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Abstract

Breast cancer (BC) or breast neoplasm is causing major menace to the life of women around the
world. The significance of early detection and staging of BC has been substantial in diagnosing protocol.
This work aims to develop an automated system that combines multivariate data analysis (PCA - principal
components analysis) with ensemble recurrent neural network models (stacked OGRU-LSTM) to identify
Raman spectral characteristics that can be used as spectral cancer markers for the detection of BC
progression and staging. Features of blood plasma from histopathologically diagnosed BC candidates were
compared to healthy ones in this study. The same is performed on different leading classification models
as the stacked basic RNN, the stacked-RNN-LSTM, and RNN-GRU models. A total of 2,340 Raman
spectra generated is evaluated in this study. It is found from the study that stage 3 and stage 2 are structurally
identical, but with PCA-Factorial Discriminant Analysis (FDA) they can be distinguished from each other,
hence the Raman spectrum pertaining to blood plasma samples of the BC candidates is classified efficiently,
yielding potentially high values of specificity and sensitivity for all the BC stages. Comparative
classification results show that the stacked OGRU-LSTM model outperforms well for BC detection, and
better differentiates various stages of BC by employing the multivariate data analysis technique. The
stacked OGRU-LSTM model achieved the highest classification accuracy (97.89 %), Cohen-kappa score
(0.928), F1-score (0.957), and the lowermost number of test loss and MSE (0.037), indicating that the model
outperforms other baseline classifiers.

Keywords: ANN, Breast cancer detection, LSTM, OGRU, OGRU-LSTM, Staging of breast neoplasm,
Stacked RNN

Introduction

Text Breast cancer (BC) is one of the most common cancers that affect a large percentage of females
around the globe. BC starts in the cells that line the milk ducts and extents into lymph and tumor over time
[1]. 50 % of BC patients are discovered in the later stages of the disease, such as stages I1I and IV, especially
in India. When it comes to developed countries, the diagnosis rate reaches 12 % [2]. According to a study,
around 7 % of women are diagnosed with BC before the age of 40, and for more than 40 % of all cancers
in this age group that women face is BC [3].

In accordance with the National Cancer Institute, United States, BC treatment cost around $20.5
billion in 2020 [4]. However, the rate of survival is highly advanced in developed countries [5]. The role
of hereditary factors in BC is estimated to be 5 - 10 % [6,7]. Late pregnancy, breastfeeding failure,
nulliparity, post-menopausal weight gain, alcohol intake, and lack of exercise are all potential risk factors
[8]. BC cells originate in mammary gland tissue and have a 7-year evolution time. 100 to 300 days are
needed to double the BC cells and require 30 doublings for breast neoplasm [9].

Cancer is sometimes referred to as a fatal disease since it develops without causing any symptoms.
This highpoint the need for early detection of BC, as well as advanced screening procedures that can detect
early-stage anomalies at a micro-level. Breast cancer can be treated using a multimodal strategy that
combines surgery, hormone therapy, chemotherapy, targeted therapy, and radiation therapy. Hence,
detection in the early phase will aid clinicians in recommending possible and effective treatments.

The proposed method in this research work processes spectral data from the blood plasma of BC
patients with Raman spectroscopy and determines whether or not the patient is affected by BC. The various
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stages of BC are a critical aspect of the diagnosis process, especially in terms of survival chances. The
classification of BC is based on lymph node involvement (N), tumor size (T), and metastasis or no
metastases (M) [5]. In stage 0, BC has not progressed beyond the initiation point, the tumor has moved to
certain fatty tissues in the breast and expanded in size in stage 1, while in stage 2 it has migrated to 3 lymph
nodes and it has extended to the chest wall in stage 3. It has progressed from the lymph nodes or breast to
the bones, lungs, liver, and brains at stage 4, commonly known as the metastatic phase, after that there is
no higher stage classification.

Considering the limits of current cancer detection methods, particularly early-stage cancer detection,
there is an immediate necessity to develop novel methods for rapidly diagnosing cancer at a very early
stage. The novelty of the proposed system is that it is able to detect BC at early stages in asymptomatic
candidates with high accuracy in real-time with a minimal quantity of blood samples. This would potentially
lead to the identification of BC at an early stage, thus allowing timely diagnosis and treatment to save lives.
The Raman spectroscopy can identify label-free breast cancer and analyze the variation in chemical
composition that exists among the different samples based on the morphology. It can identify variations in
molecular structure and composition in the constituents of tissue and cell such as carbohydrates, proteins,
lipids, and nucleic acids that occur during tumor growth. The metabolic products of tumors are carried by
the blood and can be tracked during circulation. Thereby analyzing the structural differences and molecular
composition of the biomarkers circulated within blood samples effectively by employing the deep learning
classifiers at the molecular level. The ability of Raman spectroscopy to assist the diagnosis of early-stage
breast cancer [11] is potent since these biochemical variations manifest [10] before the appearance of
clinical signs frequently recognized by imaging protocols.

To help healthcare professionals, deep learning (DL) based data discovery algorithms that work on
spectral patterns among large amounts of spectral data are being utilized. DL techniques, which are a subset
of machine learning, are frequently beneficial due to their self-adaptive structure, which can analyze data
with less computational processing. Instead of doing it manually by an expert clinician, the computer-aided
DL process is employed, allowing clinicians to participate in the analysis of BC. Deep learning outperforms
traditional artificial neural networks (ANN) as it allows for the creation of networks with more than 2 layers
[17]. In this paper, a DL architecture-based system with multivariate data analysis is used to improve the
accuracy of BC prediction and classification of stages using Raman spectral data. A Recurrent Neural
Network (RNN) [6] is a DL model with a feedback response loop structure that is frequently used for
prediction. By enhancing the learning process of the typical gating unit called the GRU model, this research
work put forward an Optimized Gated Recurrent Unit (OGRU) model, OGRU increases the prediction
accuracy and learning efficiency of the deep GRU model. To eliminate interference from inessential
information, the output of the gate is utilized to filter the current input data. The reset gate modifies the
output of the update gate, which can improve learning efficiency by speeding up convergence and
suppressing the attenuation problem of the gradient. In this research work, an ensemble stacked OGRU-
LSTM model is proposed which can detect the result of the diagnosis. Two RNN variants are employed for
prognosis, the Long-short Term Memory (LSTM) and OGRU. Quantitative, qualitative, comparative, and
complexity measurements are all used in the analysis of the algorithms proposed. The spectral
characteristics obtained from blood plasma samples from patients diagnosed with stage 2, 3, or 4 BCs are
analyzed using Raman spectroscopy and multivariate analyses along with the OGRU-LSTM classification
model.

