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Data Visualization using Linear and Non-linear Dimensionality Reduction Methods
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Abstract

As the large amount of data can be efficiently stored, the methods extracting meaningful features
from big data has become important. Especially, the techniques of converting high- to
low-dimensional data are crucial for the 'Data visualization'. In this study, principal component
analysis (PCA; linear dimensionality reduction technique) and Isomap (non-linear dimensionality
reduction technique) are introduced and applied to neural big data obtained by the functional magnetic
resonance imaging (fMRI). First, we investigate how much the physical properties of stimuli are
maintained after the dimensionality reduction processes. We moreover compared the amount of
residual variance to quantitatively compare the amount of information that was not explained. As
result, the dimensionality reduction using Isomap contains more information than the principal
component analysis. Our results demonstrate that it is necessary to consider not only linear but also

nonlinear characteristics in the big data analysis.
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[l. Dimensionality reduction methods
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Fig. 1. Overview of neural data visualization procedure

[Il. Experiment and evaluation
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3.1. fMRI experiment

3.1.1. Neural data acquisition
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3.1.2. Experimental design
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3.2 Results
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Fig. 4. Visualization results using two different dimensionality reduction methods
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3.3. Discussion and limitations

3 edolx wulolele] AZtsh Helx Washs Al
o AF Bl a2 L Awe we Bela aadeR dY
3}71 AT AL 2 U st 4], 49 A4 22

Holxl "1§ BEERE

244 i—?‘iﬂ -r°1 Ak, OW‘?} 2 WA AE7HA 3
o] A¥}= Isomap ©] FAEEA Bt a9l Ak 4 4
5 HAFATH (29 4). =3 2] Frof] mE ARk
&S AHHEH [somap ©] FAEEA Ho} 22 AHoA 1

o B2 ARE et e & ¢ dd (2H D).

OPCA
* Isomap

06

0.5

04

0.3

Residual variance

0.2

0.1

¥ ¥ ¥

@ [— ¥
N
o

|
2 4 6
Dimensionality

Fig. 5. Performance comparison using residual variances

HAE 2k F4 71 gldlelelo] viAEo e wiyE
to] E4E Bt @i or mdgsty] fiste] Adya }
450 gkt}, o & E9f, Hannachi 52 oFAlo} X9 £ &
e ol Adar] el Anigk 4o 7] FE olE
& st vdele 9] vy A 545 —T—’Eqd A A5
Aate] AR&alet [15]. B8k Zhang 52 Al g o]
Aol EFHEo] e HAFA A §8H0R FEe] &
2o AF&3H7] Y3ke] Isomap 71HE B &5k Locally linear

[16]. ¥%F ol Yang 52

Isomap ¥ Laplacian

Eigenmap< 37 &-43l0] AE3} go|eloA] EA 715S 7}
A 5342 27 (Biobrick) & &¥H o2 A|zglels AlElE

28R [17]. SHAYE Isomap 7S ¥ A& Bld|o]E 9]
A4l Aol A8-¢ ’\M]L 24 etk Hu 52 7154 A7)
4 GAs S8 I = AE loJEo] FAEEAY Isomap

71HE A8 o] AeME F 7S v Wi
2 At e Haslled 2 dAde} npaviA R
A R\ 22zl sl 9l

31 49 ATEN £ AT A%E F

4N o

ox,
— HE

Hm

—

TN, wElole] Aol glojx] HB SR ohfet v
MY B9 0ol @ A Favk wok £a4el delele] A
285 5A B ¢ F ATk

B WAL Y 25 ol nefd

w40 o]Fojxjof & Alojrt. 7 4 oA o AT Hlo]Ee]

7} = A58 BeH 543 duAo] 44 W97t
= Atk sARt o A% dlolH = ASEe] 294 54
A BT d@AkEe] AR7)e] ARE o9 AAEET,
5 7HR1e AAH S Adel & el ¥ sk &5l
olo]d 03?01]*1 A=Ee 22d 543 A ddAEe A
A4 5 7] arefsto] = A& dlolE o} ]ﬂ% ghepd
off tigh wrh AA= el Y3t v

T oot
i

E
- =
A 4 7]

V. Conclusions

A QA% ki FRe i@ delEst 49s) o
of wlolEuo] o] AgH L glek. vl ARk WE SRR HH
= dlelge] wAeln on] Q= F2 SlaME weolg

ol
AT

el EAANE Hlolele] 545 Ags] setstar 7S F
el o] Dotk ¥ Aol HHolE ] Z}
2 w4 dlolele] A9 54t ohzt WiAlE o] §
= HAE 54 (d, fyEs) A= FEsl= 2] Ho] 1

Azksebs 2w Ak} F9E nolaslth 54, 7} 4

ol =
A 4 T, £ A7 DA | A3 IS e

SEAT WAY A Fh e A9 BE SR 9
OJElo) % A o] Psahut. o] A ANE Fow WY A
9 F4 71H9) 77} Bk n AT Asbh FAEvh 35
Hdolele] wok @6 A2k bed Bloltk £F of
FARE wigor Ve M A Has0E) dAY

=
dolee] FAHe MABA E4S &

& FEes 9 F,
8408 25T & Yt AZE 4D Fh 1HS ATt
78 dgeltt,



26 Journal of The Korea Society of Computer and Information

REFERENCES

[1] Kim, Y, Cho, KH, "Big Data and Statistics", Journal of
the Korean Data and Information Science Society, Vol.
24, No. 5, pp.959-974, 2013.

