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13 Abstract: Data mining plays a critical role in the sustainable decision making. The k-prototypes
14 algorithm is one of the best-known algorithm for clustering both numeric and categorical data.
15 Despite this, however, clustering a large number of spatial object with mixed numeric and
16 categorical attributes is still inefficient due to its high time complexity. In this paper, we propose an
17 efficient grid-based k-prototypes algorithms, GK-prototypes, which achieves high performance for
18 clustering spatial objects. The first proposed algorithm utilizes both maximum and minimum
19 distance between cluster centers and a cell, which can remove unnecessary distance calculation. The
20 second proposed algorithm as extensions of the first proposed algorithm utilizes spatial dependence
21 that spatial data tend to be more similar as objects are closer. Each cell has a bitmap index which
22 stores categorical values of all objects in the same cell for each attribute. This bitmap index can
23 improve the performance in case that a categorical data is skewed. Our evaluation experiments
24 showed that proposed algorithms can achieve better performance than the existing pruning

25 technique in the k-prototypes algorithm.

26 Keywords: clustering; spatial data; grid-based k-prototypes; data mining; sustainability
27

28 1. Introduction

29 Sustainability is a concept for balancing environmental, economic and social dimensions with
30  decision-making [23]. Data mining in sustainability is a very important issue since it sustainable
31  decision making contributes to the transition to a sustainable society [24]. Especially, there is a
32  growing interest in spatial data mining in making sustainable decisions in geographical
33 environments and national land policies [25].

34 Recently, spatial data mining has become more and more important as spatial data collection is
35  increasing due to technological developments such as geographic information system (GIS) and
36  global positioning system (GPS) [26][27]. The main techniques of spatial data mining are spatial
37 clustering [1], spatial classification [2], spatial association rule [3], and spatial characterization [4].
38  Spatial clustering is a technique used to classify data with high similar geographic and locational
39  characteristics into the same group. It is an important component to discover hidden knowledge in a
40  huge of spatial data [5]. Spatial clustering is used in the HotSpot detection which detects areas where
41 specific events occur [6]. Hotspot detection is used in various fields such as crime analysis [7,8,9], fire
42 analysis [10] and disease analysis [11,12,13,14].

43 Most spatial clustering studies have focused on efficiently finding groups for numeric data such
44 aslocation information of spatial objects. However, many real-world spatial objects have categorical
45  data, not just numeric data. Hence, if the categorical data affect spatial clustering results, the error
46  value can be increased when the final cluster results are evaluated.
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49 Figure 1. An example of clustering using location information
50 We present an example of disease analysis clustered using only location information. Figure 1

51  shows 10 cases of disease location divided into three clusters. Diseases are divided into three
52 categories (i.e. p, g and ), and the measures to be taken in the area vary according to each disease. In
53 Figure 1, the representative attribute of cluster c1 is set to p, so we only deal with p. Therefore, when
54 g occurs in the same area, it is difficult to cope with. In this example, three clusters are constructed
55  using only numeric data (location information of disease occurrence). If the data from this example
56  was used to inform a policy decision, it could result in a decision maker failing to implement the
57  correct policy.

58 Data generated in the real world is often mixed with numeric data as well as categorical data. In
59  order to apply the clustering technique to the real world, algorithms that can consider categorical
60  data are required. A representative clustering algorithm that can use mixed data is the k-prototypes
61  algorithm [15]. The basic k-prototypes algorithm has a large time complexity due to the processing
62  of all data. Therefore, it is important to reduce execution time in order to process the k-prototypes
63  algorithm on large data. However, only a few studies have been conducted to reduce the time
64  complexity of the k-prototypes algorithm. Kim [16] proposed a pruning technique to reduce distance
65  computation between an object and cluster centers using the concept of partial distance computation.
66  However, this method does not have high pruning efficiency by comparing objects one by one with
67  cluster center.

68 To improve performance, we propose an effective grid-based k-prototypes algorithm, GK-
69  prototypes, for clustering spatial objects. The proposed method makes use of the grid-based indexing
70 technique which improve pruning efficiency to compare distance between cluster centers and a cell
71  instead of cluster centers and an object.