The paper is strongly motivated for early BC prediction and staging as;

1) To generate a balanced spectral dataset, pre-processing is performed;

2) For improved accuracy, OGRU and LSTM (Hybrid/ensemble deep learning models)-based
classification models are used;

3) The multivariate technique is used to validate the distinctive spectral signatures of blood plasma
samples with stages 2, 3, or 4 BC.

4) The model is compared to existing techniques to show that it outperforms the most recent models
sin all aspects.

The rest part of this paper is structured as follows. Section 2 summarizes several existing methods.
Section 3 particulars the sample preparation, acquisition of Raman spectral signal, preprocessing of the
spectra, and finally data augmentation pertaining to this research under materials and methods. Section 4
describes the methodology and implementation, where it starts with the scope of using GRU as the base
architecture of deep learning for time series data pertaining to this research work, afterward describing 4
deep learning architectures along with the proposed OGRU-LSTM followed by RNN-LSTM, GRU-RNN,
and RNN. Section 5 is the results and discussion pertaining to this research, where the tested results of the
classification methods have been discussed, and the results of each deep learning model are compared to
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conclude the optimum deep learning method pertaining to this research work. The conclusion is enumerated
in Section 6.

Related works

To distinguish among benign and malignant BCs, researchers used neural networks and ultrasound
imaging with multi-fractal dimension characteristics. The majority of the work was done on imaging. The
study reported the most precise classification results, with an accuracy of 82.04 % [19]. In the Weka tool
for the identification of BCs, a comparative analysis of clustering approaches, such as LVQ, hierarchical
clustering, DBSCAN, and canopy, was undertaken in [20]. The first clustering technique was found to have
the highest prediction accuracy of 72 % [20], according to the published results. For BC classification,
CNN and Multiple Instance Learning (MIL) were coupled. The studies used the BreaKHis database, which
included 8,000 malignant and benign BCs biopsy images. With a magnification factor of 40x, the
classification rate was found to be 92.1 % [22].

RNN is a sort of neural network (NN) model that can process both parallel and sequential data. By
adding memory cells into the neural layer, similar operations to those of the human brain can be replicated.
Bidirectional Recurrent Neural Network (BiRNN) is another RNN model that is modeled to process input
sequences with known start and end in advance. Subsequently, RNN uses data from the previous session,
and BiRNN might be used to make even more improvements. Data from 2 different sources can be handled
by Bi-RNN. The sequence is processed by RNN from start to finish, while the other processes it backward
from beginning to end [31], taking into account both the start and end context of each sequence element.
LSTM-RNN and GRU-RNN are 2 RNN alternatives that differ in their gating units. The LSTM is a type
of RNN that incorporates prediction based on context, which is not taken into account by regular RNN. By
training RNN, the vanishing gradients problem can be eliminated by LSTM.

When it comes to Raman spectroscopy and deep learning models for early-stage breast cancer
identification and classification of stages from blood plasma, not many works are being conducted
effectively to the best of our knowledge, Raman spectroscopy can capture the structural and chemical
features of blood plasma from spectral characteristics such as the position of peaks, and wavelength [37].
Krishna et al. [37] and Bergholt et al. [21]. employed Raman spectroscopy to analyze the oral sample in an
in vivo environment. The findings of the experiment indicate that the features of the spectral patterns are
used to classify normal tissue specifically in high wavenumber. Singh et al. put forwarded the implication
of Raman spectroscopy in oral cavity lesions detection [23]. Raman spectroscopy has significant benefits
in the detection of oral cancer tissue. The tumor cells alter the morphology and structure of tissues, and the
resultant Raman peaks correlating to nucleic acid and proteins are evident [24]. Raman spectroscopy has
significantly high specificity for the recognition of tumor tissue. It is hence condensed the necessity for
adjunct therapy [25].

For cancer analysis, Raman spectroscopy has been broadly experimented. Krishna et al. identified
that Raman spectroscopy is sensible to the spectral sensitivity against morphological changes and molecular
composition related to malignant tissue. Oral leukoplakia, Oral squamous cell carcinoma, and oral sub-
mucous fibrosis are differentiated from healthy tissues by statistical multivariate methods [26]. Carvalho et
al. found the application of a high-wavenumber pattern in Raman spectroscopy in the oral tumor and
detected the oral tissue by multivariate analysis called PCA [27]. Krishna ef al. experimented with oral
tissue in an ex-vivo environment and used Raman spectroscopy with a multivariate approach called PCA
to compare the changes in protein in healthy tissues and oral squamous cell carcinoma [37]. Venkatakrishna
et al. employed an optic fiber medium as a probe tool for Raman spectroscopy and validated the Raman
spectrum using the technique called PCA, employing residual squared sum and Mahalanobis distance as a
standard to differentiate oral tumor and healthy tissue [28]. Malini et al. experimented with the application
of Raman spectroscopy in the recognition of oral cancer, using the multivariate approach PCA to
characterize normal, precancerous, malignant, and inflammatory tissues [29]. Sonis et al. employed Raman
spectroscopy to examine the spectral patterns obtained from dissimilar oral regions [30]. Another
multivariate analysis approach called linear discriminant analysis (LDA) is used to show the potential of
Raman spectroscopy for specificity for specific mucosal types and oral mucosal diseases of the oral region
[37]. Deep learning approaches need not need any manual involvement to obtain features compared to
conventional machine learning approaches. Hence, deep learning is employed in healthcare monitoring
systems, as electrocardiogram identification [32-34], segmentation of lung on x-ray [35], and
characterization of bacteria [36]. This technical approach can excerpt more characteristic features of cancer.
Consequently, the cancer tissue recognition accuracy is enhanced.

