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Abstract:

In recent years, the field of Explainable Artificial Intelli-
gence (XAI) has rapidly advanced. However, no XAl-based
clustering technique addresses shifts in interpretability and
data distribution considering internal factors, such as polite-
ness assumptions. This study aims to visualize changes in
patterns of distinguishing greeting gestures while considering
politeness assumptions. We propose Cluster Point Transition
(Clepon), a new XAI method used to visualize the cluster
patterns of greeting gestures represented as cultural behavior
with data transitions. We used Indonesian and Japanese
student participants for the greeting gesture data, namely
eshaku, keirei, saikeirei, waving a hand, hands in front of the
chest with the bow, and hands in front of the chest without
the bow, using 3D skeleton angle data. We invite Indonesian
and Japanese student participants to analyse politeness as-
sumption as an internal factor. The results show that Clepon
successfully visualized the transition of clustered data from
raw data to each cluster and then to the center of each cluster
using the DBSCAN algorithm. Our findings indicate that an
individual’s assumptions can influence the clustering pattern
results. By integrating internal factors, Clepon provides
an effective means of visualizing pattern changes in future.
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1. Introduction

Artificial intelligence requires accurate and inter-
pretable models, achieved through machine learning and
Explainable Artificial Intelligence (XAI) techniques [?],[?].
XAI mainly advances in supervised learning but needs
growth in unsupervised methods like clustering, where
interpretability is key to understanding human behavior
[7],[7],[7] by visualizing raw data to each cluster centers
[?]. Several study proposed to visualize clustering transi-
tions, such as graph-based models [?], neural visualization
of evolving clusters [?], inter-cluster dynamics modeling
[7], and multi-objective optimization [?]. However, hu-
man internal factors, such as individual assumptions or
perspectives are often disregarded in clustering techniques
[7],[?] especially students [?] to gain a deeper understand-
ing of behavior [?]. Assumptions help distinguish behavior
from background knowledge and reliably assess politeness
[?],[?]. When internal factors are not considered, expla-
nations risk being misinterpreted. It significantly affect
how evaluate explanations. So, interpretability should in-
tegrates with human internal factors [?],[?].

Greeting gestures are relate to human behavior and cul-
ture, such as eshaku, keirei, and saikeirei in Japan or hands
in front of the chest with the bow and hands in front of
the chest without the bow in Indonesia. It has meanings
such as politeness, which are interpreted through cultural
background assumptions [?],[?],[?]. According to [?], this
study utilizes the DBSCAN algorithm for its ability to
enhance unstructured data. This study proposes Cluster
Point Transition (Clepon), a novel XAl-based clustering
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2. Proposed Method

We collected data 3-dimensional angle using sensor
[?],[?] with 15 student from Indonesia and 10 from Japan.
Japanese students performed eshaku, keierei, saikeirei,
and waving a hand. While Indonesian students performed
hands in front of the chest with the bow and hands in front
of the chest without the bow. Based on previous stud-
ies [?], we uses r_elbow_ flex, elbow_flex, unrothum_rl,
clav_r2, unrothum_ 11, hip_ adduction_ 1, wrist, r_ wrist,
knee_angle r, clav_12, hip_rotation_1, and clav_r3 as
gesture data Xgesture-

We prepared 10 questionnaire questions for 16 partici-
pants from Japanese and Indonesian students, which can
be seen in Table 1. We took a sample of greeting gesture
data to assess politeness to participants using a likert scale
from 1 means impolite, to 5 means polite. Subsequently,
the mean, median, and mode were calculated and used as
assumed values X gyest-

Based on previous studies [?], we use time shift to tem-
porally shift the data At (Eq. 1), use the Fast Fourier
Transform F and F~! to analyze the data in the frequency
domain (Eq. 2) and combine with all gesture data Xgegture;
resulting in the gesture augmented data Xgest aug (Eq. 3).
We use a scaler to transform each gesture and assumption
data, resulting in scaled gesture data Xgest scatlea (Eq. 4)
and scaled assumption data Xquest scalea (Eq. 5). Each
assumption value corresponding to Japan and Indonesia is
combined based on predefined greeting weights and ques-
tionnaire weights wgy, wg, scaled gesture data and scaled
assumption data, resulting in combined data X ombined,
respectively (Eq. 6), Then we processed clustering.

