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Fig. S1. presents how de-waxing was performed using sequential ethanol, hexane, and 
water washes prior to SERS acquisition. The spectra exhibit highly similar peak positions 
and relative intensities across the measured range, indicating that paraffin removal does 
not significantly alter the observed Raman signatures under the conditions used in this 
study. 

Fig. S1 Comparison of SERS spectra obtained from FFPE breast tissue sections before and after deparaffinization.

Table S1 provides a comprehensive list of SERS peaks (400-1700 cm⁻¹), together with 
their corresponding vibrational assignments and supporting literature references. This 
table serves as the reference framework for interpreting the spectral features discussed 
in the subtype-specific tables that follow.

Table S1 Complete Surface-Enhanced Raman Scattering (SERS) peaks and vibrational mode assignments.

SERS shift (cm-1) Assignment Reference

420 D-(-)-Fructose, citric acid (56)

436 D-glucose𝛽 ‒ (56)

446 Lactose, glutathione (56)

482 Saccharides, glycogen (59,66)

534 S-S disulphide bridges in cysteine (67)

563 Tryptophan/cytosine, guanine (59)

599 Glycerol, Tryptophan, phosphatidylinositol (66)

609 C-C twisting thymine (54,66)

645 C-C twisting tyrosine, C-S stretching (49,54)

671
C−S stretching mode of cystine, guanine, thymine, phospholipids in 

nucleic acids (59,66,68)
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684 Succinic acid (56)

707 Adenine (54)

722

N+(CH3)3, choline group, stretch band, C-N (membrane phospholipid 
head)/nucleotide peak, characteristic for phosphatidylcholine, 

sphingomyelin (49)

731 N+(CH3)3 symmetric stretching of phosphatidylcholine lipids (59)

750 Proteins, symmetric ring breathing in tryptophan (66,68)

775 Ring breathing mode of pyrimidine (54)

807 O−P−O stretch (DNA), tyrosine, ring breathing mode of uracil (54,59,69)

817
C—C stretch of proline and hydroxyproline, out of plane ring 

breathing of tyrosine assigned to CH2 twisting of lipids in healthy (70)

846
C-O-C skeletal mode, monosaccharides, tyrosine, single bond 

stretching vibrations for amino acids (49,54,66)

869
C-C stretching, collagen, lipid, hydroxyproline (collagen I), 

Saccharides, proline, saccharides (49,55,66,68)

876 (CH2) protein𝜌 (55)

892 Structure protein modes of tumors (49)

935
C-C protein backbone -helix(proline/glycogen), collagen, skeletal C-𝛼

C, -helix,  (C-C), valine𝛼 𝜈 (49,54,57,67)

965 Lipids, (= CH) wagging, stretching C-O ribose𝛿 (49,54,66)

1005 Phenylalanine (collagen), (C-C) symmetric ring breathing mode𝜈 (48,55,57,67-69,71)

1026 C−H in-plane bending mode of phenylalanine

(57,59)

1041 Collagen (49)

1065
Chain C-C stretch in lipids; C-O and C-N stretch in proteins; O-P-O 

stretch in DNA and RNA, proline (collagen) (48,49)

1092 C-C stretch, phospholipids O-P-O (54,55,66)

1112 C-C stretch (lipid), saccharides (49,54,55)

1135 C-C skeletal stretching (54)

1173 C-H bending tyrosine (49)

1179 Phenylalanine, tryptophan, tyrosine (57,59)

1221 Amide III (59)

1236 β-sheet, amide III, CH2 wagging of glycine and proline (66)

1244 Amide III (54,71)
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1268 Amide III (α-helix), collagen, lipids (48,68,69)

1297 Cytosine, (CN) and (NH) modes of the peptide bond (-CONH)𝜈 𝜈 𝜈 (54,57)

1339
CH2 deformation lipid/adenine, cytosine, tryptophan, α-helix, 

phospholipids (59,66)

1371 CH3 symmetric lipid𝛿 (55)

1419 Deoxyribose (54)

1441
CH2 bending mode in lipids, cholesterol, fatty acid, C−O symmetric 

stretching (48,49,55,59,66,71)

1463 Stearic acid (56)

1531 Adenine, guanine, cytosine (66)

1556 C=C stretching in tryptophan (68)

1599
C=C bending mode of phenylalanine, tyrosine, C=C olefinic stretch, 

(C = C) modes of aromatic amino acids𝜈 (54,57,59,69)

