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A B S T R A C T

The random subspace and the random projection methods are investigated and compared as techniques for
forming ensembles of nearest neighbor classifiers in high dimensional feature spaces. The two methods have
been empirically evaluated on three types of high-dimensional datasets: microarrays, chemoinformatics, and
images. Experimental results on 34 datasets show that both the random subspace and the random projection
method lead to improvements in predictive performance compared to using the standard nearest neighbor
classifier, while the best method to use depends on the type of data considered; for the microarray and
chemoinformatics datasets, random projection outperforms the random subspace method, while the opposite
holds for the image datasets. An analysis using data complexity measures, such as attribute to instance ratio
and Fisher’s discriminant ratio, provide some more detailed indications on what relative performance can be
expected for specific datasets. The results also indicate that the resulting ensembles may be competitive with
state-of-the-art ensemble classifiers; the nearest neighbor ensembles using random projection perform on par
with random forests for the microarray and chemoinformatics datasets.
1. Introduction

When applied to high-dimensional data, such as microarrays, text
documents, and images, the nearest neighbor classifier has been fre-
quently observed to suffer from the curse of dimensionality (Carreira-
perpiñàn, 1997). One approach to handling this problem is to reduce
the number of features in various ways, e.g., by removing redundant
and irrelevant features from the dataset. However, the choice of di-
mensionality reduction method for a particular dataset is not always
straightforward, and is usually made by evaluating several candidate
methods. As an alternative to selecting a single method and discarding
the others, one may use multiple methods in combination. In previous
studies (Deegalla & Boström, 2009a, 2009b; Deegalla et al., 2012),
we have investigated combining the output of several dimensionality
reduction methods: combining classifier outputs (classifier fusion) and
combining reduced feature subsets (feature fusion). We have observed
that combining the output of several dimensionality reduction methods
typically yield better accuracy than selecting a single method. However,
combining reduced features was shown to be quite sensitive to the
employed dimensionality reduction method whereas the combination
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of classifier output was shown to consistently improve the classification
accuracy compared to using individual models (Deegalla et al., 2012).

Common procedures for forming ensembles, such as bagging and
boosting (Witten et al., 2011), are known to be ineffective for near-
est neighbor classifiers (Breiman, 1996). Instead, the combination of
nearest neighbor outputs using different feature subsets has successfully
been considered (Domeniconi & Yan, 2004). The random subspace and
random projection methods have been used to create ensembles; in the
first case by choosing a random subset of features from the original
feature set and in the second case by projecting the original features
into lower dimensions using a random projection matrix. Although
some investigations of these approaches have been presented in the
literature (Bay, 1999; Kuncheva et al., 2010; Mylavarapu & Kaban,
2013; Schclar & Rokach, 2009), no study has focused on comparing
the two approaches towards forming nearest neighbor ensembles for
high dimensional data.

The study empirically evaluates the performance of nearest neigh-
bor ensembles with random subspace and random projection methods
and compares the performance with state-of-the-art techniques, such as
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random forests and support vector classifiers using three different types
of high-dimensional datasets; microarrays, chemoinformatics, and im-
ages. By analyzing the results for these datasets separately, conclusions
can be drawn that are of particular relevance for each of the three
application areas. The findings are of relevance also outside these ap-
plication areas, as the paper contributes to the general understanding of
how to effectively build nearest neighbor ensembles, something which
is of high relevance for the expert and intelligent systems communities,
as the nearest neighbor algorithm is frequently used in many of their
applications, see e.g., Kassani et al. (2017), Müller et al. (2019) and
Nyarko et al. (2018).

The paper is organized as follows. In the next section, we discuss
the methods considered in the study: the random subspace method,
random projection method, nearest neighbor ensemble algorithm, and
complexity measures. Then, the design of the empirical study is pre-
sented, including descriptions of the used datasets. In Section 4, we
discuss the results, and finally, summarize the main conclusions and
outline directions for future work in Section 5.

2. Methods

2.1. The random subspace method

The random subspace method (Ho, 1995) has been used as a fea-
ture selection technique, i.e., selecting a subset of features 𝑑 from
he original feature set 𝑜, as well as an ensemble forming technique,
.e., combining individual classifiers formed by using random subset
f features. Bay (1999) proposed the use of the random subspace
ethod to form nearest neighbor ensembles while Ho (1995) proposed

he method to form a decision forest. The random subspace method
as been considered as dimensionality reduction methods as well as
nsemble forming method for fMRI data and microarray data (Bertoni
t al., 2005; Kuncheva et al., 2010).

.2. Random projection

The original idea behind random projection is based on the
ohnson–Lindenstrauss lemma (Dasgupta & Gupta, 1999) which states
hat 𝑛 points can be projected from 𝑅𝑜 → 𝑅𝑑 while preserving the
uclidean distance between the points within an arbitrarily small
actor.

Assume that one wants to reduce the 𝑜 dimensional dataset into
𝑑 dimensional dataset where the number of instances are 𝑛. The

ransformation can be given by:

= 𝑋𝑅 (1)

here 𝑋𝑛×𝑜 is the original data matrix, 𝑅𝑜×𝑑 is the random matrix and
is the transformed data matrix.
In random projection, the original dataset is transformed into a

ower dimensional subspace by using a random matrix (Bingham &
annila, 2001). This random matrix R, can be created in several ways

nd Achlioptas (2001) has proposed the following two probability
istributions to populate the matrix.

𝑖𝑗 =

⎧
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1 (3)
2

−1 with 𝑃𝑟 = 2 . c
2.3. Nearest neighbor ensemble algorithm

Nearest neighbor algorithms are known to be stable for the variation
of the dataset according to Breiman (1996). This is mainly due to
high correlation of errors when sampling the instance space. Therefore,
manipulating the different feature space was considered to form nearest
ensembles (Domeniconi & Yan, 2004).

The steps of forming nearest neighbor ensembles are as follows:

• Input:

– the dataset
– the ensemble size 𝑠
– the number of features in each subset 𝑓
– number of nearest neighbors 𝑘

• Procedure:

– For each base classifier from 1 to 𝑠

∗ Select 𝑓 features randomly from the original dimen-
sion (or transform the original dimension into 𝑓 new
components using random projection) in the training

∗ Select the same features (or transform the original di-
mension using the same random matrix) in the testing

∗ According to the Euclidean distance, find the class
labels of 𝑘 closest instances and predict the final class
using majority voting

– Using class labels among 𝑠 base classifiers, find the final
class of the ensemble using majority voting

• Output: Nearest neighbor ensemble

.4. Data complexity measures

Complexity measures are used to identify the difficulty of classifica-
ion problems and we will examine those measures to compare dimen-
ionality reduction methods used in ensembles (Ho & Basu, 2002).

.4.1. Fisher’s discriminant ratio (F1)
Given that 𝜇1 and 𝜇2 are the means and 𝜎1 and 𝜎2 are the variances

f two class problem, we can define F1 as

1 =
(𝜇1 − 𝜇2)2

𝜎21 + 𝜎22
(4)

For multi-class problems, given that 𝐶 classes and 𝑛𝑖 is the number
of instances in class 𝑖, we can define F1 as

𝐹1 =
∑𝐶

𝑖=1 𝑛𝑖(𝜇 − 𝜇𝑖)
∑𝐶

𝑖=1
∑𝑛𝑖

𝑗=1(𝑥
𝑖
𝑗 − 𝜇𝑖)2

(5)

2.4.2. Intra-class nearest neighbor and inter-class nearest neighbor ratio
(N2)

Given 𝑁=(𝑥𝑖) and 𝑁≠(𝑥𝑖) are the intra-class nearest neighbor and
he inter-class nearest neighbor of a given example (𝑥𝑖, 𝑦𝑖), respectively,
hen, N2 can be defined as follows.