Many cancers related studies employed several machine learning models, conducted on different
subclasses of their data. In particular, many research compared the effectiveness of various ML models,
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typically conventional ML models including LDA and PCA with deep learning models as CNNs. Table 1
includes the model with comparatively the best performance. We provide this metric unless otherwise
mentioned, despite the fact that its applicability to classification tasks is questioned, due to its
ubiquitousness in the literature reviewed and its intuitive interpretation.

Table 1 Literature review overview.

Authors Sample Model Accuracy
Li C et al [48] cell lines-Breast Cancer (BC) PCA SVM 99.0 %
Shang L et al. [49] Tissue-BC CNN 92 %
prusor yreret Tissue-BC CNN 90 %
Wu S et al. [51] Tissue-Oral Cancer PCA-QDA 82 %
Zhu L. et al. [52] Tissue-Tongue Cancer CNN-SVM 99.5 %
Lin K. et al. [53] Tissue-Nasopharyngeal Cancer GA-LDA-PLS 98 %

Materials and methods

Preparation of sample and protocol

18 females diagnosed with BC histologically and 8 control females were chosen for the study.
Particularly, the available BC samples belong to stages 2 - 4. Since candidates rarely report to the clinic at
stage 1, stage 1 samples are not available. Candidates from similar socioeconomic and ethnic backgrounds
were grouped. To get plasma samples, blood samples were taken in EDTA vials and centrifuged at the rate
of 3,400 rpm for 5 min.

Acquisition of raman spectral data

20 pl of a plasma sample from whole blood was placed on a substrate (aluminum) and spectral
characteristics of Raman were obtained. 20 pl of the same plasma sample are placed on the aluminum
substrate 3 times, with a new aluminum substrate each time, yielding a total of 25 spectra from each sample
of blood plasma. Raman spectra were collected from all 18 females with BC and 8 controlled blood samples
using a Raman micro spectrometer. The spectrometer has a laser source of 785 nm diode with 60 MW
power. The Raman spectra were obtained between 600 and 1,800 cm™! in 30 s. Table 2 lists the Raman
spectral feature assignments [38-42].

Table 2 Raman spectral feature assignments.

Spectral wavenumbers Assignment names (Biomarkers)
625 cm™! Nucleotide conformation
640 cm™! Stretching of C-S & twisting of C-C in CoH;1NO3
675 cm™! CO-NH I (b-sheet)
689 cm™! Nucleotide conformation
714 cm™ C-N adenine CN, (CH3); (lipids)
752 cm™! C Hs Ns O
761 cm™! Ciu Hpip Ny O d (ring)
770 cm™ PO~
778 cm™! Csy7 Hgs O3 P

788 cm’™! phosphodiester bands in DNA
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Spectral wavenumbers Assignment names (Biomarkers)

798 cm™! CH deformation

828 cm! CoH;1NO; /protein

857 cm! Cs7Ho1N 19016

885 cm™! Disaccharide (cellobiose), (C-O-C ) skeletal mode

901 cm! Monosaccharides (b-glucose)

917 cm™! Cs Hs NO2,Cs Ho NO3

932 cm™! C-C, a-helix

1,100 cm! C-C gauche-bonded chain

1,138 cm! n (C-C)- fatty acids, lipids

1,145 cm™! n (C-C)- fatty acids, lipids

1,173 cm™ C4HsN30, CsHsNsO

1,185 cm™ Anti-symmetric PO4+* vibrations

1,268 cm! d (=C-H) (CH,OH-CHOH-CH,0OH)

1,285 cm! CH,OH-CHOH-CH,OH

1307 em-! Twisting of CHs/CH,, wagging &/or CesHi02N1302 bending
mode & CH3(CHz) nCOOH

1,319 cm! CsHsNsO

1,410 cm™ ns COO» (IgG)

1,440 cm™ deformation of CH» in normal breast tissue

1,609 cm™! C4HsN3O

1,660 cm™ CisH31N3013P2

Preprocessing of data

All Raman spectral data processing was done with Python [43]. Smoothing, vector normalization,
substrate removal, and baseline correction were all part of the data pre-processing. The Savitzky-Golay
smoothing method was used to vector normalize and smooth all spectra, including substrate backgrounds
(order 5,13-point window). All of the spectra were rubber band corrected, and the spectra from the substrate
were deducted from every spectrum to remove the baseline.

Smoothing of the spectral data is a typical pre-processing technique. Smoothing is a mathematical
process done on raw spectral data to eliminate (random) noise. This is particularly necessary when
attempting to isolate significant spectral characteristic features that may be partially occluded by noise. For
Raman spectroscopy, derivatives of the real spectral data are evaluated. The numerical distinction of
data intensifies noise highly, and smoothing is required to obtain meaningful and significant spectral
derivatives. The Savitzky-Golay (SG) method is a standard in data smoothing, especially in the case of time
series data. Rubber band corrections are performed with the ends attached to the ends of the spectrum or at
least 1 component of the spectrum to be corrected, and wrapped around the curve profile of the spectrum
from below. The rubber band is then positioned against the spectrum's curve characteristic pattern. These
are used in all deep learning approaches and multivariate analyses for time series data. When this is
subtracted from the spectrum, the required spectrum with a rectified baseline is attained, and the
preprocessing results (Where the spectral sample from each class of blood samples such as cancer and
controlled sample; are preprocessed and the resultant preprocessing results are illustrated in Figure 1), are
shown in Figure 1.
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Figure 1 (a) the raw spectrum obtained from a BC sample and (b) the preprocessed spectrum of the raw
BC sample, (c) the raw spectrum obtained form-controlled sample (d) the preprocessed spectrum of the raw
controlled sample.

