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Abstract 

Osteoporosis (OP) is a chronic disease characterized by diminished bone mass and structural deterioration, ultimately 
leading to compromised bone strength and an increased risk of fractures. Diagnosis primarily relies on medical 
imaging findings and clinical symptoms. This study aims to explore an adjunctive diagnostic technique for OP based 
on surface-enhanced Raman scattering (SERS). Serum SERS spectra from the normal, low bone density, and osteo-
porosis groups were analyzed to discern OP-related expression profiles. This study utilized partial least squares (PLS) 
and support vector machine (SVM) algorithms to establish an OP diagnostic model. The combination of Raman peak 
assignments and spectral difference analysis reflected biochemical changes associated with OP, including amino 
acids, carbohydrates, and collagen. Using the PLS-SVM approach, sensitivity, specificity, and accuracy for screening 
OP were determined to be 77.78%, 100%, and 88.24%, respectively. This study demonstrates the substantial potential 
of SERS as an adjunctive diagnostic technology for OP.
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Introduction
OP is a gender- and age-related condition characterized 
by reduced bone mass and structural deterioration, ulti-
mately leading to compromised bone strength and an 
increased risk of fractures [1, 2]. Among these, hip, spine, 
and wrist fractures are the most common, and with the 
ongoing global aging process, the annual number of 

individuals disabled or even deceased as a result of these 
fractures is progressively rising. This poses a significant 
threat to people’s health, imposing substantial economic 
burdens on individuals, families, and society as a whole 
[3–5]. Therefore, early diagnosis of OP is imperative. 
Currently, diagnosis and clinical efficacy assessment of 
OP primarily rely on clinical symptoms (such as fragil-
ity fractures) and medical imaging findings (including 
dual-energy X-ray absorptiometry, quantitative com-
puted tomography, and quantitative ultrasound) [6–8]. 
Nevertheless, early-stage OP often lacks overt clinical 
symptoms. The radiation exposure associated with dual-
energy X-ray and quantitative CT imaging poses some 
adverse effects on human health [9], and the cost of these 
examinations is substantial, making them unsuitable for 
large-scale screening. Quantitative ultrasound, while 
advantageous for its radiation-free and simple opera-
tional features, is limited in clinical application due to 
the absence of standardized technical parameters and 
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measurement sites [10]. Hence, there is a necessity to 
explore an early, radiation-free, and cost-effective detec-
tion approach for osteoporosis.

Raman spectroscopy, recognized as a versatile and non-
invasive diagnostic tool, offers a chemical fingerprint for 
molecular identification [11]. Its capability to provide 
molecular-specific information with ultrahigh sensitivity 
under physiological conditions makes it a valuable tech-
nology [12]. Researchers, such as Paschalis, Gamsjaeger, 
and others, have demonstrated that Raman spectroscopy 
can furnish both quantitative and qualitative insights 
into bone mineral and the organic matrix, facilitating the 
evaluation of bone quality and strength [13, 14]. Cara-
her and team successfully utilized Raman spectroscopy 
to predict correlations among bone collagen, keratin, 
and bone loss induced by estrogen deficiency [15]. Fur-
thermore, Raman spectroscopy has found application in 
assessing the efficacy of drug treatments for osteoporosis 
[16–18]. These findings collectively emphasize the prom-
ising role of Raman spectroscopy in aiding the diagnosis 
of OP and evaluating clinical effectiveness. Nevertheless, 
the prevalent utilization of biological samples in Raman 
spectroscopy studies currently depends largely on bone 
tissue biopsies, presenting challenges in sample acquisi-
tion. Furthermore, the use of nails as a detection sample 
may not be universally applicable, restricting its suitabil-
ity across diverse population groups. This limitation hin-
ders the broad integration of Raman spectroscopy as an 
innovative diagnostic and analytical tool in diverse clini-
cal scenarios. Therefore, there is an imperative to identify 
easily accessible tissues with compositional correlations 
to bone tissue for indirect Raman measurements of bone 
quality.

