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Representing variables in the latent space
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Abstract

For multivariate datasets with large number of variables, classical dimensional reduction methods such as
principal component analysis may not be effective for data visualization. The underlying reason is that the
dimensionality of the space of variables is often larger than two or three, while the visualization to the human
eye is most effective with two or three dimensions. This paper proposes a working procedure which first
partitions the variables into several “latent” clusters, explores individual data subsets, and finally integrates
findings. We use R pakacage “ClustOfVar” for partitioning variables around latent dimensions and the
principal component biplot method to visualize within-cluster patterns. Additionally, we use the technique
for embedding supplementary variables to figure out the relationships between within-cluster variables and
outside variables.
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Cluster Dendrogram
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Figure 4.1. Dendrogram for variable clustering of the Decathlon data.

of wig Hrt. 4 (3.1)F FA A 4 (3.2)F AFA

S ™A o] Fof] AFTt It frolA B Ekslel 4 #E3E 4% 1 B S dikEeke WA
o2 &85 It} (Benzecri, 1992).

A (3.1) e 4 (3.2)F &85t th2d 22 A AE FAde & 4 itk

1) 718 TR FARES PLEEE vso] 5 Y FAUIES 7194971,

2) I Izl A ArE 71997,

o ollA AA| Aol Agsl B2 gt

4. Akl

4.1. Decathlon

o] AHgl ] AF5 = R # 7] A] FactoMineR ol 35| o] Qlt}. B A E %= ‘Decastar’ =+ ‘OlympicG’ 7
Aol A A4= 4192l 4 7] $5 100m, Long.jump, Shot.put, High.jump, 400m, 110m.hurdle, Discus,
Pole.vault, Javeline, 1500m 7| ZA] 107] £2o0] € 7j9] AA A So| 93] AAFHE=AE 1735}
= o A}t Zro] E4E £L& AU EHE HENEE Ao E &A5 = 100m, 400m, 110m.hurdle,
1500me] thstol= Ak ghe] o8 o= vk

R #7]#] ClustOfVar2 9 27 d=2 138L Figure 4.17 2t} A 3712 53 36709 ¥
Aol ARG Z1er Bk A7|AE 10708 WA4E 37 #RoE WrrlE St Al 172
100m, 110m.hurdle, 400m, Long.jump©]™ A| 2352 Shot.put, High.jump, Discus, Javeline, A
3742 Pole.jump2t 1500m 7} H vk Al 134N “H 7] 587, Al 23744402 T2 “HA7]| &
Srolekn W 4 A7, A 3RAMAL 1 9] S AT 5 Aok

Figure 42014 W27 92 244 728 Avia). AY Telze 4294 209 ddson
2 o]F AR £AY(subdim 1) AL (A ) Lx)8tc). Tl Tz oA “Dim 17, “Dim 27,
“Dim 37 B4 A 1AM, Al 1AL, A 2240800, 2] 384 ML A F g,

Al 1] YEolA] Al 1A A2 A 2F FelA] S0 AAZE Y& £ 5 Atk &
“m7] 5872 «dz)7] 877 AtEn A 2W4 A BP0 Discus(¥¥H9 High.jump(=

-



subdim 2

subdim 2

Representing variables in the latent space

Variable Cluster 1

Variable Cluster 2

559

< 4
Javeline
Loggd'H]mp ~
14
5 37
13 0 16 CE 12
40 S o 13
E 32
0
41 33
o
| 3
110m.hurdle
< |
I
T T T T T T T T T
-4 -2 0 2 4 -4 -2 0 2 4
subdim 1 subdim 1
Variable Cluster 3
Pole.vault 1500m
Dim 3
41
39
T T T T T
-4 -2 0 2 4
subdim 1

Figure 4.2. Biplots of the Decathlon data by variable clusters.
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Cluster Dendrogram
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Figure 4.3. Dendrogram for variable clustering of the body parts data.
Table 4.1. Correlation matrix of the body parts data
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
Cluster 1 1.00 —0.56 —0.49 —0.53 —0.64
Cluster 2 —0.56 1.00 0.68 0.46 0.70
Cluster 3 —0.49 0.68 1.00 0.65 0.71
Cluster 4 —0.53 0.46 0.65 1.00 0.65
Cluster 5 —0.64 0.70 0.71 0.65 1.00
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4.3. Wine
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Figure 4.4. Biplots of the body parts data by variable clusters.
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Cluster Dendrogram
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Figure 4.5. Dendrogram for variable clustering of the body parts data after removing the effects of Weight, Height
and Age.

Table 4.2. Correlation matrix of the body parts data with residual variables

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
Cluster 1 1.00 —0.07 0.12 —0.08 —0.21 —0.03
Cluster 2 —0.07 1.00 0.16 —0.06 —0.25 0.24
Cluster 3 0.12 0.16 1.00 —0.34 —0.21 —0.14
Cluster 4 —0.08 —0.06 —0.34 1.00 0.30 0.32
Cluster 5 —0.21 —0.25 —0.21 0.30 1.00 —0.12
Cluster 6 —0.03 0.24 —-0.14 0.32 —0.12 1.00
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Figure 4.6. Biplot of the wine data:
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Figure 4.7. Dendrogram for variable clustering of the simulated data.
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Figure 4.8. Biplots of the simulated data by variable clusters.
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Figure 4.9. Scatterplot of two latent variables from the simulated data.
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