[2] Park, H-J, Gwon, Y-H, An, Y-M, "Big Data and Its Refining
Technology", Korean Society of Computer Information
Review, Vol. 21, No. 1, pp.1-8, 2013.

[3] Kim, ST, “3 Elements for the Successful Big Data Usage:
Resources, Technology, Man Power”, IT & Future
Strategy, Vol. 3. 2012.

[4] Pereira, F. and Botvinick, M., "Machine learning classifiers
and fMRI: a tutorial overview." Neuroimage, Vol.45, No.1,
pp.S199-5209, 2009.

[5] Lee, J-H, Je, M-G, Jo, M-J, Son, H-S, "Trends of Big
Data Use in Medical Field",
Communications Magazine, Vol. 32, No. 1, pp.63-75,
2014.

[6] Choe, G-S, Ham Y-G, Kim S-H, "Visualization of Big
Data", Korean Society of Computer Information Review,
Vol. 21, No. 1, pp.33-43, 2013.

[7] Pearson, K., "On Lines and Planes of Closest Fit to Systems
of Points in Space." Philosophical Magazine, Vol.2, No.11,
pp.559-572, 1901.

[8] Bronstein AM, Bronstein MM, Kimmel R, "Generalized
multidimensional scaling: a framework for isometry—invar

Information and

iant partial surface matching." Proc. Natl. Acad. Sci.
US.A., Vol.103, No.5, pp1168-1172, 2006.

[9] Tenenbaum, J.B., De Silva, V. and Langford, J.C., “A global
geometric framework for nonlinear dimensionality
reduction.” Science, Vol.290, No.5500, pp.2319-2323,
2000.

[10] Gorban, A. N., Kégl, B., Wunsch, D. C., and Zinovyev,
A. Y., Principal manifolds for data visualization and
dimension reduction, Springer, Berlin-Heidelberg,
2008.

[11] Bellman. R. Adaptive control processes: A guided tour,
Princeton University Press, Princeton, 1961.

[12] Hastie, T., Tibshirani, R. and Friedman, J., Overview
of supervised learning. In The elements of statistical
learning, Springer, New York, 20009.

[13] Hy, J., Tian, J. and Yang, L., “Functional feature embedded
space mapping of fMRI data.” In Engineering in Medicine
and Biology Society (EMBS), pp.1014-1017, 2006.

[14] Martuzzi, R., Zwaag, W., Farthouat, J., Gruetter, R. and
Blanke, O., “Human finger somatotopy in areas 3b, 1,
and 2: a 7T fMRI study using a natural stimulus.” Human
brain mapping, Vol.35, No.1, pp.213-226, 2014.

[15] Hannachi, A. and Turner, A.G., “Isomap nonlinear
dimensionality reduction and bimodality of Asian

monsoon convection.” Geophysical Research Letters,
Vol.40, No.8, pp.1653-1658, 2013.

[16] Zhang, C., Wang, J.,, Zhao, N. and Zhang, D.,
“Reconstruction and analysis of multi-pose face images
based on nonlinear dimensionality reduction.” Pattern
Recognition, Vol.37, No.2, pp.325-336, 2004.

[17] Yang, J., Wang, H,, Ding, H., An, N. and Alterovitz, G.,
“Nonlinear dimensionality reduction methods for
synthetic biology biobricks’ visualization.” BMC

bioinformatics, Vol.18, No.47, pp.1-10, 2017.

Author

Junsuk Kim received the B.S. degree in
Computer and Radio Communications
Engineering from Korea University,
Korea, in 2010 and received the M.S. and
. PhD. degrees in Brain and Cognitive
Engineering from Korea University,

Korea, in 2012 and 2016, respectively. Dr. Kim is a
research professor at the Center for Neuroscience
Imaging Research, Institute for Basic Science (IBS). He is
interested in machine learning and neuroscience.

Joosang Youn received the B.S. degree in

Electrical Engineering from Korea
University, Korea, in 2001 and received
the M.S. and Ph.D. degrees in Electrical
Computer Engineering from Korea

| University, Korea, in 2003 and 2008,

respectively. Dr. Youn is a professor at the Department
of Industrial ICT Engineering, Dong-Eui University. He is
interested in [oT, Al, and Edge Computing.



