
Reducing High-Dimensional Data by Principal Component
Analysis vs. Random Projection for Nearest Neighbor

Classification

Sampath Deegalla?

?Dept. of Computer and Systems Sciences,
Stockholm University and Royal Institute of Technology,

Forum 100, SE-164 40 Kista, Sweden.
si-sap@dsv.su.se

Henrik Boström†
†Dept. of Computer and Systems Sciences,

Stockholm University and Royal Institute of Technology,
Forum 100, SE-164 40 Kista, Sweden.

henke@dsv.su.se

Abstract

The computational cost of using nearest neighbor classification often prevents the method from being
applied in practice when dealing with high-dimensional data, such as images and micro arrays. One
possible solution to this problem is to reduce the dimensionality of the data, ideally without loosing
predictive performance. Two different dimensionality reduction methods, principal component anal-
ysis (PCA) and random projection (RP), are compared w.r.t. the performance of the resulting nearest
neighbor classifier on five image data sets and two micro array data sets. The experimental results
show that PCA results in higher accuracy than RP for all the data sets used in this study. However, it is
also observed that RP generally outperforms PCA for higher numbers of dimensions. This leads to the
conclusion that PCA is more suitable in time-critical cases (i.e., when distance calculations involving
only a few dimensions can be afforded), while RP can be more suitable when less severe dimensional-
ity reduction is required. In 6 respectively 4 cases out of 7, the use of PCA and RP even outperform
using the non-reduced feature set, hence not only resulting in more efficient, but also more effective,
nearest neighbor classification.

1 Introduction

With the development of technology, large volumes
of high-dimensional data become rapidly available
and easily accessible for the data mining commu-
nity. Such data includes high resolution images, text
documents, and gene expressions data and so on.
However, high dimensional data puts demands on the
learning algorithm both in terms of efficiency and ef-
fectiveness. The curse of dimensionality is a well
known phenomenon that occurs when the generation
of a predictive model is mislead by an overwhelming
number of features to choose between, e.g., when de-
ciding what feature to use in a node of a decision tree
(Witten and Frank, 2005). Some learning methods are
less sensitive to this problem since they do not rely
on choosing a subset of the features, but instead base
the classification on all available features. Nearest

neighbor classifiers belong to this category of meth-
ods (Witten and Frank, 2005). However, although in-
creasing the number of dimensions does not typically
have a detrimental effect on predictive performance,
the computational cost may be prohibitively large, ef-
fectively preventing the method from being used in
many cases with high-dimensional data.

In this work, we consider two methods for di-
mensionality reduction, principal component analy-
sis (PCA) and random projection (RP) (Bingham and
Mannila, 2001; Fradkin and Madigan, 2003; Fern and
Brodley, 2003; Kaski, 1998). We investigate which
of these is most suited for being used in conjunc-
tion with nearest neighbor classification when deal-
ing with two types of high-dimensional data: images
and micro arrays.

In the next section, we provide a brief description
of PCA and RP and compare them w.r.t. computa-



tional complexity. In section three, we present re-
sults from a comparison of the methods when used
together with nearest neighbor classification on five
image data sets and two micro array data sets, to-
gether with an analysis of the results. In section four,
we discuss some related work, and finally, in section
five, we give some concluding remarks and point out
some directions for future work.

2 Dimensionality reduction
methods

Principal component analysis (PCA) and Random
projection (RP) are two dimensionality reduction
methods that have been used successfully in con-
junction with learning methods (Bingham and Man-
nila, 2001; Fradkin and Madigan, 2003). PCA
is the most well-known and popular of the above
two, whereas RP is more recently gaining popular-
ity among researchers (Bingham and Mannila, 2001;
Fradkin and Madigan, 2003; Fern and Brodley, 2003;
Kaski, 1998), not least by being much more efficient.

Principal component analysis (PCA)

PCA is a technique which uses a linear transforma-
tion to form a simplified data set retaining the charac-
teristics of the original data set.

Assume that the original data matrix contains d
dimensions and n observations and it is required to
reduce the dimensionality into a k dimensional sub-
space. This transformation is given by

Y = ET X (1)

Here Ed×k is the projection matrix which contains
k eigen vectors corresponds to the k highest eigen
values, and where Xd×n is a mean centered data ma-
trix. We have followed the Singular Value Decompo-
sition (SVD) of the data matrix to calculate principal
components.

Random projection(RP)

Random projection is based on matrix manipulation,
which uses a random matrix to project the original
data set into a low dimensional subspace (Bingham
and Mannila, 2001; Fradkin and Madigan, 2003).

