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Abstract: For robust classification, selecting a proper classifier is of primary importance. However,
selecting the best classifiers depends on the problem, as some classifiers work better at some tasks
than on others. Despite the many results collected in the literature, the support vector machine
(SVM) remains the leading adopted solution in many domains, thanks to its ease of use. In this
paper, we propose a new method based on convolutional neural networks (CNNs) as an alternative
to SVM. CNNs are specialized in processing data in a grid-like topology that usually represents
images. To enable CNNs to work on different data types, we investigate reshaping one-dimensional
vector representations into two-dimensional matrices and compared different approaches for feeding
standard CNNs using two-dimensional feature vector representations. We evaluate the different
techniques proposing a heterogeneous ensemble based on three classifiers: an SVM, a model based
on random subspace of rotation boosting (RB), and a CNN. The robustness of our approach is tested
across a set of benchmark datasets that represent a wide range of medical classification tasks. The
proposed ensembles provide promising performance on all datasets.

Keywords: computer vision; ensemble; transformers; convolutional neural networks; support vector
machine

1. Introduction

In the canonical classification workflow, raw sensor data undergo various transfor-
mations that aim at selecting the most relevant features to input into a model. Many
transforms, such as principal component analysis (PCA) [1], require one-dimensional (1D)
vector inputs. As a result, raw input data originally in matrix format (the common output
of many medical sensors) must eventually be reshaped into vectors, potentially removing
some structural information in the original data, as noted recently in [2]. Transforming data
into such a vector is not always optimal. Leaving raw matrix data in their original form or
reshaping data originally in a 1D vector format into 2D matrices has been shown to often
improve the performance of transforms and reduce computational complexity [3,4].

The problem of how to transform 2D data into 1D data or whether to do so at all is of
interest in many different areas, such as in the prediction of molecular properties on the
bases of molecular structures [5] or in the case of automated methods for detecting viral
subtypes using genomic data [6]. The choice often depends on the selected transformers
and classifiers. With many classic classifiers, such as SVM, a transformation of samples in
matrix form into 1D vectors is required.

SVM remains the leading adopted solution in many domains. It is easy to use and
functions well in ensembles. Many works, even recent works, have leveraged the power of
combining simple machine learning approaches using SVMs for improving the classification
performance [7,8] and/or for selecting features [9,10].

In this work, we intend to show the power of matrix representations of features. This
will allow the development of ensemble methods based on more powerful classifiers,
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specifically, convolutional neural networks (CNNs). Recently, a novel approach called
DeepInsight has been proposed to convert non-image samples into a well-organized image
form [11]. This allows any data to be classified by CNNs, including sets of features.
DeepInsight has been further improved to leverage transformer models [12].

The classification system proposed here is an ensemble that combines two components.
The first leverages the power of classic feature vector representations of a pattern trained on
an SVM based on random subspace of rotation boosting (RB). The second takes advantage
of CNNs pretrained on ImageNet, where 2D representations of patterns are generated for
the CNNs by reshaping vectors into matrices.

We perform an extensive empirical evaluation on several datasets within the medical
domain. We compared our proposal with fine-tuned SVMs and state-of-the-art models, com-
prising random forest, AdaBoost, XGBoost, and transformer models, which have emerged
to be one of the main counterparts of CNNs. The assessments provide evidence that the
proposed approach performs similarly to or better than the state of the art. Moreover, the
proposed ensemble outperforms the best-performing fine-tuned SVM, which, as mentioned,
is still the most popular classification approach when the patterns are represented as 1D
feature vectors.

The main contributions of this paper are as follows:

1. We provide an extensive comparison among different approaches for feeding standard
CNNs using 2D representations of a feature vector;

2. We propose an ensemble of classifiers that outperforms the widely used SVM;
3. We make freely available all the resources and source code used in this work.

The remainder of the paper is structured as follows: Section 2 provides some related
work on vector transformations and their application to CNNs. Section 3 describes the
proposed approach. Finally, in Section 4, we provide a thorough evaluation of our proposed
ensemble combining SVMs with CNNs using 2D representations of feature vectors by
comparing our best ensembles with the state of the art. The paper concludes with a look at
future work.

2. Related Work

Many 2D versions and improvements of 1D transforms have been proposed that
work directly on matrix data, such as 2DPCA [13] and 2D linear discriminant analysis
(2DLDA) [14], both of which succeed in evading the singular scatter matrix issue. However,
LDA has been shown to retain covariance information between different local geometrical
structures that are unfortunately eliminated in 2LDA [15]. Other notable examples of
2D versions of 1D transforms include the sparse two-dimensional discriminant locality-
preserving projection (S2DDLPP) [16], 2D outliers-robust PCA (ORPCA) [17], individual
local mean-based 2DPCA (ILM-2DPCA) [18], and a regional covariance matrix based on
2DPCA (RCM-2DPCA) [19], which corrects the tendency of 2DPCA to obtain an ineffective
eigenvector. Another 2D version of 1D descriptors was proposed in [20], where 2D vector
quantification encoding with bag of features was proposed for histopathological image
classification. Recently, a 2D quaternion PCA called BiG2DQPCA was proposed to treat
color images [21].