72 Spatial data can have geographic data as categorical attributes that indicate the characteristics of
73 the object as well as the location of the object. Geographic data tend to have spatial dependence.
74 Spatial dependence is the property of objects that are close to each other having increased similarities
75  [17]. For example, soil types or network type are more likely to be similar at points one meter apart
76  than at points one kilometer apart. Due to the nature of spatial dependence, the categorical data of
77  spatial data is often skewed according to the position of the object. For improving performance of a
78  grid-based k-prototypes algorithm, we take advantage of the spatial dependence to the bitmap
79  indexing technique.

80 The contributions of this paper are summarized as follows.

81 e We proposed an effective grid-based k-prototypes, GK-prototypes, which improve the
82 performance of a basic k-prototypes algorithm.

83 e We developed a pruning technique which utilizes the minimum and maximum distance on
84 numeric attributes and the maximum distance on categorical attributes between a cell and a
85 cluster center.

86 e We developed a pruning technique based on a bitmap index to improve the efficiency of the
87 pruning in case that a categorical data is skewed.

88 e  We conducted several experiments on synthetic datasets. Our algorithms can achieve better
89 performance than the existing pruning technique in the k-prototypes algorithm.
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90 The organization of the rest of this paper is as follows. In Section 2, the basic k-prototypes
91  algorithm and the previous research on pruning in the k-prototypes algorithm are described. In
92 Section 3, we first briefly describe some basic notations and definitions. After that, the proposed GK-
93  prototypes algorithm is explained in Section 4. In Section 5, experimental results on synthetic data
94 demonstrate the performance. Section 6 concludes the paper.

95  2.Related works

96  2.1. The k-prototypes algorithm

97 The k-prototypes algorithm is first proposed clustering algorithm to deal with mixed data types

98  (numeric data and categorical data), which integrates k-means and k-modes algorithms [15]. Let a set

99 of n objects be O={o1, 02, ..., 01} where 0=(0i1, 0z, ..., 0in) is consisted of m attributes. The purpose of
100  clustering is to partition n objects into k disjoint clusters C={C1, C;, ..., Cs} according to the degree of
101  similarity of objects. The distance is used as a measure to group objects with high similarity into the
102 same cluster. The distance d(o;, Cj) between oi and C; is calculated as follows:

d(0i, Gj) = dr(0i, Gj) + de(0i, G) 1

103 where d«(0;, C)) is the distance between numeric attributes and d<(oi, Cj) is the distance
104  between categorical attributes.

p
d, (0, C;) = Z|0ik ~ el ¥
k=1
m
4.(006) = ), 5(owcy) X
k=p+1
(0, when oy = ¢y
5(0ik'Cjk) - {1, when oy # Cji ¥

105 In Equation (2), dr(0;, Gj) is the squared Euclidean distance between an object and a cluster center
106 on the numeric attributes. d«(0;, Cj) is the dissimilar distance on the categorical attributes, where o
107 and cj, 1<k<p, are values of numeric attributes, oi and cjx, p+1<k<m are values of categorical attributes.
108  That is, p is the number of numeric attributes and m-p is the number of categorical attributes.

109 2.2. Existing pruning technique in the k-prototypes algorithm

110 The k-prototypes algorithm spends most of execution time computing the distance between an
111 object and cluster centers. In order to improve the performance of the k-prototypes algorithm, Kim
112 [16] proposed the concept of partial distance computation (PDC) which compares only partial
113 attributes, not all attributes in measuring distance. The maximum distance that can be measured in
114 one categorical attribute is 1. Thus the distance that can be measured from the categorical attributes
115  isbound to the number of categorical attributes, m-p. Given an object o and the two cluster centers (c1
116  and ), if the difference between di(o, c1) and d:(o, ¢2) is more than m-p, we can know which clusters
117  arecloser to the object without the distance using the categorical attributes. However, PDC is still not
118  efficient due to the fact that all objects are involved in the distance calculation and the characteristic
119  (i.e. spatial dependence) of spatial data is not utilized in the clustering process.

