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a b s t r a c t

Magnetic resonance spectroscopy (MRS) is one of the non-invasive tools used in the

detection of brain tumors. MRS provides a metabolic profile about the brain. In this profile,

MRS patterns of the tumors and pseudo tumors can be similar to each other. For this reason,

accurate diagnosis and classification of brain tumor is of vital importance for the patient's

treatment planning. It has been widely preferred by physicians in recent years because it

does not pose the risk of infection and death due to surgery like biopsy. In this study, binary

classification of brain tumors and normal brain tissue with pseudo-brain tumors is achieved

via deep neural networks using MRS data. For the classification of MRS signals, a stacked

model based on Long Short-Term Memory (LSTM) and Bidirectional Long Short-Term

Memory (Bi-LSTM) deep neural networks is proposed. In the experimental studies in the

study, MRS signals from normal brain tissue, brain tumor and pseudo-brain tumors in the

INTERPRET database are used. Since the MRS data belonging to a large number of tumors and

pseudo-tumors are required for training and testing of the LSTM neural networks, the

number of data for the MRS dataset is increased by data augmentation methods. Training

and testing of the LSTM neural networks used are performed with a repeated 5-fold cross

validation and 10 repetitions for each model. As a result of this study, proposed a stacked

model for computer-aided binary classification of MRS data, classification results of 93.44%,

85.56%, 88.33% and 99.23% are obtained for the classification of pseudo brain tumor with

glioblastoma, diffuse astrocytoma, metastatic brain tumors and normal brain tissue, re-

spectively. Therefore, it is confirmed that the proposed LSTM-based stacked method is

successful in detecting pseudo brain tumors using MRS signals.

© 2020 Nalecz Institute of Biocybernetics and Biomedical Engineering of the Polish

Academy of Sciences. Published by Elsevier B.V. All rights reserved.

Available online at www.sciencedirect.com

ScienceDirect

journal homepage: www.elsevier.com/locate/bbe
1. Introduction

Nowadays, cancer is the second leading cause of human death
after cardiovascular diseases [1]. According to the world health
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organization, 9.1 million people died from cancer in 2018 [2].
Although the brain tumors comprise 2% of all cancers, they are
disproportionately responsible for cancer-related deaths [3].
According to the World Cancer Report published by the World
Health Organization in 2020, while brain and central nervous
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system cancers were the 17th most common cancer type in
2018, approximately 297 thousand new cases were recorded
worldwide [4].

Clinical findings, radiological imaging and histopathology
reports play a significant role in the diagnosis of brain tumors.
Magnetic resonance imaging (MRI), which provides anatomical
information about the brain, and magnetic resonance spec-
troscopy (MRS), which provides information of the metabolites
in the brain, are non-invasive methods used in the diagnosis of
brain tumors. The histopathological analysis of a biopsy is the
best method for diagnosis of a brain tumor accurately.
However, a biopsy has the risk of mortality since it cannot
be carried out in all instances [5,6]. MRI has been used in the
clinical setting for the diagnosis of brain tumors since the early
1980s [7]. It also provides the best soft tissue contrast among
the imaging methods [8]. However, MRI has low sensitivity and
can be misleading in determining the type and grade of the
tumor [9]. MRS is a non-invasive technique used in the
diagnosis of the brain tumors. It provides metabolic informa-
tion of the tissue under investigation. MRS is used in
determining whether the tumor appears benign or malignant
by the diagnosis of the type, grade and aggressiveness of the
tumor [10]. While it is not possible to distinguish some tumor
types with similar images by using MRI, it can be diagnosed
with MRS.

Gliomas are the tumors of the central nervous system
tumors. They are divided into four different grades from I to IV
by WHO classification according to its histopathological
features [11]. Tumors categorized as grade I are usually treated
non-operatively and are considered as benign. Although Grade
II brain tumors are generally benign, they can also be
malignant in some cases. Grade III tumors are mostly
malignant. Grade IV tumors are called as glioblastoma multi-
forme and are the most malignant tumors. Structures that are
similar to tumors but are not neoplastic in MRI or some
metabolite peaks in MRS signal data are called as pseudo
tumors. Classifying a lesion as a pseudo-tumor prevents a
possible biopsy and changes the treatment management.
Examples of pseudo tumors include abscesses, infectious,
ischemic, or demyelinating lesions [12].

Pseudo-tumors are also known as idiopathic intracranial
hypertension (IIH), pseudo-tumor cerebri syndrome (PTCS) or
benign intracranial hypertension. Pseudo-tumors are neuro-
logical syndromes that cause increased intracranial pressure
(ICP), headache and vision loss despite they are not a mass
lesion, underlying infection or malignant tumor [13]. Pseudo-
tumors are the cases where there are no definite focal
neurological symptoms or signs and the CSF maintains its
normal composition [14]. Therefore, it is difficult to determine
the pseudo-tumors. Pseudo-tumors occurs potentially in
obese women of childbearing age [15]. The possible diseases
and conditions that may be associated with pseudo-tumors
include bronchitis, sinusitis, middle ear infections, gastroen-
teritis, urinary tract infections, HIV infection, Lyme disease
and varicella [16]. The causes of pseudo-tumor can be listed as
brain edema, osmotic edema, vasogenic edema, increased
vascular volume, venous hypertension, and arterial dilatation
[17]. Distinguishing real tumor from pseudo-tumor is going to
completely change the treatment process to be applied to the
patient. For a pseudo-tumor, the process may be limited to
laboratory tests, while a biopsy and surgery may be planned
for a real tumor. In most cases, it is difficult to distinguish a real
tumor from a pseudo-tumor with conventional MRI methods
[18]. On the other hand, while the grades of brain tumors can
be determined with MR spectroscopy data, real and pseudo
tumors can also be distinguished [19].

The diagnosis of pseudo tumors that act as a tumor is vital
for the patient and is crucial for the accurate treatment
planning. Since visual pattern of pseudo tumor is similar to the
real tumor, classification of tumors with MRS data is a task that
requires high experience. Therefore, in the clinical evaluation
of pseudo brain tumors, the robust and reliable results of the
proposed automatic detection are remarkable both in terms of
time and detection accuracy. Thus, verification with an
automated detection method in making the final decision of
cases can consolidate the clinician's confidence and increase
the applicability potential to classifiers. When the studies
proposed in previous for the detection of brain tumors with the
help of MRS signals are examined, it is seen that there are a
limited number of several studies in distinguishing pseudo
brain tumors from real tumors. The limited number of the
studies [20,21] proposed for the detection of pseudo tumors is
generally based on the interpretation of the proportional
values of metabolites. In addition, it is clear that in the
proposed previous studies, stages such as pre-processing
feature extraction and selection, classification in the detection
of brain tumors using MRS signals were performed by different
methods. It is noteworthy that there is no decision support
system, a learning-based hybrid system or an approach based
on classification proposed in this regard. In this study, an
approach is presented to facilitate the work of radiologists
doing this task and to provide them with a preliminary idea
during the decision-making process. In the study, a method
based on stacked LSTM deep neural networks is proposed for
computer-aided binary classification of glioblastoma multi-
forme brain tumors, metastatic brain tumors, diffuse astrocy-
toma brain tumors, and normal brain tissues with pseudo-
brain tumors. As a result of the experimental studies carried
out in the study, high accuracy performance is achieved with
LSTM and Bi-LSTM deep neural networks. In addition, the
binary classification results achieved using the proposed
stacked LSTM and Bi-LSTM were compared with the results
obtained with 1D-CNN. The next sections of the study are
organized as follows: In section two, previously proposed
studies on the detection of brain tumors on MRS signals are
examined. In section three, the method proposed in this study,
magnetic resonance spectroscopy and the dataset used in the
study are detailed. In section four, experimental studies are
explained, and in section five, the results and discussions are
presented. In the last section, a general evaluation of the study
is performed and the study is concluded.