In addition to transforms, some of the most powerful handcrafted descriptors are
inherently 2D. Examples include Gabor filters [22] and local binary patterns (LBPs) as
well as the many variants based on LBP [23]. These descriptors typically work on images.
However, 1D vectors of other types of data can be reshaped into matrices and treated as
images from which Gabor filters or LBP descriptors can be extracted (e.g., [24]). Older work
in the first decade of this century revolved around the discriminative gains offered by matrix
representation and feature extraction (see, for instance, [25–27]). The reshaping methods
investigated in [26,28] are relevant to this study, as these diversify classifiers in a technique
based on AdaBoost. Another approach, called composite feature matrix representation, has
been proposed in [29]. This is derived from discriminant analysis and basically takes a set of
primitive features and makes them correspond to an input variable. Local ternary patterns
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(LTPs) is a variant of LBPs [30] where vectors are randomly rearranged into matrices that
are used to train SVMs whose predictions are combined with the mean rule. The authors
of that study noticed that both one-dimensional vector descriptors, as well as 2D texture
descriptors, can be used to increase the performance of the classifiers and showed that
linear SVMs provide good performance with texture descriptors.

Some traditional classifiers, such as min-sum matrix products (MSPs) [31], nonnegative
matrix factorization (NMF) [32], and the matrix-pattern-oriented modified Ho-Kashyap
classifier (MatMHKS) [33] have been designed explicitly to handle 2D matrix data and
even some 2D versions of classical learners that require 1D vectors, such as 2D nearest
neighbor [34]. An interesting work that proposed to represent patterns as matrices for
exploiting the power of CNN can be found in [35], where molecular descriptors and
fingerprint features of molecules are mapped into 2D feature maps used to feed a CNN. A
similar idea is proposed in [5], where molecules are treated like 2D images so that they can
be coupled with approaches based on image recognition neural networks. Another recent
approach transforms tabular data into images by assigning features to pixel positions so
that similar features are close to each other in the image [36]. CNNs trained on image
representations of cancer cell lines and drugs report better performance than prediction
models trained on the original tabular data. A further method, DeepInsight [11], mentioned
in the Introduction, was proposed for feeding CNNs using matrices built starting from the
standard feature vector.

3. Proposed Approach

Ensembles of classifiers usually outperform the performance of single models, as
reported by many papers [37–42]. The best practice for creating efficient ensembles is to
select high-performing models whose predictions are as uncorrelated as possible [42]. This
approach is intuitive since an ensemble of models whose predictions are the same cannot
improve the performance of the corresponding stand-alone model. However, if every
model learns to distinguish different features, then it can extract different information on
the test samples.

In the study presented here, we propose a new classification system that is based on
an ensemble of approaches. The structure of our proposal is depicted in Figure 1. The
ensemble is built with two models based on the classic feature vector representation of a
pattern: SVM and random subspace of rotation boosting (RB). The third model is based on
CNNs pretrained on ImageNet. The input data is represented by a 1D vector for the SVMs.
The same vector is also transformed with neighborhood-preserving embedding to train
RB. For the CNNs, a 2D representation of patterns is obtained by reshaping vectors into
matrices. These three approaches are combined by the weighted sum rule.

In the following sections, we give a brief description of all the methods adopted in
this work, including those for comparison purposes.

3.1. Random Forest

The random forest algorithm [43] is based on decision trees and uses the bagging
technique. This involves training multiple decision trees on different sections of the dataset
by randomly selecting data points with replacements. Once trained, the model can predict
the value of the target variable for new data based on the average of the predictions from the
different trees. Random forest usually has better generalization performance than a single
decision tree due to the randomness, which helps to reduce overfitting, thus decreasing the
variance of the model. We used nTrees = 500.



Analytics 2023, 2 679

Input Data

2D Data

Feature Vector

One-Dimensional 
features

Classification

SVM

Fusion

Weighted Sum rule 

RB

Neighborhood 
Preserving 

Embedding (NPE)

CNN

Figure 1. Structure of the proposed approach: The input data is represented through a 1D vector that
is used to train the SVMs. The same is also transformed with NPE to train RB. Specific transformations
are applied to the 1D input in order to transform it into a 2D matrix to train the CNNs.

3.2. AdaBoost

The AdaBoost algorithm is a machine learning method that is employed to create
regression or classification models [44]. It is a boosting technique that functions as an
ensemble approach. During the training process, the algorithm focuses on those instances
that have been misclassified. It assigns weights to each instance, with higher weights given
to the incorrectly classified samples. We used 100 classifiers.

3.3. XGBoost

XGBoost is an improved version of gradient boosting, a technique developed by
Friedman [45,46]. It uses a regularization term to prevent overfitting and thus achieve
better results. Gradient boosting combines multiple models, such as random forest, to create
a final model. It does this by giving more weight to instances with incorrect predictions.
In each learning cycle, the prediction errors are used to calculate the gradient, and a new
tree is created to predict the gradients. The prediction values are then updated. After the
learning phase, XGBoost produces the final predictions of the target variable by adding the
average calculated in the initial step to all the residuals predicted by the trees, multiplied
by the learning rate. We used 100 classifiers.

