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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• Surface enhanced Raman spectroscopy 
is employed to characterize the centri
fuged serum samples of different stages 
breast cancer patients and healthy ones. 

• In Surface Enhanced Raman Spectros
copy (SERS), silver nanoparticles func
tion as substrates for amplifying signals. 

• Some Surface Enhanced Raman Spec
troscopy spectral features are associated 
with breast cancer samples in compari
son with healthy ones which can be 
employed for diagnostic purpose. 

• Principal components analysis (PCA) is 
found helpful for the differentiation be
tween SERS spectral data of breast can
cer and healthy samples. 

• Partial Least discriminant Analysis 
(PLSDA) model is validated and can be 
used for the classification of breast 
cancer and healthy samples.  

A R T I C L E  I N F O   
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A B S T R A C T   

Raman spectroscopy is reliable tool for analyzing and exploring early disease diagnosis related to body fluids, 
such as blood serum, which contain low molecular weight fraction (LMWF) and high molecular weight fraction 
(HMWF) proteins. The disease biomarkers consist of LMWF which are dominated by HMWF hence their analysis 
is difficult. In this study, in order to overcome this issue, centrifugal filter devices of 30 kDa were used to obtain 
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Multivariate data analysis 
Surface-enhanced Raman spectroscopy 

filtrate and residue portions obtained from whole blood serum samples of control and breast cancer diagnosed 
patients. The filtrate portions obtained in this way are expected to contain the marker proteins of breast cancer of 
the size below this filter size. These may include prolactin, Microphage migration inhabitation factor (MIF), 
γ-Synuclein, BCSG1, Leptin, MUC1, RS/DJ-1 present in the centrifuged blood serum (filtrate portions) which are 
then analyzed by the SERS technique to recognize the SERS spectral characteristics associated with the pro
gression of breast cancer in the samples of different stages as compared to the healthy ones. The key intention of 
this study is to achieve early-stage breast cancer diagnosis through the utilization of Surface Enhanced Raman 
Spectroscopy (SERS) after the centrifugation of healthy and breast cancer serum samples with Amicon ultra-filter 
devices of 30 kDa. The silver nanoparticles with high plasmon resonance are used as a substrate for SERS 
analysis. Principal Component Analysis (PCA) and Partial Least Discriminant Analysis (PLS-DA) models are 
utilized as spectral classification tools to assess and predict rapid, reliable, and non-destructive SERS-based 
analysis. Notably, they were particularly effective in distinguishing between different SERS spectral groups of the 
cancerous and non-cancerous samples. By comparing all these spectral data sets to each other PLSDA shows the 
79 % accuracy, 76 % specificity, and 81 % sensitivity in samples with AUC value of AUC = 0.774 SERS has 
proven to be a valuable technique for the rapid identification of the SERS spectral features of blood serum and its 
filtrate fractions from both healthy individuals and those with breast cancer, aiding in disease diagnosis.   

1. Introduction 

Breast cancer (BC) is the most common malignancy occurring in the 
women with over 2 million cases identified in the recent year 2020 [1] 
accounting for 11.7 % total cases worldwide [2]. Breast cancer is 
identified as a molecularly heterogenous disease of neoplasm origi
nating from the epithelial cells that line the mammary duct [3]. The 
incidence rate of breast cancer has been similar in developed and un
derdeveloped countries as in Latin America and Caribbean the 
frequently diagnosed disease among women is breast cancer. Detection 
of breast cancer patients at earlier stage substantially leads to less 
chances of mortality than those who are diagnosed at late-stage of breast 
cancer [4]. 

The techniques recommended by physician recently used to diagnose 
and subsequent treatment of malignancy and breast cancer include X- 
ray imaging, mammography, a core needle biopsies [5] magnetic reso
nance imaging (MRI), fluorescence, optical bioluminescence and optical 
imaging [6–8]. There is much increasing demand for a method that can 
easily and accurately detect early-stage symptoms without the need for 
labels, real time and with minimal invasiveness. These techniques 
demonstrate limited resolution and sensitivity, and their use can be 
detrimental to patients due to the potential harm from the ionizing ra
diation of X-rays during screening [8]. 