1611 C=C stretching in phenylalanine, tyrosine, and tryptophan) (57,68)

1656 C=C lipid stretching, (C=O), α-helix (Amide I)𝜈 (49,67,68,71)

1692 C=O stretch lipid (59)

Triple-Negative Breast Cancer

Table S2 summarizes the distribution of SERS spectral shifts consistently observed in 
the Triple-Negative Breast Cancer (TNBC) subtype. Characteristic peaks include 892, 
1065, 1112, 1135, 1297, 1371, 1419, 1441, and 1463 cm-1, which were recurrent across 
TNBC samples. The 892 cm-1 band is attributed to protein structural vibrations (49). The 
1065 cm-1 peak corresponds primarily to C-C stretching in lipids and has also been 
associated with C-O and C-N stretching in proteins, O-P-O vibrations of DNA and RNA, 
and the amino acid proline, which is abundant in collagen (48,49,59). The 1112 cm-1 band 
is indicative of C-C stretching in polysaccharides (54,55,59), while the 1135 cm-1 peak 
corresponds to C-C skeletal vibrations (54). The 1297 cm-1 band is assigned to cytosine 
and (CN) and (NH) vibrations of peptide bonds (-CONH) (54,57).𝜈 𝜈

Additional TNBC-associated peaks include 1317 cm-1, attributed to CH₂ deformation in 
lipids and contributions from adenine, cytosine, tryptophan, α-helical protein structures, 
and phospholipids (59,66); 1419 cm-1, corresponding to deoxyribose vibrations (54); 1441 
cm-1, associated with CH₂ bending modes in lipids, cholesterol, and fatty acids 
(48,49,55,59,66,71); and 1463 cm-1, assigned to stearic acid (56). TNBC-associated 
peaks are highlighted in bold in Table S2

Surface-Enhanced Raman Scattering (SERS) analysis of TNBC subtypes (TNBC1-
TNBC8) revealed distinct molecular fingerprints involving carbohydrates, nucleic acids, 
proteins, and lipids. Carbohydrate-related peaks at 420, 482, and 869 cm-1 were 
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frequently observed, indicating altered sugar metabolism and glycosylation patterns. 
Nucleic-acid-associated signals at 563, 671, and 731 cm-1 highlight contributions from 
DNA/RNA bases and phospholipid headgroups. Protein-related bands at 892, 1005, 
1173, 1297, and 1556 cm-1 were dominant, reflecting protein backbone vibrations, 
aromatic amino acid contributions, and changes in secondary structure. Lipid-associated 
peaks at 1065, 1112, 1371, 1441, 1463, and 1692 cm-1 consistently reflected disruptions 
in membrane composition, fatty-acid content, and cholesterol metabolism.

Collectively, these spectral features illustrate the pronounced biochemical heterogeneity 
of TNBC subtypes and underscore the utility of SERS as a sensitive analytical tool for 
distinguishing molecular phenotypes in triple-negative breast cancer.
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Table S2 Distribution of SERS shifts in Triple-Negative Breast Cancer (TNBC) Subtype.

SERS 
shift 
(cm-1)

TNBC
1

TNBC
2

TNBC
3

TNBC
4

TNBC
5

TNBC
6

TNBC
7

TNBC
8 Assignment

420 x x x x x  x x D-(-)-Fructose, citric acid

436 x        β-D-glucose

446      x   Lactose, glutathione

482 x  x  x x x x Saccharides, glycogen

534  x x      S-S disulphide bridges in cysteine

563 x x       Tryptophan / cytosine, guanine

599      x   Glycerol, tryptophan, phosphatidylinositol

609  x       C-C twisting, thymine

671 x  x     x C-S stretching of cystine; guanine, thymine; 
phospholipids in nucleic acids

684      x   Succinic acid

707    x x    Adenine

722
     

x x
 

N⁺(CH₃)₃ choline group; 
phosphatidylcholine, sphingomyelin; 
membrane phospholipid headgroup

731 x x x x    x N⁺(CH₃)₃ symmetric stretching of 
phosphatidylcholine lipids

750      x   
Proteins; symmetric ring breathing of 
tryptophan

775 x x  x     Ring breathing mode of pyrimidine

807 x    x    
O-P-O stretch (DNA); tyrosine; uracil ring 
breathing

817  x       
C-C stretch of proline/hydroxyproline; 
tyrosine ring breathing; CH₂ twisting of lipids

