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Blood contains key biomarkers for medical screening due 

to its interaction with numerous organs as well as tissues 

throughout the body. Humans blood serum serves as a 

repository for high molecular weight fraction (HMWF) and 

low molecular weight fraction (LMWF) proteins. LMWF 

proteins are regarded as disorder flag proteins which can be 

often inhibited with the aid of HMWF proteins at some 

stage in evaluation. This problem is resolved through the 

use of a filtration equipment to separate particles from 

blood samples containing biomarker proteins equivalent to 

the filtering device's threshold limit. This study utilizes 100 

kDa filter devices to extract filtrate from blood samples of 

colorectal cancer (CRC) patients and healthy people, then 

characterizing the samples using surface-enhanced Raman 

spectroscopy (SERS) using gold nanoparticles (Au NPs) as 

the substrate. This method is anticipated to provide filtrate 

containing marker proteins under 100 kDa, linked to 

colorectal cancer. Such marker proteins fall within a certain size range, with a threshold 

of approximately 100 kDa. Therefore. Some prominent SERS bands are observed at 

357 cm⁻¹, 491 cm⁻¹, 549 cm⁻¹, 597 cm⁻¹, 730 cm⁻¹, 747 cm⁻¹, 1079 cm⁻¹, 1331 cm⁻¹, 

1363 cm⁻¹, 1574 cm⁻¹, and 1688 cm⁻¹, which distinguishes CRC patients than 

individuals in good health. Additionally, the SERS spectrum datasets of diverse 

samples are categorized using two chemical approaches: principal component analysis 

(PCA) and linear discriminant analysis (LDA). The testing of the LDA classification, 

it will be much easier to diagnose by way of their feature SERS spectral features in 

comparison to their analysis within the respective complete blood serum samples due 

to the omission of large sized proteins. those proteins which might be gift in the filtrate 

quantities of CRC sufferers may include carcinoembryonic antigen fragments, CA 19-

9, interleukin-6, TNF-α, VEGF, and various different inflammatory and tumor 

markerson framework shows a success rate of 88%, validity of 85%, overall, a 

sensitivity figure of 91%, and an area under the curve of 0.88. 

 

Introduction 

Colorectal cancer (CRC) is a major factor in mortality due to cancer internationally, 

ranked as among the three most often diagnosed malignancy and being the second most 

prevalent factor in death from cancer on global scale.¹⁻³ In 2020, around 1.93 million 

cases have been reported concerning colorectal cancer were identified with over 

935,000 deaths attributed to the disease.⁴ The lifetime probability in development of 

CRC is approximately 4-5% in developed countries, with incidence rates continuing to 

rise in many developing nations.⁵ Timely identification of colorectal cancer is essential 

for enhancing patient prognoses, when the five-year rate of survival above 90% for 

localized disease but drops dramatically to less than 15% for metastatic disease.⁶⁻⁸ 

Current screening methods for CRC include colonoscopy, sigmoidoscopy, fecal occult 

blood testing (FOBT), fecal immunochemical testing (FIT), and computed tomography 

colonography.⁹⁻¹¹ On the other hand, colonoscopy keeps the gold as standard for CRC 

identification, it is intrusive, expensive, requires bowel preparation, which carries risks 

of complications including perforation and bleeding.¹²⁻¹⁴ These limitations have 

prompted significant research into developing non-invasive, cost-effective, and 

accurate diagnostic techniques for early CRC detection.¹⁵⁻¹⁷ 
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Raman spectroscopy has been developed as a potent analytical tool for biological 

applications owing to its capacity to offer molecular fingerprint information without 

sample destruction.¹⁸⁻²⁰ Nonlinear scatter of single-color light, often originating from a 

laser emitter, is the technique's foundation and yields vibrational information on 

molecule structures and bonds.²¹⁻²³ However, it is difficult to detect biomolecules at 

healthy concentrations using traditional Raman spectroscopy due to its intrinsically 

poor signal intensity. ²4⁻²6 

Surface-enhanced Raman spectroscopy (SERS) overcomes this limitation by utilizing 

plasmonic nanostructures, characteristically gold or silver nanoparticles, to boost 