Biomarkers associated with various diseases can be identified in 
urine, blood, and serum samples [9] in this regards body fluids plays a 
crucial rule to facilitate efficient observation and rapid screening of 
cancer patients. They also help to find out specific biomarkers that 
indicate the presence of the disease [10]. To Identifying disease-specific 
biomarkers through the analysis of human serum poses significant 
challenges [11]. Human blood serum is characterized by its intricate 
composition, consisting of proteins, amino acids, lipids and carbohy
drates [12]. Moreover, it contains a range of proteins, some of which 
exist in lower molecular weight fractions, while others, notably albu
min, are present in substantial quantities within the high molecular 
weight fractions. While low molecular weight fractions (LMW) of pro
teins are regarded as potential disease biomarkers, the exploration of 
disease-specific biomarkers in the entire human serum poses challenges. 
This difficulty arises from the presence of high molecular weight pro
teins like albumin and globulin in blood serum, which actively inhibit 
the detection of low molecular weight proteins, thereby complicating 
their identification [13]. 

About 90 % of the entire protein composition in the serum is 
constituted by six proteins, each with a molecular weight exceeding 50 
kDa. These Proteins are α1-Antitrypsin (52 kDa), Albumin (66 kDa), 
immunoglobulin G(IgG) with (150 kDa), transferrin (80 kDa), 

immunoglobulin A (IgA) 180–500 kDa and immunoglobulin M (IgM) 
(950 kDa) [14,15]. In the context of breast cancer, a significant array of 
biomarkers is evident across different stages. In this study 30 kDa cen
trifugal filter devices are employed because significant portion of breast 
cancer biomarkers and disease related proteins typically smaller than 30 
kDa in size, of which more than five major proteins of different molec
ular weight are prolactin (12 kDa) [16], Microphage migration inhabi
tation factor (MIF)(12.5 kDa) [17], γ-Synuclein, BCSG1 (16 kDa) 
[18,19], Leptin (16 kDa) [20], MUC1 (17 kDa) [21], RS/DJ-1 (20 kDa) 
[22]. The proteins identified as potential biomarker targets are isolated 
through centrifugal filtration using a 30 kDa filter size. Consequently, 
serum samples are subjected to centrifugation employing devices with a 
kDa specification to distinguish between LMWF and HMWF. Subsequent 
to centrifugal filtration, Surface-enhanced Raman spectroscopy (SERS) 
was employed to analyze the spectral characteristics associated with 
different breast cancer biomarkers in the low molecular weight protein 
fractions (LMWF). After centrifugation through filter devices two frac
tions were obtained including HMWF and some LMWF. The latter 
comprises potentially disease-related proteins. Surface-Enhanced 
Raman Spectroscopy (SERS) is utilized to analyze low molecular 
weight proteins (LMW), identifying biochemical changes within distinct 
fractions in breast cancer patients and contrasting them with those in 
healthy individuals. 

Raman spectroscopy is a valuable tool for biochemical analysis and 
provide insights in to molecular conformation and structure through a 
distinctive fingerprinting process [23,24]. Currently, Raman spectros
copy, along with Surface-enhanced Raman spectroscopy, has proven 
valuable in diagnosing various diseases, including dengue [25] hepatitis 
C [26] almost all types of cancer especially breast cancer [27] prostate 
cancer [28] cervical cancer [29] and tuberculosis [30]. SERS is a ver
satile technique that significantly improves diagnostic accuracy and is a 
reliable, cost effective procedure that requires less time and a small 
amount of sample making it an excellent choice for sample identification 
[31]. Due to their strong Plasmon resonance silver and gold nano
particles are used as SERS substrate. Silver nanoparticles has been 
extensively employed as an efficient substrate and its mostly used for 
different microbial analysis in multiple previous studies [32,33]. 
Surface-enhanced Raman spectroscopy (SERS) has also been utilized for 
the discrimination of healthy individuals and diagnosed breast cancer 
serum samples for the identification of highly specific disease-related 
biomarkers in human blood serum, following centrifugation with 
filtration devices of specific sizes in kDa [34]. 

