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ABSTRACT Cultural heritage (CH) artifacts, such as ceramics and clothes, reflect the unique characteristics
of ancient cultures and have the potential to be sustainably employed in modern design and entertainment.
In particular, the shape of ceramics reflects regional and historical characteristics, so datafication is a
promising avenue to preserve these assets for future generations. However, design is a specialized domain
that requires significant human (expert and novice) labor. This often tedious process decreases the labeler’s
motivation to complete the task, and data consistency varies with the experience andmotivation of the labeler.
To increase engagement, we developed an image labeling platform with graphical icon-based labeling
methods and introduced gamification. The robust labeling methods with gamification increased novices’
engagement and decreased the workload of expert and novice labelers, but decreased data agreement between
experts and novices, so we consider opportunities for gamification within the specialized cultural heritage
domain.

INDEX TERMS Cultural heritage artifact, design element, gamification, human-based computation, image
labelling platform, workload.

I. INTRODUCTION
Cultural heritage (CH) artifacts are an important link between
cultures, as well as between the past and the future [1]. These
objects have significant historical and educational value;
shapes, decorations, and materials give us insight into the
beliefs, economic trends, and lifestyles of the people in a
particular region or time period [2]–[4].

Unfortunately, almost 90% of the world’s CH artifacts
cannot be exhibited due to damage or a lack of pre-classified
data for classification and reconstruction [5]. To establish a
classification system, researchers must rely on labeling to
create a quantitative database. Such systematic analysis will
save time in analyzing newly excavated artifacts and provide
a blueprint for the reconstruction of lost artifacts, thus helping
researchers better understand their historical and educational
value [6]. Analysis and classification of CH artifacts can
bring together diverse fields such as archaeology, historiog-
raphy art history, fashion and design, and provide a common
point of reference for cross-disciplinary collaboration [7], [8].
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Further, in classifying specific properties or design features of
a given time, the labeling process provides historical evidence
and documentation that could inform hypotheses related to
historical migrations and cultural propagation. Aside from
advancing historical reconstructions, CH artifacts advance
tourism and merchandizing and thus contribute significantly
to local and global economies.

Among all possible cultural heritage artifacts, ceramic
ware is an ideal labeling subject. Ceramic artifacts have
been dated to roughly 20,000 years and are plentiful yet
diverse in their design features and formative elements [9].
They are closely related to the lives of their users and have
been shaped according to their use, such as for cooking,
religious events or storing food. In addition to represent-
ing users’ lifestyles, ceramics reflect the geographic char-
acteristics of a given time, and often incorporate special
styles, patterns, or decorative forms linked to a civilization,
nationality, dynasty or ancient ethnic identity [10], [11]. For
example, the characteristics and patterns of ceramic wares
from the Qing and Song Dynasties of 17th-century China
differ, yet are similar to European ceramics of the same
period.
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A. LABELING SYSTEMS AND HUMAN LABOR
Image labeling, or image annotation, is a process of identi-
fying and tagging objects and specific features in an image
for further analysis and data processing [12]. First, human
labelers annotate the image; previous studies have incorpo-
rated objects such as handbags and biological images [13].
The generated metadata is then used in human-computer
collaborations or to train computer-based automated label-
ers [14], [15]. With computer vision technology, such as
datafication, big data processing, and digital curation are
thus promising strategies for determining the value of cul-
tural heritage assets through preservation and reconstruc-
tion [16], [17]. However, the historical and artistic value of
ceramic pieces are non-linguistic and non-quantified data,
which auto-labeling or feature extraction technology cannot
classify or annotate as well as humans labelers [18]. Human
labor and expertise are needed to extract specialized infor-
mation, such as specific shapes and symbolic patterns, from
cultural heritage artifacts. But, one or a few human experts
cannot label a large number of assets, and more volunteers
are needed. Moreover, while there are many image labeling
methods, such as crowdsourcing and educational tasks, meta-
data from novice labelers is typically insufficient, and the
usability and accessibility of annotation systems for labelers
are limited [19], [20]. In other words, data agreement among
volunteers is as important as data quantity to ensure consis-
tency [21]. To increase the available labor and data agreement
of a labeling system, volunteers of many backgrounds must
be able to easily access and learn about the system.