Blood detection technologies find extensive application 
in clinical contexts, and Raman spectroscopy for serum 
analysis is also widely utilized for the detection of various 
diseases, such as lung cancer [19], prostate cancer [20, 
21], thyroid nodules [22], hepatitis [23], among others. 
Considering that blood serves as a primary site for the 
direct release of most bone metabolism products, Raman 
spectroscopy provides a label-free and non-destructive 
means of measuring substance information in the blood. 
Despite the wide application of Raman spectroscopy, 
there is currently limited exploration of its use in oste-
oporosis-related research, particularly in serum analysis. 
Consequently, this study aims to assess the feasibility of 
early osteoporosis screening through Raman spectros-
copy by analyzing serum samples. Nevertheless, tradi-
tional serum Raman spectroscopy encounters challenges 
arising from the extremely small Raman scattering cross-
section of molecules, leading to notably weak Raman 
signals that can be easily overshadowed by fluorescence. 
This limitation has, to some extent, constrained the 

broader application of Raman spectroscopy [24]. Upon 
adsorption of the analyte onto the surface of nanostruc-
tured noble metals, such as Ag or Au, the Raman signals 
of molecules undergo significant enhancement, concur-
rently mitigating the background fluorescence effectively. 
This phenomenon is commonly denoted as SERS [25, 26, 
33]. SERS demonstrates outstanding sensitivity, enabling 
the detection of individual molecules [24]. Presently, 
SERS technology has been utilized for supplementary 
diagnostics in osteosarcoma and osteoarthritis [26–28]. 
Additionally, it has been employed to differentiate the 
differentiation status of bone marrow mesenchymal stem 
cells [29].

These investigations validate the encouraging poten-
tial of serum SERS in aiding OP diagnosis. The objec-
tive of this study is to investigate the viability of early 
osteoporosis screening using serum SERS technology, 
utilizing multivariate statistical algorithms, including 
PLS and SVM. Initial endeavors have been undertaken 
to compile a dataset of Raman spectral waveforms 
associated with osteoporosis. We anticipate that this 
research will establish a fundamental basis for subse-
quent studies applying spectral diagnostic techniques 
to OP.

Materials and methods
Participants
The investigation recruited individuals receiving ortho-
pedic care at the Sixth People’s Hospital Affiliated with 
Nantong University between August 2022 and Novem-
ber 2023. Eligible participants were aged between 50 
and 90  years and required bone density assessments. 
Exclusion criteria included: 1) Endocrine and metabolic 
disorders unrelated to osteoporosis, such as diabetes, 
thyroid diseases, malignant tumors, etc.; 2) Secondary 
osteoporosis; 3) Prolonged use of medications poten-
tially impacting skeletal metabolism (e.g., corticosteroids, 
thyroid hormones, thiazide diuretics, or antiretroviral 
drugs). The final cohort comprised 66 subjects, classified 
into groups based on bone density measurements: Nor-
mal control group (20 cases), Low bone density group (22 
cases), and Osteoporosis group (24 cases). Blood sam-
ples were obtained from surplus blood collected during 
routine biochemical testing, without additional blood 
withdrawal or associated medical expenses for the par-
ticipants. Ethical approval was secured from the Ethics 
Committee of the Sixth People’s Hospital Affiliated with 
Nantong University, with the exemption from obtaining 
informed consent due to the use of surplus clinical sam-
ples. Following approval of the research protocol, the 
sample collection phase commenced.
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Sample preparation
Blood samples were procured from the participants 
between August 2022 and November 2023. Employing 
the prescribed biochemical sample collection protocol, 
5  mL of blood was obtained in anticoagulant tubes and 
allowed to undergo standing. Subsequently, the sam-
ples underwent centrifugation (4  °C, 4000 rpm, 10 min) 
to facilitate biochemical analysis. Following the com-
pletion of the biochemical analysis, centrifugation was 
performed again with the same parameters. Thereafter, 
200 mL of the resultant supernatant was carefully pipet-
ted into a 500 µL cryovial. The cryovials, duly labeled 
with their respective groups, were sealed and then stored 
in a −80 °C freezer for subsequent measurements.

Coffee ring effect and serum SERS measurements
Following Leopold’s method, the resulting silver colloid 
exhibited a milky gray color [30, 31]. For detailed prepa-
ration methods, please refer to the attachment. Figure 1A 
illustrates the transmission electron microscopy (TEM) 
image of silver nanoparticles (AgNPs). Figure  1B shows 
the maximum ultraviolet–visible extinction of the silver 
colloids at 412 nm. Then, we established a SERS substrate 
utilizing the coffee ring effect of immobilized droplets. 
Prior to SERS measurements, 20 μL of each serum sam-
ple from the normal, low bone density, and osteoporo-
sis groups was individually mixed with an equivalent 
volume of concentrated silver sol. Subsequently, 40 μL 
of the resulting mixture was dropped onto a glass slide 
and allowed to dry naturally at room temperature (25 °C) 
for 40 min. Finally, a prominent "coffee ring" containing 

a substantial amount of AgNPs formed at the periphery 
of the sample. Aggregated AgNPs or clusters within the 
coffee ring region generated numerous "hotspots," effec-
tively enhancing the Raman signals.