In this study, blood serum samples of the breast cancer patients are 
filtered using 30 kDa filter devices in order to get the filtrate portions of 
these samples to target the marker proteins of the size below 30 kDa 
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including prolactin, Microphage migration inhabitation factor (MIF), 
γ-Synuclein, BCSG1, Leptin, MUC1, RS/DJ-1 These centrifuged samples 
are further analyzed by the SERS technique to identify the SERS spectral 
features related to development of breast cancer in the samples of 
different stages as compared to the healthy ones. The primary aim of this 
study is to achieve early-stage breast cancer diagnosis through the uti
lization of Surface-enhanced Raman spectroscopy (SERS) after the 
centrifugation of serum samples with Amicon ultra-filter devices of 30 
kDa. According to the best of our knowledge, there is no such report 
published yet. 

2. Materials and methods 

2.1. Sample preparation and protocol 

Breast cancer serum samples were collected from Allied Hospital and 
PINUM hospital Faisalabad, including 10 healthy controls and 26 sam
ples from different stages of breast cancer. Notably, the available stages 
are stage, 2, stage 3 and 4. The samples collected in this study were 
exclusively from females, specifically within the age range of 50 to 55 
years old. A summary of the ages of all the patients for this study are 
mentioned in Table 1. Samples from stage-1 were unavailable for 
analysis due to infrequent presentation of patients at this particular 
disease stage within the clinical setting. These samples were collected at 
the early morning from patients after overnight fasting. The blood 
samples were centrifuged at 3000 rpm for 15 min to obtain blood serum. 
Blood serum was further centrifuged by using 30 kDa filter devices, 
Amicon ultra 2 ml (Merck Millipore) to obtain filtrate portions of these 
samples to target the proteins biomarker. For centrifugal filtration 400ul 
serum was transferred into device and spun at 6000 rpm for 20 min. 
After centrifugation two fractions are obtained, one is HMW fraction 
called residue/concentrate and the other is LMW fraction called filtrate 
fraction. This protocol is followed from the literature [35]. A summary 
of the samples collected for this study is provided in the Supplementary 
material in Table 1. 

2.2. Preparation of silver nano particles 

Silver nanoparticles (Ag-NPs), employed as SERS measurement 
substrates, were synthesized through a chemical reduction method. In 
the synthesis of Ag-NPs, silver nitrate (AgNO3) served as the precursor, 
and trisodium citrate (Na3C6H5O7) functioned as both the reducing and 
capping agent. More briefly to prepare 1 mM solution, 33.72 mg of 
AgNO3 were added to the beaker containing 200 ml deionized water 
which was heated until it started boiling, after this addition of 8 ml of 1 
% Na3C6H5O7 and heated again until one and half hour with continuous 
stirring of 600 rpm. Following this step, the solution was allowed to cool 
at room temperature, resulting in the formation of gray-colored Ag-NPs. 
These nanoparticles exhibited an oval shape geometry with a diameter 
of 65×45 nm, as detailed in our prior study [26]. 

2.3. SERS spectral acquisition 

For SERS spectral measurements, the filtrate samples of different 
stages along with the healthy ones are used which are obtained after the 

centrifugation of serum samples with Amicon ultra-filter devices of 30 
kDa. Afterward 40 µl sample of filtrate fractions mixes with 40 µl of 
nanoparticles followed by incubation time of 30 min which allowed 
nanoparticles to interact with samples effectively. From this incubation 
mixture, a 40 µl sample was placed onto an aluminum slide. Spectral 
acquisition was performed using the Raman microscope ATR8300BS 
Optosky, China, with the laser power focused on each sample through a 
40X objective lens, capturing 15 spectra for each sample. For this pur
pose, 50 mW laser power was employed with a 10-second integration 
time, and the SERS spectra were recorded within the range of 400 to 
1800 cm− 1. SERS data acquisition conditions were kept the same for all 
filtrate samples. 

2.4. SERS data pre-processing 

The preprocessing of SERS spectral data was performed in the 
MATLAB 7.8 version with established protocols. The raw spectral data 
was pre-processed and unwanted components like noise, baseline 
correction and substrate subtraction were performed prior to the spec
tral analysis [36]. Baseline was corrected by employing rubber band and 
polynomial algorithm (13point order). The normalization of the spectra 
was performed by vector normalization and smoothing by Savitzky- 
Golay smoothing method of (3, 15 point window command) [37]. 