B. LABELING DATA CONSISTENCY
The purpose of design element labeling is converged label
data for a given object [22]. Because images can affect emo-
tions, labelers can create rich data. However, in addition to
affective experience with an image, many other factors such
as gender, age, and style of writing affect the agreement of
responses from human labelers, which may result in subjec-
tive and uncertain data [23].

Under the best circumstances, labelers most commonly
follow the text coding method, describing an object by typing
its label into the program or system, which is still a subjective
process [24], [12]. We reviewed 33 image labeling programs
(e.g. LabelImg (Git code), Lablebox (Git code), Images anno-
tation programme (Git code)), most of which offer the text
coding method, where labelers select or draw what they want
to label in the image and create text-based labels without
guidelines to prevent labeling data divergence. When objects
labels do not match, data consistency is likely insufficient for
future applications [6], [25]. Thus, the traditional distributed
textual labeling method is not ideal for the classification of
design elements of cultural heritage artifacts. A more robust
method is needed to ensure consistent labeling data for spe-
cialized description and comparison.

C. ENGAGEMENT OF LABELER
Motivation is key to performance in labeling tasks, which
are repetitive and time-consuming. Consequently, researchers

and data engineers should consider the labeler’s workload
and engagement. Gamification is a promising strategy for
decreasing perceived workload and increasing labeling moti-
vation and throughput [26]–[28]. Playing a game reframes
the task as enjoyable and goal-oriented, and reduces pres-
sure and tension, as seen in the successful human-based
computation game ESP used by Google Image Labeler.
Well-known game elements, such as points, badges, and
leaderboards (PBL) have likewise been applied to educational
assignments, with positive results [29]. By satisfying users’
innate psychosocial needs of autonomy, competence, and
relatedness, gamification provides intrinsic motivation which
leads to increased work throughput without affecting task
performance [26], [30]. Despite its success, gamification has
not been applied to specialized labeling tasks, like CH design
element annotation.

D. CONTRIBUTIONS
In this paper, we develop an image labeling system for the
specialized purpose of annotating cultural heritage design
elements in ceramic artifacts. We develop a robust anno-
tation method to increase labeling data agreement between
novice and expert labelers, and we evaluate the experi-
mental data agreement. We also add gamification elements.
We hypothesize that gamification will increase our labelers’
motivation and decrease their workload, andwe observe gam-
ification’s effect on labeling data agreement. The research
questions (RQs) we address are: (RQ1) What factors of the
labeling system for the design element of ceramic cultural
heritage artifacts encourage labelers who do not have exper-
tise in CH artifacts and design? (RQ2) How can the method
for specialized design labeling increase data convergence of
novice labelers and decrease divergence in data agreement
between expert and novice labelers? (RQ3) How does the
gamified labeling task affect motivation, workload, expected
continuous working time/work throughput, and labeling data
agreement?

Our primary contributions are:
• The graphical icon-based labeling method supports
accessible and complete labeling work for participants
without CH design expertise and promotes high data
agreement between expert and novice labelers.

• Gamification applied to the CH design element labeling
system leads to increased time on task and generates
more data.

• Gamification increases the intrinsic motivation and
reduces the workload of labelers but decreases data con-
sistency of experts.

II. SYSTEM DESIGN
The design elements of ceramics are an exposed visual index
reflecting the ancestor’s lives, thought, cultural trends and
art, making ceramics a good candidate for labeling and fur-
ther datafication. We chose Korean ceramics as the labeling
objects because of the sufficient number and variation of
ceramic CH artifacts in the region. To guide the labeler,
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FIGURE 1. (a) The labeling stage of the graphical icon-based image
labeling system prototype and (b) the different types of ceramic ware for
labeling work.

we analyzed the design elements of 922 ceramics images
in museums and identified classes of shapes: nine outline
shapes, four body shapes, six mouth shapes, three handle
shapes, and each ‘other’ class. These pre-identified forma-
tion elements are graphical icons that guide the work on
the labeling system and provide examples. Participants could
also classify designs as ‘other’ (indeterminate), labels that
could be later analyzed by experts. We developed the label-
ing system on the web using the prototyping tool Axure
and programming tool Scratch. We added gamification to
measure workload, engagement, and labeling data conver-
gence [31], [32].