2 =
∑𝑛

𝑖=1(𝑁
=(𝑥𝑖) − 𝑥𝑖)2

∑𝑛
𝑖=1(𝑁≠(𝑥𝑖) − 𝑥𝑖)2

(6)

. Empirical study

We have conducted an empirical study to compare the accuracies
f random feature selection and random projection for constructing
earest neighbor ensembles.

.1. Datasets

Three different types of datasets are considered in this study; mi-
roarrays, chemoinformatics, and images.
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3.1.1. Microarray data
Microarray data contains the expression levels of thousands of genes

simultaneously under particular condition (Babu, 2004). Usually, data
consists of thousands of genes as features and limited number of cases
as instances.

The following eight datasets are used in the study.

• Central Nervous System (Pomeroy et al., 2002), which consists
of 60 patient samples of survivors (39) and failures (21) after
treatment of the medulloblastomas tumor (This is dataset C from
Pomeroy et al., 2002).

• Colon Tumor (Alon et al., 1999), which consists of 40 tumor and
22 normal colon samples.

• Leukemia (Golub et al., 1999), which contains 72 samples of two
types of leukemia: 25 acute myeloid leukemia (AML) and 47 acute
lymphoblastic leukemia (ALL).

• Prostate (Singh et al., 2002), which consists of 52 prostate tumor
and 50 normal specimens.

• Brain (Pomeroy et al., 2002) contains 42 patient samples of five
different brain tumor types: medulloblastomas (10), malignant
gliomas (10), AT/RTs (10), PNETs (8) and normal cerebella (4).
(This is the dataset A from Pomeroy et al. (2002).)

• Lymphoma (Alizadeh et al., 2000), which contains 42 samples
of diffuse large B-cell lymphoma (DLBCL), 9 follicular lymphoma
(FL) and 11 chronic lymphocytic leukemia (CLL).

• NCI60 (Ross et al., 2000), which contains eight different tumor
types. These are breast, central nervous system, colon, leukemia,
melanoma, non-small cell lung carcinoma, ovarian and renal
tumors.

• SRBCT (Kahn et al., 2001), which contains four diagnostic cate-
gories of small, round blue-cell tumors as neuroblastoma (NB),
rhabdomyosarcoma (RMS), non-Hodgkin lymphoma (NHL) and
the Ewing family of tumors (EWS).

The first three datasets were taken from Alon et al. (1999), Golub
et al. (1999), Pomeroy et al. (2002) and the remaining five datasets
were taken from supplementary material given in Díaz-Uriarte and
de Andrés (2006). The datasets are summarized in Table 1.

3.1.2. Chemoinformatics data
Chemoinformatics datasets concern modeling tasks of various bio-

chemical activities, such as absorption, distribution, metabolism, excre-
tion and toxicity (ADMET).

Table 2 shows 18 publicly available medicinal chemistry datasets
selected for this study (Data Repository of Bren School of Information
and Computer Science, 2012) and these datasets were used in previous
studies (Deegalla et al., 2012). Each set of compounds is represented by
two different chemical descriptor sets: Scitegic Extended Connectivity
Fingerprints (ECFI) and SELMA (Data Repository of Bren School of
Information and Computer Science, 2012). We have considered ECFI
descriptors in this study.

3.1.3. Image data
The image datasets consists of brightness values as features (see

Table 3). All color images have been converted into gray scale images
of the size of 32 × 32 pixels. All image data hence consists of 1024
eatures.

We have considered eight image datasets in this study: two medical
mage datasets (IRMA Lehmann et al., 2000, MIAS MIAS data set,
000), five object recognition datasets (COIL-100 Nene et al., 1996,
uBuD Shao et al., 2003, 17-Flower Nilsback & Zisserman, 2006, Leeds
utterfly Wang et al., 2009, Car Agarwal et al., 2004) and a texture
nalysis dataset (Outex - TC_00013 Ojala et al., 2002). The IRMA

(Image Retrieval and Medical Application) dataset contains radiogra-
phy images of 57 classes. The COIL-100 (Columbia University Image
Library) dataset consists of images of 100 objects, while ZuBuD (Zurich
3

Building Image Database) contains images of 201 buildings in Zurich
Table 1
Description of microarray datasets.

Dataset Attributes Instances # of Classes

Central nervous 7129 60 2
Colon tumor 2000 62 2
Leukemia 7129 38 2
Prostate 6033 102 2
Brain 5597 42 5
Lymphoma 4026 62 3
NCI60 5244 61 8
SRBCT 2308 63 4

Table 2
Description of chemoinformatics datasets.

Dataset Attributes Instances # of Classes

AI 1024 69 2
AMPH1 1024 130 2
ATA 1024 94 2
COMT 1024 92 2
EDC 1024 119 2
HIVPR 1024 113 2
HIVRT 1024 101 2
HPTP 1024 132 2
ace 1024 114 2
ache 1024 111 2
bzr 1024 163 2
caco 1024 100 2
cox2 1024 322 2
cpd-mouse 1024 980 2
cpd-rat 1024 1198 2
gpb 1024 66 2
therm 1024 76 2
thr 1024 88 2

Table 3
Description of image datasets.

dataset Attributes Instances # of Classes

Outex 1024 680 68
ZuBuD 1024 1005 201
MIAS 1024 322 7
COIL-100 1024 7200 100
IRMA 1024 9000 57
17-Flower 1024 1360 17
Leeds butterfly 1024 832 10
Car 1024 1050 2

city. MIAS (The Mammography Image Analysis Society) mini mam-
mography database contains mammography images of 7 categories,
17 Flower Category dataset consists of images of 17 different flower
categories. Leeds butterfly dataset consists of images of 10 butterfly
categories whereas UIUC Image Database for Car Detection consists
of 1050 training images of car and non-car categories. Finally, Outex
(University of Oulu Texture Database) image dataset contains images
of 68 general textures.

3.2. Experimental setup

3.2.1. Experiment #1
Here, we have fixed the number of nearest neighbors (k) to 1 and

the number of base classifiers (s) to 50 and vary the number of features
(f) to be considered in the ensemble.

To compare the performance of nearest neighbor ensembles with
random subspaces and random projections, an optimal number of
features to form the base classifiers should be selected. To reduce the
computational burden, we have considered ten linearly spaced features
from the original dimension. For example, in Colon Tumor, we have
considered a number of features as 200, 400, . . . , 2000. The optimal
number of features 𝑓 is then selected by using internal cross validation,

i.e., the final accuracy is reported using 10-fold cross validation and for



Expert Systems With Applications 191 (2022) 116078S. Deegalla et al.
Fig. 1. Comparison of the classification algorithms based on average ranks.

each fold, the optimal number of features (𝑓 ) is found using 10-fold
cross validation. The number of base classifiers in the ensemble 𝑠 is
set to 50 and the number of nearest neighbors 𝑘 is set to 1. Majority
voting is used when combining the 50 base nearest neighbor classifiers.
To check the effect of dimensionality reduction, the average accuracy
of base classifiers is considered. This is to check whether the ensemble
accuracy is due to base classifier accuracy or due to the ensemble. The
assumption is that if base classifier accuracies are low and the ensemble
accuracy is high, then it may be due to error distribution among the
base classifiers.