Assume that it is required to reduce the d dimen-
sional data set into a k dimensional set where the
number of instances are n,

Y = R X (2)

Here Rk×d is the random matrix and Xd×n is the
original matrix. The idea for random projection orig-
inates from the Johnson-Lindenstrauss lemma (JL)
(Dasgupta and Gupta, 1999). It states that a set of
n points could be projected from Rd → Rk while
approximately preserving the Euclidean distance be-
tween the points within an arbitrarily small factor.
For the theoretical effectiveness of random projection
method, see (Fradkin and Madigan, 2003).

Several algorithms have been proposed to generate
the matrix R according to the JL, and Achlioptas’s
way of constructing R have received much attention
in the literature (Bingham and Mannila, 2001; Frad-
kin and Madigan, 2003). According to Achlioptas
(Achlioptas, 2001), the elements of the random ma-
trix R can be constructed in the following way:

rij =





+
√

3 with Pr = 1
6 ;

0 with Pr = 2
3 ;

−√3 with Pr = 1
6 .

(3)

An analysis of the computational complexity of
random projection shows that it is very efficient com-
pared to principal component analysis. Random pro-
jection requires only O(dkn) whereas principal com-
ponent analysis needs O(d2n)+O(d3) (Bingham and
Mannila, 2001). If rank of matrix X is r then com-
putational complexity for SVD is O(drn) (Bingham
and Mannila, 2001).

3 Empirical study

3.1 Experimental setup
In comparison of the use of PCA and RP for nearest
neighbor classification, five image data sets (IRMA
(Lehmann et al., 2000),COIL-100 (Nene et al., 1996),
ZuBuD (H.Shao et al., 2003),MIAS (MIAS data set),
Outex (Ojala et al., 2002)) and two micro array data
sets (Colon Tumor (Alon et al., 1999), Leukemia
(Golub et al., 1999)) have been used. The im-
age data sets consist of two medical image data
sets (IRMA,MIAS), two object recognition data sets
(COIL-100,ZuBuD) and a texture analysis data set
(Outex - TC 00013). The IRMA (Image Retrieval
and Medical Application) data set contains radiogra-
phy images of 57 classes, where the quality of the im-
ages varies significantly. The COIL-100 (Columbia
university image library) data set consists of images
of 100 objects, while ZuBuD (Zurich Building Image
Database) contains images of 201 buildings in Zurich
city. MIAS (The Mammography Image Analysis So-
ciety) mini mammography database contains mam-



Table 1: Description of data

Data set Instances Attributes # of Classes

IRMA 9000 1024 57
COIL100 7200 1024 100
ZuBuD 1005 1024 201
MIAS 322 1024 7
Outex 680 1024 68
Colon Tumor 62 2000 2
Leukemia 38 7129 2

mography images of 7 categories and finally Outex
(University of Oulu Texture Database) image data set
contains images of 68 general textures. Two micro ar-
ray data sets are also included in the study: Leukemia
(ALL-AML 1) (Golub et al., 1999) data set and Colon
Tumor (Alon et al., 1999).

For all image data sets, colour images have been
converted into gray scale images with 256 gray val-
ues and then resized into 32× 32 pixel sized images.
The original matrices consist of pixel brightness val-
ues as features. Therefore, all image data sets contain
1024 attributes. The number of attributes for the mi-
cro array data sets and the number of instances for all
data sets are shown in Table 1.

The Waikato Environment for Knowledge Analy-
sis (WEKA) (Witten and Frank, 2005) implementa-
tion of the nearest neighbor classifier was used for
this study. PCA was done using MATLAB whereas
WEKA’s RP filter implementation was used for RP.
The accuracies were estimated using ten-fold cross-
validation, and the results for RP is the average from
30 runs to account for its random nature.

3.2 Experimental results

The accuracies of using a nearest neighbor classifier
on data reduced by PCA and RP, as well as with-
out dimensionality reduction, are shown in Figure 1
for various number of resulting dimensions. Table 2
shows the highest accuracies obtained by using the
two dimensionality reduction methods with the cor-
responding number of dimensions. Table 3 shows the
accuracies obtained for PCA and Table 4 shows the
accuracies and standard deviations (SD) for RP.

1ALL: acute lymphoblastic leukemia
AML: acute myeloid leukemia

3.3 Analysis

The experimental results show that reducing the di-
mensionality by using PCA results in a higher accu-
racy than by using RP for all data sets used in this
study. In Table 2, it can be seen that only a few prin-
cipal components is required for achieving the high-
est accuracy. However, RP typically requires a larger
number of dimensions compared to PCA to obtain a
high accuracy.

Classification accuracy using PCA typically has its
peak for a small number of dimensions, after which
the accuracy degrades. In contrast to this, the accu-
racy of RP generally increases with the number of
dimensions. For large numbers of dimensions, RP
generally outperforms PCA.