3.4. Support Vector Machine (SVM)

SVM [47] is a classic binary classifier that works well in ensembles. For this reason, it
was selected as the core classifier in several of our ensembles. SVM works by dividing an
n-dimensional space (with n being the number of features) into two regions representing
two distinct classes, referred to as the positive and negative classes. An n-dimensional
hyperplane separates the two regions with the maximum distance d from the training
vectors of the two classes. SVM is implemented using LibSVM, which is available at [48].
All the SVMs used in this work adopt the radial basis function. Moreover, a dataset-driven
fine-tuning of parameters is performed on the SVMs by running a five-fold cross-validation
using only the training data: i.e., if the testing protocol is a five-fold cross-validation, we run
the five-fold for each of the five training sets. In this way, we try to avoid any overfitting.
Hyperparameters are optimized by adopting a grid search approach with the following
method [C, gamma] = meshgrid(−5:2:15, −15:2:3).
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3.5. Image Generator for Tabular Data (IGTD)

The objective of IGTD [36] is to convert tabular features into image features. Given
two rank matrices R and Q of dimension N × N, respectively, of tabular data and image,
IGTD finds a mapping that minimizes the error:

err(R, Q) =
N

∑
i=2

i−1

∑
j=1

di f f
(
ri,j, qi,j

)
, (1)

where di f f is a distance function (e.g., Euclidean distance), while ri,j and qi,j are the
elements of R and Q. IGTD achieves the objective with an iterative process that swaps
features of R until it converges or reaches a maximum number of iterations.

3.6. Random Subspace Rotation Boosting (RB)

RB is an ensemble of decision trees that randomly splits the features into subsets. RB
corresponds to a random subspace version of rotating boosting [49]. In RB, subsets are
changed by applying a feature transformation; for instance, in the original formulation
of RB, features are reduced using PCA. As in [37], we apply NPE [50], which is designed
to preserve the local manifold structure. In NPE, each data point Xi is specified by a
linear combination of the neighboring points, computed using KNN. The neighbors are
represented as an adjacency matrix with weight Wij from node i to node j computed
as the minimum of ∑i ‖xi − ∑j Wijxj‖2. Then, the optimal embedding is such that the
neighborhood structure can be preserved in the dimensionality-reduced space, given by
the minimum eigenvalue solution:

XMXTa = λXXTa, (2)

where X = (x1, · · · , xm) is the matrix of the points, M = (I −W)T(I −W), W is weight
matrix with Wij and I = diag(1, · · · , 1).

3.7. Convolutional Neural Networks (CNNs)

In this work, we test four CNN topologies: ResNet18, ResNet50, ResNet101, and In-
ception ResNet v2. Many other topologies (VGG, DenseNet, GoogleNet, NasNet, DarkNet)
were tested on the blood–brain barrier (BBB) dataset, but their performance was worse.
Thus, they were not used to reduce test time. ResNet18, ResNet50, and ResNet101 are
different versions of the ResNet architecture proposed in [51] and differ only in the depth
of the networks. The main feature of ResNet is the presence of residual blocks. As shown
in that figure, it is a standard convolutional block in a neural network, with the difference
being that the input is summed to the output through a so-called residual connection. This
trick helps gradient flow and mitigates the problem of vanishing and exploding gradients,
allowing for better training. ResNet usually manages to reach a lower training error than
older architectures with the same depth, thanks to the improved training.

Inception ResNet v2 [52] is the fusion between Inception v2 and ResNet. It is basically
the Inception v2 architecture [53], with the difference that every inception module also has
a residual connection.

The networks that we refer to here as stochastic [54] are modifications of CNN archi-
tectures whose activation functions have been randomly modified. Given a network and a
pool of activation functions, we modify every activation layer of the original network with a
new one randomly selected among those in the pool. This procedure yields a new network
with a different activation. The randomness of the method yields a different network every
time the algorithm is executed. The set of networks is then combined by the sum rule.
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For feeding the CNNs, we reshape the original feature vector into a matrix. Given a
feature vector f = [a1, . . . , an], where ak ∈ R is a single feature value, we want to obtain
a matrix:

M f =

b1,1,c . . . b1,m,c
...

. . .
...

bl,1,c . . . bl,m,c


c

, (3)

where bi,j,c ∈ R and c = {1, 2, 3} is the channel dimension while i = 1, . . . , l and
j = 1, . . . , m are row and column coordinates. In order to obtain the matrix, we reshape the
original feature vector f into a matrix M f by applying two different approaches.

In the first approach, each channel corresponds to the feature vector reshaped to match
the column and row dimensions. The dimension of the matrix is l = m =

√
n. The value of

ak are mapped into the first channel c = 1 of the matrix as bi,j = a(j−1)×
√

n+i. For c = 2 and
c = 3 the same procedure is repeated. If n is not a perfect square, then the feature vector is
filled with zeros until

√
n is rational.

In the second approach, the feature vector is directly reshaped to match the matrix.
The dimension of the matrix is l = m =

√
n/3 since an image has three channels. The value

of ak are mapped into bi,j,c with the following equation: bi,j,c = a(c−1)×n/3+(j−1)×
√

n/3+i.
Similarly to the first approach, if n/3 is not a perfect square, then the feature vector is filled
with zeros until

√
n/3 is rational.

After the reshaping step, the resulting matrix is resized to match the input size re-
quested by the specific CNN topology. Note that a random shuffling of the original features
is performed to improve the diversity among the classifiers for each network in the ensem-
ble before creating the matrices used to train the network.