Xshifted (t) = Xgesture + At (1)

Xfft = f_l (f (Xgesture) + 6) (2)

chstiaug = [Xgesture Xshifted Xfft] (3)

Xcombincd = [wg . chstfscalcd 3| We - Xqucstfscalcd] (6)

TABLE 1. Questionnaire Distribution.

Question

Answer

In your opinion, what is the
level of politeness of (greet-
ing gestures) when conducted
in Indonesia as a greeting ges-
ture?

An answer scale of 1 assumes
impolite to 5 assumes polite

In your opinion, what is the
level of politeness of (greeting
gestures) when conducted in
Japan as a greeting gesture?

An answer scale of 1 assumes
impolite to 5 assumes polite

In your opinion, what is the po-
liteness level of (greeting ges-
tures) when conducted with
younger people in Japan as a
greeting gesture?

An answer scale of 1 assumes
impolite to 5 assumes polite

In your opinion, what is the
level of politeness of (greet-
ing gestures) when conducted
with older people in Japan as
a greeting gesture?

An answer scale of 1 assumes
impolite to 5 assumes polite

In your opinion, what is the
level of politeness of (greeting
gestures) when conducted with
younger people in Indonesia as
a greeting gesture?

An answer scale of 1 assumes
impolite to 5 assumes polite

In your opinion, what is the
level of politeness of (greeting
gestures) when conducted with
older people in Indonesia as a
greeting gesture?

An answer scale of 1 assumes
impolite to 5 assumes polite

In your opinion, can (greeting
gestures) be applied in Indone-
sia for greeting gestures?

An answer scale of 1 assumes
disagree to 5 assumes strongly
agree

In your opinion, can (greeting
gestures) be applied with an
intelligent system in Japan for
greeting gestures?

An answer scale of 1 assumes
disagree to 5 assumes strongly
agree

In your opinion, can (greeting
gestures) be implemented with
a smart system in Indonesia as
a greeting gesture?

An answer scale of 1 assumes
disagree to 5 assumes strongly
agree

How big is the influence of us-
ing (greeting gestures) to de-
termine the level of politeness
using an intelligent system for
greeting gestures?

An answer scale of 1 assumes
not big to 5 assumes big

As described in Algorithm 1, The algorithm begins by
initialized the value of spread_ distance, which is used to
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FIGURE 1. Proposed Method

shift the cluster center from the global center. The global
data center g is computed as the mean of all points in X,
which is used to calculate the global center of all UMAP
reduction result points. Xgnhifted umap used to make a
copy of the 3D data from UMAP so that the shift is per-
formed without changing the original data. Then, for each
cluster ID ¢ in the set of valid cluster labels C, a mask
M = (y = ¢) is created to identify the points belonging to
cluster ¢, where y contains the cluster assignments for all
data points. The local cluster center m is computed as the
mean of points in X indexed by M. A vector v pointing
from the global center g to the cluster center m is then
calculated, normalized, and scaled by a predefined spread
distance d. This vector v is used to shift all points in clus-
ter ¢, resulting in an updated spatial configuration stored
in Xghifted umap- 1f the magnitude of v is zero, no shift-
ing is applied to avoid division by zero. This technique
preserves the internal structure of each cluster while im-
proving inter-cluster separation, thereby facilitating more
interpretable 3D visualizations.

To produce a transition animation that illustrates the
process of mapping data to a customized 3D space, we ini-
tialize the initial positions of the points randomly within
the minimum and maximum bounds of each axis from
the mapping results. The bounds are computed from the
shifted 3D data Xgpiftea, which includes the final positions
of the points after they have been clustered. The random
start positions, denoted as R, are sampled from a uniform
distribution within these bounds, specifically in the ranges
[xmina fmax]7 [ymina ymax]7 [Zmina Zmax]~ Then, linear inter-
polation is performed for 30 steps as ngep between the
initial random positions and the final positions of each
point in the clustered data. This interpolation is calcu-
lated using the parameter «, which varies linearly from
0 to 1 as we progress through each step. The positions
at each step are stored in P, where P|[f, ] represents the

Algorithm 1 Cluster Point Transition (Clepon)

