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A Weighting k-Means Clustering Approach by Integrating Intra-Cluster and
Inter-Cluster Distances
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Abstract  Clustering analysis is one of the most important methods for data mining and analysis.
It aims at partitioning a data set into clusters such that the objects in a cluster have high similarity
and the objects in different clusters are low similarity. Namely, the higher the similarity among
the objects, the greater the probability that the objects are divided into the same cluster. Due to
the simplicity and effectiveness, k-means clustering algorithm is widely used to solve various
problems in real applications, such as text evolutionary analysis, image clustering, community
detection, etc. However, most existing £-means type clustering methods consider only intra-cluster
compactness and overlook inter-cluster separation, which results in a kind of deterioration of
performance in some cases. Some existing methods measure the inter-cluster separation by
computing the sum of the distances between the global center and the center of each cluster.
However, bad results may occur in these algorithms when the global center locates in a certain
cluster, e. g. , the number of objects is totally imbalance in each cluster. Hence, how to make the
best use of inter-cluster separation is a key challenge in the clustering process. By incorporating

the subspace techniques with feature weighting methods, this paper proposes a novel k-means
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type method (KICIC) which is able to integrate intra-cluster compactness and inter-cluster
separation to solve the clustering problem of high-dimensional data. Different to the existing
algorithms that maximize the sum of the distances between the centers of clusters and the global
center as inter-cluster separation, our proposed method maximizes inter-cluster separation by
maximizing the sum of the distances between the centers of clusters and the data objects of other
clusters in subspaces. Specifically, the inter-cluster separation in KICIC is to maximize the
distances between the center of each cluster and the data objects which are not belong to this
cluster in subspaces. Motivated by this idea, we firstly develop an objective function for KICIC
by integrating intra-cluster compactness and inter-cluster separation. Then, the iterative rules of
KICIC are derived by optimizing the objective function using Lagrange multiplier method. Based
on the iterative rules, we design the KICIC algorithm. Subsequently, the convergence and complexity
analysis of the algorithm are investigated analytically. At last, we analyze the clustering
results, the convergence speed and the robustness of the proposed algorithm in experiments. The
experimental results on six real data sets show that KICIC outperforms state-of-the-art k-means
type algorithms in most of cases with respects to four metrics: Accuracy (Acc), Adjust Rand
Index (ARI), Fscore (Fsc) and Normal Mutual Information (NMI). For example, on the
dataset banknote, the proposed method KICIC achieves the best results in four metrics. On Acc,
ARI, Fsc and NMI, the results of KICIC are at least 4%, 6%, 5%, 5% higher than these of the
traditional clustering algorithms which do not consider the inter-cluster separation in the clustering
process. Compared with the methods integrating inter-cluster separation, our proposed method
also achieves 2%, 8%, 4% and 7% Acc, ARI, Fsc and NMI improvement, respectively. In
order to conquer the clustering problem of multi-cluster structure in high-dimensional datasets,
we plan to modify the objective function of KICIC by adding more constraint conditions to overcome
this obstacle.

Keywords k-means; clustering analysis; feature weighting; entropy regularization; data mining
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K3 EARAHEELEMEINERTE

Er=X Bk banknote knowledge waveform wine vertebra messidor
k-means 0.5715(=£0.02) 0.4600(=£0.02) 0.5396(£0.04)  0.9443(£0.07)  0.6774(£0.000) 0.5452(F0.004)
WKME 0.5821(=£0.03) 0.4897(=£0.06) 0.5504(£0.06)  0.9471(40.07)  0.6774(40.000) 0.5382(+0.007)
EWKM 0.6143(£0.10) 0.4789(=£0.09) 0.5498(£0.03)  0.9024(+£0.08) 0.6777(£0.002) 0.5329(40.001)

Aee ESSC 0.6307(=£0.05) 0.5023(=£0.03) 0.3507(£0.01)  0.9397(£0.01) 0.6778(£0.002) 0.5308(=40.000)
AFKM 0.5588(=£0.0007) 0.4780(=40.044)  0.5347(+0.024) 0.9399(+0.081) 0.6774(+0.00) 0.5416(=£0.007)
SC 0.5553(=£0.00) 0.4987(=£0.00) 0.526(£0.00) 0.8707(£0.00) 0.6774(+£0.00) 0.5308(=£0.00)
MinMax  0.5575(40. 00) 0.4678(£0.041)  0.5154(£0.00)  0.9232(+0.09)  0.6774(+0.00) 0.5370(£0.01)
KICIC 0.6557(%0.12) 0.5427(%0.08) 0.5947(4+0.07)  0.9512(£0.01) 0.6782(£0.005) 0.5362(+0.008)
k-means 0.0225(£0.02) 0.1318(=£0.02) 0.2603(£0.03) 0.8580(=£0.11) 0.0983+0.081) 0.0070(£0.002)
WKME 0.0301(£0.03) 0.1588(=£0.06) 0.2723(40.06)  0.8632(£0.11)  0.1017(£0.005) 0.0024(+0.004)
EWKM 0.0971(=£0.17) 0.1425(£0. 14) 0.1596(=£0.03)  0.7545(£0.12)  0.0649(£0.023) 0.0000(40.001)