3.8. Transformers in Image Classification

Deep learning has been dominated by CNN networks ever since their first appearance
in 1989 [55], thanks to their structure, which is invariant to shift and less prone to overfitting.
Their biggest impact has been in computer vision, where CNNs have become the mainstay
for solving many tasks, such as image classification [51], semantic segmentation [56], and
object detection [57]. While many researchers were developing more sophisticated CNN
models, Vaswani et al. [58] was proposing the transformer to solve the machine translation
problem. The transformer leverages self-attention mechanisms that have obtained dis-
ruptive performances in this area, thereby becoming the new leading paradigm in neural
language processing.

Transformers were applied to image classification by Dosovitskiy et al. with a model
named vision-transformer (ViT) [59], the first pure transformer model reaching results
comparable to CNNs on image tasks. The authors adopted the encoder of the original
transformer [58] by treating image patches as tokens. Training such a network is not
effortless due to its lack of inductive biases. Moreover, aggregating local information
is more difficult with the transformer model compared to standard CNNs [59,60]. To
overcome these problems, ViT requires a pre-training on a dataset with millions of images,
viz., the JFT-300M dataset [61].

A different approach to address the issue of data requirements was presented in [62].
The authors of that study proposed to distillate the knowledge from a CNN network com-
bined with real ground-truth values. They also introduced a “distillation token” alongside
the image tokens to improve the distillation process. These changes have simplified training
and improved performance, resulting in a new model the authors called the data-efficient
transformer (DeiT).

One of the best transformer models inspired by ViT is Swin [63]. It uses a hierarchical
window structure that computes the self-attention inside a window, reducing execution
time. Swin structure is also suitable for large-scale distributed training. The authors
demonstrated that ViT can also be used as a backbone for other vision tasks, such as
semantic segmentation [63].
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Whereas ViT, DeiT, and Swin models may be considered “pure” transformer models,
some authors have exploited the power of the CNN’s inductive bias and the transformer’s
capacity within the same model. An example of this combination is CoAtNet [60], which
merges depthwise convolution and self-attention, stacking them vertically to improve
generalization, capacity, and efficiency.

Since training from random weights requires a huge amount of data, in this work,
we fine-tune the models trained on ImageNet [64], available in the Timm library [65].
Specifically, we use DeiT-Base with patch dimension 16, ViT-Base with patch 16, Swin-Base
with patch 4, and a specific implementation CoAtNet in Timm that removes the continuous
log-coordinate relative position bias. It is worth mentioning that ViT implementation in
Timm was first pretrained on Imagnet-21k. For each model, we changed the last layer to
match the number of classes of the chosen dataset. In each dataset, we extracted a validation
set with 0.25 split ratio to perform early-stopping to avoid overfitting, and we resized the
dimension to 224 × 224 to match the input dimension of the pretrained networks.

We trained the models using AdamW optimizer with cosine annealing [66], starting
from a learning rate of 10−4, weight decay value of 0.03, batch size of 32, and the standard
cross-entropy loss. After five consecutive epochs without decreasing the minimum valida-
tion loss, we reduced the learning rate to 10−5 and 10−6. We kept the model with the best
F1-score in the validation during the training.

With transformers, we created ensembles of them in the same way we create ensembles
for CNNs.

4. Experimental Results

To assess the proposed approach, we performed an empirical evaluation using the
following medical datasets (along with a large dataset based on stars that will be used in
one of our experiments):

1. RNA: This is the tumor gene expression dataset published in [67]. It contains the
RNA sequencing values from tumor samples belonging to five cancer types: (a) lung
squamous cell carcinoma (LUSC), (b) lung adenocarcinoma (LUAD), (c) breast in-
vasive carcinoma (BRCA), (d) uterine corpus endometrial carcinoma (UCEC), and
(e) kidney renal clear-cell carcinoma (KIRC). This dataset contains 2086 patterns with
972 features. The number of samples for each tumor is reported in Table 1. The
protocol for RNA is five-fold cross-validation.

2. Two datasets that predict blood–brain barrier (BBB) permeability of compounds:

• BBB: This dataset contains 7162 compounds [68] with 5453 BBB-permeable and
1709 non-permeable compounds. The protocol for BBB is 10-fold cross-validation.

• BBBind: This dataset contains 74 central nerve system compounds gathered
from the literature, with 39 BBB compounds permeable and 35 nonpermeable.
The 74 compounds are classified with models trained on the first BBB dataset of
7162 compounds.

3. Enz: This is the drug–enzyme interaction dataset in [69]. Enz is composed of 445 drugs,
664 targets, and 2926 interactions. The drug molecules are encoded by a substructure
fingerprint with a dictionary of substructure patterns. The discrete wavelet transform
(DWT) is applied simultaneously to extract features from the target sequences, after
which the feature vectors are constructed by concatenating and normalizing the target,
drug, and network. The protocol for Enz is five-fold cross-validation.