Augmentation of data

The deep learning models need sufficient data to process. Adequate training of data allows the neural
network to properly train the intrinsic features of the spectral data, improve the steadiness of models, and
minimize overfitting. However, the number of observations (spectral sample) made for the study was
limited. To address this problem, a successful and simple spectral data augmentation technique was created
to synthesize new spectral data with no incurring additional labeling requirements. Data augmentation is a
process that entails adding repeated spectra to the data by replicating along with noise and/or other changes
to enhance the no. spectra. The data augmentation technique is employed in DL to not only enhance the
spectral data size but also to add noise into the spectral data so that the tendency of the model to likely get
overfit against the training set is less significant. As a result, the data is regularized, and the learning process
smoothed out. This technique doesn’t need to confront biological proceedings, nonetheless is convenient
as it can be used as a technique for data regularization, hence it reduces the tendency of a model to over-fit
the data. The following are the 3 methods of data augmentation: (a) Moving the original Raman spectra left
or right by 2 cm™, increasing the overall spectral resolution from 600 to 3,000; (b) Increasing the overall
spectral resolution from 3,000 to 3,600 by applying random Gaussian noise to the source spectra; (¢) Using
a randomized scaling coefficient with a sum of 1 to linearly superimpose the original Raman spectra of the
same kind, the total spectral resolution was increased from 3,600 to 5,000 [54]. Each sample in the training
set underwent this process 10 times, and the results were added to the dataset.

Methodology

The aim of the proposed classifier is to apply DL techniques to effectively determine whether a patient
has BC or not from the Raman spectrogram, and then use the same spectral data to identify the stages of
the BC based on multivariate data analysis. Deep learning approaches are employed in the automatic
recognition of features from raw spectral data with an end-to-end training procedure and supervised
learning (SL) archetype. The SL method is used to classify blood samples and determine whether they are
benign or malignant. For such predictions, the proposed method uses an ensemble OGRU and LSTM
framework. The potential of OGRU-LSTM-based architecture is put forward in this research work, which
has a different pattern of LSTM and OGRU layers with 4 dense layers (D-layer) incorporated with PCA-
FDA multivariate analysis. Bidirectional neural network layers are used to implement the LSTM and
OGRU layers. Except for the D-layer, the dropout layers follow the OGRU and LSTM Layers. The results
obtained from the leading deep learning classifiers such as RNN-LSTM, GRU-RNN, and RNN are
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compared with the proposed ORGU-LSTM model. The validation of the models is performed by validating
the throughputs obtained from the classifiers and multivariate data analysis with the ground truth value
where it is histopathologically labeled for each sample. The labels of samples are as follows cancerous,
non-cancerous, stage 2 BC, stage 3 BC, and stage 4 BC. The results of each classifier are cross-validated
with the label marked against each sample to ensure classification performance.

The overview of typical GRU

The vanishing gradient concern with RNN is resolved by the use of GRU. GRU employs the “reset
gate and update gate” tactic, which includes 2 vectors to determine what data must be allowed to pass to
the output. The most unique feature of these vectors is that they are able to train to hold the previous data
without eliminating or washing it, even though it is typically not relevant to prediction. GRU performs
better than RNN and LSTM because of its easy structure. GRU in a modest way regulates the stream of
data through gates similar to LSTM.

The GRU-NN is a type of RNN that can sustain longer-term data dependence and is commonly
employed in clinical examination protocol. The output gate, input gate, and forgetting gate are the 3 gate
units that make up the LSTM neural network model. The time-series data is processed by modeling the
gate. Although the gradient fades to some amount, training is more likely as a result of the parameters
actively engaged.

Figure 2 The general architecture of GRU [33].

The GRU-NN model is a variation of LSTM-NN. It improves the topology of LSTM by combining
the LSTM’s 3 gating units into 2, namely the reset gate and the update gate. As a result, the GRU model’s
parameters are modest, the training overhead is low, and a longer distance information dependency may be
maintained. Figure 2 illustrates the neural structure of a conventional GRU.

The implicit, output, and input layers constitute the GRU model. GRU neurons are used to create the
hidden layers. The data stays at time ¢ after data preprocessing is the GRU neural network’s input data. In
most cases, time-series data is used as input. The conventional GRU unit, reset gate, and update gate
calculation formulas are as follows at time ¢ if the input sequence is ey, ey,..., e:.;

q = o (W= [re—q, e]) )
le= 0 (W, * [re_q,ec]) )
m, = tanh (W * [qe—q * Tr—1, €]) 3)
rn=0—-1)*n_y + 1 *m]) (4)
ke =0 Wy *1y) )

The output of the reset gate at time # is denoted by r; The output gate at time ¢ is represented by /; In
the update gate, 7, is the weight between the r.; and input; W, is the weight in the reset gate between the
rw.; and input, where at time #-/ the standard GRU unit output is 7..;. The input at time t is denoted by ¢;; at
time ¢, m, is a new vector formed using the tanh layer, i.e. in the hidden state, and added to the current state;
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W denotes the weight between the inputs and the update gate’s output /; The output of the standard GRU
unit at time t is represented by 7, it is utilized to update the current state of the neuron; at the present ¢ time,
multiply (/-/;) the preceding hidden state r..; to create the hidden state /,, to build the hidden state r; at the
present ¢ time, remove extraneous data and add the product of /; and m,.; W, signify the weight of r;, and at
time ¢, k; is the output of the GRU-NN, that is, the predicted result; for the sigmoid activation function, 2
often utilized neuron activation functions are sigmoid and tanh. The GRU model preserves sensitive data
across long distances by reducing the amount of gating units, eliminating redundant data continuously, and
storing information dependencies in the hidden state, as shown in the formula above [33].

The proposed OGRU- LSTM model

This section details the hybrid model for breast cancer identification and classification and it is seen
that the same model can improve the accuracy of classification. Considering all the potential advantages of
hybrid models and focusing on enhancing the performance of classification approaches, this paper
compares and evaluates the proposed hybrid model with the other 3 leading deep learning models. These
methodologies are applied to classify the Raman spectrum as either benign or malignant.