2.5. SERS data analysis 

The processed data in this study were analyzed by variety of multi
variate data analysis approaches such as Principal Components Analysis 
(PCA) and Partial Least Square Discriminant Analysis (PLS-DA). The aim 
was to investigate the notable variations within datasets representing 
both control groups and different stages of breast cancer. PCA, an un
supervised statistical technique, simplifies interconnected variables into 
a more condensed set of independent variables referred to as principal 
components (PCs). These principal components contribute to simpli
fying the data’s complexity while retaining its essential variability. The 
most significant source of variations is explained by the PC-1 and sub
sequent variability in the spectral datasets is explained by PC-2 and so 
on. The PC loadings represent distinct dimensions and variations that 
are isolated and plotted. This helps in observing the features variances 
contributing to differences in SERS spectral data. [37]. PCA loadings 
plots show influence of SERS bands in data clustering indicating strong 
co-relation with specific PC’s which provide insight about variation 
among samples [38]. 

PLS-DA, a predictive modeling method, holds the capability to 
categorize, elucidate, and differentiate variability within datasets by 
analyzing their spectral patterns and class information. It integrates two 
approaches—Partial Least Square (PLS) and Linear Discriminant Anal
ysis [39]. 

The PLS-DA model is constructed based on X and Y variables, which 
represent SERS spectral data and details about different spectral data 
classes. SERS data for each sample is sourced from a single variable in 
the MATLAB workspace. Afterward, various variables from each sample 
are structured into a matrix using a specific arrangement. To ensure 
impartial results, the spectral data is randomized. The dataset is divided, 
with 60 % designated for training and 40 % for validation. The model is 
fine-tuned on the spectral datasets using the Bayes algorithm with leave- 
one-sample-out cross-validation (LOOCV), where each of the 15 spectra 
is successively excluded during the validation process. 

The Receiver Operating Characteristic curve (ROC) is commonly 
employed to assess the diagnostic accuracy and evaluate the perfor
mance of binary classifier models, serving as a measure of the tech
nique’s utility. In binary classification a graphical representation is 
generated, illustrating the relationship between true positive (indicating 
sensitivity) and a false positive rates (indicating specificity), respectively 
[40]. 

Table 1 
Distinctive breast cancer biomarkers in the size range of the 30 kDa filter.  

Breast cancer biomarkers Molecular weight References 

Prolactin 12 kDa [16] 
Microphage migration inhabitation factor (MIF) 12.5 kDa [17] 
γ-Synuclein, BCSG1 16 kDa [18,19] 
Leptin 16 kDa [20] 
MUC1 17 kDa [21] 
RS/DJ-1 20 kDa [22]  
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3. Results and discussion 

3.1. Mean SERS spectra of centrifuged versus uncentrifuged/whole 
healthy serum samples 

The comparison between mean SERS spectra acquired from the 
centrifuged healthy sample (residue and filtrate portions) and uncen
trifuged healthy whole serum sample were is in Fig. 1 and their peaks 
assignment are described in Table 2 along with references. 

The mean SERS spectra of healthy whole serum, residue and filtrate 
portions are shown in Fig. 1 which clearly indicate the SERS spectral 
features are prominent in filtrate portion. SERS bands which are only 
present in filtrate portion (LMWF) are indicated by dotted lines. A me
dium intensity peak of 547 cm− 1 (cholesterol in lipids) present in 
healthy portion.970 cm− 1 (lipids), 990 cm− 1 (Phosphorylation of pro
teins), 1008 cm− 1 is assigned to (phenylaniline, protein), 1331 cm− 1 

(proteins). The SERS spectral characteristics indicated by dashed lines 
are consistently found in all serum samples from healthy/control, res
idue/concentrate and filtrate portion but with different intensities. A 
prominent peak present at 700 cm− 1 which has medium intensity and 
slightly move forward in filtrate portion is due to the cholesterol(ester). 
The medium intensity peaks present in serum and residue portion and 
with very low intensity in filtrate is due to the amino acids, 1102 cm− 1 

(carbohydrates), the intense peak present at both centrifuged and 
uncentrifuged samples portion at 1133 cm− 1 (palmitic acid) (fatty 
acids). Palmitic Acid demonstrates diverse pharmacological effects, 
encompassing antiviral, anti-inflammatory, analgesic properties, and 
the regulation of lipid metabolism [41,42]. Due to its anticancer attri
butes, studies have revealed that Palmitic Acid induces the halting of the 
cell cycle and facilitates programmed cell death in human neuroblas
toma and breast cancer cells [43,44]. 

