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e Clustering: the task of assigning data points into Motivation Methods Considered:

a number of groups/clusters such that data o Factor Analysis for Mixed Data [6]
points within each cluster are more similar to e Data sets can consist of a very large number of M -

e Sequential dimensionality reduction and clustering method.
e The " principal component is given by:
Pr p
F'= argmax Y R° (FZ-,XCOnj) + 5 (FZ-,XC%.).
F, LF; ... Fj=1 J=prt+1
e K-Means is applied on the lower dimensional representation.

each other than to points in other groups. columns (variables), some of which may be

o Mixed data sets are often encountered and irrelevant to the existing cluster structure.

performing meaningful cluster analysis is crucial
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for practitioners. Dimensionality reduction techniques can be

e Mixed Reduced K-Means |7|:

Overlap level Clusters Shape

Benchmarki q 1d ’ particularly helpful in such cases. e i | |
J enC mar lﬂg Stu ].eS Cou Serve a)S a gul e tO B () JOlnt dlmenSIOnallty redUCthﬂ and ClUSteflﬂg method Mean ARI for clustering methods and varying number of clusters Mean ARI for clustering methods and varying density

help with the choice of clustering technique but e The ‘optimal’ cluster allocation is given by: 2
e How can they be achieved for both continuous & = arg min dpi s (B, Zy, G) = argmin | X — Z,GBT||

: Zy, Zj,
categorical data? e Minimisation via an alternating least squares algorithm.

these need to disentangle possible interactions

between the various data set characteristics. |1

Non-Parametric Methods Experimental Design & Results

Experimental Design

e Aspects Investigated:

e Number of observations (300, 600, 1200)
e K-Prototypes |2|: e Number of variables (6, 10, 12)
Pr

Dissimilarities between data objects are defined by

distance functions:

Future Work Plans

b e Number of clusters (3, 4, 5)
) ) . . .
d(X;, Q) = zjl(xw — qii)” + ._Z 15 (i, q1i)- e Cluster sphericity (Spherical /Non-Spherical) e Investigate the effect of the ratio of categorical to
= J=Pr¥ o Average cluster overlap: wi; = wy; + wj);, where w;; = Px (0 (X; pj, Bj) < miop (X i, i) | X ~ N, (14, %5)) 8 continuous variables in clustering performance.
O GOWGI”S dlSSlmllarlty [3] (O 01. 0.05. 0.10. 0.15. 0 20) , ,
p MRy V0, LA, B2, B o e Generate purely mixed-type data, i.e. purely
> wp( X, X ) sk( X, X)) e Cluster density, i.e. whether clusters are balanced (Balanced /Highly Unbalanced)

categorical variables and purely continuous

. . e k:1 g h . ° . ° . . .
da(Xi, Xj) =1 S (XX e Data sets simulated from Gaussian mixtures, half of the variables discretised by quantile discretisation.
194\ g

k=1

variables with a cluster structure.
e Cluster recovery performance evaluated using the Adjusted Rand Index (ARI) [9].

e Mixed K-Means [4]: dy(X;, Q;) = — e [.ook at high-dimensional data (n < p) and
D D 1.00- Effect source partial n .
5 0 5 A conduct a similar study.
> (wilxiy —aqy)”+ > Qi qiy) overlap 804
7=1 J=pr+1 Bt shape 268
0.75- clweell
e Modha-Spangler K-Means [5] : clusters 140
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Notation

k: number of clusters, n: number of data points, p: number of variables, p,: number of continuous variables, P*: number of continuous & dummy-coded categorical variables, X;: i data point, @Q;: prototype/centroid/
lth lth

medoid for ["" cluster, |||z Frobenius norm, y;: =1 <= X, is in {"" cluster (else 0), B: columnwise orthonormal loadings matrix, G cluster centroids in reduced dimensions, Zj: cluster allocations matrix