2. Related works

When the previous studies are investigated, it is seen that
many studies conducted on detection, classification and
grading of brain tumors using MRS data. Preliminary studies
in the detection of brain tumors on MRS data were generally
aimed at monitoring the ratios and changes of metabolites to
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each other. In such a study, McBride et al. [22] detected tumors
by comparing key metabolites in the MRS spectrum with
normal brain tissue. In the study, it was seen that there was
significant decreases in the mean peak height ratios of NAA/
Cho, NAA/Cr, and significant increases in Cho/Cr. Hourani
et al. [23] proposed the differentiation between neoplastic and
non-neoplastic brain lesions using the metabolite ratios and
intensities obtained from the MRS data by using the discrimi-
nant function analysis. Majos et al. [20] proposed a method
which is based on the ratios of the metabolites in MRS dataset
for differentiating between tumors and pseudo-tumoral
lesions in the brain. Weis et al. [24] argued that the use of
the difference spectra (DS) would be advantageous in grading
brain tumors on MRS data using the correlation analysis of the
normalized spectral amplitudes and the standard deviation of
the scatter plot points. Kaur et al. [25] designed a method using
metabolite ratios and weighting these ratios by the Fisher and
the parameter-free bat optimization algorithm to show
difference among the tumor grades.

In order to provide the clinical experts for automatic
classification and detection of brain tumors on MRS signals,
many studies were performed to classify MRS signals. Lisboa
et al. [26] evaluated statistical and neural networks methods in
nuclear magnetic resonance spectral classification and selec-
tion of metabolites. In their study, Butzen et al. [27] proposed a
logistic regression (LR) based pattern recognition model for the
classification of the brain lesions by using MRS signals. The
developed statistical LR model enabled the discrimination of
neoplastic and non-neoplastic brain lesions. Devos et al. [5]
classified the MRS data of brain tumors using linear discrimi-
nant analysis and least squares support vector machines (LS-
SVMs). Tate et al. [28] proposed a decision support system for
diagnosis and grading of brain tumors. The data acquired from
four different centers were clustered according to their
pathology by using automated pattern recognition techniques.
Arús et al. [29] proposed a web-based decision support system
that works with distributed networks for brain tumor detec-
tion on MRS data. Georgadis et al. [30] proposed a pattern
recognition system by combining the MR image features and
MRS metabolite ratios for the discriminating among brain
pathologies. The proposed pattern recognition system was
designed using the support vector machines classifier with
radial basis kernel function. Faria et al. [31] classified the MRS
data of the brain tumors by partial least squares discriminant
analysis (PLS-DA). Tsolaki et al. [32] used pattern recognition
system to process MRS data for differentiation of the brain
tumors. For the classification procedure, three datasets were
created to find the optimum combination of parameters and
discrimination was performed using three machine learning
methods as: Naïve-Bayes, support vector machine (SVM) and
k-nearest neighbor (k-NN). Vicente et al. [33] proposed a
method for the classification of brain tumors. In the method,
the data is extracted with peak integration method and linear
discriminant analysis was applied to produce diagnostic
classifiers. In their study, Nachimuthu and Baladhandapani
[34] proposed an automated pattern recognition method using
MRI and MRS data for the diagnosis of brain tumors. In their
study, Yang et al. [35] investigated whether dimensionality
reduction improves classification of brain tumor on MRS
signals using manifold learning and unsupervised clustering
when comparing with a linear method. They used Laplacian
eigenmaps and independent component analysis for data
reduction. Lukas et al. [36] proposed a method for brain tumor
classification on long echo MRS data using LS-SVMs. Ariz-
mendi et al. [37] classified the brain tumors using regularized
artificial neural networks by combining dimensionality reduc-
tion and classification methods with Gaussian decomposition
(GD) and variance analysis. Vieira et al. [21] performed binary
classification abscesses with brain tumors and healthy
subjects tissue using pattern recognition methods on MRS
data. Yang et al. [38] applied a method of spectral analysis
based on discrete wavelet transform using single voxel MRS
signals for clustering of brain tumors. In the study, low grade,
high grade and normal brain tissue signal patterns were used
with extracting of key features on MRS signals. Crain et al. [39]
proposed binary classification method based on metabolite
peak height ratios. Depciuch et al. [40] proposed a classification
method based on Raman and infrared spectroscopy methods.
In the studies, the researchers indicated that principal
component analysis (PCA) showed that significance of the
chemical changes seen between cancer and control tissues
and it was efficient in differentiating the infected tissue from
the healthy one.

In recent years, with the advances in deep learning
networks, there are also state-of-the-art studies proposed
for the detection and classification of brain tumors using
various deep neural network methods on MRS signals. Lu et al.
[41] detected brain tumors using deep learning methods with
data augmentation and distillation on MRS signals. In the
study, Dandil [42] proposed a method based on artificial
immune systems algorithm for the feature extraction from
MRS signals taken from INTERPRET dataset. The classification
success of the proposed feature extraction on MRS signals was
detected by probabilistic neural networks, extreme learning
machines, support vector machines, linear discriminant
analysis, k-nearest neighbor algorithm and Bayes classifica-
tion methods. In their study, Dandil and Bicer [43] provided
automated grading of brain tumors using MRS signals obtained
from the INTERPRET database using LSTM deep neural
networks. In the study, spectral entropy and instantaneous
frequency measurements conducted using MRS signals
showed that detection performance increased.

3. Proposed method

The general flow diagram of the system proposed in the study
is given in Fig. 1. Firstly, after the brain region of the patient to
be imaged is scanned with the MRI machine, MR image and MR
spectroscopy are obtained. Then, MR spectroscopy data are
first standardized to be used in the LSTM deep neural networks
proposed in this study and data augmentation processes are
performed. In the last, pseudo brain tumors are detected by
binary classification via the proposed stacked LSTM networks.

3.1. Magnetic resonance spectroscopy (1H MRS)

MRS uses strong magnetic fields on living tissue. It is aimed to
create an energy exchange between this applied external
magnetic field and hydrogen (1H), phosphorus (31P) or carbon



Fig. 1 – General overview of the proposed system for the classification of brain tumors and pseudo brain tumors.
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(13C), which are abundant in living tissue. 1H MRS is the most
widely used method in clinical practice [44]. As a result, in MRS,
a signal is obtained in the frequency domain where different
metabolites in the brain peak at different frequency or
frequency ranges. While the vertical axis represents the
intensity of the signal, the position of the signal in the
frequency scale on the horizontal axis is expressed in parts per
million (ppm). While the peaks of the metabolites with high
density in the brain are large, the peaks of the metabolites with
low density are small. The obtained signal provides a
measurable profile of tissue metabolism in the brain and
facilitates the diagnosis and grading of tumors. In the
diagnosis of brain tumors, it is possible to make a diagnosis
without biopsy after clinical controls with MRS. With the help
of MRS, brain, a sensitive organ, is kept away from the risks
posed by surgical operations.

In brain tissue, the main metabolites peaks observed with
MR spectroscopy can be listed as mI at 3.56 ppm, Cho at
3.2 ppm, Cr at 3.0 ppm, NAA at 2.0 ppm, Lac at 1.3 ppm and Lip
at 0.9 and 1.3 ppm [45]. The increased Cho level in the brain
indicates the accelerated membrane production and prolifer-
ating brain tumor [46]. Since NAA is found only in neurons and
most brain tumors are of non-neuronal origin, it is almost
absent in tumor tissue [47]. A preliminary conclusion can be
obtained about the type of tumor by comparing different
metabolite concentrations such as NAA/Cho, Cho/Cr with each
other [48]. Some metabolite peaks observed on MR spectros-
copy obtained from the brain tissue of a healthy individual are
presented in Fig. 2(a), and of an individual with glioblastoma
brain tumor are presented in Fig. 2(b).