Using a Thermo Scientific DXR3 Raman spectrom-
eter, the serum SERS signals were obtained in the wave-
number of 400–1800 cm−1 with 30 s integration time. A 
532 nm diode laser was focused on the coffee ring region 
to stimulate samples through an MPLan 10 × objective 
(numerical aperture: 0.25). The laser spot size focused on 
the sample was approximately 2.1 μm, with a laser power 
of 0.1 mW and an estimated spectral resolution ranging 
from 5.5 to 8.3 cm⁻1. The WIRE 3.4 software (Renishaw) 
was used to realize signal collection.

Data processing and analysis
By scanning the Raman spectra of the slides and sub-
tracting them from each sample’s spectral data, we 
reduced background fluorescence interference [32]. 
Then, using the second derivative, we identified baseline 
anchor points for baseline calibration and applied the 
Savitzky–Golay method for smoothing. Before applying 
machine learning, Z-score normalization was performed 
on all data to mitigate intensity variations caused by laser 
power fluctuations, ensuring a more accurate analysis of 
serum SERS signals [33]. The Raman signals represent-
ing each sample were acquired by randomly scanning the 
coffee ring area of the samples. These signals serve as a 
representation of individual samples. Ultimately, each 
sample group, including the normal, low bone density, 

Fig. 1  A UV–VIS absorption of silver colloids. B the inserted picture is the TEM image of AgNPs
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and osteoporosis groups, encompassed multiple SERS 
spectra for subsequent data analysis.

Statistical analysis of clinical data was performed using 
SPSS 27.0 software. Continuous data were expressed as 
mean ± standard deviation (x ± s), and intergroup com-
parisons were conducted using analysis of variance 
(ANOVA). Categorical data were presented as composi-
tion ratios, and intergroup comparisons were assessed 
using the chi-square test. All statistical tests were two-
tailed, and a significance level of P < 0.05 was considered 
indicative of statistically significant differences.

In order to investigate the feasibility of SERS in diag-
nosing OP, PLS and SVM algorithms were introduced to 
establish the diagnostic model for SERS data discrimi-
nation [34, 35]. In this study, data analysis of the dataset 
was conducted using the scikit-learn module in Python 
3.11, specifically employing PLS and SVM techniques. 
The primary goal was to reduce the dimensionality of the 
spectral data and generate a set of new latent variables 
(PLS components). Subsequently, the optimal number of 
components for PLS was determined through cross-vali-
dation and estimation of mean squared prediction error 
(MSPE). This approach aimed to avoid overfitting of the 
diagnostic model by preventing an excessive number of 
PLS components. Subsequently, the selected PLS compo-
nents were integrated into the SVM algorithm. The SVM 
was employed to calculate the sensitivity, specificity, and 
accuracy of sample classification. Further assessment of 
diagnostic outcomes was conducted through the use of 
a confusion matrix and receiver operating characteristic 
(ROC) curves.

Results
Clinical features
Significant differences were observed in the gender and 
age distribution among the three study groups, while no 
statistically significant differences were found in param-
eters, such as body mass index (BMI), liver function, 
and kidney function. The percentages of females in the 
NG (Normal Group), LBD (Low Bone Density) group, 

and OP group were 60.0%, 63.64%, and 100.00%, respec-
tively. The age distribution values in the NG, LBD group, 
and OP group were (57.65 ± 6.82), (69.59 ± 9.89), and 
(74.25 ± 7.22), respectively. Detailed results are presented 
in Table  1. In order to illustrate that the discrepancies 
observed in Raman spectra among the groups are not 
influenced by differences in age and gender, we gener-
ated spectra for distinct age groups (≤ 60 and > 60) as well 
as for different genders, as depicted in Supplementary 
Fig. 1. These analyses revealed no discernible differences.