A. CH ARTIFACTS DESIGN ELEMENT ANNOTATION
SYSTEM WITH NEW LABELING METHOD
We developed the graphical icon-based labeling system pro-
totype to encourage engagement in novice labelers. We then
analyzed their performance and survey responses to identify
system development factors that support them in specialized
labeling tasks.

As shown in Fig. 1, the labeling system consists of task
instructions for labeling, a helpmenu, a labeling windowwith
center-positioned ceramic ware images, an edit window, and
copyright information. The labeler follows the task instruc-
tions for each stage to label the design elements (shape of out-
line, body, mouth, and handle) and edit the originally-labeled
design elements of ceramics image. For example, in the
outline shape labeling stage, the labeler selects the outline
shape icon that is most consistent with the given object from
nine possible outline shape icons. If the labeler cannot find
the same or a similar outline shape icon, the labeler selects
the ‘other’ icon. The labeler repeats this process for each
of the four design elements for each object.

B. NON-GAMIFICATION VS. GAMIFIED LABELING SYSTEM
We modified the labeling system prototype to test
non-gamified and gamified versions of our labeling system.
An additional function of both systems was to record the
selections of each labeler for further analysis.

To initiate labeling work with the non-gamified labeling
system, labelers typed a username, trained how to label by
watching a video tutorial, then followed the instructions to
annotate design elements in the labeling window by selecting
icons that matched the identified shape elements. Labelers
could check the number of remaining images and their overall
progress. In the non-gamified labeling system, we focused on
the influence of the pre-identified icon labeling method to the
data convergence of expert and novice labelers, and between
individual novice labelers.

In our gamified labeling system, the game components are
the goal setting, the level, the reward, and the customization.
These game elements have been shown to increase intrinsic
motivation and the amount of data gathered in crowdsourc-
ing [19], [33], [34], [35]. The goal-setting and level elements
motivate users to participate in the task, and the level, espe-
cially, encourages participants to accomplish the task to reach
the next level; it is a promising tool for gathering a signifi-
cant amount of data. The rewards element encourages novice
labelers to continue to participate in labeling. However, once
a goal is achieved, rewards are no longer effective. Therefore,
the customizing element is used to offer variety and maintain
an interest in labeling.

In this study, the goal of the game is for the partic-
ipant to develop an ‘exhibition’ of cultural heritage arti-
facts. In Level 1, participants begin by labeling 10 images.
For Levels 2-5, they label an additional 5 images per level
(Level 2 = 15, Level 3 = 20, . . . ), for a total of 100
labeled images. Upon completing each level, participants
choose a reward with which to customize their final exhibi-
tion space (Level 6). Rewards include interior items for the
exhibit space: floor (Level 2), wallpaper (Level 3), music
(Level 4), sculpture (Level 5), and a painting (Level 6).
When participants reach the final level, the exhibition is
held and the labeling task is complete, as shown in Fig. 2.
Our non-gamified and gamified labeling systems are avail-
able online at https://scratch.mit.edu/projects/324495038 and
https://scratch.mit.edu/projects/320155545, respectively.

III. EXPERIMENT
A. STUDY 1
The goal of Study 1 is to find the usability factor to increase
novice labelers’ motivation for design element labeling in an
expert CH domain. We used the snowball sampling method
to require volunteers to test and evaluate our labeling system.
The 11 volunteer labelers (age: ten 20-29 and one 30-39;
gender: nine men, two women) participated in the labeling
task. Among them, two labelers had a background in cul-
tural heritage objects and design elements. The labelers were
asked to use an image-based design element labeling system
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FIGURE 2. The gamified labeling system includes (a) Level 1-Basic stage,
(b) Level 2-Floor style selection rewards, (c) Level 3-Wall style selection
rewards, (d) Level 4-Music selection rewards, (e) Level 5-Sculpture
selection rewards, and (f) Final Level-Main art pottery painting selection
rewards and exhibition opening.

and then responded to a 5-point Likert scale-based modified
system usability scale (SUS) questionnaire (1 = Not at all,
5 = Strongly agree). We also added questions about what
prior knowledge of cultural heritage objects and of design
they believed is required to successfully perform labeling
work [36].