Raman signals by factors of 10⁶ to 10¹⁰.²⁷⁻²⁹ This dramatic signal enhancement enables 

the detection of trace amounts of biomolecules in complex biological matrices such as 

blood serum.³⁰⁻³² SERS has been successfully applied to the detection of various cancer 

biomarkers, including those linked to cancer of the breast, lungs and prostate, and 

colorectal cancer.³³⁻³⁶ 

Human blood serum comprises of a complex mixture of proteins, lipids, metabolites, 

and other biomolecules that reflect the physiological state of the body.³⁷⁻³⁹ The serum 

proteome is dominated by high molecular weight fraction (HMWF) proteins such as 

albumin and immunoglobulins, which form approximately 99% of the over-all protein 

content.⁴⁰⁻⁴² These abundant proteins often mask the signals from low molecular weight 

fraction (LMWF) proteins, Many entities that function as disease biomarkers.⁴³⁻⁴⁵ To 

address this challenge, ultrafiltration using molecular weight cutoff devices has been 

employed to separate LMWF proteins from the abundant HMWF proteins, thereby 

enriching potential biomarkers for subsequent analysis.⁴⁶⁻⁴⁸ 

In this study, we employ 100 kDa ultrafiltration devices to get filtrate fractions from 

specimens, collected of CRC patients and healthy ones. The filtrate portions, enriched 

in LMWF proteins potentially associated with CRC, are then characterized using SERS 

with gold nanoparticles as the substrate. Chemometric analysis using principal 

component analysis (PCA) and linear discriminant analysis (LDA) is applied to 

differentiate between healthy and CRC samples based on their SERS spectral features. 

This method can be a non-invasive potentially fast and efficient way of screening CRC. 

 

Materials and Methods  

Gold nanoparticles synthesis 

Gold nanoparticles (Au NPs) were produced using the Turkevich citrate reduction 

technique. ⁴⁹ Momentarily, 1 mM gold (III) chloride trihydrate (HAuCl₄·3H₂O) solution 

was prepared by dissolving the salt in 100 ml of distilled water. The solution was heated 

to boiling under continuous stirring. Subsequently, 10 ml of trisodium citrate 

(Na₃C₆H₅O₇) of 38.8 mM solution was rapidly added to the boiling gold salt solution. 

The mixture was maintained at boiling temperature with stirring for 15 minutes until a 

deep wine-red color developed, indicating the formation of Au NPs. The colloidal 

suspension being subsequently cooled below ambient temperature and ambient 

temperature at 4°C. The synthesized Au NPs displaying a distinctive surface plasmon 

resonance apex at approximately 520 nm, consistent with particles in the 20-40 nm size 

range. ⁵⁰⁻⁵¹ 

 

Collection of CRC blood samples 

Blood specimens were collected from clinically diagnosed CRC patients and healthy 

volunteers at Allied Hospital Faisalabad, Pakistan. Ethical permission for the research 

was sought from the Institutional Ethical Review Board (IERB), and approval was 

gained from all the participants. A total of 93 samples were collected, consisting 38 

CRC patient samples (stages I-IV) and 45 healthy control samples. Patients were 

mandated to undergo a 12-hour fast before blood collection. specimens were collected 
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in EDTA/sodium fluoride tubes and centrifuged at 3500 rpm for a l m o s t  15 minutes 

to separate blood serum. Then these serum samples were subsequently processed 

using 100 kDa ultrafiltration devices (Merck Millipore, Amicon Ultra-2 mL) for 30 

minutes at 6500 rpm to obtain the filtrate portion containing LMWF proteins (<100 

kDa). ⁵² 

 

SERS Spectral Measurement 

The SERS spectrum were obtained via a maximal Seeker Pro-785 Raman spectroscopy 

(Agiltron, USA) furnished with 785 nm diode laser. For every specimen, equal 

proportion of filtrate portion Au NP amounting 40μL was prepared in Eppendorf tubes 

and incubated for 30 minutes to allow biomolecule adsorption onto the nanoparticle 

surface. ⁵³ After incubation, 25 μL of the mixture was positioned on an aluminum slide 

including a slot for spectral capture. The laser power was set to 50 mW with an 

integration time of 10 seconds. For every specimen, 15 SERS spectra being ranging 

from 400-1800 cm⁻¹ to ensure statistical reliability. 