846    x     C-O-C skeletal mode; monosaccharides; 
tyrosine; amino acid single-bond stretching

869 x x
     

x
C-C stretching; collagen; lipids; 
hydroxyproline (collagen I); saccharides, 
proline

876   x x  x x  ρ(CH₂) protein

892 x x x x x x x x Protein structural modes (tumor-related)

935 x x    x   
C-C protein backbone (α-helix); 
proline/glycogen; collagen; valine

965 x   x x x x  
Lipids; δ(=CH) wagging; C-O stretching of 
ribose

1005 x x x  x  x x Phenylalanine; symmetric ring breathing; 
collagen
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1041       x x Collagen

1065 x x x x x x x x
C-C stretch in lipids; C-O and C-N stretch in 
proteins; O-P-O (DNA/RNA); proline 
(collagen)

1112 x x x x x x x x C-C stretch (lipids); saccharides

1135 x x x x x x x x C-C skeletal stretching

1173 x x x x x x   C-H bending of tyrosine

1179     x  x x Phenylalanine, tryptophan, tyrosine

1221      x   Amide III

1236 x x x  x  x x β-sheet; Amide III; CH₂ wagging of glycine 
and proline

1268  x x x  x   Amide III (α-helix); collagen; lipids

1297 x x x x x x x x Cytosine; ν(CN) and ν(NH); peptide bond (-
CONH)

1339 x x x   x   
CH₂ deformation (lipids); adenine, cytosine, 
tryptophan; α-helix; phospholipids

1371 x x x x x x x x δ(CH₃) symmetric lipid

1419 x x x x x x x x Deoxyribose

1441 x x x x x x x x CH₂ bending (lipids); cholesterol; fatty acids; 
C-O symmetric stretching

1463 x x x x x x x x Stearic acid

1531      x   Adenine, guanine, cytosine

1556 x x  x x x x x C=C stretching in tryptophan

1599    x     
C=C bending of phenylalanine, tyrosine; 
aromatic amino acids

1611      x x  
C=C stretching in phenylalanine, tyrosine, 
tryptophan

1656   x      Amide I (α-helix); C=O stretching; lipid C=C

1692 x x     x x C=O stretching in lipids

HER2-enriched

In contrast to TNBC, Table S3 summarizes the distribution of SERS spectral shifts 
observed in the HER2-enriched breast cancer subtype. Prominent peaks were detected 
at 1062, 1133, 1171, 1295, 1369, 1417, 1438, and 1461 cm-1. The 1062 cm⁻¹ band is 
primarily attributed to C-C stretching in lipids and also includes contributions from C-O 
and C-N stretching in proteins and phosphate vibrations in nucleic acids (48,49). The 
1133 cm-1 peak corresponds to C-C skeletal stretching (54), while the 1171 cm-1 band is 
assigned to C-H bending modes of tyrosine residues (49). The 1295 cm-1 peak is 
associated with cytosine and ν(CN) and ν(NH) vibrations of peptide bonds (54,57). 
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Additional lipid-related features include 1369 cm-1, corresponding to symmetric CH₃ 
deformation in lipids (55), 1417 cm-1, attributed to deoxyribose vibrations (54), 1438 cm-

1, associated with CH₂ bending modes in lipids and fatty acids, and 1461 cm-1, assigned 
to stearic acid (56).

Notably, the 892 cm-1 band (protein structural vibrations) and the 1112 cm-1 band (C-C 
stretching in polysaccharides), which are consistently observed in TNBC samples, are 
absent in the HER2-enriched subtype. The lack of these peaks may reflect HER2-driven 
alterations in protein organization and reduced polysaccharide contributions, potentially 
associated with membrane-dominated signaling and receptor overexpression. 

Surface-Enhanced Raman Scattering (SERS) analysis of HER2-enriched breast cancer 
samples (HER2_2-HER2_5) revealed a consistent biochemical fingerprint involving 
carbohydrates, lipids, proteins, and nucleic acids. Carbohydrate-related peaks at 418 and 
482 cm-1 indicate altered sugar metabolism. Strong membrane lipid signals at 720-731, 
1062, 1111, 1133, and 1660-1686 cm-1 highlight phospholipid remodeling and membrane 
reorganization, which are hallmarks of HER2-positive tumor aggressiveness. Protein-
associated bands at 817, 873, 889, 1002, 1171, 1268, and 1295 cm-1 reflect amino acid 
contributions, protein backbone vibrations, and changes in secondary structure. Nucleic-
acid-associated features at 525, 662, and 1369-1461 cm-1 suggest increased genomic 
activity and replication demands.