3.2.2. Experiment #2
We fix the number of features to be considered in the ensemble

𝑓 to 10% of the original dimension based on the Experiment #1 and
vary both the number of nearest neighbors 𝑘 and the number of base
classifiers 𝑠 in the ensemble.

We have chosen the number of features (f) to be 10% of the original
number of features and consider the following numbers of nearest
neighbors (k): {1, 3, 5, 7, 9}, and the number of base classifiers (s):
{1, 5, 10, 25, 50, 100}. To compare nearest neighbor classifiers with other
classifiers, Decision Trees and Random Forest classifiers are considered
as reference algorithms with default parameters.

For random feature subspace, random projection, nearest neighbor
classification, decision trees (J48), random forest and support vec-
tor classifier (SMO), the WEKA data mining toolkit (version 3.6.12)
is used. WEKA generates pruned decision tree using reduced error
pruning technique (Witten et al., 2011). It generates random forest
using bagged random trees with 100 iterations. The number of at-
tributes chosen for each random tree was set to the default value of
𝑖𝑛𝑡(log2(no of attributes)+1). The outputs of the base classifiers are then
combined to form the nearest neighbor ensemble.

4. Results and discussion

Mean accuracies of the simple nearest neighbor algorithm (Raw),
the random subset nearest neighbor ensemble (RS), the random pro-
jection nearest neighbor ensemble (RP) and the individual nearest
neighbor classifiers built after applying random subset (RS.IM) and
random projection (RS.IM) are listed in Table 4. Note that the num-
ber in brackets in ensemble methods (RS, RP) represents the average
number of optimal features chosen for the dataset using internal cross
validation.

The results show that the best method for all 34 datasets is the near-
est neighbor ensemble formed with random projection (RP) (See Fig. 1).
As ensemble accuracy depends on both individual method accuracies
4

Table 4
Classification accuracies of Simple Nearest Neighbor (Raw), Random Subspace Nearest
Neighbor Ensemble (RS) and Random Projection Neighbor Ensemble (RP), Average
individual accuracies of Nearest Neighbor after applying Random Subset (RS.IM) and
Random Projection (RP.IM).

Dataset Raw RS RP RS.IM RP.IM

Central nervous 56.67 55.00 (3921) 61.67 (1282) 55.33 57.60
Colon tumor 77.62 77.86 (580) 80.71 (220) 73.65 80.10
Leukemia 89.17 89.17 (1282) 92.50 (1710) 88.40 92.95
Prostate 85.55 84.64 (1448) 87.55 (1025) 83.44 84.15
Brain 76.00 78.50 (559) 78.50 (615) 78.97 78.21
Lymphoma 98.33 98.33 (402) 98.33 (402) 97.83 96.67
NCI60 69.05 69.05 (1206) 74.05 (629) 66.65 72.78
SRBCT 86.90 83.31 (299) 93.57 (322) 84.40 92.91
AI 76.67 75.24 (358) 76.67 (204) 78.04 77.10
AMP1 66.92 61.54 (645) 65.38 (276) 63.17 63.25
ATA 72.22 74.44 (276) 72.22 (174) 73.97 72.91
COMT 80.44 76.00 (276) 79.56 (225) 74.27 77.02
EDC 63.94 67.27 (286) 63.94 (368) 65.98 63.75
HIVPR 70.83 74.24 (184) 70.00 (348) 66.96 69.38
HIVRT 78.18 77.27 (184) 77.18 (143) 75.96 75.65
HPTP 81.87 83.35 (112) 81.87 (133) 80.01 81.48
ace 86.14 86.14 (174) 86.14 (276) 83.61 86.05
ache 59.62 59.62 (327) 60.53 (214) 59.75 60.95
bzr 65.62 66.88 (163) 65.66 (245) 65.90 64.13
caco 61.00 63.00 (133) 60.00 (122) 58.16 58.32
cox2 67.08 69.28 (204) 69.55 (163) 68.09 69.41
cpd-mouse 64.18 67.35 (184) 66.22 (174) 63.26 64.63
cpd-rat 64.02 64.27 (215) 64.61 (235) 61.21 62.60
gpb 74.52 79.05 (143) 74.52 (102) 75.80 75.14
therm 70.36 67.68 (122) 70.36 (163) 70.09 70.69
thr 66.25 65.14 (225) 65.14 (327) 61.59 64.05
Outex 19.85 19.71 (256) 19.41 (338) 19.59 19.98
Zubud 59.81 61.71 (123) 60.01 (379) 48.45 52.99
Mias 43.15 48.71 (102) 44.08 (133) 42.69 41.85
Coil100 98.92 99.12 (102) 98.90 (225) 99.13 98.71
IRMA 68.29 72.30 (102) 75.09 (102) 65.40 61.90
17 Flowers 24.26 26.40 (102) 24.93 (102) 23.10 22.68
Leeds butterfly 24.04 27.03 (102) 26.31 (102) 23.45 22.93
Car 94.38 95.90 (102) 95.52 (102) 90.84 90.54

Avg. rank
All 2.96 2.43 2.32 3.85 3.44

Microarray 3.25 3.44 1.44 4.13 2.75
Chemoinformatics 2.86 2.39 2.64 3.78 3.33
Image 2.88 1.50 2.50 3.75 4.38

Table 5
Average ranks of the raw method and the two ensemble forming techniques (using RS
and RP).

Dataset Raw RS RP

All 2.28 1.84 1.88
Microarray 2.38 2.44 1.19
Chemoinformatics 2.08 1.83 2.08
Image 2.63 1.25 2.13

and the diversity, we can observe that this result may be explained by
the average individual model accuracy for random projection (average
rank is 3.44) compared to random subsets (average rank is 3.85).

Similar observations can be made, when looking separately at the
results for the microarray and image datasets. For microarray data,
the best method is an ensemble formed with random projection, which
again can be explained by the higher average accuracy of the individual
models (RS.IM rank 3.44 vs. RP.IM rank 2.75). For image data, the best
method is an ensemble formed with random subsets, again due to the
higher average individual model accuracy (RS.IM rank 3.75 vs. RP.IM
rank 4.38).

However, similar observations could not be made for chemoinfor-
matics datasets. Here, the best method is an ensemble formed with
random subsets and it is not due to the best individual model accuracy
(RS.IM rank 3.78 vs. RP.IM rank 3.33). The effectiveness of the best
performing ensemble may here instead be explained by the diversity of
the constituent models.
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Table 6
Classification accuracies of Simple Nearest Neighbor (Raw1 to Raw9), Random Subspace Nearest Neighbor Ensemble (RS1 to RS9) and Random Projection Neighbor Ensemble (RP1
to RP9), Decision Tree (DT), Random Forest (RF), and Support Vector Machine (SVM).