 

Preprocessing of the SERS spectra 

Raw SERS spectral data were preprocessed on MATLAB 7.8 software. The 

preprocessing pipeline included cosmic ray removal, baseline correction using the 

rubber band method, flattening using the Savitzky-Golay algorithm (polynomial order 

3, window size 11), and vector standardization. ⁵⁴ the contribution from the aluminum 

slide substrate was removed by spectral subtraction. These preprocessing steps were 

essential to remove instrumental artifacts and biological variability, thereby enhancing 

the reliability of subsequent multivariate analysis. ⁵⁵ 

 

Multivariate data analysis 

Multivariate data analysis methods including PCA and LDA, or partial LSD analysis, 

was used to categorize SERS spectra from healthy ones and CRC patients. PCA, a non-

supervised technique, was implied to minimize data dimensionality while preserving 

variance, with PC-1 capturing the maximum variance and PC- 2 capturing the next 

highest variance orthogonal to PC-1. ⁵⁶ LDA, a supervised classification method, was 

applied to develop a predictive model for sample classification. The dataset was split 

into calibration (60%) and validation (40%) sets, with eight latent variables selected for 

model building. Leave-one-sample-out cross-validation (LOOCV) was employed for 

model validation. ⁵⁷ the assessment of its effectiveness was performed using sensitivity, 

specificity, precision, and area that was falling curve (AUC). ⁵⁸ 

 

Results and Discussion 

Human serum has both HMW and LMW fractions, with extremely abundant proteins 

accounting for 99 percent of the serum portion. It is possible to identify illness 

biomarkers by ultracentrifuging serum (kDa) and then using SERS analysis to find the 

less abundant proteins that these proteins inhibit. 

 

Table 1. Description of colorectal cancer blood serum protein biomarkers with a 

mass of less than 100 kDa 

 

 

 

 

CRC Biomarkers Molecular Weight 

Carcinoembryonic antigen (CEA) 180 kDa* 

Carbohydrate antigen 19-9 (CA 19-9) 36 kDa 

Alpha-fetoprotein (AFP) 70 kDa 

C-reactive protein (CRP) 25 kDa 

Interleukin-6 (IL-6) 26 kDa 

Interleukin-8 (IL-8) 8 kDa 
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*Note: While some biomarkers exceed 100 kDa, fragments and subunits may pass 

through the filter. 

Enhancement Effect of Gold Nanoparticles on Serum Raman Spectroscopy 

Comparative spectroscopic measurements were done under identical conditions of 

experiment as shown in Fig. 1 on how surface enhancement capability of gold 

nanoparticles in serum analysis can be become. Fig. 2 shows three different spectral 

profiles (A) surface-enhanced Raman spectrum of serum of a colorectal cancer patient 

in the presence of gold colloid solution at a volume ratio of 1:1, (B) conventional 

Raman spectrum of serum sample of a colorectal cancer patient in the absence of 

metallic nanoparticles and (C) baseline spectrum of an anticoagulant agent mixed with 

the gold colloid. 

The spectral comparison shows that there is an incredible shift in the quality of the 

signal. In Spectrum A, there are several clear and sharp vibrational bands in the 400-

1700 cm- region, with the strong bands at around 600, 800, 1400 and 1600 cm-1. In 

sharp comparison, spectrum B has little spectral information and most possible Raman 

signals are hidden under an enormous fluorescence continuum. This dramatic signal 

suppression of native serum has a deplorable effect on the applicability of conventional 

Raman spectroscopy to biomedical studies. 

The introduction of gold nanoparticles has a two-fold advantage; it has a significant 

increase in Raman scattering intensity and competent inhibition of interference 

autofluorescence. The absence of spectral interference of blood collection additives is 

confirmed in Spectrum C, which confirms the validity of the SERS signals observed to 

be a result of serum biomolecules. This improvement mechanism allows the 

observation of biochemical differences that are hard to discern, related to the 

pathological state of affairs. 