120 2.3. Grid-based clustering algorithm

121 The grid-based techniques have the fastest processing time that depends on the number of the
122 grid cells instead of the number of objects in the data set [18]. The basic grid-based algorithm is as
123 follows. At first, a set of grid-cells is defined. In general, these grid-based clustering algorithm use a
124 single uniform or multi-resolution grid cell to partition the entire datasets into cells. Each object is
125  assigned to the appropriate grid cell and the density of each cell is computed. The cells, whose a
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126  degree of density is below a certain threshold, are eliminated. In addition to the density of cells,
127  statistical information of objects in the cell is computed. After that, the clustering process is performed
128  on the grid cells using each cell’s statistical information, instead of the objects itself.

129 The representative grid-based clustering algorithms are STING [19] and CLIQUE [20]. STING is
130  a grid-based multi resolution clustering algorithm in which the spatial area is divided into
131  rectangular cells with a hierarchical structure. Each cell at a high level is divided into several smaller
132 cells in the next lower level. For each cell in pre-selected layer, the relevancy of the cell is checked by
133 computing the confidence interval. If the cell is relevant, we include the cell in a cluster. If the cell is
134 irrelevant, it is removed from further consideration. We look for relevant cells at the next lower layer.
135  This algorithm combines relevant cells into relevant regions and return the so obtained clusters.
136  CLIQUE is a grid-based and density-based clustering algorithm to identify subspaces of a high
137  dimensional data that allow better clustering quality than original data. CLIQUE partitions the n-
138  dimensional data into non overlapping rectangular units. The units are obtained by partitioning
139 every dimension into certain intervals of equal length and selectivity of a unit is defined as the total
140  data points contained in it. A cluster in CLIQUE is a maximal set of connected dense units within a
141  subspace. In a grid-based clustering study, the grid is used in order that clustering is performed on
142 the grid cells, instead of objects itself. Chen et al. [21] proposes algorithm called GK-means, which
143 integrates grid structure and spatial index with k-means algorithm. It focuses on choice the better
144 initial centers to improve the clustering quality and to reduce the computational complexity of k-
145  means.

146 Most existing grid-based clustering algorithms regard objects in same cell of grid as a data point
147  to process large scale data. Thus, the final clustering results of these algorithms are not the same as a
148  basic k-prototype cluster result, but all the cluster boundaries are either horizontal or vertical. In GK-
149 means, the grid is used to select initial centers and remove noise data, but not used to reduce
150  unnecessary distance calculation. To the best of our knowledge, such a grid-based pruning technique
151  to improve the performance of the k-prototypes algorithm has not been previously demonstrated.

152 3.Preliminary

153 In this section, we present some basic notations and definitions before describing our algorithms.
154  We summarize the notation used throughout this paper in Table 1.

155 Table 1. A summary of notations
Notation Description
O a set of data
0i i-th data in O
n the number of objects
the number of attributes of an object
ci the i cluster center point
vi the value of grid partition interval
gk a cell of grid

d(oi, ¢j) a distance between an object and an cluster center

dr(0;, )  a distance between an object and an cluster center for only numeric attributes

de(0;, )  a distance between an object and an cluster center for only categorical attributes
dmin(gi, ¢)  the minimum distance between a cell and a cluster center for only numeric

attributes
dmx(gi, ) the maximum distance between a cell and a cluster center for only numeric
attributes
156
157 Consider a set of n objects, O={0, 02, ..., 0u}. 0=(0i1, 02, ..., 0im) is an object represented by m

158  attribute values. The m attributes consist of m (the number of numeric attributes) and m. (the number
159 of categorical attributes), m=mr+ m.. The distance between an object and a cluster center, d(o, c), is
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160  calculated by Equation (1) in Section 2. We adopt the data indexing technique based on grid for
161  pruning. First we define the cells that make up the grid.

162

163  Definition 1. A cell g in m-dimension grid is defined by a start point vector S and an end point vector
164 T:g=(S T), where S=[s, s, ..., sw]and T=[t, t, ..., tw] and si< ti for 1 <i <my and si + vi = ti. The vi
165 s interval distance between start and end position of a cell ¢ on i-dimension.