AR ESSC 0.0789(=£0.06) 0.1634(=£0.03) 0.0011(=£0.00)  0.8224(£0.04) 0.0752(=£0.019) —0.0080(=40.001)
AFKM 0.0131(0.0003) 0.1412(0. 04) 0.2561(0.023) 0. 8496(0. 12) 0. 0887(0.030) 0.0046(0. 0045)
SC —0.0010(=£0.00) 0.1062(0.0010) 0.1698(=£0.00)  0.6458(=£0.00) 0.0053(=£0.00) 0.0013(=£0.00)
MinMax  0.0125(40.00) 0.1334(£0.03) 0.2451(£0.00)  0.7960(£0.08) 0.0703(=£0.00) 0.0036(=£0.006)
KICIC 0.1542(%0.19) 0.2183(=%0.10) 0.1942(£0.07)  0.8534(40.04)  0.0637(40.049) 0.0034(£0.003)
k-means 0.5718(=£0.02) 0.1945(=£0.02) 0.5395(£0.03)  0.9469(40.06) 0.6694(40.006) 0.5533(+0.027)
WKME 0.5812(=+0.03) 0.4769(=£0.05) 0.5526(£0.05)  0.9482(+0.06) 0.6720(£0.004) 0.6029(+0.057)
EWKM 0.6113(£0.11) 0.4652(=£0.09) 0.5416(£0.03)  0.9046(£0.07) 0.6458(£0.028) 0.6601(=%0.008)

FSC ESSC 0.6268(=+0.05) 0.4898(=£0.02) 0.3792(£0.01)  0.9390(40.01) 0.6505(40.014) 0.6597(+£0.010)
AFKM 0.5600(=£0.0007) 0.4689(+0.0332) 0.5342(+0.022) 0.9431(40.06) 0.6722(40.011) 0.5814(+0.053)
SC 0.5410(=£0.00) 0.4355(0.2127) 0.5584(£0.00)  0.8694(=£0.00) 0.5642(=£0.00) 0.5349(=£0.00)
MinMax  0.5589(=40. 00) 0.4633(£0.024) 0.5181(£0.00)  0.9220(£0.092) 0.6472(=%0.00) 0.5442(=£0.011)
KICIC 0.6620(=%0.12) 0.5160(=%0.07) 0.5925(40.07)  0.9508(£0.01) 0.6485(£0.025) 0.5505(£0.016)
k-means 0.0166(£0.01) 0.1945(=£0.02) 0.3686(£0.01)  0.8474(40.08) 0.1587(40.005) 0.0088(=+£0.007)
WKME 0.0210(=£0.022)  0.2323(=£0.08) 0.3724(%0.03)  0.8503(£0.08) 0.1608(£0.003) 0.0184(+£0.013)
EWKM 0.07094(40.13)  0.2197(=£0.15) 0.1641(£0.04)  0.7620(£0.09) 0.1287(£0.023) 0.0261(40.014)

NMI ESSC 0.0555(=£0.04) 0.2309(=£0.04) 0.0025(£0.00)  0.8042(40.02) 0.1325(40.004) 0.0102(+£0.016)
AFKM 0.0109(0. 0004) 0.2102(0. 0508) 0.3663(0.01) 0.8414(=£0.09)  0.1451(=£0.04) 0.0164(=£0.014)
SC 0.0002(=£0.00) 0.1819(=£0.00) 0.1642(£0.00)  0.649(40.00) 0.0024(=£0.00) 0.0011(=£0.00)
MinMax 0. 0098(=0. 00) 0.2013(=£0.04) 0.3511(£0.00)  0.7934(=£0.033) 0.1554(=£0.00) 0. 0038(=£0.004)
KICIC 0.1264(=%0.16) 0.3103(%0.11) 0.1901(=£0.05)  0.8397(+£0.03) 0.1349(£0.021) 0.0445(%0.011)
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the center of each cluster and the global center, our proposed
algorithm maximizes inter-cluster separation by maximizing
the distance between the center of a cluster and the objects in
other clusters in subspace. In this paper, we firstly develop
an objective function of our proposed method and obtain the
iterative rules by optimizing the function. At last, we verify
the effectiveness of our proposed method in the experiments
of six real-life data sets.
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