: set spread__distance
: g + mean(X)
¢ Xshifted_umap < umap3D
: for each cluster ID ¢ € C do
M+ (y=c)
m < mean(X[M])
v m—g
if [v]| > 0 then
vV 4 HZ—H -d
else
v+ 0
end if
Xshiftediumap [M] — X[M] +v
: end for
I Mstep < 30
: Compute bounds:

—_
A e A

e e e

ZTmin, Tmax, Ymin, Ymax, Zmin, Zmax rom
Xshifted

17 R« UniformRandom([Zmin, Zmax] X [Ymin, Ymax] X
[Zmim Zmax]v N)

18: Initialize P <— zeros(nstep, IV, 3)

19: fori=1to N do

20: for f =1 to ngtep do

21: a e o

22: P[f,i] « (1 — a) - R[i] + a - Xsniftedld]
23: end for

24: end for




position of the i-th point at the f-th step. This smooth
interpolation forms a gradual transition from the initial
random positions to the final clustered distribution, al-
lowing for a clear visualization of the data’s transition.
This makes the final cluster structure easier to grasp. An
illustration of the proposed method can be seen in the
Figure 1.

3 Results

Figure 2 shows the results of clustering point transition.
The three steps of the visual process are raw data on the
left, the clustering process in the middle, and the final
clustering results on the right. Figure 2a showed that the
Clepon successfully separated the data into six physically
distinct clusters, each of which was concentrated and non-
overlapping. While each cluster is identified and repre-
sented by a distinct hue, the centroid, or cluster center, is
denoted by a red star symbol. The clear separation of the
groups indicates that the clustering algorithm can success-
fully distinguish between the relatively diverse properties
of each gesture. Furthermore, no outliers were found in
the clusters, suggesting it was completed successfully. It
is reasonable to believe that several closely spaced clusters
indicate gestures similar in appearance or spatial arrange-
ment, such as those between keirei and saikeirei.

Figure 2b shows the final result of the greeting gesture
data clustering process considering Japanese assumptions.
The results shown show that the clusters formed are very
clearly and spatially separated, reflecting that the features
used in this process have successfully identified unique
patterns in each type of gesture. It can be attributed
to the characteristics of Japanese culture that emphasizes
consistency and uniformity in culture, including greeting
gestures. Dense clusters such as Cluster 1 and Cluster 4
are likely to represent very formal gestures such as keirei
or saikeirei, while slightly more dispersed clusters such as
Cluster 5 and Cluster 6 could indicate more informal or
flexible gestures such as eshaku or waving a hand. The
absence of outliers indicates that the data pre-processing
process was carried out effectively, ensuring that all data
can be cluster appropriately. Overall, these results indi-
cate that the developed model can capture transitions by
Japanese assumptions, which is important in the context
of cultural understanding.

Figure 2c shows the final result of the clustering pro-
cess considering Indonesian assumptions. The resulting
clusters show a very clear and compact spatial separation,

with each cluster tightly clustered without any deviating
points. This indicates that the features used in the clus-
tering process are very effective in representing the unique
characteristics of each gesture. Some clusters, such as
Cluster 1 and Cluster 2, appear very dense, reflecting con-
sistent gestures, while other clusters, such as Cluster 4 and
Cluster 5, are more scattered, indicating a wider variety
of gestures. When compared to previous results that did
not consider assumptions, these results show an increase
in the separation and clarity of the cluster structure. It
means that assumptions can improve the effectiveness of
unsupervised learning-based gesture recognition systems.

4. Conclusions

This study presents Clepon, a new XAI technique for
transition clustering that works well for examining and
displaying cultural greeting gesture variations. Clepon of-
fers an understandable illustration of how discrete clusters
emerge during these transitions by fusing transition-based
features and illustrating the changes between data points.
This study finds that the Clepon can effectively cluster
different kinds of gestures according to movement data
point and can provide a solid basis for analysis pattern
change based on unsupervised learning. By comprehend-
ing the variations among clusters, such as Japanese and
Indonesian assumptions, we can identify that assumptions
can influence the pattern. In the future, Clepon presents
new opportunities for the development of XAI in human
cultural behavior, enabling the observation and analysis
of shifts in behavioral patterns.
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(c) Clustering Point Transition From Raw Data to Cluster Center Using Indonesian Assumption

FIGURE 2. Clustering Point Transitions Results