MR spectroscopy can be obtained from only a limited brain
region as a single voxel or from more than one voxel (multi-
voxel). In multi-voxel, MRS is obtained from the brain tissue to
be examined and many other regions around it separately.
When receiving a single voxel MRS signal, signals from the
area outside the selected region of interest are suppressed [49].
Single voxel 1H MRS has a key role in diagnosis of brain tumors
by providing additional biochemical information [50]. STEAM
and PRESS are the two most commonly used methods in single
voxel applications [51]. The density of vibrations applied
during the acquisition of the MRS signal is determined by the
echo time (TE). While the echo time is relatively longer in
employing PRESS, it is shorter on STEAM [52]. Long TE provides
information on only Cho, Cr and NAA metabolites, while
limited number of peaks facilitates the separation of metab-
olites in the region of interest. Short TE provides more
information about metabolites. The ppm ranges, peak values
and some important characteristics of important metabolites
observed with short TE time 1H MRS are given in Table 1.

3.2. MRS dataset

MRS data used in this study for the diagnosis of pseudo brain
tumors were obtained from INTERPRET (International Net-
work for Pattern Recognition of Tumours using Magnetic
Resonance) [53,54] dataset. INTERPRET dataset is an EU project
conducted with six international centers. The INTERPRET
project was developed using the validated brain tumor spectra
data with masses and the database is public dataset for both
clinical experts and worldwide researchers. The database
contains both short TE and long TE MRS signals as single voxel
for brain tumors predominantly, pseudo brain tumors and
normal brain tissue. The pre-processing protocols of MRS
signals with pipeline and all cases included in the validated-
database are found in García-Gómez et al. [55] and Julià-Sapé
et al. [54], respectively. The purpose of the project can be listed
as spreading the use of MRS, enabling radiologists to classify
brain tumors using MRS, helping to plan treatment and
therapy processes, and making MRS an alternative for biopsy.
Within the framework of these purposes, the validated-
database consists of 366 short echo single voxel spectra and
304 long echo single voxel spectra in total for brain tumors,



Fig. 2 – (a) MR spectrum of healthy brain tissue; (b) MR spectrum of a patient with glioblastoma brain tumor.

Fig. 3 – Distribution of the MRS dataset used in this study by
tumor types.
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other pathological brain masses and normal brain tissues at
1.5 T PRESS or STEAM [54]. In addition, a decision support
system (DSS) software was developed for radiologists to better
interpret spectroscopy data. There are few databases where a
large number of MRS data belonging to the brain are brought
together and made available to researchers. Since short TE
spectral signal pattern contain more of information than long
TE spectra for metabolites and other compounds, it is
considered useful for classification of brain tumors. Hence,
in short TE MRS spectra of INTERPRET database, many
metabolites are detected such as Cr, Cho, NAA, mI, Gly,
taurine, Lac, Ala, glycine, Lip and macromolecules with
different ppm values [55]. Therefore, in this study, we created
a sub-dataset by the short TE single voxel MRS data of 29 Grade
IV glioblastoma multiforme brain tumors, 26 normal brain
tissues, 19 metastatic brain tumors, 9 diffuse astrocytoma
brain tumors and 9 pseudo-brain tumors from INTERPRET
database. It was known that six of the pseudo brain tumors
had abscesses. Fig. 3 shows the distribution of the MRS dataset
used in this study according to tumor type. In this study, the
INTERPRET database was chosen since there are limited
conditions that MRS data can be obtained, the database
combines various tumor types, and it is still used in current
studies.

Fig. 4 shows MR image and MR spectroscopy signals of
normal brain tissue. All data points in MRS signals of 26 normal
Table 1 – Peak values and characteristics of key metabolites ob

ppm value Metabolite 

0.9�1.3 lipids (Lip) 

1.35 lactate (Lac) 

1.47 alanine (Ala) 

2.02, 2.6 NAA 

2.05/2.5 glutamate + glutamine (Glx) 

3.02, 3.9 creatine (Cr) 

3.2 choline (Cho) 

3.56, 4.06 myo-inositol (ml) 
brain tissue samples were averaged separately and normal-
ized after their standard deviations were calculated, which is
presented in Fig. 4. As seen in Fig. 4, in MR spectroscopy of
normal brain tissue, Cho level is low and NAA level appears to
be high since there is no tumor in the brain. Low Cho level and
high NAA level, as seen in Fig. 4, are same for all samples. Lac
and Lip peaks also have similar signal magnitude for all
samples.
served with short TE time MRS.

Characteristics

disintegration of brain tissue
anaerobic glucose marker
occurs in abscess and meningioma
symptoms of neuron health/neural marker
neuro-transmitter
cell metabolism, cell proliferation
cell metabolism, cell proliferation
osmotic marker, recommended glial marker



Fig. 4 – Mean and standard deviations of all MR spectroscopy signals of normal brain tissue in dataset and the relevant single
voxel of a MR image.
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Fig. 5 shows MR spectroscopy signals and MR image of a
patient with glioblastoma brain tumor in dataset. All data
points in MRS signals of 29 glioblastoma brain tumors samples
were averaged separately and normalized after their standard
deviations were calculated. Cho peak is found to be high and
NAA is found to be low in glioblastoma brain tumor. The high
Cho peak and low NAA peak in glioblastoma brain tumor is
valid for relatively all samples. Compared to normal brain
tumor, the standard deviation is higher in glioblastoma brain
tumors and the MRS data of tumors are more diverse.

MR spectroscopy signals and a MR image of metastatic
brain tumor in dataset are denoted in Fig. 6. All data points in
the MRS signals of 19 metastatic brain tumors were averaged
separately and normalized after their standard deviations
were calculated, which is shown in Fig. 6. Similar to
glioblastoma brain tumor, Cho level is observed to be high
and NAA level is observed to be low. High Cho peak and low
NAA peak levels in metastatic brain tumor is valid for almost
all samples. The standard deviations of metastatic brain
tumors in the dataset are the lowest following normal brain
tissue. Signal patterns of all metastatic brain tumor samples
are close to each other.

MR spectroscopy signals and a MR image of diffuse
astrocytoma brain tumor in dataset are denoted Fig. 7.
Fig. 5 – Mean and standard deviations of all MR spectroscopy sig
single voxel of a MR image.
All data points in the MRS signals of 9 diffuse astrocytoma
brain tumor samples are averaged separately and normalized
after calculating their standard deviations. In this brain tumor,
while Cho and NAA levels are low, Lip levels increase at the
level of 1.3 ppm. In diffuse astrocytoma brain tumor, Cho and
NAA levels are observed to be low and Lip level increased,
which is valid for relatively all samples. The standard
deviations of diffuse astrocytoma brain tumors in the dataset
are relatively low. There is no increase in Cho level in any
sample. NAA level is low but higher than glioblastoma and
metastatic brain tumors.

Fig. 8 presents MR spectroscopy signals and MR image of
the pseudo brain tumors in dataset. All data points in the MRS
signals of 9 pseudo brain tumor samples are again averaged
separately and normalized after calculating their standard
deviations. In the pseudo brain tumors, as seen in Fig. 8, Cho
peak is high and NAA is low, as in glioblastoma and metastatic
brain tumors. The high Cho peak and the low NAA peak levels
is not the same for all samples. Of all the examined samples,
the standard deviations of pseudo brain tumors are found to be
the highest. Although the increase in Cho level is similar, the
signal samples are differed significantly from each other.