4. Two datasets for prognosis prediction of breast cancer [70]. The dataset consists
of data from 1980 patients. Patients were classified as long-time survivors (greater
than five years), of which there are 1489 patients, and short-term survivors (less than
five years), of which there are 491. The two datasets, labeled as follows, differ in the
features that represent each patient:

• Breast, wherein the features are the gene expression profile, copy number alter-
ation (CNA) profile, and clinical data, as suggested in [70].
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• Breast_L, where a CNN is used for feature extraction, as in [70].

The protocol for both breast cancer datasets is five-fold cross-validation.
5. InSilico: It is a drug repositioning dataset [71]; the goal of this application is to find

new uses for existing drugs (the dataset is originally called Fdataset). In the dataset,
there are 1933 associations between drugs and diseases, 593 drugs, and 313 diseases.
Interacting drug–disease pairs are used as positive samples, and the same number of
pairs with no known interactions are randomly selected as negative samples. Finally,
10-fold cross-validation is used to evaluate performance. In this work, we employ the
same feature extraction applied originally. Features are [0, 1], if we do not normalize,
and [0, 255] otherwise. CNN networks do not converge well, and poor performance
is obtained when features are not normalized. Hence, all tests reported for CNN
use features normalized to [0, 255], which is obtained by simply multiplying each
unnormalized feature by 255.

6. Pestis: This dataset corresponds to the original Human–Yersinia pestis datasets, and
contains features for understanding the behavioral process of life and disease-causing
mechanism in terms of protein–protein interactions (PPI) [72]. In the interaction
dataset, the numbers of positive and negative interactions are 4097 and 12,500, respec-
tively. The protocol for Pestis is five-fold cross-validation.

7. Kepler: This is not a medical dataset. We use the same threshold crossing event
(TCE) catalog, from the Kepler data in [73]. A TCE is a sequence of significant,
periodic, planet-transit-like features in the light curve of a target star. This TCE catalog
contains a total of 18,407 TCEs, and each TCE is described by 237 attributes that are
based on, e.g., the wavelet matched filter, transit model fitting, and difference image
centroids. The aim is to assign to each TCE one of these four classes: planet candidate;
astrophysical false positive; non-transiting phenomena; and unknown object. To
reduce computation time, we run a two-fold cross-validation

8. Alz: Data were obtained from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database (adni.loni.usc.edu); it has been collected from 41 different radiology
centers. The aim is to classify the mildly cognitive impaired converting to Alzheimer’s
Disease (MCIc) vs. cognitively normal (CN) subjects. We apply the same testing
protocol (20-fold cross-validation), preprocessing, and the number of features of [74].
We have 162 CN and 76 MCIc patterns, each described by 2000 features selected by
the Chi-2 test feature selection approach.

Table 1. Number of samples for tumor category in RNA dataset.

Tumor Type Number of Samples

BRCA 878
KIRK 537
LUAD 162
LUSC 240
UCEC 269

For all datasets with k-fold cross-validation, the split is performed five times, and
performance reports the average values. For training and testing the SVMs, the features are
normalized to [0, 1] using only the data in the training set. Two metrics are adopted as the
performance indicators: error rate and the error area under the ROC curve (EAUC).

We report the performance obtained in the following experiments using different CNN
topologies. The following models were considered:

• Base: a single CNN;
• Ens: an ensemble obtained with 14 reiterated CNNs, where all of them use ReLu as

the activation function;
• Stoc: an ensemble of 14 CNNs obtained using the stochastic approach detailed in the

previous section.
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Stoc is built with fourteen classifiers, seven using the first method reported in Section 3.7
and seven with the approach reported in Section 3.7 for reshaping a vector to a matrix.
ResNet50 (DeepIns) is ResNet50 coupled with the method proposed in [11] for feeding
CNNs using matrices built starting from the standard feature vector. In this case, Stoc is
always coupled with the matrices created by DeepIns. The size of Ens and Stoc is always
14, even when IGTD is coupled with the 14 CNNs trained using the stochastic approach.
Moreover, in each ensemble (including DeepIns and IGTD), each CNN is trained randomly
by shuffling the features before reshaping the feature vector into a matrix to increase
diversity among ensemble elements. The networks are combined by the weighted sum rule
(the weight is 1 if unspecified). Specifically, we investigated the following:

• ResNet18 + ResNet50 + ResNet101, which adopts the sum rule between ResNet18,
ResNet50, and ResNet101, each coupled with Stoc.

• ResNet18 + ResNet50 + ResNet101 (IGTD), which adopts the sum rule between
ResNet18, ResNet50, and ResNet101. Each model is coupled with Stoc, where the
IGTD approach has been used for creating the matrices used to feed the CNNs.

• ReShape + IGTD, which adopts the sum rule between ResNet18 + ResNet50 + ResNet101
and ResNet18 + ResNet50 + ResNet101 (IGTD).

The first set of experiments is reported in Tables 2 and 3. Examining the results in
those tables, we observe that the best tradeoff between performance and computational
complexity is obtained on average by ResNet50. We also note that our approach is more
stable in performance than DeepIns. Moreover, both the Stoc and Ens ensembles outperform
the Base approach. As always happens with CNNs, the computational complexity is
essentially related to training and not to the inference phase. Using an NVIDIA 1080, the
time it takes to classify 100 patterns in the following are:

• Resnet50 takes 0.30 s;
• ResNet101 takes 0.35 s;
• ResNet18 takes 0.16 s.