Enhancement effect and stability of serum SERS detection 
based on coffee ring effect
The mixture of serum/AgNPs dripping onto the glass 
slide could form a “coffee ring” because it was not 
simply evaporated and naturally dried at the dripping 
place. As the mixture began to dry, it actually created 
its own outward motion, drawing the AgNPs inside of 
the mixture toward to the edges [26]. In Fig.  2A, the 
SERS spectra recorded from both the coffee ring area 
(Region I) and the central region (Region II) of a rep-
resentative sample within the normal group are pre-
sented. The comparison of the intensities of 12 major 
SERS peaks obtained from these two regions is illus-
trated in Fig. 2B. As depicted in the preceding figures, 
it is apparent that the SERS intensity obtained from the 
coffee ring area (Region I) is notably amplified in com-
parison to the signals gathered from the central region. 
Ensuring the stability and reproducibility of SERS sig-
nals is paramount for subsequent spectral analysis. To 
assess the stability of the serum SERS signal amplifi-
cation within the coffee ring, we randomly recorded 5 
SERS spectra from different positions within the same 
sample’s coffee ring area, as illustrated in Fig.  2C. In 
comparison to the blue dashed line representing the 
Raman signals from the central region, the five SERS 
signals collected randomly from the coffee ring region 
generally exhibited higher intensities. This observa-
tion indicates a significant enhancement in Raman sig-
nal strength through the utilization of the coffee ring 

Table 1  Comparison of general data between groups

Project NG(20) LBD(22) OP(24) F/χ2 P

Sex(male /female) 8 (40.00%)/12 (60.00%) 8 (36.36%)/14 (63.64%) 0 (0.00%)/24 (100.00%) 12.144 0.002

Age 57.65 ± 6.82 69.59 ± 9.89 74.25 ± 7.22 23.800  < 0.001

BMI(< 30/ ≥ 30) 1.10 ± 0.31 1.00 ± 0.00 1.17 ± 0.38 1.971 0.148

Uric acid(normal/abnormal) 1.30 ± 0.47 1.36 ± 0.49 1.21 ± 0.41 0.668 0.516

Creatinine(normal/abnormal) 1.20 ± 0.41 1.41 ± 0.50 1.25 ± 0.44 1.239 0.297

ALT(normal/abnormal) 1.15 ± 0.37 1.09 ± 0.29 1.17 ± 0.38 0.291 0.748

AST(normal/abnormal) 1.05 ± 0.22 1.05 ± 0.21 1.17 ± 0.38 1.303 0.279
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effect, demonstrating good stability. Therefore, this 
method proves beneficial for high-sensitivity SERS 
detection and reliable analysis of serum biochemical 
components.

Comparison and analysis of serum SERS signal
Figure  3A depicts the average SERS spectra and stand-
ard deviations within the range of 400–1800  cm⁻1 for 
three groups: NG (n = 20), LBD group (n = 22), and OP 
group (n = 24). The solid line and the shaded region cor-
respond to the mean SERS spectra and the standard 
deviation, respectively. Furthermore, the spectral dispari-
ties among the NG, LBD group, and OP group are vividly 
illustrated in the Fig. 3B-D. Notably, significant variations 
in the spectra are evident within the spectral ranges of 
490–670  cm−1, 1100–1400  cm−1, and 1470–1760  cm−1 
(highlighted in yellow). The observed alterations are pre-
dominantly linked to variations in amino acids, carbohy-
drates, and collagen. In summary, noticeable distinctions 
exist in the SERS spectra among the three sample groups. 
As a result, these distinctive spectral features can be 
employed for the purpose of distinguishing and screening 
individuals with osteoporosis. Some SERS bands exhibit 
narrow peaks in the spectra, likely attributed to the vibra-
tions of specific functional groups or chemical bonds 
within the molecules. A comprehensive compilation of 
the primary peaks observed in serum SERS, alongside 
their assignments, is presented in Table 2. These assign-
ments are derived from insights gathered from diverse 
research reports [33, 36, 37].

