partici-
pants (33.3%) consider such concerns depending on the reputation
and credibility of SkincareMirror and the organization providing
the visual aid. Some participants suggested that it would be better if
partial photos are allowed (SP21, M, 31, KN) and if participants can
upload their face photos to local apps instead of online websites
(SP14, F, 28, UN).

6.5.4 Concerns of photos without-makeup. Six of 24 participants in-
dicated that they do not care about taking photos without makeup.
Most participants regard uploading without-makeup photos as nor-
mal as “without-makeup photos are necessary to detect skin concerns
more accurately” (SP14, F, 28, UN). “My photos are to be processed
by some algorithms, not to be publicly displayed.” (SP3, M, 23, UN).
Another interesting finding is that those who are worried about
this issue are all knowledgeable participants in skincare selection.
Although the make-up trial is traditionally a female activity [30],
we still find some male participants who worried about uploading
photos without makeup or without beauty filters (SP6, M, 24, KN;
P4, M, 30, KN).

7 DISCUSSION
This paper explores how users leverage a personalized visual aid
that predicts their appearances after long-term application of ap-
pearance building products for decision-making. We selected skin-
care as a case and developed a research prototype called Skincar-
eMirror to investigate users’ experiences and concerns towards
such a visual aid. While a prior study suggested that presenting to
users individualized images of their future (aged) looks without us-
ing skincare products could cause discomfort [42], SkincareMirror
is considered satisfactory, useful, and trustworthy (Section 6.2). It
is possibly because the prior work intended to persuade customers
to buy by showing a negative stimulus which may cause “loss aver-
sion” [33, 87], while our goal is to support users’ decision-making
with an emphasis on the presence of a positive outcome, if any.
Also, our approach makes users feel more in control by allowing
them to upload personal facial images on their own (Section 6.2.5)
instead of obtaining their information autonomously from certain
sources [42, 43, 75] such as social media. This is in line with the
previous finding in [6, 42] that knowing how their personal data
is obtained has a comforting effect on users. Our visual aid is thus
deemed more acceptable to consumers compared to the previous
approaches (e.g., [42]) that also renders envisioned effects upon
personal images.

From the user study, we find that SkincareMirror is perceived
to be more effective in supporting decision-making for the male
participants than the females. As discussed in Section 6.3, a possible
reason is that when processing information during online shopping,
male consumers benefit more from the interactivity of e-commerce
platforms than females – the latter are more deliberate and prefer
more diagnostic content [38]. However, our finding is not in line
with the previous conclusion that male customers tend to use vir-
tual try-on applications only for enjoyment rather than supporting

their decision-making [30]. It may be because the usage scenario
in the prior work is a cosmetics counter and the participants do
not necessarily have the need for the makeup products [30]. In
contrast, we only recruited participants who use skincare products
in their daily life for our experiment. Further research is needed to
investigate how our visual aid in public retail space might influence
customer experience. It would be interesting to study how the tool
appeals to people who never feel the need for appearance building
and whether it could raise their interests and even purchase intents
after “seeing” the potential long-term effects of products on them.
In addition, we found that SkincareMirror is rated more effective
by users with limited product domain knowledge than those who
are knowledgeable. Interestingly, among the 12 participants who
are familiar with skincare issues and products, four were reluc-
tant to upload without-makeup/without-beauty-filter photos that
show their actual skin conditions, whereas no unknowledgeable
participants raised this concern (Section 6.5.4). It is probably be-
cause people who spendmore time learning about makeup/skincare
products are usually more concerned about their appearance; some
might even have social appearance anxiety [47]. They, especially the
latter group, may have less self-confidence showing non-idealized
(e.g., without applying makeup and/or beauty filters) images of
themselves [46]. Future work could explore ways to alleviate the
concerns of such users, e.g., processing images and displaying the
envisioned product effects locally rather than directly embedded
on the websites [83], to make them feel more comfortable using
personalized visual aids.

These findings uncover new aspects that the design of future
personalized visual aids should take into account. Based on these
insights, we discuss the generalizability of our work and propose
the design considerations and opportunities for personalized visual
aids of appearance building products that take time to work.

7.1 Generalizability of Our Work
Although we used skincare products as a case to illustrate our
personalized visual aid design, the visual aid system could be easily
extended to other appearance building products with long-term
effects by simply using similar information of these products as
the input data of our pipeline and applying the associated image
editing algorithms to simulate the product effects. For example,
to develop a personalized visual aid supporting the selection of
weight loss programs, we can collect the data related to various
weight loss programs, i.e., efficacy labels (e.g., arm fat loss, thigh fat
loss, etc.), customer ratings, pairs of images from real usage cases
before and after experiencing the programs, and feed them to our
pipeline. Based on a user’s weight loss goal(s), the pipeline could
identify weight loss programs with efficacy label(s) that are related
to the goal(s). Then, the corresponding part(s) of the user’s body
associatedwith these specific efficacy label(s) (e.g., arms, thighs, etc.)
in the uploaded body images can be processed by the body shape
deforming algorithms, such as Moving Least Squares [58], to predict
the programs’ effects on the user after persistent participation.