GRU, on the other hand, has drawbacks such as low learning efficiency and slow convergence. To
eliminate these drawbacks a neural network model with an OGRU is proposed. The OGRU architecture
utilizes the reset gate to advance the prediction performance and learning efficiency of GRU by optimizing
its learning process. As a result, an OGRU is proposed, in which the GRU neural unit’s update gate is
enhanced, the actual input of update gate e, is modified to e, multiplied with r;, and the output of the reset
gate is utilized to adjust the update gate with feedback. By filtering the present input data e, through the
reset gate, similar data’s negative effects are reduced to a greater extent, and convergence will be
accelerated, hence the goal of efficient learning will be achieved. The deep OGRU neural network is
modeled from GRU architecture, whose neural structure is depicted in Figure 3.

ey, ex..., e; are considered as the input sequence, then the gate is updated at ¢, reset the gate, and apply
OGRU output calculation formula;

G = 0 Wy * [re—1,e]) (6)
lo= 0 (W, * [r_y, e *1¢]) (7
m, = tanh (W * [q,, Te_1 * e.]) (8)
re=(1—=1) %1y + 1, * m, 9)
ke =0 (W, * ) (10)

Among them, In the formula, , and /; have the same denotation as normal GRU neurons. The OGRU
neuron varies from the GRU neuron in that, in order to hide the state weight, the ; is multiplied with the
preceding time at the update gate /;, allowing the reset gate to re-screen the present input data e, and to
optimize the neuron structure, the reset gate's output is used to modify the update gate.

The neuron topology of the OGRU is more logical than GRU, as shown in Figure 3 and formula (7),
and at each time the hidden state can be made simpler, and to some extent, the gradient attenuation can be
controlled. As a result, the OGRU model may retain a higher distance information dependency, as well as
a higher prediction accuracy and learning efficiency [33].

€t
Figure 3 The OGRU neuronal structure [33].
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The input layer, output layer, and hidden layer make up the deep OGRU-NN. The OGRU neurons
constitute the hidden layers. The recursive transfer of data among neurons is increased, and the data
preservation capability is enhanced, by optimizing the learning process of the GRU model. It is
significant that the ratio of the mean of error and the sum of squares of error are employed to evaluate the
accuracy of prediction. They are commonly used indicators for determining the variation among actual and
expected values, and they can correctly reflect the model's accuracy of prediction [33]. Formulas (11) for
AE and (12) for SSE illustrate the error ratio means and the sum of error squares;

= Ly, Eh (i
SSE = %Ly (ki — k)? (12)

M denotes total no. samples in the validation, k;' is the output predicted, and k; is the real output. The
accuracy of prediction is higher if AE is smaller than SSE.

To obtain maximum efficacy, hyperparameters must be tuned while designing this model. This
section describes the model’s specifications as well as its hyper-parameters. By considering the ability of
LSTM with its less memory consumption, and fast and accurate performance in using datasets with longer
sequences as pertaining to this work’s spectral data, the OGRU model is ensembled with LSTM. The model
proposed has 4 OGRU and 2 LSTM layers, each with 512, 256, 128, 64, 32 and 16 units. Each of these
layers are having a 20 % dropout rate. Following that, 4 D-layer with 8, 4, 2 and 1 nodes are stacked in this
model, correspondingly. With the exception of the dropout layers, in all levels, the sigmoid activation
function is used. These layers are finally compiled using a 64-batch size Adam optimizer with 100 epochs.
The hyper-parameters can be adjusted to help the model achieve the best prediction results. To obtain
prediction, the NN takes a total parameter of 3, 32, 036 and trains them. Table 3 has a comprehensive
description of the model.

Table 3 Proposed stacked ensemble OGRU-LSTM Model.

Dropout rate/

Name of layers No. of nodes Shape of output No. of parameters received
Bi-directional-OGRU 512 Nil-30-124 99,850
Dropout-layer 0.2 Nil-30-512 0
Bi-directional-OGRU 256 Nil-30-256 164,362
Dropout-layer 0.2 Nil-30-128 0
Bi-directional-OGRU 128 Nil-30-64 30,922
Dropout-layer 0.2 Nil-30-64 0
Bi-directional-OGRU 64 Nil-32 20,396
Dropout-layer 0.2 Nil-32 0
LSTM layer 32 Nil-32 10,474
Dropout-layer 0.2 Nil-32 0
LSTM layer 16 Nil-32 5,688
Dropout-layer 0.2 Nil-32
D-layer 8 Nil-8 274
D-layer 4 Nil-4 46
D-layer 2 Nil-2 20
D-layer 1 Nil-1 4
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Stacked RNN-LSTM model

Each of the 4 LSTM layers is followed by dropout layers in a stacked LSTM model. Four D-layers
are included in the model again. The activation function ‘sigmoid’ is used to implement the final D-layer
and the LSTM layers. This model trains with received 131,705 parameters for obtaining results prediction
once it is implemented by selecting relevant hyper-parameters. Table 4 describes this model.

Table 4 Stacked RNN-LSTM model.

Dropout rate/

No. of nodes Shape of output  No. of parameters received

Name of layers

LSTM layer 128 Nil-30-128 66,560
Dropout-layer 0.2 Nil-30-128 0
LSTM layer 64 Nil-30-64 49,408
Dropout-layer 0.2 Nil-30-64 0
LSTM layer 32 Nil-30-32 12,416
Dropout-layer 0.2 Nil-30-32 0
LSTM layer 16 Nil-16 3,136
Dropout-layer 0.2 Nil-16 0
D-layer Nil-8 136
D-layer Nil-4 36
D-layer Nil-2 10
D-layer Nil, 1 3

Data Acquisition

— N B~

Pre-processing of Data (Vector Normalization, ]
baseline correction, rubber band correction) J

Y . \ 4
‘I
@ Dataset Testing/
A

Validation

{ Training Deep Neural Network ]

[ Prediction model based on

L
deep neural network N
/
y
v

End
Figure 4 The flow diagram of the prediction model.

Stacked RNN-GRU model

This model, like the other 2 baseline classifiers, is made up of GRU sequences and dropout layers.
This model similarly has 4 D-layers layered on top of each other. Like the previous 2 models, the final
output layer and the GRU layers both take the activation function sigmoid. During the training phase, the
model can make predictions by considering 98,825 parameters. Table 5 gives a brief detail of the model.
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Table 5 Stacked RNN-GRU model’s description.