B. STUDY 2
In Study 2, we aimed to measure data agreement to analyze
the effectiveness of the graphical icon-based labelingmethod.
We observed the game effect on labelers’ engagement, work-
load, and data agreement. Also, we surveyed participants
about their expected work throughput and duration using the
suggested labeling system. Participants were asked to label
four design elements (shape of outline, body, mouth, and han-
dle) for 100 images total, resulting in 400 labels per system.
This process was repeated for both the non-gamified and the
gamified system. The order of the systems was random.

We considered expertise as CH and design-related knowl-
edge in this domain, but the need for CH knowledge (NCHK)
and the need for design knowledge (NDK)were non-essential

components for labeling tasks. Therefore, expertise was con-
sidered as design-related work experience of more than three
years. Using the random sampling method, we recruited par-
ticipants via SNS. Two participants reported working in the
design area for more than three years; the other responders
were invited as novices. This proportion of experts to novices
is consistent with other data agreement research [21], [37].
Participants’ (n = 26; 16 men and 10 women) average
age was 22.3 (SD = 2.5). Participants were compensated
$10 (USD) per hour, following an approved Institutional
Review Board (IRB) for protection of human subjects in
research.

After labeling all 100 images for each system, partici-
pants answered surveys to assess their intrinsic motivation.
The Intrinsic Motivation Inventory (IMI) is a self-reporting
questionnaire that consists of multi-dimensional components
related to intrinsicmotivation to explain behavior and engage-
ment [30], [38], [39]. The IMImeasures participants’ intrinsic
motivation by completing the given task with non-gamified
and gamified labeling systems. Interest/enjoyment (I/E) is
interpreted as self-reported intrinsic motivation. Perceived
competence (Pcom) and perceived choice (Pch) are inter-
preted as positive indicators of internal and external measures
of intrinsic motivation. Pressure/tension (P/T) is interpreted
as a negative indicator of intrinsic motivation.

In this study, we used a version of the IMI questionnaire
with 22 items and four subscales. These surveys were con-
ducted using the task evaluation IMI with a 6-point Likert
scale (1=Not at all, 6= Strongly agree) to measure labelers’
interest/enjoyment, perceived competence, perceived choice,
and pressure/tension. The 6-point scaling was used to remove
the neutral response of odd scaling and eliminate the possi-
bility of misinterpretation [40].

We also assessed labeling workload using the NASA Task
Load Index (NASA-TLX) with a 10-point scale [41]. The
NASA-TLX rates 1) mental, 2) physical, and 3) temporal
demands, as well as 4) performance, 5) effort, and 6) frus-
tration experienced by the user, and then compares in pairs
of six factors to find how each factor contributes to the
workload [42]. Overall workload was calculated by summing
the rating of six indices. We also asked, ‘How many images
can you label with this system?’ and ‘How long can you label
with this system?’ to determine throughput and time on task.

We analyzed data agreement between experts and novices,
and between each novice [43], [44], using Cohen’s kappa
and Fleiss’ generalized kappa. Cohen’s kappa is used for two
raters, and Fleiss’s kappa is an adapted version of Cohen’s
kappa for three or more raters [45], [46]. Because we com-
pared data between experts and novices, and between indi-
vidual novices, different kappa coefficients were used.

IV. RESULTS
A. STUDY 1
The system usability score was 75.2, which is ‘‘good’’ for
an image-based labeling system and suggests our system can
be utilized as a real-world labeling system and potentially be
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FIGURE 3. Spearman correlations (ρ) of system usability subscales.

FIGURE 4. Labeling data agreement between novice labelers and expert
labelers and individual novice labelers with corresponding strength of
agreement levels.

commercialized [47].We analyzed the correlations (ρ) of sys-
tem usability factors from SUS and additional questionnaires
as NCHK and NDK for the labeling task.

In Fig. 3, Learnability is correlated with several system
usability factors and needs of NCHK and NDK. Learnability
(M = 4.55, SD = 0.69) has an inverse relation with Need
for help (M = 2.09, SD = 1.04; ρ = −0.679, p = 0.022)
and Cumbersome (M = 1.82, SD = 0.75; ρ = −0.736,
p = 0.010), but is proportional to NCHK (M = 1.82, SD
= 1.25; ρ = −0.811, p = 0.002) and NDK (M = 1.91, SD
= 1.04; ρ = −0.815, p = 0.002). Need for help is inversely
correlated with NCHK (ρ = 0.753, p = 0.007) and NDK
(ρ = 0.887, p= 0.000). Cumbersome and NDK (ρ = 0.630,
p = 0.038) are inversely proportional, and NCHK and NDK
(ρ = 0.852, p = 0.001) are proportional. These results
suggest the novice labeler can easily use our system without
help and the system is not cumbersome.