As can be seen from the MRS signal patterns given above,
the MR spectroscopy of glioblastoma, metastatic and pseudo
nals of glioblastoma multiforme in dataset and the relevant



Fig. 6 – Mean and standard deviations of all MR spectroscopy signals of metastatic brain tumors in dataset and the relevant
single voxel of a MR image.
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brain tumor are similar to each other. For all samples, Cho
peak is observed at 3.2 ppm point and NAA peak is observed at
2.0 ppm point. The amount of increased Cho in the brain
usually indicates cellular destruction and the presence of a
tumor. A low level of NAA also indicates the presence of a
tumor.
Fig. 7 – Mean and standard deviations of all MR spectroscopy sig
relevant single voxel of a MR image.

Fig. 8 – Mean and standard deviations of all MR spectroscopy sign
voxel of a MR image.
3.3. LSTM and Bi-LSTM deep neural networks

Recurrent neural networks (RNN) are a deep learning algo-
rithms widely used in the analysis of time series. RNN are also
used in applications such as natural language processing [56],
speech recognition [57], handwriting recognition [58]. In RNN,
nals of diffuse astrocytoma brain tumors in dataset and the

als of pseudo brain tumors in dataset and the relevant single



Fig. 9 – Memory cell structure in LSTM deep neural
networks.

Fig. 10 – General structure of the proposed stacked LSTM
deep neural network.
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unlike other feed forward neural networks, the inputs of the
network include not only the existing sample but also previous
inputs as well. In other words, the stated of t is dependent on
the information at time t-1. RNN was first described in Hopfield
networks [59].

Hochreiter and Schmidhuber [60], designed long short term
memory (LSTM) networks, which is an improved version of
RNN, and developed the memory block concept shown in Fig. 9
to solve the vanishing and exploding gradient problem.
Memory block enables LSTM cells remember or forget
information according to its importance. Information with
high importance is used in back propagation, while less
important information is forgotten. Bidirectional long short
term memory (Bi-LSTM) networks, on the other hand, operate
with the logic of training two LSTM networks simultaneously
[61]. Two different forms are given as input to the network
such as the data and its inverted version with respect to time.
Thus, the network keeps information about the future as well
as information about the past. The memory block consists of
gates as forget gate, input gate and output gate. The equations
for the LSTM model are as follows:

f t ¼ s w f � ht�1; xt½ � þ b f
� �

(1)

it ¼ s wi� ht�1; xt½ � þ bið Þ (2)
gt ¼ tanh wg� ht�1; xt½ � þ bg
� �

(3)

ct ¼ f t � ct�1 þ it � gt (4)

ot ¼ s wo� ht�1; xt½ � þ boð Þ (5)

ht ¼ ot � tanh ctð Þ (6)

The forget gate ft, the input gate it, update state cell gt and the
output gate ot are presented in Eq. (1), Eq. (2), Eq. (3), Eq. (5),
respectively. As the input of these three gates and the update
state cell, the previous hidden state ht-1 of the previous time step
t-1, and the current input at time-step xt are used. While wf,i,g,o is
the weight matrices, bf,i,g,o is the bias vector. Memory cell ct is
presented in Eq. (4). The calculation of hidden state of the cell ht
is given in Eq. (6). The sigmoid activation function is shown as s.
Matrix multiplication is represented by ‘‘�’’ and element-by-
element matrix multiplication is represented by ‘‘*’’.

General structure for the stacked LSTM and Bi-LSTM
networks created in this study is given in Fig. 10. The outputs
of the LSTM and Bi-LSTM layers, which are the first layer of the
networks, are also taken as input to a LSTM layer. These types
of networks are also called as stacked LSTM networks [62].Both
networks initially consists of 256-neurons LSTM or Bi-LSTM
layer. The input of this layer are samples sized as (5,40) for the
LSTM deep neural network. The outputs of this layer are input
to a 128 neurons LSTM layer. The outputs of the second LSTM
layer are connected to the 64-neurons classical multi-layer
perceptron layer. Finally, binary classification is performed by
connecting the outputs of the classical layer to the layer with a
single classical neuron.

The stacked LSTM and Bi-LSTM deep neural networks
models used in this study for detection of pseudo brain tumors
are denote in Fig. 11 and Fig. 12, respectively. The outputs of all
time steps of the first LSTM layer become inputs to the second
LSTM layer. In the second LSTM layer, the regulation method
called as dropout is applied. This reduces the over-fitting
problem of the model and increases model performance. The
output of the second LSTM layer is only taken from the last
time step and before classification. The output of second layer



Fig. 11 – Stacked LSTM deep neural network model proposed in this study for the detection of pseudo brain tumors.

Fig. 12 – Stacked Bi-LSTM deep neural network model proposed in this study for the detection of pseudo brain tumors.
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is sent to a classical neural network layer to better learn and
increase the number of trainable parameters. The outputs of
this layer are input to the last classical neural network whose
activation function is sigmoid, and a binary classification is
conducted. In the LSTM network, the network has only
information about the past. On the other hand, in the Bi-
LSTM network, it is aimed to have information about both the
past and the future. Since Bi-LSTM networks have two way
flow of information, they have the potential to better
understand the problem. The first LSTM layer of the LSTM
and Bi-LSTM deep neural networks in the proposed study was
created in a way to make class predictions in all time steps of
the network. Due to the ½yt1; yt2; yt3; yt4; yt5� outputs obtained
from the first layer of the network, LSTM networks can be
designed as stacked and added consecutively.

4. Experimental results

In this study, we present a method on MRS signals based on
stacked LSTM and Bi-LSTM deep neural networks for comput-
er-aided binary discrimination of pseudo-brain tumors with
glioblastoma multiforme, metastatic, diffuse astrocytoma and
normal brain tissues. Besides, the results achieved via the
proposed stacked LSTM and Bi-LSTM were compared with the
results obtained using 1D-CNN architecture. The complete
architecture of 1D-CNN is shown in Fig. 13 for comparing the
obtained classification results in the proposed stacked LSTM
deep neural networks.

Experimental studies in this study was conducted on a
computer running Windows 10 operating system with Intel i7-
4790k processor (CPU), 8GB memory and NVDIA GeForce GTX
970 graphics card (GPU). The applications were developed by
Python programming language. Tensorflow machine learning
library was used with Keras, a high level neural network API, to
Fig. 13 – The 1D-CNN architecture for comparing the obtained cla
networks.
make the machine learning easier. GPU support for Tensorflow
was provided by the CUDA Toolkit and CuDNN SDK.

In this study, MRS data of 29 Grade IV glioblastoma brain
tumors, 26 normal brain tissues, 19 metastatic brain tumors, 9
diffuse astrocytoma brain tumors, and 9 pseudo brain tumors
obtained from INTERPRET dataset were used for detection of
pseudo tumors. All classes in the dataset were separately
classified as binary with pseudo brain tumors using stacked
LSTM and Bi-LSTM deep neural networks. The flow diagram of
a classification procedure is shown in Fig. 14. The steps of the
study are as follows:

1 Importing MRS data and separating them by labels
2 Using data augmentation techniques
3 Data normalization
4 Resizing data according to the LSTM network
5 Application of variable based (3,4,5) fold cross-validation

and 10 repetition process
6 Creation of stacked LSTM and Bi-LSTM deep neural net-

works
7 Training the models and completing test procedures
8 Getting the average accuracy scores of all cross validations.

MR data of each patient are vectors consisting of 200 data
points and a label. After the data is imported, a matrix of size
(sample number x 201) was created. 201st column of each row
contains label information of MRS signal. This label informa-
tion is removed from the matrix since creating a sample-
length vector and labels are encoded as 0 or 1. As a result, the
size of the data matrix is (number of samples x 200). After the
data was imported, it was randomly shuffled within itself. A
seed of randomness is used to make these random operations
in practice reproducible.