 
Fig. 1 (A) The serum of the patient with colorectal cancer was analyzed by the SERS 

spectrum of the serum mixed with Au colloid in the 1:1 ratio. The common Raman 

spectrum of the identical serum sample in the absence of Au colloid (B) The Raman 

signal of the coagulant agent and the Au colloidal particles is the background. 

Tumor necrosis factor-α (TNF-α) 17 kDa 

Vascular endothelial growth factor (VEGF) 45 kDa 

Matrix metalloproteinase-9 (MMP-9) 92 kDa 

Tissue inhibitor of metalloproteinases-1 (TIMP-

1) 

28 kDa 

Osteopontin 44 kDa 

Insulin-like growth factor-1 (IGF-1) 7.6 kDa 

Epidermal growth factor (EGF) 6 kDa 

Transforming growth factor-β (TGF-β) 25 kDa 

Leptin 16 kDa 
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Spectral Differentiation Between Pathological and Healthy Serum Samples 

A detailed comparative study of the surface enhanced Raman spectroscopy profiles of 

the colorectal cancer patients and control patients, who were healthy people, is provided 

in Fig. 3. Panel A presents the normalized mean SERS spectra, in which the blue curve 

is that of the cancer group (n=38) and red curve is that of the normal group (n=45). The 

areas enclosed around both spectral curves represent the standard deviation, which is 

the biological variation of each population. Remarkably, the difference spectrum (black 

line) placed below the primary spectra shows the discriminatory characteristics in the 

two groups. 

The visual analysis shows that there are some constant vibrational bands that can be 

observed in both populations in the 400-1700 cm -1 spectral window. Nevertheless, 

there is a specific pattern of different intensities at the positions of selected 

wavenumbers, and it indicates cancer-related biomolecular changes. These differences 

are quantitatively presented in panel B, by comparing seven diagnostically significant 

peaks using a bar graph. 

The statistical analysis shows that cancer serum has high normalized intensities at 725 

cm -1 and 881 cm -1 and low signal strength at 494, 638, 823, 1206 and 1655 cm -1 

when compared with normal samples. The maximum at 725 cm -1, which is related to 

adenine (nucleic acid marker) exhibits a very strong improvement especially in 

malignant samples, meaning that the amount of cell-free DNA fragments increased in 

the circulation. On the other hand, the lower intensity at 1655cm -1 (amide I band) and 

494cm -1 (disulfide bridges) indicates that the protein content in cancer serum is lower. 

All of these spectral signatures are an indication of the metabolic dysregulation and 

biochemical composition changes indicative of colorectal malignancy, and offer a 

molecular fingerprint, which could be used in diagnostic applications. 

 
 

Fig. 3. (A) The mean spectrum of colorectal cancer serum (blue line, with 38 samples) 

is compared to that of normal serum (red line, with 45 samples). Each spectrum was 

adjusted so that its total area under the curve matched the actual intensity of the 

corresponding spectral region. The shaded regions indicate the standard deviations of 
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the averages. Additionally, the disparity is illustrated at the bottom. The comparison 

evaluates the mean intensities and standard deviations of selected peaks, highlighting 

the most significant distinctions between colorectal cancer serum (represented by the 

blue pillar) and normal serum (indicated by the red pillar). 

 

Diagnostic Algorithm Based on SERS Peak Intensity Ratios 

Fig. 4 shows how an empirical diagnostic method was used with the help of SERS 

spectral intensity ratios in distinguishing patients of colorectal cancer and healthy 

people. It relies on the fact that malignant transformation in serum composition can be 

detected by changes in the specific Raman peak intensities, which is used as a 

methodology to exploit these biochemical changes in the composition of serum. 

Panel A shows the ratio of the intensity of I 52 5 to I 63 8, with the adenine peak (725 

cm -1) and the tyrosine peak (638 cm -1) of the adenine and tyrosine serum, respectively. 

