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H I G H L I G H T S

Breast cancer subtypes were evaluated
by micro-FTIR and 3D discriminant anal-
ysis.
3D discriminant analysis algorithm sig-
nificantly improved discrimination per-
formance.
Proposed method accuracy is over 98%,
in opposition to 85% conventional un-
fold one.
3D-DA provided biochemical signatures
in BC that may be used for tailored
treatments.
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A B S T R A C T

Fourier-transform infrared spectroscopy (FTIR) is a powerful, non-destructive, highly sensitive and a promis-
ing analytical technique to provide spectrochemical signatures of biological samples, where markers like
carbohydrates, proteins, and phosphate groups of DNA can be recognized in biological micro-environment.
However, method of measurements of large cells need an excessive time to achieve high quality images,
making its clinical use difficult due to speed of data-acquisition and lack of optimized computational
procedures. To address such challenges, Machine Learning (ML) based technologies can assist to assess an
accurate prognostication of breast cancer (BC) subtypes with high performance. Here, we applied FTIR
spectroscopy to identify breast cancer subtypes in order to differentiate between luminal (BT474) and non-
luminal (SKBR3) molecular subtypes. For this reason, we tested multivariate classification technique to extract
feature information employing three-dimension (3D)-discriminant analysis approach based on 3D-principle
component analysis-linear discriminant analysis (3D-PCA-LDA) and 3D-principal component analysis-quadratic
discriminant analysis (3D-PCA-QDA), showing an improvement in sensitivity (98%), specificity (94%) and
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accuracy (98%) parameters compared to conventional unfolded methods. Our results evidence that 3D-PCA-
LDA and 3D-PCA-QDA are potential tools for discriminant analysis of hyperspectral dataset to obtain superior
classification assessment.
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1. Introduction

Breast cancer (BC) is the one of the most common heterogeneous
disease with tumors exhibiting changeable morphology, behavior,
molecular-profiles and response to therapy [1]. According to Interna-
tional Agency for Research on Cancer Worldwide (GLOBOCAN 2020),
BC among women has excelled than lung-cancer as the leading diag-
nosed disease, with 2.30-million predicted more new cases (11.70%)
than lung-cancer (11.40%), colorectal-cancer (10.00%), prostate-cancer
(7.30%) and stomach-cancer (5.60%) [2]. Rising evidence presents that
BC depicts variable growth rates that has important medicolegal and
clinical consequences [3]. Thus, death rates for women due to BC
disease were significantly soaring in transitioning versus transitioned
countries i.e. 15.00 versus 12.80 per 100,000 as well as 12.40 versus
5.20 per 100,000, respectively. As a consequence, the worldwide
cancer implication is estimated to be 28.40-million cases till 2040, a
47% increase from 2020, with a rapid rise in transitioning (64% to
95%) vs. transitioned (32% to 56%) countries because of demographic
variations [2]. Albeit, this could be further worsened by growing risk
factors related to globalization and challenging economy. However,
early detection of disease can enhance treatment, decrease mortality
and reduce economic burden.

In the complex landscape of BC, characterized by a diversity of
molecular cell lines, it becomes important for researchers to precisely
differentiate between the BT474 and SKBR3 cell lines. The accurate
distinction between these cell lines is pivotal for advancing both pre-
clinical and clinical research. BT474 embodies the luminal subtype,
identified by the presence of hormone receptors, while SKBR3 stands
as the HER2-positive subtype, marked by amplified human epidermal
growth factor receptor 2 (HER2). This distinction holds immediate ther-
apeutic relevance and extends beyond theoretical significance, empha-
sizing the practical implications for improved treatment strategies [4].
Exploring the therapeutic significance of subtype identification, tai-
lored treatment approaches like hormone therapy for luminal subtypes
and HER2-targeted treatments for HER2-positive subtypes underscores
the practical value [5,6]. These cell lines not only contribute to drug
discovery but also serve as valuable models for comprehending the
intricate biology of BC. Their role extends beyond the laboratory,
facilitating the ongoing quest for customized and effective treatment
interventions. To delve into the complexities of BT474 and SKBR3 cell
lines and explore their potential in advancing precision medicine in
oncology, thus demanding advanced techniques. Therefore, there is
an urgent demand of reliable, non-invasive techniques for monitoring,
diagnosis and prognosis of BC.