Due to the limited number of pseudo tumors samples in the
dataset used in this study, and in order for both classes for
ssification results in the proposed stacked LSTM deep neural



Fig. 14 – Flowchart of the proposed approach to classify
pseudo brain tumors with brain tumors using MRS signals.
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binary classification to have the same number of samples
initially, data augmentation method was applied to the pseudo
brain tumor signals. Therefore, the number of pseudo brain
tumor data was increased to 29 in the binary classification with
glioblastoma, 19 in the classification with metastatic brain
tumors, and 26 in the classification with normal brain tissue.
Since the number of data is equal in binary classification with
diffuse astrocytoma, data augmentation process was not
applied. For data augmentation, random values (1 � 200 size)
drawn from the normal (Gaussian) distribution are multiplied
with the samples to be replicated and new values are
generated. The probability density function of the Gaussian
distribution is given in Eq. (7).

p xð Þ ¼ 1

s
ffiffiffi
2

p e�
1
2

x�m
sð Þ2 (7)

where m is the mean and s is the standard deviation. While
m = 1 was used for data augmentation, random values by s=
(0.1,0.2,0.3) were obtained from 3 different distributions. By
multiplying these values with the 9 � 200 size pseudo-tumor
matrix, a 36 � 200 size dataset was obtained, with the original
pseudo tumor data primarily. From this dataset, pseudo
tumor data were obtained according to the size of the binary
classification and used in next stages. The normal distribution
function reaches 0.607 times its maximum at x-s and x+s
points [63]. For this reason, the points obtained from the
normal distribution are closer to the mean value m. The histo-
gram of the random 200 points obtained from the distribution
formed by taking m = 1 and s = 0.1 is shown in Fig. 15 (a). It is
seen that the values taken from the distribution are close to
the mean value. This indicates that during the data augmen-
tation process, the values of the data are close to the original
data. In Fig. 15 (b), the original version of the initial pseudo
tumor sample (s = 0.0) and the augmented versions (s = 0.1,
0.2, 0.3) obtained using this method are plotted on each other.
As can be seen in Fig. 15 (b), the values of the data were not far
away from the sample during the augmentation process.

After the sample numbers in dataset were applied equal for
binary classification, normalization process was realized on
the data. For normalization, the method known as ‘2 norm or
least-squares, which is frequently preferred in machine
learning problems, was used. After normalization, a unit
vector was obtained where the sum of the squares of all the
elements in the vector is 1. Provided that x=(x1, x2, x3), ‘2-norm
of v vector was calculated as denoted in Eq. (8) and normalized
as in Eq. (9). This normalization process can be carried out for
each sample or for each feature. This application was
conducted for each sample.

xj jj j2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffi
Xn
k¼1

x2k

vuut (8)

x norm ¼ x= xj jj j2 (9)

The obtained data was resized to fit the stacked LSTM deep
neural network structure. For one sample, it was resized to
include 200 one-dimensional data points (features), 5 time
steps and 40 features per step. Fig. 16 shows the resizing
process for a single sample. During this resizing step, it was
utilized from the peak integration method [5,25,55], which is
used to feature extraction from MRS data and measure major
metabolite peaks in certain regions. The separation of major
metabolite peaks into 5 different time steps was conducted
with the aim of remembering and forgetting these peaks
according to their effect on the classification result with the
LSTM deep neural network.

In this study, cross validation process was also performed
to use all samples in the dataset during training and testing
stages for the proposed stacked LSTM network. In this process,
known as k-fold, the samples in the dataset are split into k
groups with approximately the same number of samples. k-1
groups are used for the training, and the rest of the group is
used for the test. By this cross validation process, all groups in
the dataset split into k groups are used for both training and
testing [64]. In this study, verification was performed by
selecting different number fold according to the size of dataset
for binary classification. Cross validations were repeated 10
times, enabling different selection of training and test data in
each repetition. For example, in the 58 sample data where
glioblastoma vs. pseudo brain tumor were compared, a 5-fold
cross-validation was performed and how training and test



Fig. 15 – (a) Histogram of 200 random points derived from normal distribution; (b) data augmentation procedure to MRS signals
of pseudo brain tumors at different standard deviation values.

Fig. 16 – Data resizing process to fit the stacked LSTM deep
neural network.
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data were separated for each validation iteration is shown in
Fig. 17. There are approximately 46 training and 12 test
samples for each cross validation iteration. With cross
validation, the samples in the dataset are split in 50 different
ways, then each data is trained and tested. The number of data
in total, the number of selected fold value and the number of
repetitions in total for binary classifications are given in
Table 2.

The kernel and recurrent activation functions, dropout rate
and stateful used in the first and second of the stacked LSTM
layers are given in Table 3. In the LSTM layer used in the study,
the activation of the update state cell gt is tanh and outputs
between -1 and 1.The activations of forget gate ft, input gate it
and output gate ot are sigmoid and give outputs between 0 and
1. The dropout rate was used as 20% only in the second LSTM
layer. This means that 20% of the inputs of the second LSTM
layer will be randomly deprived of activation functions and
weight updates. The dropout method is a regularization
method which reduces the overfitting problem of the network
and improves the model's performance. The stateful feature



Fig. 17 – 5-fold cross validation in glioblastoma vs. pseudo
brain tumors for binary classification.
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can be explained by the following example: In a network that
processes one sample at a time and the weight is updated
(batch_size = 1.0), the LSTM neuron saves the output of the last
time step after completing all time steps, and that output is in
the initial state while the next sample is processed.

In LSTM deep neural networks, weights are called kernels,
recurrent kernel and bias. Kernel weights can be defined as the
weights of the inputs of the network to all neurons in the LSTM
layer. To give an example for the first layer of the network, our
network inputs were resized in a way to be 5 time steps and 40
features in each step. Since there are 4 different activation
functions in each LSTM neuron in the first layer, the 40
features in each time step have separate weights for these
activations. Since there are 256 LSTM neurons in the first layer,
their kernel weights can be defined as (40x(256*4))=(40 � 1014).
Table 2 – The number of data in total, the number of selected 

classifications.

glioblastoma vs.
pseudo tumor

normal 

pseudo

Number of data in total 58 (29 + 29) 52 (26
k fold value 5 4 

Number of repetition 10 10 

Number of repetition for each data 50 40 

Table 3 – LSTM network arguments for binary classifications.

LSTM_1 la

Activation function hyperbolic ta
Recurrent activation function sigmoidal (si
Dropout rate 0% 

Stateful available 

Table 4 – Trainable parameter numbers for the stacked LSTM n

Equation number Weights (kernel: Wx) Weigh

(1) Wx f : (40,256) 

(2) Wxi : (40,256) 

(3) Wxg : (40,256) 

(4) Wxo : (40,256) 

Total Wx : (401,024) 
Recurrent kernel is defined as the weights of hidden layers. It is
the weight of the hidden LSTM outputs in the previous time
step (t-1) to all the hidden LSTM neurons in the next time step.
Since there are 256 LSTM neurons in the first layer, there are
256 outputs in the previous time step. The weights of these
outputs to each LSTM neuron with 4 different activations in
the next time step will be (256(256*4))=(256 � 1014). The bias
values connected to each of the 4 different activations of each
LSTM neuron can be calculated as (4 � 256). Table 4 shows the
sizes of weight matrices, which are trainable parameters for
the first LSTM layer with 256 neurons.