Collectively, these spectral characteristics reflect metabolic reprogramming, membrane 
phospholipid enrichment, and protein-lipid structural interplay in HER2-enriched tumors, 
underscoring the aggressive biological behavior of this breast cancer subtype and the 
sensitivity of SERS in capturing subtype-specific molecular signatures.
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Table S3 Distribution of SERS shifts in HER2-enriched Subtype.

SERS 
shift 
(cm-1)

HER2_
2

HER2_
3

HER2_
4

HER2_
5 Assignment

418 x x  x D-(-)-Fructose, citric acid

482   x  Saccharides, glycogen

525   x  S-S disulphide bridges in cysteine

662   x  C-S stretching of cystine; guanine, thymine; phospholipids in nucleic acids

720 x x  x N⁺(CH₃)₃ choline group; phosphatidylcholine, sphingomyelin (membrane 
phospholipid headgroup)

751   x  Proteins; symmetric ring breathing of tryptophan

817 x x  x C-C stretch of proline/hydroxyproline; tyrosine ring breathing; CH₂ twisting of 
lipids

873 x x   
C-O-C skeletal mode; monosaccharides; tyrosine; amino acid single-bond 
stretching

848 x   x C-C stretching; collagen; lipids; hydroxyproline (collagen I); saccharides, 
proline

866   x x Protein structural modes (tumor-related)

889 x x  x C-C protein backbone (α-helix); collagen; proline/glycogen

935   x  Lipids; δ(=CH) wagging; C-O stretching of ribose

956    x Phenylalanine; symmetric ring breathing; collagen

1002 x x   C-H in-plane bending of phenylalanine / collagen contribution

1111    x C-C stretch in lipids; C-O/C-N stretch in proteins; O-P-O (DNA/RNA); proline 
(collagen)

1033 x  x  C-C stretch; phospholipid O-P-O

1062 x x x x C-C stretch (lipids); saccharides

1092   x  C-C skeletal stretching

1107 x    C-H bending of tyrosine

1133 x x x x Amide III

1171 x x x x β-sheet; Amide III; CH₂ wagging of glycine and proline

1215   x  Amide III (α-helix); collagen; lipids

1236 x    Cytosine; ν(CN) and ν(NH); peptide bond (-CONH)

1268 x x x  δ(CH₃) symmetric lipid

1295 x x x x Deoxyribose

1369 x x x x CH₂ bending (lipids); cholesterol; fatty acids; C-O symmetric stretching

1417 x x x x Stearic acid

1438 x x x x Amide I (α-helix); C=O stretching; lipid C=C

1461 x x x x C=O stretching in lipids
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1660   x  

1686 x    

Luminal A
Table S4 outlines the distribution of SERS spectral shifts observed in the Luminal A 
(LUMA) breast cancer subtype. Recurrent peaks were detected at 892, 1064, 1112, 1135, 
1172, 1297, 1370, 1418, and 1440 cm-1.The 892 cm-1 band is attributed to protein 
structural vibrations (49). The 1064 cm-1 peak corresponds primarily to C-C stretching in 
lipids and also includes contributions from C-O and C-N stretching in proteins and 
phosphate vibrations in nucleic acids (48,49). The 1112 cm-1 band is assigned to C-C 
stretching in lipids and saccharides (49,54,55), while the 1135 cm-1 peak corresponds to 
C-C skeletal vibrations (54). The 1172 cm-1 band is associated with C-H bending modes 
of tyrosine residues (49), and the 1297 cm-1 peak is attributed to cytosine and (CN) and 𝜈
(NH) vibrations of peptide bonds (-CONH) (54,57). Lipid-associated bands at 1370 cm-𝜈
1, 1418 cm-1, and 1440 cm-1 correspond to symmetric CH₃ deformation, deoxyribose 
vibrations, and CH₂ bending modes in lipids and fatty acids, respectively (2-3, 6, 10, 13-
14, 55).