Several attempts have been made to identify BC subtypes via mam-
mography, magnetic resonance imaging (MRI), and ultrasonography.
Contrary to optical conventional imaging techniques, hyperspectral
imaging (HSI) allows to capture both spatial and chemical information,
where each spectrum is composed of a pixel in original image [7].
The HSI data are depicted by 3D arrays, where spatial-coordinates
are represented in x-axis, 𝑦-axis, and wavenumbers in 𝑧-axis. These
wavenumbers are processed to stack up on one another to construct
a 3D object, termed as a data cube [8]. To deal HSI data, there are
several chemometric data mining techniques to manipulate such kind of
data, including statistical analytical methods, for instance, partial least
squares (PLS), principal components analysis (PCA), and multivariate
curve resolution.

One of those HSI techniques that has been found an emerging tool
for potential applications is Fourier-transform infrared (FTIR) spec-
troscopy [9,10]. FTIR is a powerful tool for analyzing cellular and tissue
2

samples at a microscopic level, evaluating valuable chemical signatures
into their molecular structure as well as chemical composition [11]. Un-
like other instrumental techniques, micro-FTIR leads for label-free and
non-invasive analysis [12], eradicating the requirement for exogenous
markers and complex sample preparation. By exploiting the intrinsic
vibrational properties of molecules, micro-FTIR provides the investi-
gation of biomolecular changes, such as protein conformation [13],
lipid composition [14], and nucleic acid structures [15]. Due to its
high spatial resolution, micro-FTIR allows the examination of specific
regions of interest within the samples, improving the accuracy and
precision of the analysis [16]. Furthermore, recent progress in micro-
FTIR instrumental and data analytic methods have further enhanced
its susceptibility, allowing the recognition of certain molecular changes
attributed to several cellular processes.

Further, FTIR has been exclusively applied in diagnosis [17], micro-
biological analysis [18], drug screening analysis [19], monitoring glu-
cose [20], forensic study [21], environmental studies [22], and sugar-
quantification [23,24]. Moreover, as a versatile and non-destructive
technique, FTIR has been randomly used for medical/biological pur-
poses, for instance, for the detection of breast cancer, BC molecular
subtypes, brain tissues, ovarian tumors, skin cancer, and liver diseases.
However, there are several major challenges of protocols for FTIR
utilization in order to use for multivariate classification such as stan-
dardization procedures and pre-processing parameters [25]. Further,
because of big resolution as well as co-added scans acquire excessive
acquisition time, that make it impossible for acquisition of numerous
samples in short intervals [26].

In this work, we propose to employ 3D-discriminant analysis ap-
proach for identification of two important BC subtypes (BT474 and
SKBR3). The discriminant analysis is based on 3D-principal compo-
nent analysis-quadratic discriminant analysis (3D-PCA-QDA) and 3D-
principal component analysis-linear discriminant analysis (3D-PCA-
LDA). The hyperspectral images of BC subtypes samples were obtained
from FTIR spectroscopy.

2. Materials and methods

2.1. Samples preparations

2.1.1. Cell culture
Two samples i.e. BT474 (ATCC: HTB-20), a luminal B subtype

(ER/PR/HER2 +Ve) and SKBR3 cells (ATCC : HTB-30), a non-luminal
(HER2) subtype (ER/PR -Ve and HER2 positive) [6] were cultured
in DMEM and supplemented with 10% of fetal bovine-serum and
50 μg/mL of gentamicin (Gibco, Life technologies, MD, USA) at 5% CO2
and 37 ◦C.

.1.2. Tumor growth
For this study, Balb/c nude mice were bred at the animal facility

IPEN-SP/CNEN) and all the experiments were complied with the rele-
ant laws and approved by local animal ethics committee (protocol No.:
03/17). For tumor induction, Balb/c nude mice were subcutaneously
njected with 1 × 106 of BT474 or SKBR3 cells (5/group). The tumors
rowth were assessed 3-times per week by caliper measurement. As
he tumors reached around 500 mm3, mice were euthanized. Then

tumors were collected and processed by formalin-fixation and paraffin
embedding. The 20 sections of 5 μm for each tumor sample, were ob-
tained applying a microtome. Further, each section was fixed in a low-e
microscope slide (MirrIR, Kevley Technologies, USA) and 10-fields per
section were analyzed as well as averaged.
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Fig. 1. A schematic diagram contains both pre-processing procedure and computational simulated analysis: the pre-processing method depends on smoothing (Savtizky-Golay),
scattering correction using extended multivariate scattering correction (EMSC) and removal of outliers with quality test. The computational analysis is based on unfolded versus
3D discriminant analysis based approach.
2.2. Data acquistion and software

The input data for computational modeling was acquired applying
a Cary-Series 600 system (Agilent Technologies, USA), combined by
a Cary-660 FTIR-spectrometer and a Cary-620 FTIR-microscope. This
setup consists of a focal plane array detector (32 × 32 elements) with
spatial resolution of 5.5 μm, enabling 1024 spectra per acquisition.
Furthermore, the optical configuration of FTIR composed of an ob-
jective (15x, NA = 0.62), with about 21-mm working distance and
data collected in high transflection mode. The system was managed to
function with data-spacing 3950–900 cm−1, with 4 cm−1 per resolution.