166

167 Definition 2. The minimum distance between a cell gi and a cluster center ¢j for numeric attributes,
168  denoted dwin(gi, ), is;

169 Amin(gi, ¢j) = 2?:1")1' -nl?,

s; ifo; <s;
170  where r; ={t; ifo;>t;

0; otherwise,
171 We use the classic Euclidian distance to measure the distance. If a cluster center is inside the cell,
172 the distance between them is zero. If a cluster center is outside the cell, we use the Euclidean distance
173 between the cluster center and the nearest edge of the cell.
174
175 Definition 3. The maximum distance between a cell gi and a cluster center ¢j for numeric attributes,
176  denoted dnex(g;, ¢j), is;

177 dmax(gi, Cj)= erllpl - T'L'lz,
Si+t;
178  where r, = {ti' Pis—5
s;, otherwise,
179 To distinguish between the two distances dwin and dwe, an example is illustrated in Figure 2,
180  showing a cluster center (c1), two cells (¢ and g2) and the corresponding distances.
181
dmax(gb Cl) &2
P i
i dmm , C
dya(&1 €1 ‘: e
:dmin(gl, Cl)
v
&1
182
183 Figure 2. An example of distances dmin and dax.
184 In a grid-based approach, dwin(g,c) and dma(g,c) for a cell g and cluster centers ¢, are measured

185 firstly before measuring the distance between an object and cluster centers. We can use dwin and dmax
186  to improve performance of k-prototypes algorithm. Figure 3 shows an example of pruning using dmin
187  and dwe. The object consists of 4 attributes (2 numeric and 2 categorical attributes).
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188
189 Figure 3. An example of pruning method using minimum distance and maximum distance
190 In Figure 3, the maximum distance between g1 and c¢1, dwa(g1, ¢1) = 17(y@=or+as-07). The

191 minimum distance between g1 and cz, dmin(g1, c2) =20 (y@6— 107+ 22— 10%?). The dmax(g1, c1) is three less than
192 dwin(g1, c2). Therefore, all objects in g1 are closer to ¢1 than ¢, if we are considering only numeric
193 attributes. To find the closest cluster center from an object, we have to measure the distance by
194 categorical attributes. If the difference between dwin and dwar is more than m. (maximum distance by
195  categorical attributes), however, the cluster closest to the object can be determined without the
196  distance by categorical attributes. In Figure 3, the categorical data of ¢ is (a, z), and the categorical
197  dataof c2is (b, y). Assume that there are no objects in g1 with ‘a’ in the first categorical attribute and
198  ‘z’ in second categorical attribute. Since d«(o, 1) of all objects in g1 is 2, maximum distance of all objects
199  in g1is dmax(g1, c1) + 2. The maximum distance between ¢ and objects in g1 is not less than the minimum
200  distance between c: and objects in g1. We can know that all objects in g1 are closer to ¢1 than c2.

201

202  Lemma 1. For any cluster centers ¢, ¢ and any cell g, if dmin(gx, ) - dmar(gx, ¢i) > me then, YoEgy, d(o, ci)
203 <d(o, ¢).

204  Proof. By assumption, dwin(gx, ) > 1ic+ dmax(gs, ¢i). By Definition 2 and 3, dwin(gx, ¢))<d(ci, 0)<dmax(gx, ci)+me,
205  and dwin(gy, 6)<d(ci, 0)<dmax(gx, G)+1c. d(ci, 0)Sdmax(, CiyFm<dmin(gx, ¢))<d(cj, 0). .- YoE gy, d(ci, 0) < d(gj, 0) .
206

207 Lemma 1 is the basis for our proposed pruning techniques. In the process of clustering, we first
208  exploit Lemma 1 to remove cluster centers to be compared to objects.

209 4. GK-prototypes algorithm

210 In this section, we present two pruning techniques that are based on grid for improving the
211  performance of the k-prototypes algorithm. The first pruning technique is KCP (K-prototypes
212 algorithm with Cell Pruning) which utilizes dwin, dmex and the maximum distance on categorical
213 attributes. The second pruning technique is KBP (K-prototypes algorithm with Bitmap Pruning)
214  which utilizes bitmap indexes to reduce unnecessary distance calculation on categorical attributes.

215  4.1. Cell pruning technique

216 The computational cost of the k-prototypes algorithm is most often encountered in the step of
217  measuring distance between objects and cluster centers. To improve the performance, each object is
218  indexed into a grid by numeric data in data preparation step. We set up grid cells storing two types
219  of information. a) The first is a start point vector S and an end point vector T, which is the range of
220  the numeric value of the objects to be included in the cell (see Definition 1). Based on this cell
221 information, the minimum and maximum distances between each cluster centers and a cell are
222 measured. b) The second is bitmap indexes which is explained in Subsection 4.2.