B. STUDY 2
In Fig. 4, Cohen’s kappa statistics between novice labelers
and expert labelers with the non-gamified labeling system is
0.93, with p = 0.000, and Fleiss’ generalized kappa statistics
of individual novice labelers is 0.57, with p = 0.000. The
calculated range of the kappa statistic is < 0.00 to 1.00,
with six levels at 0.2 intervals. The corresponding strength of

FIGURE 5. Average IMI scores of non-gamified and gamified labeling
systems.

agreement includes ‘poor,’ ‘slight,’ ‘fair,’ ‘moderate,’ ‘sub-
stantial,’ and ‘almost perfect’ [48]. The kappa statistic is
interpreted as the strength of an ‘almost perfect’ level and
a ‘moderate’ level of agreement. Our graphical icon-based
labeling method shows high labeling data agreement. The
labeling data agreement with the gamified system between
experts and novices is 0.34 with p = 0.000 (fair) and
data agreement of individual novice labelers is 0.42 with
p = 0.000 (moderate). The data agreement for the gamified
system was much lower; the kappa statistics of novices and
experts decreased by 0.59 and those of novices decreased by
0.15 with the gamified condition.

In Fig. 5, the average IMI scores for interest/enjoyment
(M = 4.03, SD = 0.89), perceived competence (M =

4.16, SD = 0.62) and perceived choice (M = 4.42, SD =
0.79) of gamified system are higher than average IMI scores
for interest/enjoyment (M = 3.51, SD = 1.01), perceived
competence (M = 3.77, SD = 0.89), and perceived choice
(M = 4.35, SD = 0.65) for the non-gamified system. The
pressure/tension responses show the opposite: gamification
scores (M = 2.25, SD = 0.88) lower than without gamifica-
tion (M = 2.72, SD= 1.19). We analyzed these values using
Wilcoxon signed-rank post-hoc test to compare each subscale
value that user’s experience between the non-gamified and
gamified systems. For interest/enjoyment and perceived com-
petence, the gamified system scores significantly higher (Z =
2.17, p = 0.030) than the non-gamified system (Z = 2.40,
p = 0.016). But the score of the non-gamified system is
higher than the gamified system (Z = −2.66, p = 0.008)
for pressure/tension. With the gamified system, labelers were
more likely to enjoy and feel engaged with the task.

Workload was measured by NASA-TLX with different
labeling systems and analyzed using a paired t-test to com-
pare the non-gamified and gamified systems. The workloads
with/without gamification are 25.04 (SD = 7.75) and 21.35
(SD = 6.07), respectively, and the workload of the gamified
system is statistically lower than the workload of the non-
gamified system with Z = −2.54 with p = 0.011, as shown
in Fig. 6. The workload with the gamified system decreases
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FIGURE 6. Workload of non-gamified and gamified systems.

14.74% from that of the non-gamified system. In other words,
labelers using the non-gamified system reported a higher
workload and lower motivation than labelers who used the
gamified system.

To approximate the time for labeling work with and with-
out gamification, the number of images and task duration
were added to the survey; we asked how long participants
can do labeling work and how many images they can label.
To analyze continuous value data like time and number of
images, we conducted Pearson correlation and a paired t-test
analysis. The expected average number of images labeled
and work duration without gamification were 1174.46 (SD=
2264.84) and 1.33 hours (SD= 1.30), and they are correlated
with the Pearson coefficient ρ = 0.63 with p = 0.001. The
expected number of images labeled and work duration with
gamification were 1400.88 (SD = 2506.19) and 2.12 hours
(SD = 2.58), and they have a correlation of ρ = 0.98
with p = 0.000. The result of the paired t-test between
expected labeling work times of non-gamified and gamified
systems is t-value = −2.121 with p = 0.044, as shown in
Fig. 7. Additionally, the total labeling task completion time
and time to label one image with two different systems were
measured. When participants labeled 100 images with and
without gamification elements, the average task completion
time was 799.81 s (SD= 289.85) and 835.66 s (SD= 144.3),
and the average time to complete one label was 2.09 s (SD
= 1.2) and 2.00 s (SD = 0.95). The total task completion
time difference averaged 35.85 s, and the time difference
to complete one label averaged 0.90 s. Gamification saves
labelers time and boosts labeler productivity.