The FTIR hyperspectral images were processed in Python 3.0. All
the samples were preprocessed using Savitzky-Golay (SG) (window 15,
second order polynomial fitting). Then, the extended multiplicative
signal correction (EMSC) was applied for normalization and to perform
a digital de-waxing. In addition, quality test (Hotelling’s 𝑇 2 vs. Q-
residuals) [27], was performed with the help of partial least regression
using confidence interval (95%). The analysis based on unfolded and
3D-discriminant analysis were performed in Jupyter Notebook.

2.3. Computational modeling analysis

In order to evaluate the model performance, we used unfolded
(PCA-LDA, PCA-QDA) and 3D-discriminant (3D-PCA-LDA, 3D-PCA-
QDA) analysis approaches. Thereby, 3D-PCA procedure used in this
study, a regular PCA is applied to each point of the hyperspectral image
surface using the nonlinear iterative partial least squares (NIPLAS)
algorithm Supplementary Material).

In order to deal 3D-discriminant (3D-PCA-LDA and 3D-PCA-QDA)
analysis approaches, we used two important classifiers i.e., the
quadratic discriminant analysis (QDA), and linear discriminant analysis
(LDA) algorithms to the mean-scores of 3D-PCA. Therefore, the scores
of 3D-PCA-QDA (𝑄𝑖𝑗) as well as 3D-PCA-LDA (𝐿𝑖𝑗) are calculated as
given below [28,29]:

𝑄𝑖𝑗 = (𝑥𝑖 − 𝑥𝑗 )𝑇𝐶−1
𝑗 (𝑥𝑖 − 𝑥𝑗 ) + 𝑙𝑜𝑔𝑒|𝐶𝑗 | − 2𝑙𝑜𝑔𝑒𝜋𝑗 (1)

𝐿 = (𝑥 − 𝑥 )𝑇𝐶−1 (𝑥 − 𝑥 ) − 2𝑙𝑜𝑔 𝜋 (2)
3

𝑖𝑗 𝑖 𝑗 𝑝𝑜𝑜𝑙𝑒𝑑 𝑖 𝑗 𝑒 𝑗
where 𝑥𝑖 represents 1× 𝑁 is the mean-scores of T for sample i, and 𝑥𝑗
is a row-vector of 1× 𝑁 presenting the mean-scores of class j for their
respective PCs. Moreover, the variables such as 𝐶−1

𝑝𝑜𝑜𝑙𝑒𝑑 and 𝐶𝑗 represent
pooled co-variance matrix and variance–covariance matrix of class j. In
order to evaluate the above relations (eqs. (2), (3)), 𝐶−1

𝑝𝑜𝑜𝑙𝑒𝑑 and 𝐶𝑗 are
calculated as reported [28];

𝐶𝑝𝑜𝑜𝑙𝑒𝑑 = 1
𝑛
𝛴𝐽
𝑗=1𝑛𝑗𝐶𝑗 (3)

𝐶𝑗 =
1

𝑛𝑗 − 1
𝛴

𝑛𝑗
𝑖=1(𝑥𝑖 − 𝑥𝑗 )𝑇 (4)

𝜋𝑗 =
𝑛𝑗
𝑛

(5)

where n shows the total number of samples in training set and J depicts
total number of classes and 𝑛𝑗 is the samples of class j.

2.4. Performance evaluation

The 3D discriminant analysis approaches were employed to cal-
culate the performance parameters such as sensitivity, specificity and
accuracy. Those parameters were given as follow;

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
[

𝑇𝑃
(𝑇𝑃 + 𝐹𝑁)

]

× 100 (6)

𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐𝑖𝑡𝑦 =
[

𝑇𝑁
(𝑇𝑁 + 𝐹𝑃 )

]

× 100 (7)

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
[

𝑇𝑃 + 𝑇𝑁
(𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 + 𝐹𝑃 )

]

× 100 (8)

where TP, TN, FP and FN are represented as true positive, true negative,
false positive and false negative, respectively. Furthermore, in order for
exploring correct classification rates in cross-validation, training and
testing sets, the confusion matrices were evaluated using Python3.0.