223
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224 Algorithm 1 The k-prototypes algorithm with cell pruning (KCP)
225  Input: k: the number of cluster, G: the grid in which all objects are stored per cell
226  Output: k cluster centers
227 1: C[ ]« D /] k cluster centers
228 2: Randomly choosing k object, and assigning it to C.
229 3: while IsConverged() do
230 4:  foreachcellgin G
231 5 dmin[ ], dmax[ ] < Calc(g, C)
232 6 dminmax < min(dmax[ ])
233 7: candidate «— &
234 8 forj<—1tokdo
235 9 if (dminmax + me>dmin[j]) // Lemma 1
236 10: candidate < candidate U j
237 1L end for
238 12 min_distance < oo
239  13: min_cluster < null
240 14: for each object 0 in g
241 15: for each center c in candidate
242 1e: if min_distance > d(o, c)
243 17 min_cluster < index of ¢
244 18: end for
245 19 Assign(o, min_cluster)
246  20: UpdateCenter(C[c])
247 21 end for
248  22: end while
249  23: return C[k]
250
251 The details of the cell pruning are as follows. First, we initialize an array C[j] to store the position

252 of k cluster centers, 1<j<k. Various initial cluster centers selection methods have been studied to
253  improve the accuracy of clustering results in the k-prototypes algorithm [22]. Since we aim at
254  increasing the clustering speed improvement, however, we adopt a simple method to select k objects
255  randomly from input data and use them as initial cluster centers.

256 In general, the result of clustering algorithm is evaluated after a single clustering process has
257  been performed. Based on these evaluation result, it is determined whether the same clustering
258  process have to be repeated or terminated. The iteration is terminated if the sum of the difference
259  between the current cluster center and the previous cluster center is less than a predetermined value
260  (¢) as an input parameter by users. In Algorithm 1, we determine the termination condition through
261  the IsConverged() function of the while statement.

262 In iteration step of clustering (line 4), the distances between objects and k cluster centers are
263  measured by cells. The Calc(g, C) function returns the minimum and maximum distances between a
264  cell ¢ and k cluster centers (C) for each cluster center (line 5). The smallest distance among the
265  maximum distance is stored in the dminmax (line 6). The candidate stores the index number of the
266  cluster center that need to be measured from the cell. Through Lemma 1, if dminmax+mc is greater
267  than dminlj), the j cluster center is included in the distance calculation, otherwise it is excluded (lines
268  8-11). After Lemma 1 is applied, only the cluster centers to be measured the distance from objects in
269  the cell are finally left in the candidate. All objects in the cell are measured from the cluster centers in
270  the candidate, d(o, ¢), (line 16). An object is assigned to the cluster where d(o, c) is computed as the
271  smallest value using Assign(o, min_cluster) function. The center of cluster to which a new object is
272  added is updated by remeasuring its cluster center using UpdateCenter(C[c]) function. This clustering
273 process is repeated until the end condition IsConverged() is return a false.
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274 4.2. Bitmap pruning technique

275 Spatial data tend to have similar categorical values in neighboring objects, categorical data is
276  often skewed. If we can utilize the characteristics of spatial data, the performance of the k-prototypes
277  algorithm can be further improved. In this subsection, we introduce the KBP that can improve the
278  efficiency of pruning when categorical data is skewed.

279 The KBP stores categorical data of all objects in a cell in a bitmap index. Figure 4 shows an
280  example of storing categorical data as a bitmap index. Figure 4(a) is an example of spatial data. The
281  x and y attributes indicate location information of objects as numeric data, and z and w attributes
282 indicate features of objects as categorical data. For five objects in the same cell, g={o1, 02, 03, 04, 05},
283  Figure 4(b) shows the bitmap index structure where a row presents a categorical attribute and a
284  column presents a categorical data of objects in same cell. A bitmap index consists of one vector of
285  bits per attribute value, where the size of each bitmap is equal to the number of categorical data in
286  the raw data. The bitmaps are encoded such that the i-th bit is set to 1 if the raw data has a value
287  corresponding to the i-th column in the bitmap index, otherwise it is set to 0. For example, the value
288  1inzrow and c column from bitmap index means that the value c exists in z attribute of raw data.
289  When raw data is converted to a bitmap index, object id information is removed. We can quickly
290  check for the existence of the specified value in raw data using the bitmap index.