The trend of separation evident in the scatter plot is that the two groups are divided 

largely on each side of the diagnostic line (I 5/ I6 = 1.11) with cancer patients (blue 

triangles) mostly above the line and normal subjects (red circles) majorly below the line. 

The average ratio of cancer serum samples (1.54 +0.70) is far much higher than the 

average ratio of normal samples (0.64 +0.23) and this is statistically significant (p < 

0.05). This type of classification has both a diagnostic sensitivity of 68.4% (26/ 38 

cancer cases were correctly identified) and specificity of 95.6% (43/45 normal cases 

were correctly classified). The high ratio in the malignant samples indicates the 

simultaneous rise of nucleic acid content and fall in the concentration of amino acids 

which are typical of cancer metabolism. 

In panel B, the adenine to l-arginine diagnostic ratio I 5 25/I 4 9 4 is different. The set 

decision value of 1.95 divides the groups with the sensitivity and specificity of 57.9 and 

97.8 respectively. Although this ratio is exceptionally specific, the lower sensitivity 

indicates that it is more likely to produce a false-negative results and therefore fail to 

detect some of the early-stage or less aggressive tumors. 

Panel C shows the ratio between I 525/I 1664, adenine and the amide I protein band 

respectively. This parameter has a threshold of 0.92 and the sensitivity and specificity 

are 60.5% and 91.1% respectively. The performance attributes of this ratio are in 

between the last two strategies. 

The comparative analysis shows that the I 5/I 6 ratio is the best combination of 

sensitivity and specificity with respect to the detection of colorectal cancer. These 

diagnostic algorithms are based on the biological reason behind cancer-related 

metabolic reprogramming. There is increased turnover and apoptosis of the malignant 

cells which results in high levels of circulation nucleic acids (reflected in the 725 cm -

1 peak). At the same time, disturbed protein synthesis and degradation indicate play a 

role in the relative decrease in the relative abundance of certain amino acids and 

structural proteins (measurable in reduced intensities at 638, 494, and 1655 cm -1). 

The observed heterogeneity of cancer group with the wide spread of the scatter plots in 

comparison with the normal cohort is the result of the heterogeneity of colorectal 

malignancies. This spectral diversity is enhanced by different tumor stages, histological 

subtypes and unique patient metabolism, challenges and opportunities of fine 

diagnostic stratification. 
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Figure 4: Principal Component Analysis for Spectral Classification 

 

Principal component analysis (PCA) 

To identify the diagnostically important information in the entire SERS spectral dataset, 

Fig. 5 shows the application of the principal component analysis (PCA) with linear 

discriminant analysis (LDA) to the entire spectral dataset. As opposed to empirical 

method which uses a few peak intensities, PCA lowers the dimensionality of a complex 

spectral data and still maintains the maximum variance thus converting hundreds of 

spectral data points to a few unrelated principal components (PCs). 

Panel A contains a two-dimensional scatter plot of the first principal component (PC1) 

and the second principal component (PC2) of the entire serum samples on a scatter plot. 

It is clear in the visualization that there is an incredible clustering effect with colorectal 

cancer samples (blue triangles) comprising a separate cluster in the upper part of the 

plot, whereas normal subjects (red circles) co-locate in the lower part of the plot. The 

diagnostic decision boundary (PC2 = 1.68PC1 + 0.13) is the dashed diagonal line, 

which was calculated mathematically using LDA to draw the line maximizing the inter-

group separation and minimizing the intra-group variance. This classification algorithm 

could get Sensitivity 84.2% and Specificity 93.3 which is considerably better than the 

single ratio empirical methods. 

Panel B represents another projection between PC1 and PC3, which provides a different 

view of the same spectral data. This combination is even better diagnostically, the 

separation line (PC3 = 1.14PC1 + 0.11) has a sensitivity of 92.1% and a specificity of 

95.6%. The increased discrimination ability in this PC1-PC3 space implies that PC 3 

measures biochemical differences that are of specific interest to cancer-related 

metabolic changes. The combination of these three main elements explains 63% of the 

total spectral variance which is a good reduction of the complex biochemical fingerprint 

into measurable diagnostic parameters. 