It can also be seen that the time required for doing
a prediction is reduced when using a dimensionality
reduction method as shown in Table 5. Even though
nearest neighbor classification is often less efficient
when compared to other learning methods, the time
required may be significantly reduced by using the di-
mensionality reduction while still maintaining a high
accuracy.

The results can be interpreted as if one can only
afford a few number of dimensions (e.g. due to time
constraints during classification), PCA appears to be
more suitable than RP. On the other hand, for large
numbers of dimensions, RP appears more suitable.

It can be noted that in 6 respectively 4 cases out
of 7, the use of PCA and RP, even outperform us-
ing the non-reduced feature set, hence demonstrating
that dimensionality reduction may not only lead to
more efficient, but also more effective, nearest neigh-
bor classification.

4 Related work
Fradkin and Madigan (Fradkin and Madigan, 2003)
have compared PCA and RP with decision trees
(C4.5), k-nearest-neighbor classification with k=1
and k=5 and support vector machines for supervised
learning. In their study, PCA outperforms RP, but it
was also realized that there was a significant compu-
tational overhead of using PCA compared using RP.

Bingham and Mannila (Bingham and Mannila,
2001) have also compared RP with several other di-
mensionality reduction methods such as PCA, singu-
lar value decomposition (SVD), Latent semantic in-
dexing (LSI) and Discrete cosine transform (DCT)
for image and text data. The criteria chosen for the
comparison was the amount of distortion caused on
the original data and the computational complexity.
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Figure 1: Comparison of the accuracies among Original and PCA and RP based attributes.



Table 2: The highest prediction accuracy (%) of PCA and RP with minimum number of dimensions

IRMA COIL-100 ZuBuD MIAS Outex Colon Leukemia

PCA 75.30 (40) 98.90 (30) 69.46 (20) 53.76 (250) 29.12 (10) 83.05 (10) 92.83 (10)

RP 67.01 (250) 98.79 (250) 54.01 (250) 44.05 (5) 21.04 (15) 80.22 (150,200) 91.32 (150)

All 68.29 (1024) 98.92 (1024) 59.81 (1024) 43.15 (1024) 19.85 (1024) 76.83 (2000) 90.00 (7129)

They also extended their experiments to determine
the effects on noisy images and noiseless images.

Fern and Brodley (Fern and Brodley, 2003) have
used Random projections for unsupervised learning.
They have experimented with using RP for clustering
of high dimensional data using multiple random pro-
jections with ensemble methods. Furthermore, they
also proposed a novel approach based on RP for clus-
tering, which was compared with PCA.

Kaski (Kaski, 1998) used RP in the WEBSOM sys-
tem for document clustering. RP was compared to
PCA for reducing the dimensionality of the data in
order to construct Self-Organized Maps.

5 Concluding remarks

We have compared the use of PCA and RP for re-
ducing dimensionality of data to be used by a nearest
neighbor classifier on five image data sets and two
micro array data sets. It was observed that for all
data sets, the use of PCA resulted in a higher accu-
racy compared to using RP. It was also observed that
PCA is more effective for severe dimensionality re-
duction, while RP is more suitable when keeping a
high number of dimensions (although a high number
is not always optimal w.r.t. accuracy).

In 6 cases out of 7 for PCA, and in 4 cases out of
7 fo RP, a higher accuracy was obtained than using
nearest-neighbor classification with the non-reduced
feature set. This shows that dimensionality reduction
may not only lead to more efficient, but also more
effective, nearest neighbor classification.

Directions for future work include considering
other types of high-dimensional data to gain a fur-
ther understanding of the type of data for which each
of the two dimensionality reduction techniques is best
suited, as well as considering other dimensionality re-
duction methods for nearest neighbor classification.
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Table 3: Classification accuracies (%) on PCA

Dim. (k) IRMA COIL-100 ZuBuD MIAS Outex Colon Leukemia

5 46.41 92.10 36.92 43.11 26.76 79.21 91.83
10 64.83 98.50 62.50 43.75 29.12 83.05 92.83
15 70.62 98.75 68.56 40.00 28.82 75.21 88.92
20 72.31 98.74 69.46 40.95 27.06 70.17 81.75
25 73.97 98.88 68.16 44.68 26.18 72.81 73.75
30 74.71 98.90 65.68 41.88 25.59 68.76 70.83
35 75.06 98.68 65.38 41.90 24.56 67.55 70.83
40 75.30 98.71 62.60 41.92 24.85 65.83 70.83
45 75.18 98.63 62.50 40.05 26.32 62.98 70.83
50 75.18 98.58 60.91 42.25 25.74 58.86 70.83
60 74.33 98.49 58.43 43.17 25.29 37.31 70.83
70 73.44 98.36 56.13 44.13 24.12 41.76 70.83
80 72.91 98.26 51.27 42.86 22.79 41.76 70.83
90 72.22 97.86 49.07 42.83 23.97 41.76 70.83