3. Results

The BC subtypes dataset used in this study were composed on BT474
and SKBR3 hyperspectral imaging samples. Their HSI images were
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Fig. 2. The dataset used in this study: Raw (left-side), and Pre-processed (right-side). The data is obtained using FTIR hyperspectra images for BT474 (a, b) and SKBR 3 (c,d).
Pre-processing is involved using Savitzky–Golay (SG), smoothing (window 15, polynomial fitting employing order 2), extended multivariate scattering corrections (EMSC) and
quality test with PLS regression.
Fig. 3. The exploratory analysis of dataset: (a) explained variance versus number of PCs and (b) 2D scores plot of PCA of BT474 (red dots) and SKBR3 (blue dots).
processed to spectral dataset. The data comprising of 1024 spectra of
each sample (totaling 2048 spectra). For study purpose, these spectra
include the fingerprint regime (900–1800 cm−1) to obtain biochemical
signatures of the main molecular information within the samples. Fig. 1
shows a whole procedure that presents the pre-processing steps in
detailed as well as the computational analysis approach. The pre-
processing steps involve SG filter, EMSC, and quality test for smoothing,
baseline correction, normalization, scattering correction and outlier
handling. One can see the distinct difference between the raw (left),
and pre-processed (right) data, as shown in Fig. 2. The three different
methods were applied to the raw data: the first based on smoothing
and vector normalization (SG followed by base-line correction) that
removes the random noise and corrects the base-line. The second which
removes the light scattering using EMSC and third approach (quality
test+ PLS) which removes the outliers.

To differentiate between classes (i.e. BT474 and SKBR3), pattern
recognition algorithms were applied. Fig. 3 presents exploratory analy-
sis employing PCA procedure to reduce the dimensions of multivariate
data. It can be seen that explained variance with respect to numbers
of PCs (Fig. 3a) which shows the data variations exclusively in three
dimensions (up to 90%). Fig. 3b shows the association of data variance
and separation based on PC1 and PC2 scores. The major data variance
can be seen on PC1 (>56%) and then on PC2 (>%30), respectively. Fur-
ther, the scores plot also depicts each spectrum as a point in the space.
The spectrum that are similar to each other are closer, and dissimilar
4

spectra are spaced further apart (Fig. 3b). This kind of visualization
assists for patterns of similar dataset to be identified quickly.

Fig. 4 presents the classification using 3D-PCA-QDA (PCs = 3).
Fig. 4a shows the discriminant function of based on the score plot of
3D-PCA-QDA using pre-processed dataset. As seen, there is a distinctive
separation between 2 classes with high accuracy. Further, the receiver
operating characteristic curve is used to evaluate the accuracy by cal-
culating area under the curve (AUC). As a result, the obtained accuracy
is up to 98%, presenting by shaded AUC.

In order to analyze the 3D-discriminant analysis approach (3D-PCA-
LDA, 3D-PCA-QDA) versus unfolded method (PCA-LDA, PCA-QDA), we
used pre-processed data using 2-PCs. Fig. 5a and Fig. 5c present the
unfolded approaches to calculate the classification decision boundaries
between BT474 (red dots) and SKBR3 (blue dots) samples. To evaluate
the response, the scores obtained from PCA were averaged per sample,
indicating every point as a sample. One can observe the superposition
pattern over the samples is very poor, reflecting imperfect classification
employing conventional unfolded approaches (Fig. 5a,c).

This misclassification can be seen clearly in Table 1, where BC
samples were misclassified during the unfolded PCA-LDA model in the
test datasets. Further, Table 2 shows the accuracy 84%, sensitivity
81% and specificity 89% for PCA-LDA, while the accuracy, sensitivity
and specificity for PCA-QDA are respectively 85%, 84% and 85%.
These results show that the unfolded methods i.e. PCA-LDA and PCA-
QDA algorithms are substantially poor. Contrary to that, by applying
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Fig. 4. The FTIR dataset used in the study to evaluate model performance using 3D discriminant analysis: (a) discriminant function of two BC subtypes (red dots: BT474, blue
dots:SKBR3) (b) Receiver operating characteristics curve (ROC) of two subtypes and model performance is demonstrated by the area under curve (AUC).
Fig. 5. The decision boundary of classification using unfolded (PCA-LDA and PCA-QDA) and 3D-discriminant analysis (3D-PCA-LDA and 3D-PCA-QDA): (a,c) demonstrate the
classification decision boundaries between SKBR3 and BT 474 using unfolded approaches and (b,d) comparing with 2-D illustration where decision boundary reflects high separation
between two classes using 3D discriminant analysis method.
Table 1
The confusion matrices for spliting dataset i.e. training, testing and cross-validation using unfolded and discriminant analysis
approaches.