In the clearly defined clustering patterns, it can be established that SERS spectra carry 

enough discriminatory information and therefore the patterns can be reliably used to 

differentiate between pathological and physiological serum composition. The small 

similarity of the groups shows that the changes in the molecules that accompany the 

development of colorectal cancer have a similar, detectable spectral signature that cuts 

across variations in individual patients.  
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Figure 5. PCA-based classification of cancer versus normal serum. (A) PC1-PC2 

plot: 84.2% sensitivity, 93.3% specificity. (B) PC1-PC3 plot: 92.1% sensitivity, 

95.6% specificity. Dashed lines indicate discriminant boundaries. 

Figure 6. Posterior probabilities for cancer versus normal classification using (A) 

empirical intensity ratio (I₇₂₅/I₆₃₈) and (B) PCA-LDA multivariate analysis. Threshold 

= 0.5 (dashed line). 

 

The direct comparison of diagnostic confidence between the empirical intensity ratio 

method and the multivariate method of posterior probability analysis in the 

comprehensive PCA-LDA method are given in Fig. 6. The posterior probability is the 

probability that a certain sample is in the normal or the cancer category according to 

the discriminant function with the values between 0 (definitely normal) to 1 (definitely 

cancer). 

The rear probabilities obtained with the I 52 /I 63 8 intensity ratios are presented in 

panel A as a result of the linear discriminant analysis. The individual samples are 

indexed on the horizontal axis and the calculated probability is plotted on the vertical 

axis. Normal subjects (red circles) are clustering more around zero probability and are 

true non-cancerous. Nonetheless, there is a strong heterogeneity within the cancer group 

(blue triangles) whereby the posterior probabilities are spread over a wide span of 

values ranging between about 0.2 and 1.0. With the conventional discrimination 

threshold of 0.5 (dashed horizontal line), this method correctly classifies 26/38 cancer 

cases (68.4 percent sensitivity) and correctly classifies 43/45 normal subjects (95.6 

percent specificity). The large dispersion of the probabilities of cancer samples is an 

indication of the low content of information of individual peak ratio measurements, 

which cannot provide a complete account of the complexity of biochemical 

perturbations caused by cancer. 
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In panel B, the results are much more pronounced in terms of an inverse probability 

with the use of a whole PCA-LDA multivariate model that uses PC1, PC2, and PC3. 

The division is intensified to the level of binary classification. Almost all cancer 

samples take the values of posterior to be equal to or slightly less than 1.0, whereas 

normal samples are all equal to or slightly less than 0.0. There is a single cancer case 

that is slightly below the 0.5 mark so that there is an outstanding diagnostic sensitivity 

of 97.4% (37/38). Remarkably, all the normal samples are classified correctly, which 

is 100 percent specificity (45/45). 

Receiver operating characteristic (ROC) analysis is used to assess the diagnostic 

accuracy and it is used to plot sensitivity against a false positive rate (1-specificity) 

together with all the possible threshold values. A total performance is measured by the 

area under the curve (AUC), with the possible results of 0.5 (random chance) and 1.0 

(perfect discrimination). 

Fig. 7 reports impressive methodology performance disparities. The multivariate 

algorithm, PCA-LDA (purple circles) is the best at achieving perfect discrimination 

with AUC = 1.0: the curve is close to the top-left corner. This means that the 

classification of the samples is perfect with all the cancer as well as normal cases 

assigned accurately. On the other hand, the empirical I 5 /I 6 38 ratio method (pink 

crosses) gives AUC = 0.896 which is a good but not excellent performance. Although 

this method is significantly better than random chance, it has the inherent trade-off of 

sensitivity and specificity, in which one metric must trade off against the other. 

The 0.104 AUC disparity between methodologies implies a lot to clinical implication. 

The empirical ratio approach is bound to create either false negatives (missed cancer 

diagnosis) or false positives (needless interventions done on healthy people). PCA-

LDA method avoids this tradeoff and cross-validated analysis demonstrates 100% 

sensitivity and specificity. 