291
oid | X | V| Z | W
oj|14| 6|4 |D
0| 12| 3| F|B all Al F
Z\l|liloli|o|0]1
o330 4| c|D
wl|o0|1|1]|1]|1]|0
o4|31| 9| F|cC
0os|39| 9 | F|E
292 (2) Example mixed data (b) Bitmap indexing sturucture
293 Figure 4. Bitmap indexing structure
294 A maximum of categorical distance is determined by the number of categorical attributes ().

295  If the difference of two numeric distance between one object and two cluster centers, 1dr(o, ci) - dr(o,
296 ¢j) 1, is more than m., we can know the cluster center closer to the object without categorical distance.
297 However, since the numeric distance is not known in advance, we cannot determine the cluster center
298  closer to the object by only categorical distance. Thus, the proposed KBP is utilized in reducing
299  categorical distance calculations in the KCP. Algorithm 2 describes the proposed KBP. We explain
300  only the extended parts from the KCP.

301

302  Algorithm 2 The k-prototypes algorithm with bitmap pruning (KBP)

303  Input: k: the number of cluster, G: the grid in which all objects are stored per cell

304  Output: k cluster centers

305 1: C[k]< D@ // k cluster center

306 2: Randomly choosing k object, and assigning it to C.
307 3: while IsConverged() do
308 4:  foreachcellgin G

309 5 dmin[], dmax[] < Calc(g, C)

310 6 dminmax < min(dmax]])

311 7: arrayContain[] < IsContain(g, C)
312 8 candidate < O

313 9 forj<1tokdo

314  10: if (dminmax + me>dmin[j]) // Lemma 1
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315 11 candidate < candidate U j
316 12 end for
317  13: min_distance < oo
318  14: min_cluster < null
319 15 distance < null
320 16 for each object 0 in g
321 17 for each center c in candidate
322 18 if (arrayContain [c] = 0)
323 19 distance = d(o, c) + mc
324 20: else
325 21 distance = d(o, ¢) + d-(o, c)
326 22 if min_distance > distance
327  23: min_cluster < index of cluster center
328 24 end for
329 25 Assign(o, min_cluster)
330 26: UpdateCenter(C)
331 27 end for
332 28: end while
333 29:return C[k]
334
335 To improve the efficiency of pruning on categorical data, the KBP is implemented by adding

336  two step to the KCP. The first step is to find out whether the categorical attributes value of each cluster
337  centers exists in the bitmap index of the cell using the IsContain function (line 7). The IsContain
338  function compares the categorical data of each cluster center with the bitmap index and returns 1 if
339  there is more than one of the same data in the corresponding attribute. Otherwise, it returns 0. In
340 Figure 4 (b), assume that we have a cluster center, ci= (2, 5, D, A). The bitmap index does not have D
341  in the z attribute and A in the w attribute. In this case, we can know that there are no objects in the
342  cell that have D in the z attribute and A in the w attribute. Therefore, the maximum categorical
343 distance between all objects belonging to a cell and cluster center ci is 0. Assume that we have another
344 the cluster center, ¢ = (2, 5, A, B). The bitmap index has A in the z attribute and B in the w attribute.
345  In this case, we can know that there are some objects in the cell that have A in the z attribute or b in
346  the w attribute. If one or more objects with the same categorical value are found in the corresponding
347  attribute, the categorical distance calculation has to be performed for all objects in the cell in order to
348  know the correct categorical distance. Finally, arrayContain[i] stores the result of the comparison
349 between the i-th cluster center and the cell. In lines 8-12, the cluster centers that need to measure
350  distance with each cell g are stored in the candidate like as the KCP. The second extended part (lines
351  18-23) is used to determine whether to measure the categorical distance using arrayContain. If
352 arrayContain[i] has 0, the m.is directly used as the result of the categorical distance without measuring
353  the categorical distance (line 19).