As shown in Table 1, without gamification, I/E is correlated
with Pcom (ρ = 0.43, p = 0.030), Pch (ρ = 0.70, p =
0.000) and P/T (ρ = −0.64, p = 0.000). Pcom is inversely
correlated with P/T (ρ = −0.61, p = 0.001) and Pch is
inversely correlated with P/T (ρ = −0.63, p = 0.001).
All workload (WL) correlates with the intrinsic motivation
factors; I/E (ρ = −0.52, p = 0.006), Pcom (ρ = −0.65,
p = 0.000), Pch (ρ = −0.58, p = 0.002), P/T (ρ = −0.82,
p = 0.000). Increased motivation encourages the labeler to
experience a lower feeling of workload, but both motivation

FIGURE 7. Expected number of labeling work throughput and work time
between non-gamified and gamified systems.

TABLE 1. Spearman correlation of intrinsic motivation, workload,
expected work throughput and time with/without gamification.

and workload were not related to the expected work through-
put and duration. With gamification, I/E is correlated with
Pcom (ρ = 0.47, p = 0.016). Pcom inversely correlates with
P/T (ρ = −0.44, p = 0.026) and Pch is inversely correlated
with P/T (ρ = −0.63, p = 0.003). WL inversely correlates
with I/E (ρ =−0.49, p = 0.011) and Pcom (ρ =−0.56, p =
0.003), but proportionally correlates with P/T (ρ = 0.76, p =
0.000). I/E also correlates to Et (ρ = 0.49, p = 0.010) and
Ew (ρ = 0.45, p = 0.021). With gamification, the I/E, Pcom
and P/T affected workload, but perceived choice does not cor-
relate to other factors. One thing to note is interest/enjoyment
affects expected work throughput and duration. Gamification
increases the labelers’ motivation, expected work throughput,
and duration, and decreases workload.

V. DISCUSSION
The results show that our proposed annotation system for the
labeling of CH artifact design elements encourages novice
labelers to engage in the labeling task. High learnability,
an important HCI principle, is an essential factor for a
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common labeling system, so users can easily use and be
satisfied with the system [49]. However, as current research
points out, system usability differs according to the purpose
of system development and the user, so key factors of system
usability and the intended testing should be adapted accord-
ingly [50], [51]. Cultural heritage artifact design, of ceramics
in particular, is special for labeling and the target user is
a novice, so learnability is an important requirement. Our
results showed that the novice labeler who uses the system
and needs help from a developer or system manager may
feel that CH and design expertise are needed to complete the
task. As the system became less cumbersome, users reported
that they could complete the task without design expertise.
The low need for help, perception of the system as not
cumbersome, and high learnability of the system increased
the engagement of participants with no experience in cultural
heritage and design.

Specialized annotation tasks are critical in medicine,
autonomous driving, and cultural heritage preservation.
Data consistency is important and expert participation is
required [52], [53]. Despite the computer vision technologies
applied, critical heritage and design are artistic domains,
so human experts are still needed as evaluators or collab-
orators for high data consistency [54], [55]. Moreover, the
interpretive nature of labeling produces a wide data range,
so data convergence is reduced. The text-based labeling
method enriches descriptive labels of the image with labelers’
sight, emotion, andwriting habits. However, this method does
not benefit data collection for the classification system, like
the patterns of each part shape, and quantitatively measures
the convergence of labeling data. To overcome this limita-
tion, in the study we proposed the pre-identified graphical
icon-based labelingmethod to ensure considerable agreement
with data from a small number of experts. Also, we quan-
titatively measured data convergence of label data as kappa
coefficients for further data processing and analysis. The
graphical icon-based labeling method lowered the entry bar-
rier for the novice labeler. The results showed almost perfect
data agreement with experts’ data and moderate agreement
with other novices’ data, which suggests that novice labelers
do not experience difficulty in participating in labeling work,
and the annotation data consistency is enough to further data
processing or traditional design related data prevention. High
data agreement means our new labeling method is robust and
easy for novice labelers, so the novice labeler can effectively
supplement the expert labeler in CH artifact design labeling
tasks. The graphical icon-based labeling methods used in this
study could improve image recognition and image processing
algorithms to approximate human performance.