The indication of solid lines represents peaks present either in the 
residue and serum only or present in all. These peaks are 458, 476, 515, 
749, 784, 962, 1024, 1073, 1181, 1293, 1453 and 1513 cm− 1. The peak 
is present at 458 cm− 1 due to tryptophan (protein), 476 cm− 1 (glutamate 
vibrations), 515 cm− 1 (Phosphatidylinositol). A prominent SERS peak 
present at 749 cm− 1 Thymine (ring breathing mode of DNA), 784 cm− 1 

(O-P-O Stretching), Peak at 962 cm− 1 (CH′2,6 bending protein), 1024 
cm− 1 (adenine). 1073 cm− 1 (Triglycerides, fatty acids), 1181 cm− 1 and 
1293 cm− 1 (C–H bending), 1453 cm− 1 (amide II), 1513 cm− 1 C––C 
stretching (carotenoids) beta-carotene. After analysis, it was observed 
that cancerous samples contain less concentrations of carotenoid as 
compared to the non-cancerous samples [45]. 

3.2. Mean SERS spectra of the filtrate portions of the blood serum samples 
of healthy and different breast cancer stages 

All the SERS spectra collected from the filtrate portions of the healthy 
control (red) and breast cancer stages including stage 2 (green), stage3 
(blue), stage 4 (black) are shown in Fig. 2. The solid lines distinguish 
between peaks found in healthy individuals and those in different breast 
cancer stages. These spectral features include 528, 574, 1073, 1257, 
1366, 1508, 1560 and 1625 cm− 1 which are only present in breast 
cancer stages easily differentiating them from healthy control samples 
hence may be considered as disease biomarkers. The less intense peak 
appears at 528 cm− 1 (cholesterol and cholesteryl esters), 574 cm− 1 

(Tryptophan, protein), 1073 cm− 1 in all stages due to the Triglycerides 
in (Breast cancer, Fatty acids), 1257 cm− 1 is (––C–H in plane bending 
due to lipids), 1366 cm− 1 (tryptophan, protein), 1560 cm− 1 (amide II), 
1625 cm− 1 (Amide I,). Moreover, other solid line peaks of SERS spectral 
features are present at 458, 547, 700, 1453 and 1508 cm− 1, which are 
present in healthy as well as in breast cancer stages. At 458 cm− 1 

(tryptophan ring torsion), 547 and 700 cm− 1 (Cholesterol), 1453 cm− 1 

(amide II) CH2 bending mode in malignant tissues.1508 cm− 1 may be 
caused by (Amide II) or fibrinogen and the prominent peak is observed 
in the filtrate portion of various stages of breast cancer but is absent in 
healthy filtrate samples. Here fibrinogen is important signaling molecule 
present in breast cancer tissues which leads to structural changes and 
conformation including glycol proteins. Hence the level of fibrinogen in 
breast cancer normally increases due to tumor inflammation and its 
progression in cells. However elevated level of fibrinogen may cause Fig. 1. Comparison of mean SERS spectra of filtrate fraction, residue, and 

whole serum samples of healthy control sample. 

Table 2 
SERS peak assignments of spectral features of filtrate fractions obtained by 30 
kDa device of the healthy control and breast cancer stages.  

Peaks Positions 
cm− 1 

Peak Assignments References 

458 Protein, tryptophan (Ring torsion) [47] 
476 Glutamate (protein) [47] 
498 Tryptophan (protein) [34] 
515 Phosphatidylinositol (lipids) [48] 
528 Cholesterol, (vibrational modes) [49] 
547 Cholesterol (Lipids) [50] 
554 Carbohydrates [51] 
574 Tryptophan, Guanine (Ring breathing) [2,52] 
700 Cholesterol, (lipids) [50] 
728 Adenine ring (breathing mode) [53,54] 
744 Thymine (ring breathing mode in DNA) [55] 
749 Thymine (ring breathing) [56] 
784 DNA backbone (O–P–O Stretching) [57] 
839 α-Saccharide, (Carbohydrates) [50] 
854 Amino acid [58] 
864 C–H bond (bending vibration) [59] 
962 Protein (CH′2,6 bending) [60] 
970 Vibration of ribose (protein) [61] 
990 Phosphorylation of proteins [62,63] 
1008 Phenylalanine, (protein) [56,64,65] 
1024 C–H deformation, Adenine, glycogen [66,67] 
1073 Triglycerides (Breast cancer), Fatty acids [68,69] 
1102 Carbohydrates [70] 
1133 Palmitic acid [60,50] 
1181 C–H bending mode, In plane ring distortion, [56,71] 
1246 Amide III [52,72] 
1257 lipids (––C–H in plane bending) [73,26] 
1293 C-H bending [74] 
1331 Proteins, nucleic acid bases [75,76,77] 
1366 Tryptophan [78] 
1453 Protein, (CH2 bending mode in malignant 

tissues) 
[79,80] 