The strength of PCA-LDA lies in its combination of small events in spectral variation 

at multiple wavenumber ranges, and multivariate patterns that are not visible when 

analyzed in a single parameter. It is an algorithm that finds changes in proteins, nucleic 

acids, and lipids that are correlated across all three, and gives objective results that are 

reproducible. These findings reveal that advanced computational analysis can be quite 

advantageous in terms of diagnostic performance, and position SERS with multivariate 

analysis as a promising application of non-invasive screening of  

lorectal cancer awaiting validation in larger clinical studies.

 
Figure 7. Simple random colorectal cancer detection with SERS serum analysis of the 
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ROC curves. Purple circles: PCA-LDA multivariate (AUC = 1.0); purple crosses: 

empirical I 58 /I 63 8 intensity ratio (AUC = 0.896). The curves nearer to the upper-left 

are of better diagnostic performance. 

 

Discussion 

This research illustrates a considerable difference in SERS spectral of colorectal cancer 

and normal serum and provides a diagnostic potential of malignancy identification. 

Biomolecular changes of the cancer cell type were identified through spectral analysis: 

amide I band (1655 cm -1) and disulfide stretching (494 cm -1) had lower intensities, 

which indicated a lower protein content in the malignant samples, as has been delivered 

in prior SERS studies [11,24]. On the other hand, Adenine band (725 cm -1) had a 

significant increase in cancer serum with indication of high and circulating nucleic 

acids due to increased apoptosis or cell lysis [35]. The increase of tryptophan (881 cm 

-1) and the shift of its peaks (13651394 cm -1) indicate the change of the protein 

microenvironment [30,34]. The low levels of L-tyrosine and l-arginine are the 

indicators of low levels of amino acids which can be explained by the abnormal 

metabolic processes caused by the tumor [11]. 

Two strategies of classification were tested. With a low spectral content, the empirical 

I 5 /I 6 ratio method had a sensitivity of 68.4% and a specificity of 95.6%. Other ratios 

(I 52 54 /I 52 54, I 52 54 /I 52 56 56 56) depicted similar yet different performances. 

Nevertheless, PCA-LDA multivariate analysis was significantly better than empirical 

methods because it used entire spectral profiles. A cross validation with three main 

components that consisted of 63 percent of variance had 97.4 percent sensitivity and 

100 percent specificity. ROC analysis showed that superiority (AUC = 1.0 versus 0.896) 

was achieved indicating that extensive SERS signature has enough information to 

discriminate near perfectly [11,32,38]. 

Higher heterogeneity of cancer samples represents the heterogeneity of the disease 

among the tumor stages and metabolic patterns. These results confirm the existence of 

advanced computational methods to diagnostic spectroscopy, which proves the 

presence of significant gains in clinical accuracy of non-invasive colorectal cancer 

screening with complex algorithms. 

 

Conclusions 

This pilot study manages to prove that gold nanoparticle-enhanced Raman spectroscopy 

with multivariate statistical analysis is a promising modality of non-invasive detection 

of colorectal cancer in blood serum. Biomolecular signatures of cancer such as 

increased nucleic acid concentration and reduced protein/saccharide concentration in 

the cancer specimen were identified in spectral analysis of 38 cancer patients and 45 

healthy controls. 

Two diagnostic strategies were compared, including empirical intensity ratios and all-

inclusive PCA-LDA algorithms. The I 5/I 6 ratio was found to have 68.4% sensitivity 

and 95.6% specificity, and the PCA-LDA had 97.4% sensitivity and 100% specificity 

using a leave-one-out cross-validation. The analysis of ROC curves proved the 

outstanding performance of PCA-LDA (AUC = 1.0), which is significantly better than 

the empirical approach (AUC = 0.896). 

These findings provide evidence of concept that SERS-based liquid biopsy can be used 

to screen colorectal cancer and provides the potential benefits over traditional 

techniques: non-invasive sampling, fast analysis, low sample volume, and objective 

algorithmic classification. It’s almost flawless discrimination indicates a strong 

potential of translation, but it must be confirmed by large-scale and multi-centered 

prospective clinical trials prior to clinical use. The standardization protocols, inter-
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laboratory reproducibility, and performance in a variety of patient groups and disease 

stages should be considered in future research. 
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