The model was trained with 25 epochs for each cross
validation. During the training and testing, the weights of the
stacked LSTM deep neural network were updated after each
sample. In other words, the number of samples taken at one
time (batch size) is 1.0. This is called stochastic gradient
descent (SGD) [65]. The number of samples processed to
update the weights of the network can be either a part of the
total number of samples (mini-batch) or the whole (batch).
Under normal conditions, the SGD method is used in trainings
with a large number of data, when all the weights do not fit into
memory and to accelerate the training. However, the number
of samples processed at one time should always be the same
during training and testing, as the first LSTM layer of the deep
neural network structure proposed in the study has the
stateful feature. The number of samples to be processed at one
time (batch size) was taken as 1.0, since the data split for cross
validation was of different size for each classified group.
Training progresses using 1D-CNN, stacked LSTM and stacked
Bi-LSTM in binary classification of pseudo brain tumors with
fold value and the number of repetitions in total for binary

Binary classifications

tissue vs.
 tumor

metastatic tumor vs.
pseudo tumor

diffuse astrocytoma vs.
pseudo tumor

 + 26) 38 (19 + 19) 18 (9 + 9)
5 3
10 10
50 30

yer (256) LSTM_2 layer (128)

ngent (tanh) hyperbolic tangent (tanh)
gmoid) sigmoidal (sigmoid)

20%
unavailable

etworks.

ts (recurrent kernel: Wh) bias (b) Total

Wh f : (256,256) b f : (256,) 76,032
Whi : (256,256) bi: (256,) 76,032
Whg : (256,256) bg: (256,) 76,032
Who : (256,256) bo: (256,) 76,032
Wh : (2,561,024) b: (1024,) 304,128



Fig. 18 – Training progresses using 1D-CNN, stacked LSTM and stacked Bi-LSTM in binary classification of: (a) normal brain
tissue vs. pseudo brain tumors; (b) diffuse astrocytoma vs. pseudo brain tumors; (c) glioblastoma vs. pseudo brain tumors; (d)
metastatic vs. pseudo brain tumors.
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normal brain tissue, diffuse astrocytoma, glioblastoma and
metastatic brain tumors are denoted in Fig. 18. In fact, we
determined the completion of the number of epoch as
stopping criteria in our study. However, if the training of the
network continues unchanged for a certain period of time and
no major changes in the loss value begin to occur, the stop
criterion is also applied.

5. Results and discussion

After the processes of importing data, data augmentation,
normalization, resizing data and creation of LSTM networks
were conducted, training and tests were carried out with the
split samples. The model was trained with 25 epochs for each
cross validation and the model accuracy was calculated with
test data. Overall accuracy was taken as the mean of all cross
validation accuracies. Input and output dimensions in each
layer and the number of trainable parameters for the stacked
LSTM, the stacked Bi-LSTM and 1D-CNN models are given in
Table 5, Table 6 and Table 7, respectively.

After conducting all the recurrent trainings and tests, the
mean and standard deviations of the obtained accuracy,
sensitivity and specificity values were calculated. Pseudo brain
tumor was taken as positive (1), while other brain tumors and
normal brain tissue were taken as negative (0) for accuracy,
sensitivity and specificity calculations during binary classifi-
cations. These values are calculated with the numbers of True
Positive (TP), True Negative (TN), False Positive (FP) and False
Negative (FN). TP represents tumors which are actually pseudo



Table 5 – Details of input, output and trainable parameters for the stacked LSTM model.
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tumors and classified as pseudo tumors, TN represents tumors
which are not actually pseudo tumors and classified as ‘‘not
pseudo tumors’’, FP represents tumors which are not actually
pseudo tumors but classified as a pseudo tumor, FN represents
the tumors which are actually pseudo tumors but classified as
‘‘not pseudo tumors.’’ Equations used for accuracy (AC),
sensitivity (SE) and specifity (SP) are presented below:

AC ¼ TP þ TN
TP þ TN þ FP þ FN

SE ¼ TP
TP þ FN

SP ¼ TN
TN þ FP

The number of training samples and the number of test
samples were applied as 10-fold for all samples in the binary
classification group and were presented as the sum of the k-
fold cross validation with the determined numbers. The AC
value was calculated in all cross validation steps and the mean
and standard deviation of all calculated AC values are given. SE
and SP values were calculated over the total classification
numbers obtained after all cross validation steps were
completed. The confusion matrix obtained as a result cross
validation of 58 sample GBM brain tumor and pseudo brain
tumor classification is given in Table 8. In addition, AC, SE and
SP values measured from this confusion matrix are presented
in the table. As can be seen from this table, in the binary
classification of glioblastoma and pseudo brain tumors, while
93.44% AC value was obtained with stacked LSTM, 92.95% AC
value was obtained using stacked Bi-LSTM. Here, it is seen that
the stacked LSTM deep neural network is more successful in
the binary classification of glioblastoma and pseudo brain
tumors. In addition, it is seen from the table that AC, SE and SP
values were measured using the 1D-CNN method as 89.13%,
86.56% and 91.72%, respectively. These results are lower than
the stacked LSTM and Bi-LSTM methods.

The confusion matrix obtained as a result of binary
classification of diffuse astrocytoma brain tumor and pseudo
brain tumor with 18 MRS signal patterns in total is denoted in
Table 9. As can be seen from Table 9, in the binary
classification of diffuse astrocytoma and pseudo brain
tumors, while 82.78% AC value was obtained with stacked
LSTM, 85.56% AC value was obtained using stacked Bi-LSTM.
In this experimental study, AC, SE and SP values were
obtained using 1D-CNN as 81.11%, 88.89% and 73.33, respec-
tively. Here, it is seen that the stacked Bi-LSTM deep neural
network is more successful in the binary classification of
diffuse astrocytoma and pseudo brain tumors. In this binary
classification, it is seen that there is a lower accuracy



Table 6 – Details of input, output and trainable parameters for the stacked Bi-LSTM model.
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performance in the differentiation of diffuse astrocytoma and
pseudo brain tumors compared to other binary classifica-
tions. While there may be many different reasons for this, it is
thought that the main reason is that the MRS signal patterns
of pseudo brain tumor and diffuse astrocytoma brain tumors
show more similarity to each other. Besides, the reason for the
lower accuracy in the classification of diffuse astrocytoma
and pseudo brain tumors may be the following. As compared
to the MRS signal pattern of normal brain tissue, the peak
value of the NAA (2.02 ppm, 2.6 ppm) metabolite characteris-
tically decreases and the peak value due to the Cho (3.2 ppm)
metabolite increases in the presence of tumor. These
increases and decreases are less in Grade I and Grade II
gliomas than Grade III and Grade IV gliomas [44,66,67]. Thus,
due to the low decrease in NAA and the low increase in Cho in
diffuse astrocytoma brain tumor, a Grade II glioma type, MRS
signal patterns of the pseudo and diffuse astrocytoma brain
tumors indicate similarities in terms of the values of NAA and
Cho metabolite peaks. As a result, the accuracy may be lower
in binary classification of diffuse astrocytoma and pseudo
brain tumors compared to other classifications, due to the
slight resemblance of MRS signal patterns.

The confusion matrix obtained as a result of binary
classification of metastatic brain tumor and pseudo brain
tumor is presented in Table 10. In this binary classification
procedure, there are 38 MRS signal patterns in total,
including 19 MRS signal of metastatic brain tumor and 19
MRS signal pseudo brain tumor. As can be seen from Table 10,
in the binary classification of metastatic and pseudo brain
tumors, while 88.33% AC value was obtained with stacked
LSTM, 87.62% AC value was obtained using stacked Bi-LSTM.
In binary classification of metastatic brain tumor with
pseudo brain tumor, AC, SE and SP metrics were achieved
using 1D-CNN as 84.44%, 85.26% and 83.69%. Here, although
the stacked LSTM deep neural network is more successful in
the binary classification of metastatic and pseudo brain
tumors, it is seen that the obtained results are very close to
each other in terms of performance metrics.