Besides, our findings that users with different genders and with
different product knowledge used SkincareMirror in different ways
have implications for the product selection support services for
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other appearance building products with long-term effects. We no-
ticed that male participants praised the simplicity and interactivity
of our tool, while females still wanted to refer to other product
information on the website to complement SkincareMirror. Un-
knowledgeable participants relied on our tool to choose products,
whereas those knowledgeable mostly used SkincareMirror after
they have made preliminary decisions based on their experience.
These findings stress the importance of tailoring the design of per-
sonalized visual aids (e.g., the product information integrated into
visual aids) to users’ genders as well as their prior knowledge and
experiences in product selection.

7.2 Design Considerations and Opportunities
7.2.1 Analysis of physical characteristics and constitution. One of
the design requirements (D1) derived from our need-finding study
suggested that SkincareMirror should help users identify and lo-
cate their skin concerns and present the envisioned product effects
associated with these specific concerns. However, diverse physical
characteristics make the selection process of appearance building
products with long-term effects particularly hard [18]. Users with
special physical conditions and constitutions, especially those that
are not visible on images such as allergic to certain chemical ingre-
dients, may have special needs for product information (Section
6.2.4). To support such users, special visual effects could be dis-
played in our visual aid. For instance, we could ask users if they
have a history of allergy to certain ingredients and, if so, add red-
ness or rash on users’ skin to alert them about the products that
contain such ingredients. Furthermore, incorrect usage of appear-
ance building products may lead to severe health consequences [8].
Because these effects may not show until after a long period, users
may not realize them in time. In general, our pipeline could support
selections of appearance building products with long-term effects
further by identifying unsuitable products that users are searching
for based on users’ input images, e.g., someone who is too thin
to use weight-loss products, and showing personalized projected
visual effects of using the products to alert the user.

As we collected data from official brands and applied efficacy
labels commonly used by skincare companies in our case, Skin-
careMirror’s performance might be impacted by potential culture
biases and social issues embedded in the practices of the beauty
industry [79]. People of different cultural backgrounds have differ-
ent physical characteristics and pursued appearance [32]. Hence,
we could build customized visual aids by tuning efficacy labels
and adding training images and ratings from people with diverse
physical characteristics to adapt to different cultural contexts and
different people.

7.2.2 Quality control of data. The quality of training data affects
the effectiveness of our visual aid. In our user study, participants
expressed their concerns about the quality of information (Section
6.2.5). Thus it is necessary to control the quality of product efficacy
ratings and consumer-provided images to be used in our pipeline.
For example, we could include the ratings only if they are given
after a reasonable period from the time of purchase, or compute rat-
ings based on customers’ assessment of more specific and detailed
product dimensions [29, 73]. We could also involve appearance
building experts to help screen the images and ratings. In addition,

we should try to reduce the potential bias regarding gender, age,
culture, and other factors in the training data, ensuring that the
collection well reflects the demographic distribution of the target
population of such products [79].

7.2.3 Avoidance of over-reliance. We found that users wanted to
process other types of product information on the website to com-
plement SkincareMirror (Section 6.2.4). Their concern was that
over-reliance on a single source of information may lead to biased
decisions. To mitigate this issue, if we find that users are predomi-
nantly, and sometimes even exclusively, dependent on the visual
aid, we could remind them of viewing other complementary in-
formation, provided that the users have agreed on receiving such
reminders [54].

7.2.4 Ethical Issues. Many brands claim that their products have
the function of whitening, which suggests that the whiter skin is
more beautiful. Digital facial editing, as a widespread way of im-
proving users’ attractiveness, may affect people’s setting of beauty
standards in society. These influences make people’s perceptions
of beauty skew to exclude themselves. Their self-perception, self-
esteem, and self-confidence may be negatively affected [84]. In
recent years, inclusivity and diversity of beauty have come under
the spotlight. Thus, we appeal to avoid using words such as whiten-
ing to describe product functions. Considering different human
factors and offering customized digital facial editing effects for dif-
ferent people may make facial editing service friendly to more users
and will encourage diverse beauty.