Methods PCA-LDA PCA-QDA 3D-PCA-LDA 3D-PCA-QDA

Training BT474 SKBR3 BT474 SKBR3 BT474 SKBR3 BT474 SKBR3
BT474 82% 18% 84% 16% 96% 4% 98% 2%
SKBR3 14% 86% 15% 85% 10% 90% 8% 92%
CV
BT474 82% 18% 83% 17% 94% 6% 97% 3%
SKBR3 10% 90% 10% 90% 9% 91% 9% 91%
Test
BT474 80% 20% 81% 19% 93% 7% 96% 4%
SKBR3 13% 87% 14% 86% 10% 90% 5% 95%
Table 2
Performance parameters (accuracy, sensitivity, specificity) of computational models
using the unfolded (PCA-QDA, PCA-LDA) versus 3D-discriminant analysis for the BT474
and SKBR3 samples.

Data Analysis Model Accuracy Sensitivity Specificity

Unfolded PCA-LDA 84% 81% 89%
PCA-QDA 85% 84% 85%

3D 3D-PCA-LDA 93% 96% 91%
3D-PCA-QDA 98% 98% 94%
5

3D-discriminant analysis based algorithms (3D-PCA-QDA and 3D-PCA-
LDA), the performance of computational models to differentiate classes
substantially enhanced. As shown in Fig. 5b and Fig. 5d, the 3D discrim-
inant based algorithms showed the separation of BC samples between
BT474 and SKBR3. One can see the clear distinct classification rates
when using 3D-PCA-LDA (Fig. 5b) as well as 3D-PCA-QDA (Fig. 5d)
discriminant algorithms approaches. As shown in Fig. 4b, the 3D-
PCA-LDA algorithm depicts a few samples of BT474 subtype cross the
decision boundary to SKBR3 dataset; whilst in 3D-PCA-QDA method,
BT474 sample is projected on the class boundary. There is a clear
substantial improvement of correct classification rate of 90% and 91%
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Fig. 6. 3D-PCA loadings: (a) loading on PC1, loading on PC2 and loading on PC3.
can be seen for SKBR3 in training (80%) and CV (KFold = 5) datasets
for using 3D-PCA-LDA algorithm, respectively. However, for 3D-PCA-
LDA method, the classification rate is 92% and 91% for SKBR3 sample
in training and CV datasets respectively, as presented in Table 1. This
distinct classification rate influences the model performance parame-
ters, as seen in Table 2. In cross-validation dataset, the classification
performance i.e. accuracy, sensitivity and specificity are 93%, 96%
and 91%, respectively using 3D-PCA-LDA algorithm. For 3D-PCA-QDA
model, the accuracy, specificity and sensitivity are improved i.e. 98%,
94% and 98%, respectively (Table 2). Our results present the clear
advantage of using 3D discriminant analysis compared to unfolded
algorithms approaches [28] (see Fig. 6).

Fig. 5 shows the 3D-PCA loading profiles (PC1, PC2 and PC3) to
evaluate the chemical vibrational information. The loading on PC1
shows higher coefficient at several points: 960 cm−1 (PH−4

3 ), 1460 cm−1

(CH-deformation), 1546.1 cm−1 (amide II), 1607 cm−1 (C−C pheny-
lalanine, tyrosine), 1660 cm−1 (C=C), 1686 cm−1 (Amide I 𝛼-helix).
The 3D-PCA loading on PC2 presents another aspect related chemical
signatures and contains higher coefficients at: 1182 cm−1 (A, U, G, C
out of plane ring deformation Phe.), 1260 (=CH deformation, amide
III 𝑎𝑙𝑝ℎ𝑎−helix), 1330 cm−1 (G), 1486 cm−1 (A, G), 1607 cm−1 (C-C
phenylalanine, tyrosine), 1660 cm−1 (C=C). Further, the loading due to
3D-PCA on PC3 contains prominent coefficients at 1460 cm−1 ((p), (l)
CH-deformation), 1623 cm−1 (tryptophan/tyrosine), 1672 cm−1 (Amide
I), 1743 cm−1 (C=O stretching).