Unlike TNBC and HER2-enriched subtypes, Luminal A samples consistently exhibit a 
pronounced 1112 cm-1 feature, reflecting combined lipid and saccharide contributions. 
While this peak is not exclusive to Luminal A, its consistent presence and relative 
prominence suggest a subtype-associated biochemical characteristic related to 
carbohydrate and membrane metabolism.

SERS analysis of Luminal A breast cancer samples reveals a reproducible molecular 
fingerprint characterized by coordinated alterations in proteins, lipids, sugars, and nucleic 
acids. Sugar-related vibrations in the 422-685 cm-1 region highlight altered carbohydrate 
metabolism, while strong lipid and saccharide contributions between 1064 and 1135 cm-

1 indicate membrane remodeling. Protein-related bands in the 1172-1297 cm-1 range 
reflect tyrosine residues, peptide bonds, and Amide III vibrations, suggesting 
modifications in protein secondary structure. Additional lipid-associated features between 
1370 and 1462 cm-1 confirm fatty acid and cholesterol remodeling. Higher-wavenumber 
bands at 1537-1557 cm-1, attributed to nucleic acids and aromatic amino acids such as 
tryptophan, further support involvement of controlled proliferative activity.

Collectively, the Luminal A subtype displays a biochemical landscape characterized by 
balanced metabolic reprogramming, relatively ordered protein secondary structures, and 
coordinated lipid and nucleic-acid remodeling, consistent with its less aggressive clinical 
behavior compared to other breast cancer subtypes.
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Table S4 Distribution of SERS shifts in Luminal A (LUMA) Subtype.

SERS 
shift 
(cm-1)

LUMA
45

LUMA
47

LUMA
48

LUMA
49

LUMA
50

LUMA
51

LUMA
52

LUMA
58 Assignment

422  x x x x x x x D-(-)-Fructose, citric acid

480    x    x Saccharides, glycogen

685    x    x Succinic acid

736
 

x
    

x x
N⁺(CH₃)₃ symmetric stretching of 
phosphatidylcholine lipids 
(choline/phospholipid headgroup region)

844
 

x x x x x
 

x
C-O-C skeletal mode; monosaccharides; 
tyrosine; amino acid single-bond 
stretching

871
 

x x
 

x x x
 

C-C stretching; collagen; lipids; 
hydroxyproline (collagen I); saccharides, 
proline

892 x x x x x x x x Protein structural modes (tumor-related)

955    x    x Lipids; δ(=CH) wagging; C-O stretching 
of ribose

1006 x       x Phenylalanine; symmetric ring breathing; 
collagen

1026     x    
C-H in-plane bending mode of 
phenylalanine

1064 x x x x x x x x Lipid C-C stretch; protein C-O/C-N; O-P-
O (DNA/RNA); proline (collagen)

1112 x x x x x x x x C-C stretch (lipid), saccharides

1135 x x x x x x x x C-C skeletal stretching

1172 x x x x x x x x C-H bending of tyrosine

1213    x     Amide III

1254 x
   

x
 

x x
Amide III region (protein secondary 
structure; can include collagen/lipid 
contributions)

1276 x  x x  x   Amide III (α-helix), collagen, lipids

1297 x x x x x x x x Cytosine; ν(CN) and ν(NH); peptide 
bond (-CONH)

1333
   

x
   

x
CH₂ deformation (lipids); 
adenine/cytosine/tryptophan; α-helix; 
phospholipids

1370 x x x x x x x x δ(CH₃) symmetric lipid

1418 x x x x x x x x Deoxyribose

1440 x x x x x x x x CH₂ bending (lipids); cholesterol; fatty 
acids; C-O symmetric stretching

1460  x x x x x x x Stearic acid
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1462 x        Stearic acid