OP screening based on serum SERS combined 
with multivariate statistical analysis
The SERS spectra across different sample groups exhib-
ited similarities, making it challenging to distinguish 
samples through direct observation. Therefore, a robust 
and effective multivariate statistical approach was intro-
duced for the analysis and extraction of spectral diag-
nostic information, specifically for OP screening. In this 
study, the PLS-SVM method was employed to extract 
diagnostically relevant SERS features for OP diagno-
sis. Initially, the PLS method was applied to reduce the 
dimensionality of the SERS data. The optimal number of 
PLS components was determined through a grid search 
combined with the method of MSPE. As depicted in 
Fig.  4A, the MSPE curve generated by PLS exhibited a 
rapid initial decline followed by a slower descent as the 
number of components increased. Based on the grid 
search results, the optimal number of PLS components 
was determined to be 6. Figure  4B shows the contribu-
tion rates of the PLS components generated by the PLS 
algorithm. When there are 6 PLS components, the con-
tribution rate to the model prediction approaches 90%. 
Figure 4C exhibits the average loadings of the initial six 
components in PLS, elucidating the influence of each 
wavenumber on the separation. Eventually, these 6 fea-
tures obtained after PLS dimensionality reduction were 
input into the SVM algorithm for subsequent identifica-
tion and screening of OP.

In this investigation, grid search analysis applied to the 
SVM model revealed that a linear kernel demonstrated 
optimal classification performance. Consequently, the 
SVM algorithm with a linear kernel was employed for 
sample classification. In order to elucidate the unique 
characteristics of the Raman spectra and investigate dif-
ferences at a granular level, posterior probability scatter 

Fig. 2  The enhancement effect and stability of SERS signals obtained from the coffee ring region. A SERS signals from the coffee ring region 
and contral position of the same serum sample. B Comparison of the intensity of the main SERS peaks in the spectra measured from the coffee ring 
region and central position. C Comparison of SERS signals obtained from five randomly selected positions within the coffee ring region with those 
from the central region
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plots were generated. Illustrated in Fig. 5A, this plot was 
crafted to assess the model’s confidence across vari-
ous classification outcomes. As illustrated in the figure, 
the misclassification of three blood samples by the PLS-
SVM model is evident, comprising two cases from the 
OP group, and the remaining one cases from the NG. 
Figure 5B illustrates the confusion matrices for the three 
sets of sample test data obtained using the optimal classi-
fier. The classification outcomes are presented in Table 3, 
detailing sensitivity, specificity, and accuracy for OP 
screening as 77.78%, 100%, and 88.24%, respectively. Fur-
thermore, the introduction of the ROC curve provided 
additional validation for the OP screening efficacy of this 

study. As depicted in Fig. 5C, the ROC curve areas under 
the curve (AUC) for the NG, LBD group, and the OP 
group were 1.000, 1.000, and 0.972, respectively. These 
findings underscore the significant potential of integrat-
ing SERS technology with the PLS-SVM diagnostic algo-
rithm for osteoporosis screening.

Discussion
Osteoporosis is a common chronic condition influenced 
by factors, such as age and gender. The global increase 
in the aging population has led to a rising incidence of 
osteoporosis [38]. Currently, there is a notable absence of 
convenient and cost-effective screening methods for this 

Fig. 3  Comparison of serum SERS spectra. A average SERS spectra of serum samples belonging to the NG, LBC group, and OP group. The shabad 
areas represent standard deviations (SD). B C D illustrate spectra differences among the NG (blue solid line), LBD group (purple solid line), and OP 
group (red solid line). Spectral differences between the two groups are indicated by black Solid lines, with significant changes highlighted in yellow 
for emphasis
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condition. Often, osteoporosis is identified only when 
patients seek medical attention due to pain or fractures, 
placing a substantial economic burden on individu-
als, families, and society. The serum SERS technology 
improves Raman signal responses utilizing silver sol, 
effectively suppressing background fluorescence, and 
minimizing extraneous noise interference [33, 39]. Fur-
thermore, the mechanism involves particle capture at the 
liquid–gas interface and the natural evaporation process 
during drying [40, 41], leading to the development of a 
ring-shaped "coffee ring" at the outer edge of the mixed 
solution containing silver sol and serum. This ring con-
centrates AgNPs, considerably enhancing the molecular 
Raman scattering signals and enabling highly sensitive 
SERS detection.