Dropout rate/

No. of nodes Shape of output  No. of parameters received

Name of layers

GRU-layer 128 Nil-30-128 49,920
Dropout-layer 0.2 Nil-30-128 0
GRU-layer 64 Nil-30-64 37,056

Dropout-Layer 0.2 Nil-30-64 0
GRU-layer 32 Nil-30-32 9,312
Dropout-Layer 0.2 Nil-30-32 0
GRU-layer 16 Nil-16 2,352
Dropout-Layer 0.2 Nil-16 136
D-layer 8 Nil-8 36
D-layer 4 Nil-4 10
D-layer 2 Nil-2 3
D-layer 1 Nil-1 136

Simple recurrent neural network

The general structure of RNN architecture is presented in this section. All 3 models have the same
amount of layers and units with the same batch size. The significant part of the RNN Layer is different for
each model. In each layer on the nodes, the current epochs, dropout layer rate, optimizer, and batch size of
the developed models have the same structure. In terms of prediction, this will give a similar stage for
comparing models. Table 6 lists the stated parameters that are common to all of the executed models.

Table 6 Structure of the RNN model.

Layer no. 1 2 3 4 5 6 7 8
No. of nodes 128 64 32 16 8 4 2 1
Layer type RNN Dense
Dropout layer Yes (Dropout rate - 20 %) No
Size of batch 64
No. epochs 100
Loss Log loss binary classification
Optimizer Adam

This RNN model is made up of 4 RNN Layers stacked on top of each other. After each RNN Layer,
dropout layers are utilized at a rate of 20 %. Nevertheless, these are followed by the addition of 4 dense-
layers. ‘Sigmoid’ is the activation function for the last dense-layer and the first 4 RNN Layers. This model
is fed a total of 33,065 parameters during the training phase. Table 7 provides a concise description of this
model.
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Table 7 Stacked RNN model.

Dropout rate/

Name of layers No. of nodes Shape of output No. of parameters received
RNN layer 128 Nil-30-128 16,640
Dropout-layer 0.2 Nil-30-128 0
RNN layer 64 Nil-30-64 12,352
Dropout-layer 0.2 Nil-30-64 0
RNN layer 32 Nil-30-32 3,104
Dropout-layer 0.2 Nil-30-32 0
RNN layer 16 Nil-16 784
Dropout-layer 0.2 Nil-16 0
D-layer 8 Nil-8 136
D-layer 4 Nil-4 36
D-layer 2 Nil-2 10
D-layer 1 Nil-1 3

An unsupervised method called PCA is used for exploring data sets and determining the underlying
reasons for data variability. Correlated variables are transformed into uncorrelated variables by PCA called
PC-scores (or scores), which can aid in reducing data dimensionality while retaining variability. The most
variability in spectral data is explained by the first PC-score, and each subsequent score explains the next
uppermost source of remaining variability. However, the fact that PCA is well adapted to highlighting the
existence of clusters in a data set, spectral property variations not associated with certain pathological
conditions but other less appropriate biological parameters can affect the transfer of data over scatter plots.
As a result, when increasing the weight of underlying features of spectra in the classification, it seems that
introducing a supervised constraint to the PCA for discrimination is essential. PCA-FDA (Factorial
Discriminate Analysis) allows to compute and choose the appropriate PCs for your current application [44].
PCA-FDA, for instance, is employed to distinguish Raman spectra based on the BC stage, demonstrating
that Raman spectroscopy is capable of diagnostic purposes. Cross-validation is necessary to evade
overoptimistic classification rates and model overfitting due to the supervised nature of the model. As a
result, the spectral data sets were divided into 2 3/4 of the spectra for training and 1/4 of the remaining
spectra for validation using a random sample selection method. In addition, cross-validation of 100-fold
was used to test the model’s robustness with various combinations of training and validation data sets. In
the confusion matrix, the aggregate result of 10 PC-scores is represented, which shows classification by
means of sensitivity and specificity of categorization. This facilitates a more accurate assessment of the rate
of differentiation acquired from a data set limited by the number of candidates.

Results and discussion

RNN models are being trained by feeding the dataset during the process of training. For testing and
training, the resultant spectral dataset is employed. From the total of 26 blood samples around 2,340 Raman
spectrums were obtained. When augmentation is performed on the obtained spectrums and thereby forms
around 70,200 spectrums with characteristic features. With random sample selection, the data sets were
split into a training set, which included 3-quarters (3/4) of the spectra, and a validation set, which included
the final quarter (1/4) of the spectra. Over each epoch, the process of training is assessed against accuracy
and loss. Baseline classifiers are trained using epoch sizes of varying lengths. The initial epoch sizes were
20, 50 and 100. These epoch sizes were used to train all the models.

In terms of testing accuracy, the models are analyzed and compared after they had been trained. The
highest predictive efficiency is listed in Table 8 with an epoch size of 100. Henceforth, the optimal training
criterion is an epoch size of 100. Loss and Accuracy attained through each of the 100 epochs against each
of the 4 models are specified in Figures 5 - 8. All of the models are implemented using the Keras [45] deep
learning framework with the TensorFlow [46] backend.
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Table 8 Accuracy of prediction for all different models of RNN for various Size of epoch.

Size of epoch Stacked Stacked Stacked Proposed
RNN (%) RNN-LSTM (%) GRU-RNN (%) OGRU-LSTM (%)
20 64.83 69.43 76.53 81.27
50 67.69 76.83 86.73 91.27
150 77.38 86.34 94.26 97.89
Model Loss Model Accuracy
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Figure 5 (a) Loss curve of stacked RNN and (b) accuracy curve of stacked RNN.

The F1-Score, accuracy, MSE, and Cohen-Kappa Score of the put forward stacked OGRU-LSTM
model are all assessed. Losses that occur during testing are also recorded. It is then compared against the
models of simple-RNN, and stacked GRU and stacked LSTM models as baseline classifiers. After the
training procedure is completed, the accuracy of the test is calculated after the 100™ epoch. Using evaluation
metrics, all the executed models are illustrated after the completion of 100 training epochs in terms of
performance. Predictions for the test dataset are obtained after this training session utilizing training data.
Such prediction results are compared to actual observable values, resulting in a deep model evaluation
based on the metrics utilized. Table 9 shows the results of the comparison analysis. The comparison
analysis shows that the proposed model outperforms existing classifiers in terms of promising results.