354 5. Experiments

355 In this section, we evaluate the performance of the proposed GK-prototypes algorithms. For
356  performance evaluation, we compare partial distance computation pruning (PDC) [16] and our two
357  algorithms (KCP and KBP). We examined the performance of our algorithms as the number of objects,
358  the number of clusters, the number of categorical attributes and the number of division in each
359  dimension increased. In Table 2, the parameters used for the experiments are summarized. The
360  rightmost column of the table means the baseline values of the various parameters. For each set of
361  parameters, we perform 10 sets of experiments and the average values are reported. Even under the
362  same parameter values, the number of clustering iterations will vary if the input data is different.


http://dx.doi.org/10.20944/preprints201806.0440.v1
http://dx.doi.org/10.3390/su10082614

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2018 d0i:10.20944/preprints201806.0440.v1

10 of 15

363  Therefore, we measure the performance of each algorithm with the average execution time that it
364  takes for clustering to repeat once.

365 Table 2. Parameters for the experiments
Parameter Description Baseline Value
no. of objects 1,000K

k no. of clusters 10

mr no. of numeric attributes

e no. of categorical attributes

s no. of division in each dimensions 10
366
367 The experiments are carried out on a PC with Intel(R) Core(TM) i7 3.5 GHz, 32GB RAM. All the

368  algorithms are implemented in Java.

369  5.1. Data sets

370 We generate many synthetic datasets with numeric attributes and categorical attributes. For
371 numeric attributes in each dataset, two numeric attributes are generated in the 2D space [0, 100]x[0,
372 100] to indicate an object’s location. Each object is assigned into sxs cells in a grid by these numeric
373  data. The numeric data is generated according to uniform distributions in which each numeric data
374  is selected in [0, 100] randomly or Gaussian distributions with mean = 50 and standard deviation =
375  10. The categorical data is generated according to uniform distributions or skewed distributions. For
376  uniform distributions, we select an alphabet from A to Z randomly. For skewed distributions, we
377  generate categorical data in such a way that objects in same cell have similar alphabet based on its
378  numeric data.

379  5.2. Effects of the number of objects

380 To illustrate scalability, we vary the number of objects from 100K to 1,000K. Other parameters
381  are given their baseline values (Table 2). Figures 5, 6 and 7 show the effect of the number of objects.
382  Three graphs are shown in a linear scale. For each algorithm, the runtime per iteration is
383  approximately proportional to the number of objects.

384 In Figure 5, KBP and KCP outperforms PDC. However, there is little difference in the
385  performance between KBP and KCP. This is because if the categorical data is uniform distribution,
386  most of the categorical data exist in the bitmap index. In this case, KBP is the same performance as

387  KCP.
3 —&—PDC
—e— KCP
—A— KBP
£
g
82
g
2
o
£
E
Z1
0 100K 200K 300K 400K 500K 600K 700K 800K 900K 1000K
Data sizes
389 Figure 5. Effect of the number of objects (numeric data and categorical data are on uniform

390 distribution)
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391

392 In Figure 6, KBP outperforms KCP and PDC. For example, KBP runs up to 1.1 and 1.75 times
393 faster than KCP and PDC, respectively (n=1,000K). If categorical data is on a skewed distribution,
394  KBP is effective for improving performance. As the size of the data increases, the difference in
395 execution time increases. This is because as the data size increases, the amount of distance calculation
396  increases, while at the same time the number of objects included in the cluster being pruned increases.
397  In Figure 7, KCP outperforms PDC. Even if numeric data is on a Gaussian distribution, cell pruning
398 s effective for improving performance.

3 —a— PDC
£
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g
2
o
£
E
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0 100K 200K 300K 400K 500K 600K 700K 800K 900K  1000K
Data sizes
400 Figure 6. Effect of the number of objects (numeric data is on uniform distribution and categorical data
401 is on skewed distribution)
3
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g
22
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E
2 1
0 TOOK 200K 00K 400K 500K 600K 700K 800K 900K TO00OK
Data sizes
403 Figure 7. Effect of the number of objects (numeric data is on Gaussian distribution and categorical
404 data is on skewed distribution)

405  5.3. Effects of the number of clusters

406 To confirm the effects of the number of clusters, we vary the number of clusters, k, from 5 and
407  20. Other parameters are kept at their baseline values (Table 2). Figures 8, 9 and 10 show the effects
408  of the number of clusters. Three graphs are also shown in a linear scale. For each algorithm, the
409  runtime is approximately proportional to the number of cluster.