Note: the input for ResNet above is always the same since they are pretrained on
ImageNet.

In Tables 4 and 5, we report the performance of the following approaches:

• SVM: where the parameters are found separately in each training set of each fold
using a grid search;

• RB: where a random subspace of 10 RBs are combined by sum rule;
• Deep: ResNet50 coupled with Stoc;
• DeepIG: the method previously defined as ReShape+IGTD;
• “k × SVM + RB + Deep/DeepIG”: an ensemble that is the weighted sum rule among

SVM (weight = k), RB, and Deep/DeepIG (the scores of each approach, i.e., Deep,
SVM, RB, and DeepIG, are normalized to mean 0 and std 1 before the fusion).

• State of the art: this corresponds to the best method reported on that dataset: [69] for
Enz, [68] for BBB and BBB-Ind, [67] for RNA, [70] for Breast and Breast_L, and [71]
for InSilico.

From Tables 4 and 5, we can also observe:

• There is no clear winner among SVM, RB, and Deep;
• Deep performs better than the transformers;
• On average, the best method, considering all the datasets and both the performance

indicators, is 4 × SVM + RB + DeepIG; this ensemble obtains similar or better perfor-
mance compared to the state of the art in all the datasets and is our suggested ensemble.
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Table 2. CNN error rate; to reduce computation time some tests are not performed. Best performance in bold.

Ensemble Model RNA BBB BBB-Ind Enz Breast Breast_L InSilico

ResNet50
Base 4.00 13.62 17.5 10.52 19.13 11.45 ***
Ens 2.83 11.10 9.5 8.74 16.52 10.67 ***
Stoc 2.59 10.72 8.1 8.32 16.14 9.72 22.74

ResNet50 (DeepIns)
Base 2.72 14.13 24.3 11.10 19.00 15.44 34.62
Ens 2.41 11.32 16.2 8.10 15.33 13.74 ***
Stoc 2.21 11.42 18.9 8.12 15.00 14.12 ***

ResNet101
Base 4.33 13.24 16.2 10.52 *** *** ***
Ens 2.81 10.80 13.5 9.00 *** *** ***
Stoc 2.61 10.80 10.8 8.42 15.83 9.40 22.81

Inceptionresnetv2
Base 5.41 21.61 22.9 11.42 *** *** ***
Ens 4.00 11.62 8.1 9.73 *** *** ***
Stoc 3.83 11.31 8.1 9.54 *** *** ***

ResNet18 Stoc 2.51 11.00 17.6 8.53 15.72 10.31 22.82
ResNet18 + ResNet50 + ResNet101 Stoc 2.32 10.73 12.1 8.31 15.74 9.44 22.63
ResNet18 + ResNet50 + ResNet101 (IGTD) IGTD 2.32 10.91 6.8 7.54 14.00 9.32 23.53
ReShape + IGTD Stoc/IGTD 2.21 10.71 9.5 7.80 14.62 9.22 22.81
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Table 3. CNN error area under the ROC curve; to reduce computation time some tests are not performed. Best performance in bold.

Ensemble Model RNA BBB BBB-Ind Enz Breast Breast_L InSilico

ResNet50
Base 0.43 10.00 12.3 5.00 19.32 7.81 ***
Ens 0.21 7.22 4.0 3.82 14.00 6.64 ***
Stoc 0.23 7.21 4.2 3.65 13.43 6.62 14.71

ResNet50 (DeepIns)
Base 0.34 11.32 14.6 4.32 16.53 13.11 28.92
Ens 0.22 7.87 5.0 2.63 12.62 9.91 ***
Stoc 0.21 7.83 8.0 2.52 11.71 10.00 ***

ResNet101
Base 0.52 10.32 8.1 5.00 *** *** ***
Ens 0.31 7.22 5.6 4.00 *** *** ***
Stoc 0.22 7.21 4.2 3.55 14.24 6.73 14.73

Inceptionresnetv2
Base 0.72 18.71 13.6 5.91 *** *** ***
Ens 0.33 7.13 3.7 4.54 *** *** ***
Stoc 0.32 7.00 4.4 4.51 *** *** ***

ResNet18 Stoc 0.31 7.42 6.1 3.55 12.92 6.61 14.44
ResNet18 + ResNet50 + ResNet101 Stoc 0.24 6.84 4.1 3.42 12.71 5.43 14.20
ResNet18 + ResNet50 + ResNet101 (IGTD) IGTD 0.20 6.45 3.6 2.51 10.82 5.33 14.92
ReShape + IGTD Stoc/IGTD 0.20 6.31 3.7 2.81 11.22 5.43 14.10
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Table 4. Proposed ensemble and error rate. Best performance in bold.