1537   x x    x Adenine, guanine, cytosine

1557  x x   x x  C=C stretching in tryptophan

Luminal B

Complementing the data for Luminal A, Table S5 summarizes the distribution of SERS 
spectral shifts observed in the Luminal B (LUMB) breast cancer subtype. Recurrent peaks 
were detected at 891, 1064, 1109, 1135, 1172, 1297, 1370, 1418, 1441, and 1461 cm-1. 
The 891 cm-1 band is attributed to protein structural vibrations (49). The 1064 cm-1 peak 
corresponds primarily to C-C stretching in lipids and also includes contributions from C-O 
and C-N stretching in proteins and phosphate vibrations in nucleic acids (48,49). The 
1109 cm-1 band is assigned to C-C stretching in lipids and saccharides (49,54,55), while 
the 1135 cm-1 peak corresponds to C-C skeletal vibrations (54). The 1172 cm-1 band is 
associated with C-H bending modes of tyrosine residues (49), and the 1297 cm-1 peak is 
attributed to cytosine and (CN) and (NH) vibrations of peptide bonds (-CONH) (54,57). 𝜈 𝜈
Additional lipid-related bands at 1370 cm-1, 1418 cm-1, 1441 cm-1, and 1461 cm-1 
correspond to symmetric CH₃ deformation, deoxyribose vibrations, CH₂ bending modes 
in lipids and fatty acids, and stearic acid, respectively (2-3, 6, 10, 13-14, 55, 56).

The presence of the 1172 cm-1 tyrosine-related peak in Luminal B, which is also observed 
in Luminal A and TNBC but absent in the HER2-enriched subtype, suggests a shared 
protein backbone architecture among these subtypes. This similarity likely reflects 
conserved aromatic amino acid contributions and protein secondary structures, despite 
the higher proliferative capacity and distinct signaling pathways associated with Luminal 
B tumors.

Low-wavenumber peaks in the 417-422 cm-1 range indicate alterations in carbohydrate 
metabolism. Protein-related features between 601 and 933 cm-1, including aromatic 
amino acid and backbone vibrations, reflect changes in protein structure and 
organization. Lipid-associated bands spanning 722-1461 cm-1, encompassing 
phospholipid headgroups and CH₂/CH₃ bending modes, indicate substantial membrane 
remodeling. Nucleic-acid-associated vibrations in the 1297-1344 cm-1 region suggest 
increased DNA and RNA involvement. Higher-wavenumber bands at 1656-1687 cm-1 
correspond to Amide I vibrations and lipid C=O stretching, reflecting protein 
conformational changes and lipid-protein interactions.

Overall, the Luminal B SERS spectra highlight complex molecular alterations involving 
proteins, lipids, carbohydrates, and nucleic acids, consistent with the increased 
proliferative activity and intermediate aggressiveness characteristic of this breast cancer 
subtype.
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Table S5 Distribution of SERS shifts in Luminal B (LUMB) Subtype.

SERS 
shift 
(cm-1)

LUMB
5

LUMB
6

LUMB
8

LUMB4
5

LUMB5
2 Assignment

417 x  x x  D-(-)-Fructose, citric acid

475    x  Saccharides, glycogen (carbohydrate region)

531  x    S-S disulphide bridges in cysteine

601 x   x  Glycerol, tryptophan, phosphatidylinositol

645  x    C-C twisting (tyrosine); C-S stretching

679    x  
C-S stretching of cystine / nucleic-acid-linked phospholipids (~671) 
or succinic acid (~684)

722 x x  x  
N⁺(CH₃)₃ choline group; phosphatidylcholine/sphingomyelin 
(membrane headgroup)

748    x  Proteins; symmetric ring breathing of tryptophan

813    x  
O-P-O stretch (DNA) / proline-hydroxyproline & lipid CH₂ twisting 
region

848   x x  
C-O-C skeletal mode; monosaccharides; tyrosine; amino acid 
stretching

870  x x   
C-C stretching; collagen; lipids; hydroxyproline; saccharides, 
proline

891 x x x x x Protein structural modes (tumor-related)

933 x x x x  C-C protein backbone (α-helix); collagen; proline/glycogen

1005 x x x x  Phenylalanine; symmetric ring breathing; collagen

1026    x  C-H in-plane bending of phenylalanine

1064 x x x x x Lipid C-C; protein C-O/C-N; O-P-O (DNA/RNA); proline (collagen)

1109 x x x x x C-C stretch (lipid), saccharides

1135 x x x x x C-C skeletal stretching

1172 x x x x x C-H bending of tyrosine

1224   x   Amide III

1234 x x x x  β-sheet / Amide III; CH₂ wagging (glycine, proline)

1244   x  x Amide III

1297 x x x x x Cytosine; ν(CN) and ν(NH); peptide bond (-CONH)

1336   x x  
CH₂ deformation (lipids); adenine/cytosine/tryptophan; α-helix; 
phospholipids