Dataset Raw1 Raw3 Raw5 Raw7 Raw9 RS1 RS3 RS5 RS7 RS9 RP1 RP3 RP5 RP7 RP9 DT RF SVM

Central nervous 56.67 56.67 65.00 63.33 66.67 58.33 56.67 63.33 65.00 66.67 61.67 63.33 63.33 65.00 65.00 58.33 63.33 68.33
Colon tumor 77.62 76.43 81.43 83.10 77.86 77.86 79.76 81.67 82.86 78.10 77.86 78.10 81.19 79.52 79.52 82.14 80.71 85.71
Leukemia 89.17 92.50 83.33 78.33 78.33 89.17 92.50 86.67 81.67 81.67 89.17 92.50 86.67 81.67 81.67 82.50 84.17 95.00
Prostate 85.55 86.55 87.45 87.55 80.64 83.64 85.55 88.45 86.55 83.55 86.55 86.45 87.45 85.55 85.55 81.36 90.36 88.36
Brain 76.00 76.50 72.00 68.00 68.00 78.50 74.00 70.00 70.00 68.00 78.50 76.50 72.00 70.00 70.00 55.00 72.00 88.50
Lymphoma 98.33 98.33 98.33 96.67 96.67 98.33 98.33 98.33 98.33 98.33 98.33 98.33 98.33 98.33 98.33 93.57 95.00 100.00
NCI60 69.05 65.95 64.52 64.29 62.62 69.05 65.95 64.29 60.95 62.62 69.05 60.95 65.95 64.29 64.29 36.43 70.95 69.29
SRBCT 86.90 84.05 85.48 85.24 87.38 85.24 85.48 90.24 87.14 88.57 85.24 85.48 88.57 86.90 86.90 75.00 96.67 98.33
AI 76.67 84.05 79.76 79.52 78.10 76.67 85.48 82.38 82.38 78.10 76.67 84.05 82.62 79.52 79.52 78.10 80.95 72.62
AMPH1 66.15 57.69 59.23 59.23 59.23 58.46 55.38 52.31 53.08 52.31 66.15 56.15 58.46 57.69 57.69 50.77 56.92 56.15
ATA 72.22 62.56 67.00 61.78 61.67 74.44 65.78 66.89 62.67 62.67 72.22 62.56 65.78 59.56 59.56 70.11 77.67 76.78
COMT 79.33 81.44 79.22 79.22 81.33 77.11 78.22 78.22 78.11 75.89 80.56 81.56 79.33 79.33 79.33 72.78 84.78 77.11
EDC 62.27 71.52 66.44 72.42 72.27 68.11 69.70 69.70 68.03 68.03 64.85 72.35 69.77 72.27 72.27 73.86 74.02 73.11
HIVPR 69.02 73.33 69.55 75.91 73.11 73.33 74.92 73.94 75.76 75.76 71.74 75.15 73.18 76.74 76.74 68.03 74.24 68.86
HIVRT 78.18 78.27 83.27 82.27 79.27 79.27 83.27 82.27 80.27 80.27 78.18 81.27 85.27 86.27 86.27 79.18 79.27 86.18
HPTP 81.87 83.35 81.15 80.38 81.15 84.84 82.64 84.95 80.38 79.56 82.64 82.64 82.69 80.38 80.38 72.64 85.60 79.56
ace 86.14 87.95 83.64 83.48 80.98 86.14 84.39 84.39 82.73 80.23 86.14 87.05 85.30 84.39 84.39 78.48 86.97 85.15
ache 60.53 64.17 67.80 67.80 66.14 60.53 65.15 66.06 66.06 66.89 60.53 68.71 67.80 68.71 68.71 51.29 64.17 58.64
bzr 65.62 69.93 73.05 74.82 75.40 65.04 71.21 74.19 74.78 74.78 65.04 71.21 73.05 74.82 74.82 65.62 72.28 75.99
caco 61.00 61.00 57.00 65.00 59.00 62.00 62.00 63.00 67.00 65.00 62.00 64.00 62.00 65.00 65.00 57.00 60.00 70.00
cox2 67.38 69.00 67.45 65.87 66.19 70.54 70.56 68.37 66.83 66.83 70.51 67.75 67.45 66.19 66.19 70.22 71.78 72.98
cpd-mouse 64.18 66.73 67.96 65.31 65.31 69.59 68.67 68.78 68.47 67.35 66.22 67.35 70.00 68.98 68.98 62.24 69.08 65.20
cpd-rat 63.77 62.19 60.77 62.77 61.60 65.61 64.94 63.85 63.52 63.69 64.44 65.86 63.61 62.86 62.86 58.18 66.53 58.26
gpb 80.24 81.67 80.24 84.76 83.33 80.24 81.90 80.48 80.48 77.38 80.24 81.67 80.24 80.24 80.24 79.05 77.14 77.14
therm 70.36 77.86 80.36 82.86 80.18 72.86 80.36 81.61 82.68 78.75 70.36 79.11 79.11 85.54 85.54 77.68 75.18 72.86
thr 66.25 65.97 63.89 62.78 59.31 71.94 68.33 60.56 58.33 57.22 65.14 63.75 64.03 58.19 58.19 56.81 70.69 60.28
Outex 19.85 16.32 14.12 13.24 14.41 20.15 17.94 14.12 13.09 13.68 20.00 18.24 15.00 13.24 13.24 15.44 24.26 19.71
Zubud 59.81 46.49 42.11 37.63 32.65 62.00 49.57 47.79 44.60 41.91 59.71 48.58 46.30 44.30 44.30 16.62 53.05 63.59
Mias 43.15 45.38 54.70 59.64 60.90 48.72 52.83 59.66 61.53 63.07 45.03 48.18 56.25 60.28 60.28 39.10 63.66 49.72
Coil100 98.92 97.44 95.94 94.01 91.89 99.10 97.82 97.00 95.38 93.93 98.88 97.60 96.62 94.79 94.79 84.76 98.58 99.88
IRMA 68.29 67.41 67.30 67.02 66.86 72.48 69.53 69.46 68.92 68.12 69.38 67.90 68.30 67.81 67.81 59.61 76.18 71.80
17 Flowers 24.26 19.63 19.34 19.12 18.53 26.32 23.31 22.21 21.18 21.25 25.44 22.79 21.47 20.74 20.74 18.53 30.44 28.24
Leeds butterfly 24.04 22.22 23.67 21.39 23.32 26.31 26.68 26.67 25.83 25.83 25.71 25.59 24.75 25.48 25.48 33.30 42.54 37.38
Car 94.38 94.86 94.86 95.43 94.86 96.00 94.95 95.05 94.86 94.95 95.71 95.05 95.14 94.76 94.76 85.14 96.10 94.48

Avg. rank
All 10.56 10.06 10.37 10.44 11.97 8.15 7.85 8.01 9.82 11.37 9.07 7.96 8.00 9.74 9.74 14.82 5.82 7.25

Microarray 9.94 10.31 8.25 11.44 13.13 10.00 9.44 7.56 9.38 11.06 8.94 9.56 7.44 10.50 10.50 14.94 7.25 1.38
Chemoinformatics 11.53 9.06 10.14 8.58 10.61 9.17 7.72 8.39 9.89 11.94 10.44 6.97 7.69 8.25 8.25 14.72 6.89 10.75
Image 9.00 12.06 13.00 13.63 13.88 4.00 6.56 7.63 10.13 10.38 6.13 8.56 9.25 12.31 12.31 14.94 2.00 5.25
We have applied the Friedman test (Demsar, 2006) to investigate
hether there is a statistically significant difference in the observed
erformances. The null hypothesis is that there is no difference between
he performance of the methods. The Friedman test does not reject the
ull hypothesis when all the datasets are considered together. However,
hen the datasets are analyzed in separate groups, the Friedman test re-

ects the null hypothesis for microarray and image datasets. This means
hat there is a significant difference among the compared methods for
hese tasks.