1508 Amide II, fibrinogen [81,82,83] 
1512 Carotenoids (In phase C––C stretching) [84] 
1560 Tyrosine, amide II (protein) [58,85,86] 
1588 C––CC Stretching mode in Adenine [87] 
1625 Amide I, protein [88,89,90] 
1673 Amide I [91]  
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several effects in lymph nodes which includes promoting the tumor, 
increasing the risk level of blood clotting which may potentially causes 
treatment outcomes [46]. 

The dashed lines indicated in the spectrum are labeled for the peaks 
having the intensity-based changes and these peaks are present both in 
the breast cancer and non-cancerous (healthy/control) samples. The 
peaks appearing at 498, 1008 and 1133 cm− 1 have low intensity in non- 
cancerous samples as compared to the cancerous samples. The peaks 
appear at 498 cm− 1 (tryptophan), 1008 cm− 1 (phenylaniline), 1133 
cm− 1 (palmitic acids). The SERS feature at position 744 cm− 1 (thymine) 
appears as a shoulder in healthy samples and then increase in intensity 
and becomes a clear peak at stage 4. Moreover, SERS band at 728 and 
1102 cm− 1 have medium intensities in the non-cancerous samples and of 
low intensities in the cancerous samples. The peak at 728 cm− 1 (ring 
breathing mode in Adenine), 1102 cm− 1 (carbohydrates). Preprocessed 

spectra of healthy and breast cancer disease samples are shown in 
Figs. S1–S4. 

The dotted lines peaks are only present in only healthy control 
samples and not in any stage of cancer. 839 cm− 1 α-saccharide (Car
bohydrates), 864 cm− 1 (bending vibration of C–H bond), 970 cm− 1 

(lipids), 990 cm− 1 (Phosphorylation of proteins), 1024 cm− 1 (Carbo
hydrates), 1246 cm− 1 (Amide III), 1331 (Proteins) cm− 1 and 1673 cm− 1 

(amide I). Comparison of Mean SERS spectra of filtrate fractions of 
healthy and different stages of breast cancer patients with standard 
deviation is presented in Fig. S5. 

3.3. Principal components analysis (PCA) 

The SERS spectra of all the low molecular weight fractions of healthy 
controls and breast cancer positive samples of different stages were 

Fig. 2. Comparison of Mean SERS spectra of filtrate fractions of healthy and different stages of breast cancer patients.  

Fig. 3. PCA scatter plot of the SERS spectra of filtrate fractions of the blood serum samples of the healthy, stage 2, stage 3 and stage 4 breast cancer stages.  
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examined by PCA to differentiate and identify the characteristic SERS 
spectral features. Fig. 3 depicts the overall PCA scatter plot of all samples 
showing differentiation among them. Here SERS spectral data of the 
healthy samples (red clusters), stage2 (green), stage3 (blue) and stage 4 
(black) are observed as separate clusters. Moreover, the red and green 
dots represent spectra of Healthy/controls and stage 2 and these are 
clustered on negative axis of PC1 while other clusters like blue and black 
dots represents spectral data sets of stage3 and stage clusters are on 
positive axis of PC1. The PC1 shows 69 % variability while PC2 shows 
12 % variability in SERS spectra. Percentages of PCA algorithms is 
presented in Table 2. 