1344 x x    
Same region: CH₂ deformation lipid / nucleobase + aromatic 
contributions

1370 x x x x x δ(CH₃) symmetric lipid

1418 x x x x x Deoxyribose
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1441 x x x x x CH₂ bending (lipids); cholesterol; fatty acids; C-O symmetric 
stretching

1461 x x x x x Stearic acid

1526    x  Adenine, guanine, cytosine (nucleobases region)

1555    x  C=C stretching in tryptophan

1602   x   
Aromatic amino acids: phenylalanine/tyrosine/tryptophan (C=C 
modes)

1601    x  
Aromatic amino acids: phenylalanine/tyrosine/tryptophan (C=C 
modes)

1661  x  x  Amide I (α-helix); C=O stretching; lipid C=C

1687 x     C=O stretching in lipids

To synthesize the findings across all breast cancer subtypes, Table S6 provides a 
comprehensive comparison of the major SERS peak positions identified in TNBC, HER2-
enriched, Luminal A, and Luminal B tumors, highlighting both shared and subtype-specific 
molecular signatures. 

Overall, SERS spectral analysis reveals that all subtypes share a common set of core 
vibrational features associated with fundamental cellular components, including protein 
structural modes (~892-935 cm-1), lipid and membrane-related vibrations (~1064-1135, 
1370-1463 cm-1), nucleic-acid-associated bands (~1297-1419 cm-1), and Amide I 
vibrations (~1656-1687 cm-1). These shared peaks reflect universal hallmarks of 
malignant transformation such as altered protein conformation, membrane remodeling, 
and increased nucleic-acid activity. However, clear differences in peak presence, 
distribution, and clustering distinguish each molecular subtype.

TNBC exhibits the greatest spectral heterogeneity, with prominent low-wavenumber 
carbohydrate-related peaks (~420-482 cm-1), redox- and metabolism-associated bands 
(~534, 684 cm-1), and multiple nucleic-acid and aromatic amino acid signals (~707-807, 
1531-1599 cm-1), consistent with its aggressive, metabolically flexible phenotype. In 
contrast, HER2-enriched tumors display a more membrane- and protein-dominated 
spectral profile, characterized by strong phospholipid choline vibrations (~720-731 cm-1), 
lipid and protein backbone modes (~1062-1133 cm-1), and pronounced Amide I 
contributions (~1660-1686 cm-1), reflecting receptor-driven signaling, membrane 
turnover, and structured protein assemblies.

The Luminal A and Luminal B subtypes share several spectral similarities, particularly 
tyrosine-associated bands (~1172 cm-1), Amide III vibrations (~1236-1297 cm-1), and lipid 
remodeling signatures (~1370-1462 cm-1), indicating conserved protein architecture and 
hormone-related biology. However, Luminal B samples show stronger and more frequent 
nucleic-acid-related peaks (~1297-1344 cm-1) and enhanced membrane phospholipid 
signals, suggesting higher proliferative activity and genomic involvement compared with 
Luminal A. This distinction is clearly visible in the stacked peak overlay, where Luminal B 
exhibits denser clustering in the lipid and nucleic-acid regions.
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Table S6 Summarize of all SERS peaks across all subtypes of breast cancer.

SERS shift (cm-1) TNBC HER2 LUMA LUMB

892 x x x

1064 x x x x

1112 x x x

1135 x x x x

1171 x x x

1297 x x x x

1371 x x x x

1419 X x x x

1441 x x x x

1463 x x x

Fig. S2 presents the confusion matrix summarizing the performance of the PCA-LDA 
classifier for breast cancer subtype discrimination using patient-averaged SERS spectra 
under stratified k-fold cross validation. The matrix illustrates both correctly and incorrectly 
classified samples across the five tissue classes, highlighting class-specific sensitivity. To 
further evaluate discriminative performance while accounting for internal validation, 
receiver operating characteristic (ROC) curves derived from one-vs-rest PCA-LDA 
models are shown in Fig. S3. The corresponding area under the curve (AUC) values 
indicates moderate to strong subtype-dependent discrimination, with higher AUCs 
observed for Luminal A and TNBC, and comparatively lower performance for rarer 
subtypes.

Fig. S2 Confusion matrix for PCA-LDA classification of breast cancer subtypes.
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Fig. S 3 Receiver operating characteristic (ROC) curves for PCA-LDA classification.
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