The confusion matrix obtained as a result of normal brain
tissue and pseudo brain tumor classification is shown in
Table 11. In this binary classification procedure, there are 52
MRS signal patterns in total, including 26 MRS signal of normal
brain tissue and 26 MRS signal pseudo brain tumor. As can be
seen from Table 11, in the binary classification of normal brain
tissue and pseudo brain tumors, while 99.23% AC value was
obtained with stacked LSTM, 99.62% AC value was obtained
using stacked Bi-LSTM. In binary classification of normal brain
tissue with pseudo brain tumor, AC, SE and SP metrics were
achieved using 1D-CNN as 95.37%, 96.53% and 94.23%. These
results are the highest values for 1D-CNN. However, In
Table 11, although the stacked Bi-LSTM deep neural network
is more successful in the binary classification of normal brain
tissue and pseudo brain tumors, it is seen that the obtained
results using the stacked LSTM and Bi-LSTM are very close to



Table 8 – AC, SE and SP results for binary classification of
glioblastoma brain tumor with pseudo brain tumor using
stacked LSTM, stacked Bi-LSTM and 1D-CNN deep neural
network models.

Model TP FN FP TN AC (%) SE (%) SP (%)

stacked LSTM 258 32 10 280 93.44 (�8.54) 88.97 96.55
stacked Bi-LSTM 263 27 14 276 92.95 (�8.51) 90.69 95.17
1D-CNN 251 39 24 266 89.13 (�8.81) 86.56 91.72

Table 9 – AC, SE and SP results for binary classification of
diffuse astrocytoma brain tumor with pseudo brain tumor
using stacked LSTM. Stacked Bi-LSTM and 1D-CNN deep
neural network models.

Model TP FN FP TN AC (%) SE (%) SP (%)

stacked LSTM 80 10 21 69 82.78 (�13.25) 88.89 76.67
stacked Bi-LSTM 80 10 16 74 85.56 (�12.72) 88.89 82.22
1D-CNN 80 10 24 66 81.11 (�14.10) 88.89 73.33

Table 7 – Details of input, output and trainable parameters for 1D-CNN model.

Table 10 – AC, SE and SP results for binary classification of
metastatic brain tumor with pseudo brain tumor using
stacked LSTM, stacked Bi-LSTM and 1D-CNN deep neural
network models.

Model TP FN FP TN AC (%) SE (%) SP (%)

stacked LSTM 163 27 16 174 88.33 (�13.23) 85.79 91.58
stacked Bi-LSTM 159 31 16 174 87.62 (�12.48) 83.16 91.58
1D-CNN 162 28 31 159 84.44(�11.93) 85.26 83.69

Table 11 – AC, SE and SP results for binary classification of
normal brain tissue with pseudo brain tumor using
stacked LSTM, stacked Bi-LSTM and 1D-CNN deep neural
network models.

Model TP FN FP TN AC (%) SE (%) SP (%)

stacked LSTM 258 2 5 255 98.85 (�4.05) 99.23 98.08
stacked Bi-LSTM 259 1 3 257 99.23 (�3.77) 99.62 98.85
1D-CNN 251 9 15 245 95.37(�6.64) 96.53 94.23
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each other in terms of performance metrics. In addition, in this
binary classification, the highest classification accuracy
results were achieved using both stacked models.

The number of training and test samples may differ for a
single epoch since each set with binary classification had
different size and different folds were selected for cross
validation. The training and test sample numbers are given as
the sum of the training and test samples in all epochs. The
total numbers in the error matrices are different because the
sample numbers of the binary classification and the k-cross
validation are different. As each sample in the dataset was
used for both training and testing by cross validation, the total
number of predictions made for any set can be calculated as
(number of sample * k-fold value).



Fig. 19 – The accuracy box plots for binary classification of: (a) glioblastoma vs. pseudo brain tumors; (b) diffuse astrocytoma
vs. pseudo brain tumors; (c) metastatic vs. pseudo brain tumors; (d) normal brain tissue vs. pseudo brain tumors.
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When the test results are examined in experimental
studies, it is seen that remarkable AC results were obtained
in all set for binary classifications using proposed stacked deep
neural networks. The highest AC was obtained in tests of
normal brain tissue and pseudo brain tumors classification
while the lowest AC was obtained in binary classification for
diffuse astrocytoma brain tumor and pseudo brain tumor. The
highest SE and SP values for both the stacked deep neural
network models were obtained in normal brain tissue and
pseudo brain tumor classification. The proposed networks
differentiated normal brain tissue from pseudo brain tumor
very well. For this classification, the models accurately
predicted 259 of 260 pseudo tumor and 255 of 260 normal
brain tissues. Moreover, it was observed that the AC values of
stacked LSTM and Bi-LSTM models were very close mostly.
The accuracy box plots created for the binary classification
results of glioblastoma vs. pseudo brain tumors, diffuse
astrocytoma vs. pseudo brain tumors, metastatic vs. pseudo
brain tumors and metastatic vs. pseudo brain tumors using
LSTM, Bi-LSTM and 1D-CNN methods are denoted in Fig. 19.

In order to validate the performance of the proposed
stacked LSTM method for classification of brain tumors, MRS
signals from the diffuse astrocytoma, metastatic, glioblasto-
ma, pseudo brain tumors and normal brain tissue were used by
Gradient-weighted Class Activation Mapping (Grad-CAM).
Grad-CAM is one of the techniques used to reveal what
regions of the input MRS signals are important and functional
in brain tumor classification. Grad-CAM denotes the most
distinctive regions on the weights of the output layer with
convolutional feature maps [68]. As a visualization technique,
Grad-CAM is a technology to produce visual explanation for
CNN-based classifications uses the gradient of the classifica-
tion task [69]. In Grad-CAM, a heat map could be created by
mapping of important of class weights for feature maps of a
convolutional layer. Therefore, the feature map of last
convolutional layer obtained using Grad-CAM provides high-
level features and spatial information [70]. In Fig. 20, visual
comparisons of signals of the envelope MRS spectrum for
pseudo brain tumor classification are indicated using Grad-
CAM results. Discriminative regions of the MRS signals are
highlighted here using brighter colors on Grad-CAM figures.
Thus, we use the Grad-CAM to visualize the gradient of the
results to denote effectiveness of the stacked LSTM networks
for binary classification of pseudo brain tumors on MRS
signals.

It is seen that there are similar studies proposed previously
for the detection of brain tumors on MRS data. In these studies,
many different methods such as tumor classification, feature
extraction and selection, tumor differentiation, tumor staging
were proposed using various algorithms. Although some of
these studies conducted experimental studies on the same
dataset, some detected brain tumors on their own dataset.
However, since the collection and preparation of MRS data
requires quite long and difficult clinical and radiological
processes, it is seen in most of the studies that experimental
studies are carried out on INTERPRET, a valid and reliable



Fig. 20 – Visual Grad-CAM comparisons of MRS signals for pseudo brain tumor classification. Grad- CAM of: (a) normal brain
tissue; (b) diffuse astrocytoma brain tumor; (c) glioblastoma brain tumor; (d) metastatic brain tumor; (e) pseudo brain tumor.

Table 12 – Comparison of similar works previously proposed for the detection of brain tumors on MRS data.