To investigate this further, i.e., to see what pairs of algorithms
re performing significantly different, we have employed the Nemenyi
est (Demsar, 2006) as a post-hoc test. The test employs a threshold
n the difference between average ranks, referred to as the critical
ifference, and whenever the difference is larger than this critical
ifference, the null hypothesis for the pair of methods is rejected. For
hree algorithms, eight datasets, and a confidence level at 0.95 (or
onversely, a significance level of 0.05), the critical difference is 1.17
or the microarray and image datasets. According to the Nemenyi test,
e can hence conclude that the nearest neighbor ensemble created
ith random projection is significantly different from nearest neigh-
or ensembles formed with random subsets for microarray datasets.
oreover, the nearest neighbor ensemble created with random subsets

ignificantly outperforms the standard k-nearest neighbor classifier for
mage datasets, while this is not the case for ensembles created with
andom projection.

Figs. 2, and 3 show critical difference (CD) diagrams based on the
rocedure described in Demsar (2006). According to the CD diagrams,
he best ranking method is displayed to the right and methods that are
ot significantly different from each other are connected. We observe
hat there is a significant difference between RP and both RS and Raw
or microarray data, and also a significant difference between RS and
aw for the image datasets.

One of the basic assumptions when forming nearest neighbor en-
embles is that the randomness is expected to increase the diversity.
n the other hand, dimensionality reduction is expected to increase

he average performance of the individual models. According to the
esults in Table 4, we can observe that dimensionality reduction does
5

ot improve the performance as expected for all methods, except for
Fig. 2. Comparison of the simple nearest neighbor algorithm and nearest neighbor
ensembles using random subspace and random projection methods using Nemenyi test
for microarray datasets.

Fig. 3. Comparison of the simple nearest neighbor algorithm and nearest neighbor
ensembles using random subspace and random projection methods using Nemenyi test
for image datasets.

random projection when considering microarray datasets (Raw 3.25
and RP.IM 2.75). However, the diversity has resulted in improved
ensemble accuracy for all the three data types.

Furthermore, the results also show that effectiveness of the en-
semble is also based on the reduction method in concern. The best
result was observed with random projection nearest neighbor ensemble
for microarrays, whereas the random subset ensemble was the most
performant for the chemoinformatics and image datasets (see Table 5).

Table 6 shows the classification accuracies for the 34 datasets
considered in the study based on experiment #2. The first five columns
represent individual nearest neighbor accuracies for different values of
k (Raw1 to Raw9). The next five columns represent random subspace
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Table 7
Average ranks of nearest neighbor ensemble based on random subspaces for different
number of classifiers (𝑠) considered in the ensemble.

Dataset 1 5 10 25 50 100

All datasets 4.95 3.68 3.44 3.10 2.80 3.04
Microarray 4.40 3.71 3.46 3.33 3.03 3.07
Chemoinformatics 4.87 3.38 3.39 3.03 2.92 3.41
Image 5.69 4.32 3.51 3.04 2.29 2.15

Table 8
Average ranks of nearest neighbor ensemble based on random projections for different
number of classifiers (𝑠) considered in the ensemble.

Dataset 1 5 10 25 50 100

All datasets 4.79 3.81 3.56 3.06 2.96 2.82
Microarray 4.70 3.37 3.47 3.19 3.09 3.17
Chemoinformatics 4.39 3.64 3.62 3.28 3.13 2.94
Image 5.76 4.65 3.50 2.42 2.45 2.21

nearest neighbor ensemble for the different values of k (RS1 to RS9).
Then the random projection nearest neighbor ensemble for different
values of k are shown (RP1 to RP9). Finally, to compare the relative
performance of base classifiers and ensembles of nearest neighbor,
decision trees, random forest and support vector machine classifier
accuracies are considered. The last couple of rows of the table show
the average rank of the classifiers for all datasets as well as for the
different types of dataset separately.

When considering all the datasets, the best classifier is the random
forest classifier (RF) with an average rank of 5.82. The next three
best classifiers are the support vector machine classifier, the nearest
neighbor ensemble with random subsets with k = 3 (RS3), nearest
neighbor ensemble with random projection when k = 3 (RP3). In Fig. 4,
the complete rankings of the methods are shown.

SVM classifiers may obtain a relatively high accuracy when the
number of dimensions is very high compared to the number of in-
stances. This can be seen in Table 6, where SVM is the top-ranked
approach with respect to accuracy for the high-dimensional microarray
data sets. The overall best accuracy is however observed for RF, which
seems to handle more heterogeneous tasks more effectively. On the
other hand, the simple kNN algorithm performs rather poorly in high
dimensions. However, when dimensionality reduction and ensembling
techniques are properly used, kNN can be observed to even outperform
SVM on image data.

For small sample problems, such as microarray and chemoinfor-
matics, nearest neighbor ensemble perform on par with random forest
classifier (RP5 7.44 vs. RF 7.25, RP3 6.97 vs. RF 6.89). Further, near-
est neighbor ensembles perform better than support vector classifier
with chemoinformatics and image datasets (RP3 6.97 vs. SVM 10.75,
RS1 4.00 vs. SVM 5.25). It can be noted that the ensemble methods
outperform the individual classifiers except support vector classifier in
general, as the best rank for the simple nearest neighbor is 10.06 and a
single decision tree is 14.82. Further, nearest neighbor ensembles based
on random subspaces (RS) are quite sensitive to the number of nearest
neighbors considered, in contrast to nearest neighbor ensembles based
on random projections (RP), as can be seen in Fig. 4.

When considering different types of dataset separately, it can be
observed that the best performance for microarrays was achieved by
support vector classifier. The best performance for chemoinformatics
and image datasets was achieved with random forests.

The Fig. 4 shows the average ranks of the classification algorithms
sorted according to the best performance to the worst on all the
datasets. Although RF is the best when averaging over all the datasets,
for microarrays and chemoinformatics datasets, nearest neighbor en-
sembles perform on par with RF. Therefore, further investigations of
nearest neighbor ensembles is justified.
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Fig. 4. Comparison of the classification algorithms based on average ranks.

Fig. 5. Accuracy vs. Fisher’s discriminant ratio (F1).

Tables 7 and 8 show how the number of base classifiers (𝑠) con-
sidered in the ensemble affect the performance. The number of base
classifiers considered was 1, 5, 10, 25, 50 and 100. It can be seen
that nearest neighbor ensembles formed with random subset achieved
the best performance when 50 base classifiers are considered whereas
nearest neighbor ensemble formed with random projection achieved
the best performance with 100 classifiers. However, when datasets are
considered separately, image data needs more base classifiers than for
the other data types to reach the best accuracy for random subspaces,
while for microarray data, fewer base classifiers are needed than for
the other data types for nearest neighbor ensembles with random
projections.