One of the key means for encouraging participant moti-
vation is gamification. Game elements have been applied
to diverse fields, from the Nike running app to healthcare
education [27], [56], though gamification is more likely to
be used as educational content and museum entertainment in
the cultural heritage domain rather than in the critical-need
tasks of design labeling or artistic data extraction [57], [58].

The goal-setting, levels, rewards, and customization elements
used to develop our gamified system increased labelers’
engagement and eased their workload. Labelers also said they
might be willing to make more labels and spend more time
with the gamified tasks. In this study, participants labeled
only 100 images, which is insufficient for data collection and
further processing. However, the labeling task completion
time and time to label one image with gamification were
shorter than those without gamification. Thus if the number
of images increases significantly, labelers can save more time
using a gamified system. The game affected labelers’ internal
and external enjoyment and motivation, they felt the gamified
task was easier than the non-gamified task, and they reported
reduced workload.

The gamification results showed higher intrinsic motiva-
tion, expected labeling time and work throughput, and lower
workload than non-gamification. However, data convergence
of novices with experts and other novices was lower than
with non-gamified labeling. Similarly, gamification signifi-
cantly reduced data agreement and consistency among expert
labelers. Both were unexpected results. Compared to the data
agreement in the non-gamified task, both data convergence
between experts and novices and between each novice were
lower in the gamified task. However, the specialized purpose
of ceramic design element labeling is to make more con-
sistent labels through data convergence, rather than simply
generating proper labels [26]. As a result of labeling data
agreement, data consistency among experts decreased with
gamification more than data consistency among novices in
the same condition. The finding in this study is that gamifi-
cation interfered with the experts’ labeling work and thus is
not an effective method to increase data agreement among
experts. To obtain consistent labels, gamification could be
used for novice labelers. To increase data agreement among
novices in a specific domain like CH design, we suggest using
a weighted system that additionally rewards labels generated
identical to an expert’s pre-identified label, similar to the
benchmark ESP [59]. To promote sustained enjoyment as
well as the data convergence, we suggest another participant
role in the gamified system: a label inspector whose goal
is to judge the consistency of other participants’ labels. The
answer of the label inspector could be used to double-check
the label data and ensure correctness.

Based on their open feedback, the 11 participants in our
studywanted tomakemore accurate labels and recommended
a feedback and editing function. These additional functions
could create a more enjoyable and interactive task and thus
achieve the same purpose as the system developer. With or
without the gamification, the important function of a labeling
system is to transfer the desired purpose of the labeling task
to the labelers.

VI. CONCLUSION
To digitize the design assets of cultural heritage artifacts,
significant expert and novice human labor is required.
In particular, participation of novices should be increased
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to supplement more limited expert resources. However, this
must be balanced with the need for highly consistent data
in this specialized domain. We suggested a cultural heritage
artifact design-related annotation system using a new robust
labeling method to learn what factors of a labeling system
might affect the novice labeler’s engagement with the system
and their data agreement with expert data. We added game
elements to examine the game effect, and our results indicate
that sufficient instruction and the simple design interface of
our system positively impacted the novice labelers’ levels of
engagement as well as their perception of learnability. The
suggested graphic icon-based labeling method as the robust
labeling method showed significant data agreement between
the participants. Our system also demonstrated the positive
effects of gamification, including increased motivation to
complete the task and decreased perception of workload. Par-
ticipants’ expected work throughput and duration of labeling
work increased with gamification. Despite the improvements
of gamification, the data agreement of the gamified task was
lower than that of the non-gamified task. Gamification may
encourage novice labelers to be engaged in labeling work
and generate consistent labels. The game elements should
have applied to more increase the data agreement of novice
labelers, rather than the expert labelers of the specialized
labeling work. We plan to explore gamification that better
matches the needs of the data collectors.
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