410 In Figure 8, KBP and KCP also outperform PDC. However, there is also little difference in the
411  performance between KBP and KCP. This is because if the categorical data is uniform distribution,

412 most of the categorical data exist in the bitmap index like Figure 5.
413
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Figure 8. Effect of the number of clusters (numeric data and categorical data are on uniform

distribution)

In Figure 9, KBP outperforms KCP and PDC. For example, KBP runs up to 1.13 and 1.71 times
faster than KCP and PDC, respectively (k = 10). This result indicates that KBP is effective for
improving performance even if categorical data is on a skewed distribution. As the number of cluster

increases, the difference in execution time increases. This is also because as the data size increases,

the amount of distance calculation increases, while at the same time the number of objects included
in the cluster being pruned increases like Figure 6. In Figure 10, KCP also outperforms PDC. Even if
numeric data is on a Gaussian distribution, KCP is also effective for improving performance.

6
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Figure 9. Effect of the number of clusters (numeric data and categorical data are on uniform

distribution)
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Figure 10. Effect of the number of clusters (numeric data is on Gaussian distribution and categorical
data is on skewed distribution)


http://dx.doi.org/10.20944/preprints201806.0440.v1
http://dx.doi.org/10.3390/su10082614

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2018 d0i:10.20944/preprints201806.0440.v1

13 of 15

431 5.4. Effects of the number of categorical attributes

432 To confirm the effects of the number of categorical attributes, we vary the number of categorical
433 attributes from 5 to 20. Other parameters are given their baseline values. Figure 11 shows the effect
434 of the number of categorical attributes. The graph is also shown in a linear scale. For each algorithm,
435  the runtime per iteration is approximately proportional to the number of categorical attributes. KBP
436  outperforms KCP and PDC. For example, KBP runs up to 1.13 and 1.71 times faster than KCP and
437  PDC, respectively (m=5). Even if the number of the categorical attributes increases, the difference
438  between the execution time of KCP and PDC is kept almost constant. The reason is that KCP is based
439  on numeric attributes and is not affected by the number of categorical attributes.

440
—&—PDC
= 00 —e—KCP
2 —A—KBP
5 48
P
= 36
z
= 24
5
~
1.2
5 10 15 20
441 Number of categorical attributes
442 Figure 11. Effect of the number of categorical attributes on a skewed distribution
443 5.5. Effects of the size of cells
444 To confirm the effects of the size of cells, we vary the number of cells from 5 to 20. Other

445  parameters are given their baseline values (Table 2). Figure 12 shows the effect of the number of
446  divisions in each dimension. KBP and KCP outperform PDC. In Fig. 13, the horizontal axis is the
447 number of divisions of each dimension. As the number of divisions increases, the size of the cell
448  decreases. As the cell size gets smaller, the distance between the cell and cluster centers can be
449  measured more finely. There is no significant difference in execution time according to the size of cell
450 by each algorithm. This is because the distance calculation between the cell and the cluster centers is
451  increased in proportion to the number of cells, and the bitmap index stored by the cell is also
452  increased.
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456 6. Conclusions

457 In this paper we have propose an efficient grid-based k-prototypes algorithm, GK-prototypes,
458  that improves performance for clustering spatial objects. We develop two pruning techniques, KCP
459  and KBP. KCP which uses both maximum and minimum distance between cluster centers and a cell
460  improves the performance than PDC. KBP is an extension of cell pruning for improving the efficiency
461  of pruning in case that a categorical data is skewed. Our experimental results demonstrate that KCP
462  and KBP outperforms PDC, and KBP outperforms KCP except for uniform distributions of categorical
463  data. These results lead us to conclude that our grid-based k-prototypes algorithm can achieve better
464  performance than the existing k-prototypes algorithm.

465 As data has grown exponentially and more complex recently, the traditional clustering
466  algorithms have a great challenge to deal with these data. In future works, we may consider
467  optimized pruning techniques of the k-prototypes algorithm in parallel processing environment.
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