To analyze which type of nearest neighbor ensemble to use in
different situations, we have considered two data complexity measures,
namely Fisher’s discriminant ratio (F1) and the ratio between average
distances to intra-class nearest neighbors and inter-class nearest neigh-
bors (N2). Further, the ratio between attributes and instances (AttInst)
is also considered. For the comparison, the best accuracy for a dataset
of the two methods random subspace nearest neighbor ensemble (RS)
and random projection nearest neighbor ensemble (RP) selected. When
there is a tie, it is represented as RS/RP in Figs. 5–10 and values are
given in Table 9.

Fig. 5 shows the relationship between Accuracy and F1. When F1
is high, i.e., the classes have significant difference in mean values, the
classification accuracy is also high. Further, it can be observed that RS
outperforms RP for higher F1 values.
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Table 9
Complexity measures (Fisher’s discriminant ratio-F1, ratio between inter-class nearest
neighbors and intra-class nearest neighbors-N2), Attribute instance ratio and best
accuracies for RS and RP in Experiment 2.

Dataset F1 N2 AttInst BestBay BestRP

Central nervous 0.21 0.99 118.82 66.67 65.00
Colon tumor 0.66 0.85 32.26 82.86 81.19
Leukemia 2.19 0.82 187.61 92.50 92.50
Prostate 1.97 0.93 59.15 88.45 87.45
Brain 5.03 0.92 133.26 78.50 78.50
Lymphoma 4.26 0.69 64.94 98.33 98.33
NCI60 2.71 0.86 85.97 69.05 69.05
SRBCT 4.07 0.78 36.63 90.24 88.57
AI 0.56 0.76 14.84 85.48 84.05
AMPH1 0.07 0.92 7.88 58.46 66.15
ATA 0.20 0.70 10.89 74.44 72.22
COMT 0.38 0.85 11.13 78.22 81.56
EDC 0.19 0.87 8.61 69.70 72.35
HIVPR 0.42 0.88 9.06 75.76 76.74
HIVRT 0.62 0.83 10.14 83.27 86.27
HPTP 0.36 0.77 7.76 84.95 82.69
ace 0.56 0.64 8.98 86.14 87.05
ache 0.16 0.92 9.23 66.89 68.71
bzr 0.23 0.90 6.28 74.78 74.82
caco 0.13 0.96 10.24 67.00 65.00
cox2 0.18 0.88 3.18 70.56 70.51
cpd-mouse 0.04 0.90 1.04 69.59 70.00
cpd-rat 0.06 0.92 0.85 65.61 65.86
gpb 0.33 0.76 15.52 81.90 81.67
therm 0.30 0.79 13.47 82.68 85.54
thr 0.16 0.93 11.64 71.94 65.14
Outex 7.23 1.24 1.51 20.15 20.00
Zubud 3.10 0.97 1.02 62.00 59.71
Mias 0.06 1.13 3.18 63.07 60.28
Coil100 5.23 0.35 0.14 99.10 98.88
IRMA 1.30 0.84 0.11 72.48 69.38
17 Flowers 0.22 0.97 0.75 26.32 25.44
Leeds butterfly 0.44 1.02 1.23 26.68 25.44
Car 0.40 0.87 0.98 96.00 95.71

Fig. 6. Accuracy vs. ratio between average distance to intra-class nearest neighbors
and inter-class nearest neighbors (N2).

Fig. 6 shows the relationship between Accuracy and N2. When
N2 increases, i.e., the inter-class distances are small while intra-class
distances are large, then the accuracy decreases. There is no significant
difference in accuracy between RS and RP.

Fig. 7 shows the relationship between Accuracy and attributes to
instances ratio. The tendency is that for small samples, RS outperforms
RP.
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Fig. 7. Accuracy vs. Attribute/Instance ratio.

Fig. 8. N2 vs. F1.

Fig. 9. F1 vs. Attribute/Instance ratio.

The relationship between N2 and F1 is shown in Fig. 8. It can be
observed that when both F1 is high, i.e. a high degree of linear sepa-
rability, and N2 is high, i.e., the inter-class distances are small while
intra-class distances are large, then RS is most likely to outperform RP.

Fig. 9 shows the relationship between F1 and attributes to instances
ratio. It appears that RS is better then RP when either F1 is high (larger
than 1) or Attributes to instance ratio is high (larger than 25).

Fig. 10 shows the relationship between N2 and attributes to in-
stances ratio. It appears that RS is better in the small sample setting.
For smaller values of N2 (less than 0.6) and higher values of N2 (higher
than 1.0), it can also be observed that RS are better than RP.
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-

Fig. 10. N2 vs. Attribute/Instance ratio.

5. Conclusions

In this paper, we have empirically investigated generating nearest
neighbor ensembles using the random subspace and random projection
methods. We have compared the two methods with the standard near-
est neighbor algorithm on microarray, chemoinformatics and image
datasets.

We studied the forming of nearest neighbor ensembles using random
subspaces and random projections. Experiments were conducted to
study the effect of the number of features (𝑓 ), the number of nearest
neighbors (𝑘) and the number of base classifiers (𝑠) to use when forming
the ensemble. Furthermore, to investigate when the different types of
ensemble should be used, we analyzed several complexity measures.

The results show that both random subspace and random projection
methods to form nearest neighbor ensembles improve upon using the
standard nearest neighbor classifier, while the best method to use,
depends on the type of the data.

When one consider all the datasets, the best method is the nearest
neighbor ensemble formed with random projection (RP). For microar-
ray data, the best method is RP while ensemble formed with random
subsets (RS) for images. None of the methods seems superior for
chemoinformatics datasets.

There is a statistically significant difference in performances be-
tween methods for microarray and image datasets according to Fried-
man test. The Nemenyi test shows that there is a significant difference
between RP and both RS and Raw for image data. It also shows that
there is a significant difference between RS and Raw for image data.

Mainly we have observed that RS and RP performances are due to
their individual base classifier accuracy except for chemoinformatics
datasets.

The results also highlighted that nearest neighbor ensembles may be
competitive to state-of-the-art techniques, such as random forests and
support vector machine, for certain types of data.

One direction for future work includes investigating the application
of random subsets and random projection together with other base
learners, such as support vector machines.

Another direction is to use dimensionality reduction before applying
random selection or projection, something which may further improve
the accuracy of nearest neighbor ensembles.

Other directions include considering the forming of ensembles
through dimensionality reduction in conjunction with other underlying
learning algorithms, such as support vector machines and forests (Ro-
driguez et al., 2006).
8

CRediT authorship contribution statement

Sampath Deegalla: Conceptualization, Investigation, Software, Writ
ing – original draft. Keerthi Walgama: Writing – review & editing.
Panagiotis Papapetrou: Writing – review & editing. Henrik Boström:
Writing – review & editing, Supervision.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.

References

Achlioptas, D. (2001). Database-friendly random projections. In ACM symposium on the
principles of database systems (pp. 274–281).

Agarwal, S., Awan, A., & Roth, D. (2004). Learning to detect objects in images via a
sparse, part-based representation. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 26(11), 1475–1490.

Alizadeh, A. A., Eisen, M. B., Davis, R. E., Ma, C., Lossos, I. S., Rosenwald, A.,
Boldrick, J. C., Sabet, H., Tran, T., Yu, X., Powell, J. I., Yang, L., Marti, G. E.,
Moore, T., Hudson Jr, J., Lu, L., Lewis, D. B., Tibshirani, R., Sherlock, G., ....
Staudt, L. M. (2000). Distinct types of diffuse large B-cell lymphoma identified by
gene expression profiling. Nature, 403, 503–511.