4. Discussion

In this article, we conducted a computational analysis of BC sub-
types in the context of FTIR hyperspectral dataset using semi-supervised
learning 3D-discriminant approach i.e. 3D-PCA-LDA and 3D-PCA-QDA
6

algorithms. Motivated by Ref. [28] computational model to manipulate
new features for disease detection, we investigated the effectiveness
of this model in molecular subtypes (BT474 and SKBR3). Our results
depicted that there were highly divergence of these two subtypes
by separation of FTIR data into discrete clusters. These clusters are
associated with defined subtypes and could be validated employing
3D-discriminant analysis algorithm.

In this work, the 3D-discriminant analysis approach was trained on
80% of the entire dataset and then tested for the remaining 20% to con-
duct statistical algorithm. For instance, the distinct classification was
obtained using discriminant analysis approach and clear separation can
be observed from two classes through discriminant function (Fig. 4a).
Moreover, the accuracy obtained using ROC curve is around 98%. Also
the superposition pattern demonstrated the pure classification due to
3D-PCA-LDA as well 3D-PCA-QDA methods, comparing to unfolded
approach (PCA-LDA, PCA-QDA). As a result, the classification perfor-
mance in training, cross-validation and test dataset were remarkably
improved employing 3D based algorithms. For example, the accuracy
for 3D-PCA-QDA is up to 98% in comparison with 85% of PCA-QDA
algorithm (Table 2). Ha et al. developed a neural network algorithm
to predict BC subtypes based on MRI features, and found 70% test set
accuracy [30], which is lower performance than our reported model.

Although each molecular subtype showed a particular FTIR spectra
(mean spectrum), so specific chemical signature can be obtained from
peak shifts around different wavenumbers. From Fig. 2b,d, our results
evidence that STD reduce not only in Amide-I as well as amide-II
region, but also from 1350–900 cm−1, which are mainly attributed to
amide III (1350–1200 cm−1), RNA and DNA (1235 to 1080 cm−1), as
well carbohydrates (1200–900 cm−1) contents [31]. The 3D-PCA load-
ing profiles were developed to investigate bio-markers using wavenum-
bers. The PCA loadings present larger coefficients such as peaks at
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1265 cm−1, 1647–1672 cm−1 and 1744 cm−1 relate to higher lipids
contents in ER/PR+-group (BT474) [32]. This is in agreement with
the expression of ‘FOXA1’ gene, ER/PR+ in comparison to ER/PR−

(SKBR3) [32] . Further, loading profiles at 1607 cm−1, 1660 cm−1, and
686 cm−1 represent C−C Phy, Tyr, C=C stretching, and amino I 𝛼−ℎ𝑒𝑙𝑖𝑥
espectively. Vibrations around 1450 cm−1 is amide I band. Moreover,
KBR3 and BT474 possess the similar DNA features [31].

Finally, the ability of vibrational spectroscopic (e.g. Raman, FTIR)
echniques to manipulate breast cancer disease successfully established
t the cellular and tissue levels to assess the chemical signatures of
nflammatory BC [33], BC tissues and lymph nodes for detection of
ecurrence [34], MCF-7 BC cell line [35], and BC triple-negative cell
ine [36]. These studies also discovered specific markers for an ob-
ective diagnosis of breast cancer. However, combining vibrational
pectroscopic techniques with ML can assess molecular changes to
acilitate early identification of high risk cancers, ultimately enhancing
linical decision making uptakes [35,36]. Taken together, our findings
an provide avenues of evaluations of breast cancer identification for
iving of therapeutic decisions for patients.

. Conclusion

In this paper, we report a computational approach using 3D-
iscriminant analysis algorithms for the identification of breast cancer
ubtypes. We compared the performance of these algorithms with
nfolded algorithms methods and showed that the 3D-discriminant
lgorithms outperformed them in identifying the BT474 and SKBR3
olecular subtypes based on FTIR dataset. The foundation of the
D-discriminant analysis approach resulted in increasing accuracy,
ensitivity, and specificity, improving from 84% to 98%, 81% to 98%,
nd 89% to 94%, respectively. These findings show the effectiveness
f 3D-discriminant based algorithms in rapid and precise classification
f hyperspectral dataset, surpassing the performance of traditional
imulated algorithms.
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