Model Loss Model Accuracy

80 100 120 0 20 40 60 80 100 120

Epoch

(2)

Epoch

(b)

Figure 6 (a) Loss plot of stacked LSTM model and (b) accuracy plot of stacked LSTM model.
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Figure 7 (a) Loss plot of stacked OGRU model and (b) Accuracy plot of stacked OGRU model.
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Figure 8 (a) Loss plot of stacked OGRU-LSTM model and (b) accuracy plot of stacked OGRU-LSTM

model.

As demonstrated in Table 9, the stacked LSTM deep model outperforms the stacked simple RNN
deep model in terms of classification accuracy. This is because, due to the structure of long-term
dependencies, the LSTM outperforms the simple RNN. Again, it is known that over LSTM, GRU has better
performance. As a result, the stacked GRU deep model shows an improvement in classification results.
Even better classification results are obtained by combining the capabilities of LSTM and GRU into a single
medium. As a result, this architecture is recognized as the most effective prediction model for BC
identification with high efficiency.

Table 9 Performance of breast cancer classification on different models.

Parameters Stacked Stacked Stacked Stacked
of evaluation RNN RNN- LSTM RNN- GRU OGRU-LSTM
Test loss 0.499775600514173 0.427584776595164  0.28454673589041267  0.09337276361547075
Accuracy (%) 77.38 86.34 94.26 97.89
Fl-score 0.743 0.768 0.928 0.957
MSC 0.293 0.219 0.079 0.037

Cohen-kappa
score

0.497 0.612 0.768 0.928
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Figure 9 illustrates the mean spectra of healthy and BC plasma samples, together with the standard
deviation (mean spectra of BC stages 4, 3 and 2), with possible distinguishing features specified by vertical
lines. Raman spectral features in the mean Raman spectra of patient samples, at 689, 770, 788, 828, 848,
885, 1,138, 1,173, 1,185, 1,268, 1,285, 1,307 and 1,319 cm™! have intensities significantly higher. In the
mean Raman spectra of healthy candidates, however, the features of Raman spectra at 700, 761, 798 and
1,410 cm™! had higher intensities than in the patient samples.

APCA scatter plot from the blood plasma of BC candidates at different stages vs healthy controls is
shown in Figure 10. PC1 explicates 79 % of the distinction and provides reasonable discrimination among
healthy and BC candidates’ Raman spectral data. However, the Stage 2 and 3 samples are well distinguished
from healthy ones, they are substantially overlapping, despite according to PC1 the Stage 3 samples being
significantly distinct. The crossing spectral data of stage 3 and 2 clusters specifies that, though clinically
classified by the intensity of cancer progression, they are both biochemically and spectrally equivalent in
terms of bloodstream manifestation. The clusters of Raman spectra, in particular, have been related to stage
4 samples, which are grouped according to specific candidates. According to PC1, they are not considerably
different from the previous stages, but according to PC2, they are significantly different, signifying a unique
biochemical indication in the bloodstream. supporting information. The difference in all of these graphs is
not potent when compared to Figure 10 of the manuscript (PC2 vs PC1), where PC1 distinguishes healthy
from cancer samples and PC2 distinguishes stage 4 from stages 2 and 3.

Figure 11 illustrates the loadings of Raman spectral data and PCA scatter plots of healthy against
each stage of BC samples. In a pairwise comparison, the development of disease at these stages is well-
differentiated, indicating the potential of PCA. The pair-wise PCA analysis better highpoint variability in
spectral data and thus differ from the combined PCA data analysis of the full data set, as shown in the
analysis reported in this manuscript.

In the PCA scatter plots (a), the PC loadings in Figure 11 show changes that occurred in biological
molecules that are relevant for the grouping of healthy and malignant samples. The malignant samples’
Raman spectral properties are mentioned in Positive loadings, whereas healthy samples’ Raman spectral
features are mentioned in negative loadings, as grouped in the PC-1’s negative and positive axes. Raman
spectral signatures at 689, 770, 788, 828, 848, 1,138, 1,173, 1,185, 1,268, 1,285, 1,307 and 1,319 cm ' have
been found in positive loadings for all stages. These Raman features were significantly raised in the mean
Raman spectra of BC, as shown in Figure 9, and so these positive loadings are connected to the disease.
Raman features intensities at 700, 761, 798, and 1,410 cm™' in the negative loadings were significantly
raised in healthy volunteers' mean Raman spectra than in cancer samples. Other notable Raman spectral
characteristics identified include positive loadings at 1,100 cm™! and negative loadings at 1,440 and 1,663
cm™!. Furthermore, Raman spectral characteristics at 1,663, 1,440, 1,319, 1,268, 1,185, 689, 1,173 and
1,138 cm™' are raised in BC stage 4 and can thus be considered a marker connected with cancer
development.

The PCA scatter plot in Figure 12(a) compares 2 different BC stages, stage 3 and stage 2. According
to PC2, the Raman spectra of the various stages are being distinguished, showing that Raman spectroscopy
can classify blood plasma of 2 stages of the disease. Positive PC2 loadings are connected to stage-3 Raman
features, which are having intensities higher than stage-2 and could be observed at 625, 689, 770, 788, 828,
1,285, 1,307 and 1,319 cm™'. Although the 2 stages of cancer development do not differ significantly
(Figure 10), they do differ significantly in a pairwise comparison (Figure 12(a)).

Although stage 2 BC is still in its early stages, there is evidence that it is growing or spreading. Stage
3 BC, on the other hand, is a progressive stage of the disease in which cancer has spread to the breast’s
nearby tissues. In this context, Raman spectroscopy has the capability to aid in the separation of these
phases of BC, potentially resulting in an earlier diagnosis and more successful therapy. The approach is
shown to achieve this by identifying the underlying biochemistry, as well as the Raman spectrum properties,
as shown in (Figure 12(b)). Positive PC2 loadings are connected to Raman features of stage-3 that are
more intense than those of stage-2, specifically those of nucleic acids. Since migrating DNA and
constituents of the cancer cell is seen in the blood, these characteristics connected with DNA are very
unambiguous signs of malignancy. Furthermore, the presence of these features in stage-3 candidates implies
a progression of cancer growth from stage 2 to 3, as demonstrated by the existence of these spectral features
in the Raman spectra of stage 3 BC.