Alon, U., Barkai, N., Notterman, D., Gish, K., Ybarra, S., Mack, D., & Levine, A.
J. (1999). Broad patterns of gene expression revealed by clustering analysis of
tumor and normal colon tissues probed by oligonucleotide arrays.. In Proc. natl.
acad. sci. usa, Vol. 96 (pp. 6745–6750). URL: http://www.pubmedcentral.nih.gov/
articlerender.fcgi?tool=pubmed&pubmedid=10359783.

Babu, M. (2004). An introduction to microarray data analysis. In Computational genomics
(pp. 225–249).

Bay, S. D. (1999). Nearest neighbor classification from multiple feature subsets.
Intelligent Data Analysis, 3, 191–209.

Bertoni, A., Folgieri, R., & Valentini, G. (2005). Feature selection combined with
random subspace ensemble for gene expression based diagnosis of malignancies. In
B. Apolloni, M. Marinaro, & R. Tagliaferri (Eds.), Biological and artificial intelligence
environments (pp. 29–36). Springer.

Bingham, E., & Mannila, H. (2001). Random projection in dimensionality reduction:
applications to image and text data. In Proceedings of the seventh acm sigkdd
international conference on knowledge discovery and data mining (pp. 245–250).

Breiman, L. (1996). Bagging predictors. Machine Learning, 26, 123–140.
Carreira-perpiñàn, M. A. (1997). A review of dimension reduction techniques: Technical

report, Dept. of Computer Science, University of Sheffield.
Dasgupta, S., & Gupta, A. (1999). An elementary proof of the Johnson-Lindenstrauss lemma:

Technical report TR-99-006, Berkeley, California, USA: International Computer
Science Institute.

(2012). Data repository of bren school of information and computer science. Irvine:
University of California, ftp://ftp.ics.uci.edu/pub/baldig/learning/ (Accessed:
16/02/2012).

Deegalla, S., & Boström, H. (2009a). Fusion of dimensionality reduction methods: a case
study in microarray classification. In Proceedings of the 12th international conference
on information fusion (pp. 460–465). IEEE.

Deegalla, S., & Boström, H. (2009b). Improving fusion of dimensionality reduction
methods for nearest neighbor classification. In Proceedings of the 8th international
conference on machine learning and applications (pp. 771–775).

Deegalla, S., Boström, H., & Walgama, K. (2012). Choice of dimensionality reduction
methods for feature and classifier fusion with nearest neighbor classifiers. In
Proceedings of the 15th international conference on information fusion (pp. 875–881).

Demsar, J. (2006). Statistical comparisons of classifiers over multiple data sets. Journal
of Machine Learning Research, 7, 1–30.

Díaz-Uriarte, R., & de Andrés, S. A. (2006). Gene selection and classification of
microarray data using random forest. Bioinformatics, 7(3), URL: http://ligarto.org/
rdiaz/Papers/rfVS/randomForestVarSel.html.

Domeniconi, C., & Yan, B. (2004). Nearest neighbor ensemble. In
Pattern recognition, international conference on, Vol. 1 (pp. 228–
231). Los Alamitos, CA, USA: IEEE Computer Society, doi:
http://doi.ieeecomputersociety.org/10.1109/ICPR.2004.1334065 ISSN 1051-4651.

Golub, T. R., Slonim, D. K., Tamayo, P., Huard, C., Gaasenbeek, M., Mesirov, J. P.,
Coller, H., Loh, M., Downing, J. R., Caligiuri, M. A., Bloomfield, C. D., & Lander, E.
S. (1999). Molecular classification of cancer: Class discovery and class prediction
by gene expression monitoring. Science, 286, 531–537, URL: http://www.broad.mit.
edu/cgi-bin/cancer/publications/pub_paper.cgi?mode=view&paper_id=43.

Ho, T. K. (1995). Random decision forests. In Proceedings of the third international
conference on document analysis and recognition (pp. 278–282).

Ho, T., & Basu, M. (2002). Complexity measures of supervised classification problems (pp.
289–300). IEEE.

http://refhub.elsevier.com/S0957-4174(21)01416-0/sb1
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb1
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb1
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb2
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb2
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb2
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb2
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb2
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb3
http://www.pubmedcentral.nih.gov/articlerender.fcgi?tool=pubmed&pubmedid=10359783
http://www.pubmedcentral.nih.gov/articlerender.fcgi?tool=pubmed&pubmedid=10359783
http://www.pubmedcentral.nih.gov/articlerender.fcgi?tool=pubmed&pubmedid=10359783
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb5
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb5
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb5
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb6
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb6
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb6
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb7
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb7
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb7
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb7
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb7
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb7
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb7
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb9
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb10
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb10
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb10
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb11
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb11
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb11
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb11
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb11
http://ftp://ftp.ics.uci.edu/pub/baldig/learning/
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb13
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb13
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb13
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb13
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb13
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb16
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb16
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb16
http://ligarto.org/rdiaz/Papers/rfVS/randomForestVarSel.html
http://ligarto.org/rdiaz/Papers/rfVS/randomForestVarSel.html
http://ligarto.org/rdiaz/Papers/rfVS/randomForestVarSel.html
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb18
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb18
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb18
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb18
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb18
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb18
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb18
http://www.broad.mit.edu/cgi-bin/cancer/publications/pub_paper.cgi?mode=view&paper_id=43
http://www.broad.mit.edu/cgi-bin/cancer/publications/pub_paper.cgi?mode=view&paper_id=43
http://www.broad.mit.edu/cgi-bin/cancer/publications/pub_paper.cgi?mode=view&paper_id=43
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb21
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb21
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb21


Expert Systems With Applications 191 (2022) 116078S. Deegalla et al.

K

K

L

M

M

M

N

N

Kahn, J., Wei, J. S., Ringnér, M., Saal, L. H., Ladanyi, M., Westermann, F., Berthold, F.,
Schwab, M., Antonescu, C., Peterson, C., & Meltzer, P. (2001). Classification and
diagnostic prediction of cancers using gene expression profiling and artificial neural
networks. Nature Medicine, 7, 673–679.

assani, P. H., Teoh, A. B. J., & Kim, E. (2017). Evolutionary-modified fuzzy
nearest-neighbor rule for pattern classification. Expert Systems with Applications,
88, 258–269. http://dx.doi.org/10.1016/j.eswa.2017.07.013, URL https://www.
sciencedirect.com/science/article/pii/S0957417417304815 ISSN 0957-4174.

uncheva, L., Rodriguez, J., Plumption, C., Linden, D., & Johnston, S. (2010). Random
subspace ensembles for fMRI classification. IEEE Transactions on Medical Imagine,
29, 531–541.

ehmann, T. M., Wein, B. B., Dahmen, J., Bredno, J., Vogelsang, F., & Kohnen, M.
(2000). Content-based image retrieval in medical applications: a novel multistep
approach. In M. M. Yeung, B.-L. Yeo, & C. A. Bouman (Eds.), Proceedings of spie:
storage and retrieval for media databases 2000, Vol. 3972 (pp. 312–320). Data set :
http://phobos.imib.rwth-aachen.de/irma/datasets_en.php.

IAS data set, (0000). MIAS data set : http://www.wiau.man.ac.uk/services/MIAS/-
MIASmini.html.