Table 2  Peak positions and assignment of serum SERS bands

Peak 
positions 
(cm−1)

Tentative assignments

491 L-arginine: ring vibration

525 Cholesterol ester

629 Tyrosine: C–S stretching vibration

719 Adenine, coenzyme A

807 Glutathione: C–C–O stretching vibration

881 Glutathione: C–O–H bending vibration

1002 Phenylalanine: Ring breathing

1130 D-mannose: C–N stretching vibration

1199 Amide III, CH2 wagging vibrations from glycine backbone

1331 CH3CH2 wagging mode of collagen; Nucleic acid bases

1575 Ring breathing modes in the DNA bases

1674 Amide I

Fig. 4  Reducing dimensionality of spectra data using the partial least Squares method. A Performance evaluation of the Predictive Mean 
Squared Error generated by the PLS algorithm. The MSEP curve generated by PLS exhibited a rapid initial decline followed by a slower descent 
as the number of components increased. Based on the grid search results, the optimal number of PLS components was determined to be 6. B 
The contribution rate PLS components. When there are 6 PLS components, the contribution rate to the model prediction approaches 90%. C The 
average loading of the initial six components in PLS, elucidating the influence of each wavenumber on the separation

Fig. 5  Performance evaluation of the PLS-SVM-based screening of OP. A posterior probability plot of the test set (blue circles: NG; green circle: LBD 
group; red circles: OP group). B Confusion matrices of classification results for different sample test sets. C Receiver Operating Characteristic curve 
for classification results of different samples, with Area Under Curve valus of 1 for the NG and LBD group, and 0.972 for the OP group
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The main peaks in the Raman spectra are assigned in 
Table  2. The highlighted yellow regions in Fig.  3 illus-
trate additional spectral distinctions among the three 
serum sample groups. Specifically, the osteoporosis 
group displays diminished levels of L-arginine, Tyrosine, 
D-mannose, Amide III, I, as well as collagen and DNA 
bases, resulting in corresponding Raman bands at 491, 
629, 1130, 1199, 1331, 1575, and 1674 cm−1, respectively. 
Numerous studies have suggested that L-arginine could 
effectively mitigate bone loss [42, 43], with its primary 
mechanism potentially linked to the increased produc-
tion of nitric oxide and the synthesis of Type I collagen 
by osteoblasts in both normal and osteoporotic bones 
[44]. Additionally, mannose components present in vari-
ous natural herbs have been shown to effectively suppress 
bone resorption, thereby exerting an anti-osteoporotic 
effect [45, 46], as demonstrated in animal experiments 
[47]. Silva et al. performed a chemical composition analy-
sis of the femoral neck region in postmenopausal female 
rats using Raman spectroscopy. They observed that, 
in comparison to OP rats, the trained group exhibited 
higher spectral curves in phosphate, Amide I, Amide III, 
and collagen content [48]. This observation is consist-
ent with the findings obtained from our SERS scans of 
patient serum, wherein the Amide III and Amide I peaks 
at 1199 and 1674 cm-1, along with collagen at 1331 cm−1, 
were significantly lower in the OP group when com-
pared to the normal group. Simultaneously, the OP group 
exhibited elevated levels of cholesterol lipids at 525 cm−1. 
Experiments conducted by Marco et  al. suggest a nega-
tive correlation between cholesterol and 25(OH)D levels, 
with low levels of 25(OH)D being identified as a signifi-
cant contributing factor to the onset of OP [49]. Opin-
ions on the role of Tyrosine levels in predicting OP are 
not unanimously agreed upon, with some literature pre-
senting completely opposing conclusions [50–52]. In 
Fig. 3D, the OP group exhibits lower SERS peak intensity 
attributed to Tyrosine at 629  cm−1, suggesting a poten-
tial positive correlation between tyrosine levels and bone 
density. However, it is worth noting that Fig. 4C indicates 
a minor contribution of this substance to OP screening. 
Clinical experiments conducted by Le et al. also revealed 
no significant correlation between dietary supplementa-
tion of aromatic amino acids (tryptophan, phenylalanine, 

tyrosine) and bone mineral density (BMD) [53]. In sum-
mary, further research is needed to elucidate the role of 
tyrosine in predicting OP. Moreover, notable dispari-
ties in the Raman spectra between the NG and the LBD 
group, as depicted in Fig.  3B, demonstrate an opposing 
trend compared to that illustrated in Fig. 3D across vari-
ous spectral bands. This inverse pattern in the Raman 
spectra between the NG and the LBD group in differ-
ent bands may indicate compensatory mechanisms dur-
ing the progression of OP. Taken together, these results 
underscore the capability of ultra-sensitive SERS to 
delineate subtle changes in the biochemical composition 
of serum in OP patients, suggesting the potential use of 
these substances as biomarkers for OP screening.