Error Rate RNA BBB BBB-Ind Enz Breast Breast_L InSilico

State of the art 3.1 11 10 6.2 17.4 9.8 22.2
Random forest 2.92 10.84 12.2 8.92 16.22 9.51 23.45
AdaBoost 2.32 10.63 12.2 10.95 16.61 10.23 27.00
XGBoost 2.51 10.54 12.4 9.81 16.40 9.72 24.22
SVM 1.65 10.73 12.1 7.13 16.44 9.82 20.82
RB 2.31 11.10 10.8 8.32 15.24 9.72 22.65
Deep 2.59 10.72 8.1 8.32 16.14 9.72 22.74
2 × SVM + RB 1.74 10.51 10.8 7.13 15.43 9.72 20.95
4 × SVM + RB 1.73 10.60 12.1 6.90 16.00 9.72 20.52
6 × SVM + RB + Deep 1.71 10.52 10.8 7.21 15.20 9.41 21.00
4 × SVM + RB + Deep 1.70 10.43 10.8 7.31 15.23 9.54 20.91
2 × SVM + RB + Deep 1.92 10.32 9.4 7.32 14.90 9.82 21.32
SVM + RB + Deep 2.11 10.45 8.1 7.62 14.94 9.93 21.62
6 × SVM + RB + DeepIG 1.73 10.62 13.5 7.00 15.20 9.43 21.12
4 × SVM + RB + DeepIG 1.72 10.61 12.1 7.00 15.00 9.20 21.21
Deit 2.64 10.72 9.5 8.43 16.62 9.95 26.75
Vit 2.32 10.81 9.5 8.23 16.82 10.13 27.2
Swin 2.70 10.51 8.1 8.32 16.95 9.84 26.24
Coat 2.90 22.91 40.5 8.92 15.84 10.15 26.00

Table 5. Proposed ensemble and error area under the ROC curve. Best performance in bold.

EAUC RNA BBB BBB-Ind Enz Breast Breast_L InSilico

State of the art — 6 10 2 8 7 16.2
Random forest 0.32 7.23 3.3 4.00 14.94 6.44 15.23
AdaBoost 0.24 7.23 6.8 4.13 14.00 6.83 19.23
XGBoost 0.32 7.23 5.5 4.12 13.93 6.63 18.33
SVM 0.34 9.64 6.2 2.33 12.74 5.53 13.14
RB 0.23 6.64 4.2 3.60 12.75 5.84 14.00
Deep 0.23 7.21 4.2 3.65 13.43 6.62 14.71
2 × SVM + RB 0.24 7.00 3.4 2.32 11.83 5.44 12.84
4 × SVM + RB 0.20 7.43 3.5 2.22 12.13 5.43 12.81
6 × SVM + RB + Deep 0.21 7.22 4.0 2.22 11.92 5.43 13.00
4 × SVM + RB + Deep 0.20 6.91 4.0 2.31 11.71 5.42 13.00
2 × SVM + RB + Deep 0.22 6.53 3.9 2.34 11.64 5.53 13.15
SVM + RB + Deep 0.22 6.33 3.8 2.54 11.64 5.65 13.34
6 × SVM + RB + DeepIG 0.21 7.83 3.6 2.12 11.62 5.33 12.91
4 × SVM + RB + DeepIG 0.20 7.63 3.6 2.23 11.54 5.30 12.95
Deit 0.24 8.21 5.2 3.63 15.43 5.73 18.00
Vit 0.23 8.33 6.0 3.43 14.64 5.93 19.14
Swin 0.22 8.14 5.0 3.42 15.23 5.82 18.55
Coat 0.33 17.24 13.7 3.92 14.90 6.13 17.84

From the results in Tables 4 and 5, it can be seen that the ensemble 4 × SVM + RB +
Deep is similar to or better than SVM. The latter is still used by many as a basic classification
method when working with feature vectors. It is unclear whether CNN-1d can replace
SVM, but we envision that by providing the code, many could benefit from our solution
and use ’4 × SVM + RB + Deep’/’4 × SVM + RB + DeepIG’ instead of SVM. Considering
the results reported in Table 5, “4 × SVM + RB+ DeepIG” outperforms SVM with a p-value
of 0.0312, using the Wilcoxon signed-rank test. Keep in mind that we are adopting SVM by
LibSVM (https://github.com/cjlin1/libsvm—Last access, 13 March 2023), by far the most
used SVM tool, and we also fix SVM weights following a five-fold cross-validation on each
training set as best practice. This procedure should be widely adopted, but in the literature,
some approaches still use the entire dataset to set weights, thereby overfitting. Note as well
that despite some research already proposed in the literature on using ensembles, none

https://github.com/cjlin1/libsvm
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supplants SVM. Thus, our main novelty here is the successful combination of SVM with
CNN using classic image-based topologies.

We tested many different networks, but only ResNet-based networks performed
similarly to SVM and RB. Moreover, DeepIns seems to be unstable as it works poorly in
some datasets; notice that we are using the original tool.

For each test, we also evaluate and compare the ability to perform a classification task.
To do that, we adopt the receiver operator characteristic (ROC) curve. An ROC curve is a
graphical representation used to show the diagnostic capabilities of binary classification.
The ROC curve is built by plotting the true positive rate (TPR) versus the false positive
rate (FPR). TPR represents the percentage of all positive observations that are correctly
predicted to be positive. Similarly, FPR depicts the percentage of falsely predicted positive
observations out of all negative observations. The ROC curve shows the trade-off between
sensitivity (or TPR) and specificity (1—FPR). The closer the yield curve is to the upper left
corner, the better the performance is. Any random classification produces a plot around
the diagonal (FPR = TPR). The ROC curve is indifferent to class imbalance. Here, we
report the ROC curves of tests where our approach performs better than SVM. In other
cases, performances are mostly overlapping. In Figure 2, we compare the ROC curves
for our proposed ensemble (red line in the figure) and SVM (blue line in the figure). In
each ROC curve, it can be noticed that the proposed ensemble is always performing better
than the standard SVM (as in the many points where the red line is above the blue line).
This is evidence that suggests that the proposed methods are outperforming the standard
SVM classifier.

