








Datasets: A5 Balanced

Div-Km 0.59 0.74 0.63 0.68 0.74 0.64 0.58 0.66 0.61 0.66 65.3(±5.56)%
Refine 0.67 0.87 0.67 0.71 0.89 0.68 0.66 0.69 0.68 0.69 72.1(±8.50)%

Datasets: A5 Unbalanced

Div-Km 0.67 0.79 0.71 0.71 0.77 0.83 0.71 0.82 0.76 0.71 74.8(±5.39)%
Refine 0.88 0.84 0.89 0.84 0.81 0.90 0.84 0.88 0.85 0.82 85.5(±3.06)%

Datasets: B5 Balanced
Div-Km 0.51 0.50 0.50 0.52 0.48 0.54 0.54 0.49 0.47 0.47 50.2(±2.57)%
Refine 0.60 0.60 0.55 0.55 0.60 0.56 0.57 0.52 0.48 0.52 55.5(±4.01)%

Datasets: B5 Unbalanced
Div-Km 0.54 0.63 0.51 0.52 0.64 0.55 0.54 0.55 0.54 0.62 56.4(±4.74)%
Refine 0.59 0.64 0.52 0.59 0.65 0.62 0.57 0.51 0.57 0.61 58.7(±4.64)%

Table 2: Accuracies of K-means clustering on the 40 datasets, each dataset is a random sample of 5 newsgroups.

Dimension A5-Balanced A5-Unbalanced B5-Balance B5-Unbalanced
5 0.81/0.91 0.88/0.86 0.59/0.70 0.64/0.62
6 0.91/0.90 0.87/0.86 0.67/0.72 0.64/0.62
10 0.90/0.90 0.89/0.88 0.74/0.75 0.67/0.71
20 0.89 0.90 0.74 0.72
40 0.86 0.91 0.63 0.68

1000 0.75 0.77 0.56 0.57

Table 3: Clustering accuracy as the PCA dimension is reduced from original 1000.

Experiment 1). The clustering accuracy on 10 datasets
of each newsgroup combination and size composition are
averaged and the results are listed in Table 3. The re-
sults are averaged over the 10 datasets in each newsgroup
combination and size composition. At dimensions 10, 6,
5, we listed two accuracy results, the left is for the PCA
without data centering and the right is for PCA with
data centering.

To see the subtle difference between centering data
or not (as discussed in last paragraph in §4), at 10, 6,
5 dimensions in Table 3, results for original uncentered
data are list at left and the results for centered data are
listed at right.

We have several observations. (1) From the experi-
ments in Table 3, it is clear that as dimensions are re-
duced, the results systematically and significantly im-
proves. For example, for datasets A5-balanced, the clus-
ter accuracy improves from 75% at 1000-dim to 91% at
5-dim. (2) At very small dimensions, the centered data
seem to lead to better results; This is consistent with
the idea that the 1st dimension in uncentered data is
essentially the constant vector (the mean vector) and
therefore irrelevant, hence the reduced dimension for the
uncentered data is effectively one less than that of the

centered data. The best number of dimension seems to
be around K as Theorem 2 indicates.
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