100 71.11 97.65 47.58 44.40 22.50 41.76 70.83
150 67.43 97.00 35.14 43.77 19.85 41.76 70.83
200 62.32 96.00 27.57 40.67 16.47 41.76 70.83
250 57.50 94.65 21.01 53.76 12.79 41.76 70.83

Table 4: Classification accuracies (%) on RP

IRMA COIL-100 ZuBuD MIAS Outex Colon Leukemia

Dim.(k) Acc. SD Acc. SD Acc. SD Acc. SD Acc. SD Acc. SD Acc. SD

5 30.46 2.77 63.24 2.69 3.77 0.86 44.05 2.65 17.97 2.01 66.83 8.39 70.44 11.10
10 42.14 3.62 90.54 0.71 9.64 1.66 43.03 2.50 20.37 1.39 72.37 5.06 77.19 7.70
15 47.86 3.93 94.95 0.50 15.46 1.63 42.60 2.41 21.04 1.51 75.75 5.69 81.75 5.52
20 50.89 3.99 96.57 0.35 20.66 1.70 41.93 1.81 20.96 1.25 76.94 5.32 83.25 7.64
25 53.19 3.75 97.26 0.28 25.28 1.33 42.00 2.00 20.82 1.33 77.15 5.82 82.37 6.08
30 54.89 3.57 97.62 0.28 28.69 1.53 41.88 2.27 20.62 1.20 78.01 4.97 84.74 5.01
35 55.71 3.73 97.83 0.24 31.83 1.54 42.28 2.38 20.67 1.27 78.01 4.38 83.95 5.98
40 56.72 3.62 98.01 0.21 34.08 1.55 42.04 2.35 20.75 1.16 77.85 4.82 85.44 4.98
45 57.61 3.18 98.14 0.19 36.23 1.67 42.16 2.40 20.43 0.77 77.96 4.09 85.70 5.21
50 58.03 2.93 98.22 0.17 37.99 1.52 42.02 2.28 20.34 0.93 78.49 3.64 86.84 5.39
60 59.25 2.75 98.37 0.15 40.80 1.54 42.07 2.12 20.30 0.93 78.76 3.23 87.89 5.07
70 59.96 2.45 98.46 0.16 43.15 1.24 41.97 2.02 20.03 0.93 79.19 2.98 87.81 4.63
80 60.73 2.37 98.50 0.14 44.78 1.46 41.77 1.77 20.19 0.86 79.30 2.70 88.60 4.57
90 61.27 2.06 98.56 0.10 46.27 1.60 41.75 1.72 20.17 0.85 79.68 2.93 89.74 3.42

100 61.98 2.08 98.59 0.11 47.48 1.63 41.67 1.87 20.12 0.76 79.89 3.22 90.09 3.94
150 64.35 1.68 98.69 0.10 50.86 1.44 41.50 1.92 20.26 0.68 80.22 2.63 91.32 3.79
200 66.00 1.09 98.75 0.10 52.80 1.25 41.41 1.36 20.04 0.67 80.22 2.70 90.70 4.12
250 67.01 0.90 98.79 0.08 54.01 1.01 41.38 1.42 20.09 0.62 80.16 2.43 90.53 3.37



Table 5: Average testing time (in seconds)

Dim. (k) IRMA COIL-100 ZuBuD MIAS Outex Colon Leukemia

5 71 46 0.93 0.11 0.44 0.01 0.01
10 137 87 1.76 0.20 0.81 0.02 0.01
15 207 129 2.57 0.27 1.17 0.03 0.01
20 278 172 3.39 0.37 1.56 0.02 0.02
25 344 216 4.20 0.45 1.94 0.02 0.01
30 404 258 5.01 0.53 2.31 0.03 0.01
35 478 339 5.84 0.61 2.69 0.03 0.01
40 541 344 6.65 0.70 3.08 0.03 0.01
45 609 388 7.44 0.78 3.57 0.04 0.01
50 676 433 8.25 0.87 3.86 0.04 0.01
60 809 517 9.91 1.05 4.55 0.05 0.02
70 941 617 11.57 1.23 5.44 0.05 0.02
80 1073 698 13.20 1.38 6.48 0.06 0.03
90 1206 770 14.82 1.56 6.79 0.06 0.03

100 1429 855 16.63 1.76 7.59 0.07 0.03
150 1998 1275 24.60 2.55 11.36 0.10 0.04
200 3279 1698 32.87 3.45 15.02 0.14 0.05
250 3354 2175 41.47 4.33 18.75 0.17 0.07

All 13399 8618 168.23 15.50 72.70 1.29 1.77