Figure 13(a) illustrates a PCA scatter-plot of BC stage-4 and 2, indicating how the stage-4 (magenta
dots) and stage-2 (blue dots) Raman spectral data is distinguished by grouping in the negative and positive
axes of the PC-1 correspondingly. In the Raman spectral data of stage-4 candidates, the differences seen as
positive loadings have intensities significantly higher than those of stage-3 candidates, at 689, 1,185, 1,285,
and 1,319 cm™!, as shown in Figure 13(b).
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Figure 14(a) shows a PCA scatter-plot of stages 4 and 3 BC, with clustering of PC-1 on the positive
and negative axes, respectively, indicating a separation between these 2 stages. Positive loadings indicate
Raman spectral characteristics that have intensities significantly higher in stage-4 over stage-3 in Figure
14(b), which indicates the PC1 loadings. These Raman spectral patterns, at 689, 1,185, 1,285 and 1,319
cml, are also observed as metabolic features connected with stage-4 (Figure 13), and these spectral
features had intensities higher in stage-3 than in stage-2 (Figure 12). As a result, the biochemical alterations
detected in the BC stage-by-stage comparison reflect the biochemical changes that occur during the
progression and evolution of BC.

Stage 4 is the most advanced stage of BC, in which cancer has spread to the breast’s surrounding
tissues. At this stage of cancer, effective treatment is quite difficult. The distinction between stages 2/3 and
4 is critical since it leads to an early diagnosis, which can help with appropriate therapy. Stage 2 of BC is
particularly hard to diagnose by histology without a large number of biopsies. Furthermore, this technique
consumes a lot of time for processing, and histology techniques are not always accurate. In this context,
Raman-based spectroscopic analysis is a more rapid analysis technique for the detection of the early-stage
BC and classification based on BC stages, mostly on the basis of structural variation of contents in DNA
during the evolution of the BC from stages 2 to 4. The Raman spectra those at 689, 1,185, 1,285 and 1,319
cm!, are considered (Figure 13) as the spectral features connected to stage-4 breast neoplasm and in
Figure 12 these spectral features significantly have intensities higher in stage 4 as compared with stage 2
and 3. As a result, the biochemical variations identified in the stage-by-stage comparison for BC
demonstrate that biochemical changes occur during BC progression and development. Notably, all
candidates in stage 4 are found to be very different from others, based on the clustering pattern of the Raman
spectral data in the scatter plots of PCA (Figures 13(a) and 14(a)), which might be due to the increased
severity of the BC and metastasis. The variation in these spectral features is due to the peak intensity
variations at 640, 675, 689, 700, 752, 770, 788, 828, 901 and 932 cm™.

The PCA-FDA employed cross-validation of 100-fold and used % of the spectral data for training the
neural network and 1/4 for validation, resulting in 175%100 iterations = 17,500, which was then sub-divided
by 4 to get a validation set = 4,375. To evaluate the diagnostic capability of the approach, a further
classification of the healthy and BC using PCA-FDA was performed. Table 11 illustrates the output, which
specifies the progression of the BC which is detected by using blood plasma samples having a specificity
of 100 % and a sensitivity of 99 %. In addition, PCA-FDA has a specificity of 94 % and a sensitivity of 95
% for spectral data of BC of stage 2 vs 3 (Table 10), a specificity of 82 %, and a sensitivity of 96 % for
stage 4 vs stage 3 (Table 12), and specificity of 100 % and a sensitivity of 91 % for BC of stage 4 vs 2
(Table 13).

Table 10 PCA-FDA for controlled vs BC (stage 3 vs stage 2).

BC BC3 Total Specificity (%)
BC2 2,770 140 2,910 94
BC3 270 4,377 4,647 Sensitivity (%)
Total no. of spectra 7,557 95

Table 11 PCA-FDA for BC (stage 2 vs stage 3).

BC2 Controlled Total Specificity (%)
BC 4,360 40 4,400 100
Controlled 10 2,800 2,810 Sensitivity (%)

Total no. of spectra 7,210 99
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Table 12 PCA-FDA for BC (stage 3 vs stage 4).

BC3 BC 4 Total Specificity (%)
BC3 4,300 250 4,550 82
BC4 450 1,900 2,350 Sensitivity (%)
Total no. of spectra 6,900 96

Table 13 PCA-FDA for BC (stage 2 vs stage 4).

BC2 BC 4 Total Specificity (%)
BC2 2,700 315 3,015 100
BC4 10 1,843 1,853 Sensitivity (%)
Total no. of spectra 4,868 91
0.14
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Figure 9 Healthy (black) and BC (magenta) blood plasma samples’ mean Raman spectra.
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Conclusions

Breast neoplasm is a serious disease that must be treated with care. Early detection of this condition
is extremely beneficial in saving millions of lives. The objective of this research work is to see if a Raman
spectral dataset can be used to assess the probability of being affected by BC disease at an early stage. This
research proposed and implements a stacked OGRU-LSTM hybrid model with Raman spectral data and
multivariate data analysis. The approach of multivariate data analysis called PCA-FDA paired with OGRU-
LSTM hybrid deep learning model has proved its ability for early diagnosis and staging of BC using blood
samples obtained from clinically confirmed BC candidates. When developing the model with the necessary
parameter tuning, interfering characteristics that have an impact on this condition were considered. Raman
spectral characteristics related to DNA and proteins were monitored, which are only observed in BC
candidates’ plasma samples. Moreover, it is identified that several other spectral signatures in blood
samples from candidates with various stages of BC differ significantly. PCA scatter plots revealed distinct
characteristic differences between cancer states of BC. The distinction between stages 2 - 4 is critical
because it leads to early detection, which can lead to more effective treatment. The stacked OGRU-LSTM
model achieved the highest classification accuracy among other classifiers tested with the same spectral
samples. Accuracy, Cohen-kappa score, F1-score, lowermost number of test losses, and MSE are indicating
that the model outperforms other baseline classifiers with 97.89 % accuracy, 0.957 F1-score, 0.928 Cohen-
kappa score, and 0.037 MSE, and the PCA-FDA gives potential differentiation ability to the system in the
prediction of BC stages with a satisfactory result.
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