In addition to the tests above, we also evaluated our approach on two other large
datasets (Kepler and Pestis) and a small one (Alz). Due to computational power resource
limitations, on these datasets, we ran only a subset of the previous experiments. Tables 6–8
report the performance of our proposal and the results of recent literature on the above-cited
datasets. As can be observed, in the very small dataset (200 patterns), CNN, as expected,
suffers; the other two datasets contain thousands of patterns and confirm that the proposed
ensemble improves the stand-alone SVM. We are aware that in [75] better performance
is obtained in Pestis, but we were not able to reproduce the same results adopting our
testing protocol.

Table 6. Performance on Pestis dataset. Best performance in bold.

SVM Deep DeepIG 4 × SVM +
DeepIG

SVM +
DeepIG [72] [76] [77]

Error Rate 7.94 7.83 7.13 7.24 6.91 14.6 12.7 11.6
EUC 3.54 3.33 2.65 3.11 2.75 13.2 5 4.2

Table 7. Performance on Alzheimer dataset. Best performance in bold.

SVM Deep DeepIG 4 × SVM +
DeepIG

SVM +
DeepIG

Error Rate 15.11 18.52 18.52 15.57 16.40
EAUC 9.76 14.45 13.95 10.07 10.79

Table 8. Performance on Kepler dataset. Best performance in bold.

SVM Deep DeepIG 4 × SVM +
DeepIG

SVM +
DeepIG

Error Rate 15.37 13.57 13.15 14.32 13.53
EAUC 8.09 4.87 4.48 6.48 5.40
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(a)

(b)

Figure 2. ROC curves for different datasets: (a) BREAST dataset; (b) Pestis dataset. Ensemble (red
line) and SVM (blue line).

As a final test, we attempted to improve the performance of the ensemble by using
a validation set to find the weights of the three methods (SVM, RB, and DeepIG) that
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make up the ensemble. As an approach for extracting the validation set, we used five-fold
cross-validation only on the data from the training set. The results do not allow us to come
to a definitive conclusion: in some datasets, the use of validation improves performance;
in others, it does not (probably as a consequence of overfitting the parameters on the
validation set). The results are reported in Table 9, where A, B, and C are the weights
obtained using the validation data. Although in the ALZ dataset the proposed method
performs worse than SVM, the importance of the ensemble is evident: the EAUC of a single
ResNet50 coupled to Deep is 19.03, the EAUC of a single ResNet50 coupled to IGTD is
18.62, while the EAUC of the DeepIG ensemble is 13.95. Even in the Kepler dataset, the
importance of the ensemble is evident, as the EAUC of a single ResNet50 coupled with
Deep is 7.56, the EAUC of a single ResNet50 coupled with IGTD is 9.03, and the EAUC of
the DeepIG ensemble is 4.48. In contrast, for the Pestis dataset, we obtain the following
performance: the EAUC of a single ResNet50 coupled with Deep is 4.59, the EAUC of
a single ResNet50 coupled with IGTD is 3.68, while the EAUC of the DeepIG ensemble
is 2.65.

Table 9. Proposed ensemble validation set: EAUC.

Validation Set RNA BBB BBB-Ind Enz Breast Breast_L InSilico

4 × SVM + RB + DeepIG 0.20 7.63 3.6 2.23 11.54 5.30 12.95
A × SVM + B × RB + C × DeepIG 0.21 7.43 3.72 2.35 11.12 5.11 12.83

5. Conclusions

In this work, we investigated training CNNs with matrices generated by reshaping
original feature vectors. We also reported the performance obtained by combining CNN
and vector-based descriptors. The research presented here sheds more light on this area
by exploring different topologies and the value of combining different classifiers to build
heterogeneous ensembles. From this analysis, we found that approaches based on ResNet
performed the best. Our approach has been tested on several different datasets to check
generalizability. Across the board, we obtained results that were close to or better than the
state of the art.

In future works, we plan to add new datasets to improve the analysis of the gener-
alization of our method as well as test other methods (also proposed in the literature) to
create a suitable matrix to train CNN. Other future lines of research will be:

• Data normalization: it is important to understand the best way to pass data to pre-
trained networks on images;

• Adapting methods based on the dataset: e.g., if we know that the input consists of
a sequence of only four letters (as with DNA or RNA), we can adapt the methods to
create ad hoc ones considering that we know what possible features are present;

• Working towards achieving a more contextual transformation method related to
data semantics.

Finally, note that in the proposed framework, we used a CNN pretrained on ImageNet.
The next step will analyze the performance of pretraining other datasets, e.g., by adopting
more datasets and then adopting a leave-one-out approach where one dataset is used
for testing and the other datasets are used to pretrain the model. We are planning new
methods to transform vectors in matrices in order to maintain as much information as
possible avoiding biases. We strongly believe that reported results may also prompt
other authors to work on the same task of adapting classic CNNs to be used to classify
feature vectors.
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