7.3 Limitations and Future Work
Our visual aid and experiments have several limitations. First, we
use the same parameter value for image processing on the products
that are in the same efficacy-level category but have no official
model images. This treatment makes the effects of these products
indistinguishable from each other to the users. Second, our visual
aid does not report the length of time period to apply the corre-
sponding product to have the envisioned effects. In reality, the
visual effects of a product may develop over time [66]. As skincare
products usually show effects after long-term usage, we have not ex-
amined users’ post-purchase satisfaction for our study’s time frame.
Third, we model our experimental website after a well-established
e-commerce platform and recruit a group of customers of the plat-
form as participants. This sample may lack demographic diversity
in terms of race and age, which may affect the generality of our
experiment results. In addition, we only consider binary gender
following existing literature in this domain. As a result, our gender-
related findings may not adequately reflect the complexities of
gender [7]. Furthermore, the actual (visual) effects of appearance
enhancement products may be influenced by many factors, such
as customers’ current concerns, physique, lifestyle, and product
efficacy. In the scope of this paper, we only consider the match-
ing between users’ skin concerns and product efficacy and do not
collect the participants’ physique and lifestyle information due to
privacy issues.

In the future, we plan to take more kinds of appearance build-
ing products with long-term effects and physical characteristics
into consideration and differentiate within the same efficacy-level
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category the effects of products that have no consumer-provided
images so that users can easily recognize the differences of these
products, if present, from the prediction results. In addition, we will
further study users’ post-purchase perception and explore users’
experience of using our visual aid to select products for people
other than themselves. We will also explore gender-related issues
under a broader definition of gender. Moreover, we are interested
in exploring the in-store application of such a service and seeing
how it affects customers’ offline shopping process and experience.
In our user study, we do not use prior virtual try-on experience as
an inclusion/exclusion criteria. It is possible that customers who
never used virtual try-on prior to the experiment may experience
“novelty effects” when using our personalized visual aid [26], while
those who had been exposed to other virtual try-on services may
encounter the Baby Duck Syndrome [60]. Therefore, the possible
impacts of users’ experiences of virtual try-on could also be a po-
tential direction for future study.

8 CONCLUSION
Selecting suitable appearance building products that take time to
show effects is especially challenging, since their efficacy is not vi-
sually observable upon application. Also, the product effects usually
vary among individuals based on the individual’s actual concerns
and certain non-visual aspects of the products (e.g., ingredients).
In this paper, we presented a pipeline to develop a visual aid that
displays the envisioned users’ appearance after using the appear-
ance building products that target long-term effects. We chose
skincare as a case and developed SkincareMirror which predicts
skincare products’ possible outcomes when applied to ones’ skin
based on their facial images. A between-subjects study suggested
that SkincareMirror facilitates participants to survey more products
in significantly less time. This demonstrates SkincareMirror’s effi-
cacy in shortening the decision-making process and encouraging
users to inspect suitable products that are previously unknown to
them. Also, participants perceived that SkincareMirror is useful
for evaluating products and is easy to use. Their perceived infor-
mativeness from the shopping site and the degree of satisfaction
are also boosted by our visual aid. Furthermore, we found that
SkincareMirror is more effective for male and unknowledgeable
participants in supporting skincare products selection than female
and knowledgeable participants, respectively. Our findings have
implications for future product selection support services in the
physical appearance enhancement industry. This work is also an
important step of extending personalized image work from the
products whose efficacy is stable, consistent, and immediately no-
ticeable to products whose efficacy is uncertain upon application.
Based on the insights from this work, future studies could further
explore the application of such a service in offline environments
and its effects on a broader range (e.g., age) of user groups.
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A APPENDIX
A.1 Measurements of Product Selection

Perception

The measurements of users’ skincare product selection perception
is shown in Table 5.

Table 5: Measurements of users’ product selection percep-
tion.

Item Source Cronbach’s α
Website
Usability

Q1. It is easy to use.
Q2. It is easy to learn.
Q3. I would like to recommend
this website to others.

[74, 76,
78]

0.70

Website
Usefulness

Q4. This website helps me se-
lect better skincare products.
Q5. This website helps me se-
lect skincare products faster.

[48] 0.91

Website
Credibility

Q6. The website is trustworthy.
Q7. The website is professional.
Q8. The website is believable.
Q9. The website is expert.

[31, 64] 0.88

User Con-
fidence in
Choice

Q10. I am confident in my
choices.

[53, 77,
80]

—

Website
Ability of
Improving
User Con-
fidence in
Choice

Q11. This website improves my
confidence in my choices.

[55] —

User Sat-
isfaction
with
Website

Q12. I am satisfied with this
website.

[53, 55,
77]

—

Perceived
Informa-
tiveness

Q13. The information needed
to select suitable skincare prod-
ucts is easy to access.
Q14. The information needed
to select suitable skincare prod-
ucts is rich.
Q15. The information is suffi-
cient to select suitable skincare
products.

[74, 76,
78]

0.89

Trust of
Website

Q16. I trust the website. [71] —
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