Fig. 4a shows the pairwise PCA scatter plot and loadings of various 
breast cancer stages. Green color dots represent stage 2 which are 
clustered along negative axis of PC1, and blue color dots correspond to 
stage 3, clustered along positive axis of PC1. PCA clearly separates the 
samples from stages 2 and 3 and their variability in SERS spectra by PC1 
is 61 % and PC2 is 8 %. Notably, Fig. 4b shows the PCA loading of these 
two stages where stage 2 associated with the negative loadings while 
stage 3 aligns to the positive loadings which are based on the clustering 
of these stages in scatter plot shown in Fig. 4a. The peaks in positive 
loadings are at 458 cm− 1 (tryptophan), 476 cm− 1 (glutamate, protein), 
696 cm− 1, (amino acids), 728 cm− 1 (adenine), 744 cm− 1 (thymine), 854 
cm− 1 (amino acids), 962 cm− 1 (Protein, CH′2,6 bending) 1102 cm− 1 

(carbohydrates) and related to SERS spectral data of stage 3 breast 
cancer samples. While the peaks in negative loadings correspond to 
SERS spectral features of stage 2 are 498 cm− 1 (tryptophan), 528 cm− 1 

(cholesterol vibrational mode), 547 cm− 1 (cholesterol in lipids), 1133 
cm− 1 (palmitic acid), 1257 cm− 1 (––C–H in plane bending, lipid) 1508 
cm− 1 (Amide II, fibrinogen). PCA average spectra scatter plot presented 
in Fig. S6. 

Fig. 5a A pairwise PCA scatter plot illustrates the comparison be
tween the filtrate portions of breast cancer serum from stages 2 and 4. 
PC1 accounts for 65 % of the differentiation, while PC2 contributes 18 
%. In PC1, the positive axis clusters correspond to the SERS spectral 
features of stage 4. Hence, the stage 4 belongs to positive loadings shown 
in Fig. 5b and stage 2 clusters are on negative sides which are in green 

dots corresponds to the negative loadings in PC1. Moreover, Negative 
side clusters associated to the negative loadings and positive sides 
clusters illustrates the positive loadings in breast cancer samples. The 
SERS spectral features of stage 4 correspond to the positive axis in 
clusters in PC 1. Hence stage 4 belongs to positive loadings shown in 
Fig. 5b. The peaks appear at positive side have higher intensities. the 
peaks at 458 and 574 cm− 1 (tryptophan), 728 cm− 1 (Adenine ring 
breathing mode), 744 cm− 1 (thymine), 1331 cm− 1 (proteins), 1453 
cm− 1 (CH2 bending) protein in malignant tissues, 1560 cm− 1 (amide II), 
while in negative loading of stage 2 corresponds to the peaks 498 cm− 1 

(tryptophan), 528 cm− 1 (cholesterol, vibrational mode), 1133 cm− 1 

(Palmitic acid), 1257 cm− 1 lipids (––C–H in plane bending), 1366 cm− 1 

(tryptophan), 1508 cm− 1 (amide II, fibrinogen), 1625 cm− 1 (Amide I 
protein) as a results the presence of these peaks in stage 4 with higher 
intensities and in positive loading shows that enhancement of disease 
biomarkers in serum of advanced breast cancer stage 4 contrasted to 
stage 2. 

In Fig. 6a pairwise PCA scatter plot are shown between stage 3 and 
stage 4 where dots representing stage 4 are clustered along positive axis 
of PC 2 and dots clustered along negative axis of PC 2 represents stage 3. 
The differentiation values explained by PC1 is 59 % and by PC2 17 % 
which distinctly shows the higher concentrations of disease biomarkers 
in these breast cancer stages. Fig. 6b shows PCA loadings in which 
positive loadings correspond to stage 4 and negative loadings corre
spond to stage 3. The positive loading peaks include 498 cm− 1 (protein), 
554 cm− 1 (carbohydrates), 1008 cm− 1 (phenylaniline, protein), 1133 
cm− 1 (Palmitic acid), 1257 cm− 1 (––C–H in plane bending) lipids, 1508 
cm− 1 (amide II, fibrinogen), 1625 cm− 1 (Amide I, protein) and stage 3 
peaks corresponds to negative loadings peaks which includes 458 cm− 1 

(Protein, tryptophan (Ring torsion), 547 cm− 1 (lipids, cholesterol), 728 
cm− 1 (Adenine ring breathing mode), 744 cm− 1 (Thymine (ring 
breathing), 962 cm− 1 (Protein CH′2,6 bending), 1102 cm− 1 (carbohy
drates), 1453 cm− 1 (Protein, malignant tissues (CH2 bending). 