üller, P., Salminen, K., Nieminen, V., Kontunen, A., Karjalainen, M., Isokoski, P.,
Rantala, J., Savia, M., Väliaho, J., Kallio, P., Lekkala, J., & Surakka, V. (2019).
Scent classification by k nearest neighbors using ion-mobility spectrometry mea-
surements. Expert Systems with Applications, 115, 593–606. http://dx.doi.org/10.
1016/j.eswa.2018.08.042, URL https://www.sciencedirect.com/science/article/pii/
S0957417418305566 ISSN 0957-4174.

ylavarapu, S., & Kaban, A. (2013). Random projections versus random feature
selection for classification of high dimensional data. In In proceedings of the the
uk workshop on computational intelligence (UKCI 2013) (pp. 305–312).

ene, S. A., Nayar, S. K., & Murase, H. (1996). Columbia object image library (coil-
100): Technical report CUCS-006-96, Data set : http://www1.cs.columbia.edu/
CAVE/research/softlib/coil-100.html.

ilsback, M.-E., & Zisserman, A. (2006). A visual vocabulary for flower classification.
In Proceedings of the ieee conference on computer vision and pattern recognition.

Nyarko, E. K., Vidović, I., Radočaj, K., & Cupec, R. (2018). A nearest neighbor approach
for fruit recognition in RGB-d images based on detection of convex surfaces. Expert
Systems with Applications, 114, 454–466. http://dx.doi.org/10.1016/j.eswa.2018.07.
048, URL https://www.sciencedirect.com/science/article/pii/S095741741830472X
ISSN 0957-4174.
9

Ojala, T., Maenpaa, T., Pietikainen, M., Viertola, J., Kyllonen, J., & Huovinen, S. (2002).
Outex - new framework for empirical evaluation of texture analysis algorithms.
In Proceedings of the 16th international conference on pattern recognition. Data set :
http://www.outex.oulu.fi.

Pomeroy, S. L., Tamayo, P., Gassenbeek, M., Sturla, L. M., Angelo, M., McLaughlin, M.
E., Kim, J. Y., Goumnerova, L. C., Black, P. M., Lau, C., Allen, J. C., Zagzag, D.,
Olson, J. M., Curran, T., Wetmore, C., Biegel, J. A., Poggio, T., Mukherjee, S.,
Rifkin, R., .... Golub, T. R. (2002). Prediction of central nervous system embryonal
tumour outcome based on gene expression. Nature, 415, 436–442, URL: http:
//www-genome.wi.mit.edu/mpr/CNS/.

Rodriguez, J., Kuncheva, L., & Alonso, C. (2006). Rotation forest: A new classifier
ensemble method. In IEEE transactions on pattern analysis and machine intelligence,
Vol. 28 (pp. 1619–1630).

Ross, D. T., Scherf, U., Eisen, M. B., Perou, C. M., Rees, C., Spellman, P., Iyer, V.,
Jeffrey, S. S., de Rijn, M. V., Waltham, M., Pergamenschikov, A., Lee, J. C.,
Lashkari, D., Shalon, D., Myers, T. G., Weinstein, J. N., Botstein, D., & Brown, P.
O. (2000). Systematic variation in gene expression patterns in human cancer cell
lines. Nature Genetics, 24(3), 227–235.

Schclar, A., & Rokach, L. (2009). Random projection ensemble classifiers. In In
proceedings of the 11th international conference on enterprise information systems (pp.
309–316).

Shao, H., Svoboda, T., & Gool, L. V. (2003). Zubud - Zurich building database for image
based recognition: Technical report, Computer Vision Lab, Swiss Federal Institute
of Technology, Switzerland, Data set : http://www.vision.ee.ethz.ch/showroom/
zubud/index.en.html.

Singh, D., Febbo, P. G., Ross, K., Jackson, D. G., Manola, J., Ladd, C., Tamayo, P.,
Renshaw, A. A., D’Amico, A. V., Richie, J. P., Lander, E. S., Loda, M., Kantoff, P.
W., Golub, T. R., & Sellers, W. R. (2002). Gene expression correlates of clinical
prostate cancer behavior. Cancer Cell, 1, 203–209.

Wang, J., Markert, K., & Everingham, M. (2009). Learning models for object recognition
from natural language descriptions. In Proceedings of the british machine vision
conference.

Witten, I. H., Frank, E., & Hall, M. A. (2011). Data mining: practical machine learning
tools and techniques. San Francisco: Morgan Kaufmann.

http://refhub.elsevier.com/S0957-4174(21)01416-0/sb22
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb22
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb22
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb22
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb22
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb22
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb22
http://dx.doi.org/10.1016/j.eswa.2017.07.013
https://www.sciencedirect.com/science/article/pii/S0957417417304815
https://www.sciencedirect.com/science/article/pii/S0957417417304815
https://www.sciencedirect.com/science/article/pii/S0957417417304815
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb24
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb24
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb24
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb24
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb24
http://phobos.imib.rwth-aachen.de/irma/datasets_en.php
http://www.wiau.man.ac.uk/services/MIAS/-MIASmini.html
http://www.wiau.man.ac.uk/services/MIAS/-MIASmini.html
http://www.wiau.man.ac.uk/services/MIAS/-MIASmini.html
http://dx.doi.org/10.1016/j.eswa.2018.08.042
http://dx.doi.org/10.1016/j.eswa.2018.08.042
http://dx.doi.org/10.1016/j.eswa.2018.08.042
https://www.sciencedirect.com/science/article/pii/S0957417418305566
https://www.sciencedirect.com/science/article/pii/S0957417418305566
https://www.sciencedirect.com/science/article/pii/S0957417418305566
http://www1.cs.columbia.edu/CAVE/research/softlib/coil-100.html
http://www1.cs.columbia.edu/CAVE/research/softlib/coil-100.html
http://www1.cs.columbia.edu/CAVE/research/softlib/coil-100.html
http://dx.doi.org/10.1016/j.eswa.2018.07.048
http://dx.doi.org/10.1016/j.eswa.2018.07.048
http://dx.doi.org/10.1016/j.eswa.2018.07.048
https://www.sciencedirect.com/science/article/pii/S095741741830472X
http://www.outex.oulu.fi
http://www-genome.wi.mit.edu/mpr/CNS/
http://www-genome.wi.mit.edu/mpr/CNS/
http://www-genome.wi.mit.edu/mpr/CNS/
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb34
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb34
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb34
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb34
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb34
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb35
http://www.vision.ee.ethz.ch/showroom/zubud/index.en.html
http://www.vision.ee.ethz.ch/showroom/zubud/index.en.html
http://www.vision.ee.ethz.ch/showroom/zubud/index.en.html
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb38
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb38
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb38
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb38
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb38
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb38
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb38
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb40
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb40
http://refhub.elsevier.com/S0957-4174(21)01416-0/sb40

	Random subspace and random projection nearest neighbor ensembles for high dimensional data
	Introduction
	Methods
	The random subspace method
	Random projection
	Nearest neighbor ensemble algorithm
	Data complexity measures
	Fisher's discriminant ratio (F1)
	Intra-class nearest neighbor and inter-class nearest neighbor ratio (N2)


	Empirical study
	Datasets
	Microarray data
	Chemoinformatics data
	Image data

	Experimental setup
	Experiment 1
	Experiment 2


	Results and discussion
	Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	References