Previous study Dataset Method Algorithms AC (%)

Majós et al. (2004) [71] INTERPRET tumor classification linear LS-SVM 94.00
Devos et al. (2004) [5] INTERPRET tumor classification LS-SVM, LDA 87.30
Lukas et al. (2004) [36] INTERPRET tumor classification LS-SVM, LDA 97.81
Tate et al. (2006) [28] INTERPRET tumor diagnosis and

grading
a decision support system based
pattern recognition

89.00

Luts et al. (2007) [72] INTERPRET tumor classification LS-SVMs 99.73
González-Navarro and
Belanche-Muñoz (2009) [73]

INTERPRET tumor classification,
feature selection

radial basis kernel function
based SVM (rSVM)

91.00 (�0.05)

Dimou et al. (2009) [74] their own dataset tumor classification SVM 85.00
Majós et al. (2009) [20] their own dataset differentiation of tumor

and pseudo tumor
metabolite ratio based classifiers 82.00

García-Gómez et al. (2009) [55] INTERPRET, eTUMOUR tumor classification LDA, SVM, LS-SVM, multi-layer
perceptron, k-NN

90.00

Weis et al. (2010) [24] INTERPRET tumor grading correlation analysis and mean
difference spectra

NA

Lu et al. (2013) [75] their own dataset tumor classification SVM + linear discriminant
analysis (LDA)

96.67

Wang et al. (2015) [76] their own dataset tumor grading LS-SVM + LDA 98.63
Vieira et al. (2017) [21] INTERPRET differentiation of tumor

and abscess
random forest + SVM 98.9

Kaur et al. (2018) [25] their own dataset tumor grading Fisher and bat optimization
algorithm + k-NN

93.72

Dandil (2020) [42] INTERPRET feature extraction, tumor
classification

extreme learning machine,
Bayes, SVM, probabilistic neural
network, k-NN, LDA

100 (normal vs.
tumor), 98.58 (low
grade vs. high grade),
98.94 (primary vs.
metastasis)

Dandil and Biçer (2020) [43] INTERPRET tumor grading LSTM 98.20
Proposed study INTERPRET pseudo brain tumor

detection
stacked LSTM and Bi-LSTM 99.23 (�3.77)

NA: not available.
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Table 13 – Runtime spent on CPU and GPU in binary classifications for stacked LSTM, stacked Bi-LSTM and 1D-CNN deep
neural networks in seconds (n = number of data).

Binary classifications

glioblastoma vs.
pseudo tumor (n = 58)

normal tissue vs.
pseudo tumor (n = 52)

metastatic tumor vs.
pseudo tumor (n = 38)

diffuse astrocytoma vs.
pseudo tumor (n = 18)

stacked LSTM on CPU 610.21 628.35 703.59 131.96
stacked Bi-LSTM on CPU 1203.16 1125.97 1276.51 248.32
1D-CNN on CPU 290.84 298.65 335.98 62.41
stacked LSTM on GPU 601.53 600.95 676.35 141.10
stacked Bi-LSTM on GPU 947.27 944.29 1085.30 209.29
1D-CNN on GPU 230.23 224.85 240.41 34.35
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database. In Table 12, the highest AC values obtained in some
studies conducted on computer aided brain tumor classifica-
tion in previous on MRS signal data. As can be seen in Table 12,
the detection method proposed in this study achieved a high
accuracy value for detection pseudo brain tumors. As in this
study, when the studies conducted INTERPRET dataset are
examined, it is seen that the similar AC results are obtained for
detection of brain tumors on MRS data.

The execution times of the training and tests carried out in
this study on the processor and GPU according to each set of
binary classification are given in seconds in Table 13. When the
run-time spent for the tests on the GPU and CPU were
examined, it was seen that the GPU times were less on average.
In some cases, the same test seemed to spend less time on
CPU. In the training of the network, the number of samples
processed at once (batch size) was taken as 1 and the number
of samples in the sets used was low, so the parallelism and
speed advantages provided by the graphics processor could
not be utilized much. The GPU provided a more significant
advantage in the training of the stacked LSTM networks that
were bi-directional and had more data when comparing with
the stacked Bi-LSTM. Bi-LSTM network is more suitable for
parallelism since data in Bi-LSTM networks is given to two
LSTM networks simultaneously, as one straight and one
reverse. In addition, in Table 13, processing times are
calculated lower in experimental works using the 1D-CNN
method. The reason for this is that the 1D-CNN network
structure is simpler than the structure of RNN-based stacked
LSTM networks and the total number of parameters used in
1D-CNN is less. In general, the CPU in the system does not
provide as much parallelism as the GPU; however, it is better
than a GPU at a single core speed. In addition, GPU is an
integrated system and it is above the RAM. For this reason,
RAM bandwidth is high. The number of data that can be
memorized at one time is high and the data is easier to move
between the RAM and the graphics processor.

6. Conclusion

In this study, computer aided detection of pseudo brain
tumors was provided by using both stacked LSTM and Bi-LSTM
deep neural networks. Moreover, the achieved binary classifi-
cation results obtained using stacked LSTM and Bi-LSTM
methods were compared with the performance results
obtained using 1D-CNN. High accuracy performances was
achieved as a result of binary classification of MRS for normal
brain tissue, glioblastoma, metastatic and diffuse astrocytoma
brain tumors vs. pseudo brain tumor. The accuracy results
obtained in the study are as follows: 93.44% using stacked
LSTM for glioblastoma vs. pseudo brain tumor classification,
85.56% using stacked Bi-LSTM for the classification of diffuse
astrocytoma vs. pseudo brain tumors, 88.33% using stacked
LSTM for metastatic vs. pseudo brain tumor classification,
99.23% using stacked Bi-LSTM for normal brain tissue vs.
pseudo brain tumor classification.

In the study, although the number of trainable parameters
for the stacked Bi-LSTM model was twice as much as the LSTM
network, the difference between the achieved accuracies was
very small and also lower accuracy results were obtained in
some binary classifications. In the stacked Bi-LSTM model, as a
result of using the inverse of the MRS signal for the training of
the network, it was observed that the information the network
for the following did not affect learning much. Since the data
are divided by different combinations many times for training
and testing, the obtained results show the accuracy of not only
one set, but many sets, that is, the accuracy of the applied
models.

The deep neural network models used in the study were
tested with structures formed by connecting LSTM and Bi-
LSTM layers within themselves or with each other in a layered
structure. However, no significant increase in the accuracy
values reached was observed. On the other hand, classical
neural network structures connected to the front or the end of
LSTM and Bi-LSTM layers did not provide an increase in
classification accuracy. The parameters of the stacked LSTM
and classical neural network layers used in the model were
tested in different ways and the model was tried to be
optimized to fit all sets. Furthermore, in experimental studies,
evaluations for the binary classification of brain tumor on MRS
signals using 1D-CNN were also carried out, but it was
observed that these results were not more successful than
the results achieved via the proposed stacked LSTM and Bi-
LSTM in any binary classification.

Working with a large number of samples in training and
testing deep neural networks is important in terms of
obtaining realistic network learning. Thousands of sample
data for training or test can be used in classical deep neural
network training. However, it is not easy to apply this to MRS
signal data. Creating a dataset with MRS signals is difficult to
obtain and there are few available dataset in public. In this
study, the number of MRS signal samples in the INTERPRET
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dataset for the pseudo brain tumor, all other tumor and
normal tissue types used for binary classification was very
less. Therefore, data augmentation method was used since the
number of data of the pseudo brain tumor was especially less
than the others. Data augmentation can also be done by
copying existing data. However, in this study, MRS data was
reproduced using a random procedure without much differ-
entiation in order to obtain unique and different data. As a
result, it was confirmed by experimental studies that data
augmentation improved the detection accuracy of pseudo
brain tumors.

In the future studies, artificial data can be obtained by
using different methods alone or together for augmentation
of MRS data. In addition, more successful classification
results can be achieved by fine-tuning the parameters of the
used network. For tumor classification, a model that may be
created by combining CNN and LSTM networks for better
results. Moreover, the accuracy of the method proposed
within the scope of this study can be evaluated with the
creation of a new MRS dataset or with other existing MRS
datasets.
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