The Fig. 7 shows the PCA loading plot of healthy control and breast 
cancer stages of filtrate portions which clearly differentiate the 
biochemical changes. The loading plot illustrates distinctive peaks and 

Fig. 4. Pairwise PCA scatter plot (a) and PCA loadings (b) of SERS spectral data sets of filtrate fraction of stage-2 versus stage-3.  
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variations in intensities, highlighting differences. The non-cancerous 
samples associated with the peaks at negative loadings which are 574 
cm− 1 (tryptophan, protein), 728 cm− 1 (adenine ring breathing mode, 
DNA), 744 cm− 1 (thymine ring breathing mode), 784 cm− 1 (O–P–O 
stretching), 1008 cm− 1 (phenylaniline, protein), 1073 cm− 1 

(Triglycerides, fatty acids), 1133 cm− 1 (palmitic acid), 1453 cm− 1 

(CH2 bending, protein), 1588 cm− 1 (C––CC Stretching mode) Adenine. 
The peaks appearing in positive loadings are related to cancerous sam
ples which are 458 cm− 1 (tryptophan), 476 cm− 1 (glutamate, protein), 
515 cm− 1 (Phosphatidylinositol), 700 cm− 1 (cholesterol, lipids), 864 

Fig. 5. Pairwise PCA scatter plot (a) and PCA loadings (b) of spectral data sets of filtrate fractions of stage 2 versus stage 4.  

Fig. 6. (a) PCA scatter plot (a) and PCA loadings (b) of SERS spectral data sets of filtrate fraction of stage 3 and stage 4.  
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cm− 1 (C–H bond bending vibration) and 1181 cm− 1 (C–H bending 
mode). These intensities clearly show the biochemical changes and 
disease biomarker features in different breast cancer stages. 

3.4. Partial least square discriminant analysis 

PLS-DA is a supervised chemometric approach that is used for 
differentiating the centrifugal filtrate of healthy control vs breast cancer 
stages have less than 30 kDa size. It’s a data modelling approach that has 
been widely used in various fields like medical sciences and forensic 
[92]. In this study SERS spectral data was independently split in to two 
sets consisting of 40 % validation and 60 % calibration in order to 
eliminate biasedness in results, SERS spectral data was firstly put into 
matrix and then randomized. To reduce the overfitting of the data set 
and minimum number of latent variables were applied to build the 

model. Fig. 8 shows the score plot in the PLSDA model. The healthy 
filtrate samples (red color dots) were easily differentiated from filtrate of 
breast cancer stages filtrate (blue color dots) by using the PLSDA model. 
Fig. 9 shows the Receiver Operating Curve (ROC) of PLS-DA analysis of 
SERS spectral data sets of healthy control and disease samples and the 
AUC value obtained is 0.774. This model has the values 0––1 if the value 
is near to 1 then it clearly shows that the model was best fit and shows 
maximin 79 % accuracy, 76 % specificity and 81 % sensitivity. PLS-DA 
scatter score with all average spectra is presented in Fig. S7. 

4. Conclusions 

Surface-enhanced Raman spectroscopy, coupled with chemometrics, 
proves to be a highly valuable technique in this study. The use of cen
trifugal filtration devices reveals an improvement in the 

Fig. 7. PCA loadings of the SERS spectra of filtrate fractions of the blood serum samples of the healthy, stage2, stage3 and stage4 breast cancer stages.  

Fig. 8. Score plot illustrating the PLS-DA model for SERS spectra of filtrate fractions from both healthy and breast cancer serum samples of different stages.  
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characterization of SERS spectral features, particularly in the LMWF 
(Low Molecular Weight Fraction), which was previously overlooked, as 
the larger size biomolecules in HMWF (High Molecular Weight Fraction) 
dominate. The key differentiating SERS spectral features between the 
healthy control and different breast cancer stages appear at 839 cm− 1, 
864 cm− 1, 970 cm− 1, 990 cm− 1, 1025 cm− 1, 1246 cm− 1, 1331 cm− 1, and 
1673 cm− 1. SERS and statistical analysis hold promise as an efficient and 
reliable means for early detection and differentiation of breast cancer 
stages, offering valuable insights for potential clinical applications. PCA 
and PLS-DA were found helpful in the differentiation of breast cancer 
stages. The differentiation was done with 79 % accuracy, 76 % speci
ficity and 81 % sensitivity. 
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