In order to identify individuals with reduced bone den-
sity and osteoporosis within the normal population, we 
employed the PLS-SVM method for the analysis of SERS 
spectra. The application of PLS facilitated the condensa-
tion of high-dimensional spectral data into several PLS 
components, ensuring the retention of essential sam-
ple-specific details. Research suggests that PLS utilizes 
group affinity information, such as grouping variables, to 
enhance discrimination among different groups. There-
fore, PLS is considered more effective than traditional 
PCA methods in reducing the dimensionality of spectral 
data [54]. However, directly utilizing of all PLS compo-
nents to construct an OP discrimination model may lead 
to overfitting, impairing the model’s ability to predict 
new samples. To address this issue, the MSPE curve was 
utilized to identify the optimal number of PLS compo-
nents [55]. As illustrated in Fig. 4A, the MSPE curve pro-
duced by PLS demonstrates an initial steep decline with 
the increasing number of PLS components, followed by 
a more gradual descent, eventually stabilizing. Figure 4B 
demonstrates that when employing six components, 
the model’s contribution to prediction approaches 90%. 
Although increasing the number of components margin-
ally enhances prediction accuracy, it also elevates the risk 
of overfitting. Consequently, in this investigation, the first 
six PLS components were chosen and integrated into the 
SVM algorithm for effective discrimination of OP cases. 
Furthermore, Fig. 4C presents the average loadings across 
these six groups. SVM is a powerful classification algo-
rithm known for its robustness and effectiveness in high-
dimensional spaces. It works well even when the number 
of samples is smaller than the number of features, which 
is a common scenario in spectral analysis. Compared to 
deep learning algorithms such as random forest regres-
sion, SVM offers advantages, such as a simple model 
structure and less computational time [56]. Given that 
the primary objective of this experiment is to validate the 
feasibility of Raman spectroscopy for early screening of 
osteoporosis, a simpler and less time-consuming SVM 

Table 3  Classification results of the PLS-SVM method using 
tenfold cross-validation

Identification of 
sample groups

Sensitivity Specificity Accuracy

NG 75% 100% 94.12%

LBD 100% 76.92% 82.35%

OP 77.78% 100% 88.24%
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model was chosen. Combining PLS and SVM leverages 
the strengths of both methods. PLS is used for dimen-
sionality reduction and feature extraction, reducing the 
complexity of the input data. The reduced-dimensional 
data is then classified using SVM, which excels at find-
ing optimal decision boundaries in the reduced feature 
space. Moreover, in further evaluating diagnostic per-
formance, the posterior probability plot (Fig.  5A) illus-
trates highly intuitive results. Due to the complexity of 
OP, influenced by various factors, such as ethnicity, envi-
ronment, lifestyle, and genetics [57], a few outliers may 
still appear in the actual diagnostic process of PLS-SVM, 
making it challenging to entirely eliminate the possibility 
of misclassifications. In this study, sensitivity, specificity, 
and diagnostic accuracy for screening OP were deter-
mined to be 77.78%, 100%, and 88.24%, respectively. Cer-
tainly, this experiment has some limitations. For example, 
the relatively small sample size may predispose the model 
to overfitting and diminish its capacity for generaliza-
tion, potentially yielding excessively optimistic experi-
mental results. Future efforts will prioritize the expansion 
of the sample size, optimization of experimental proce-
dures, and the exploration of ensemble algorithms, such 
as random forest, during model construction to improve 
the diagnostic model’s generalization performance. In 
summary, this experiment underscores the consider-
able potential of OP screening through the integration 
of serum SERS detection and the PLS-SVM method. We 
posit that these findings make valuable contributions to 
the early screening and supportive diagnosis of OP.

Conclusion
In this study, we successfully obtained high-quality serum 
SERS spectra from three groups: NG, LBD group, and OP 
group, utilizing the coffee ring effect. By analyzing the 
assignments of Raman bands and spectral differences, we 
demonstrated that SERS could qualitatively and quanti-
tatively compare subtle changes in serum biochemical 
components between different groups. These changes 
are indicative of OP-related expression profiles, validat-
ing the feasibility of using SERS for this purpose. Fur-
thermore, integrating SERS spectra with the PLS-SVM 
method enabled effective identification of OP samples, 
achieving diagnostic sensitivity, specificity, and accuracy 
of 77.78%, 100%, and 88.24%, respectively.

This study underscores the potential of SERS as an 
adjunctive diagnostic tool for OP, providing a promising 
approach for early screening and diagnosis. The findings 
suggest that SERS can complement traditional diagnostic 
methods, offering a non-invasive, sensitive, and specific 
alternative. Future research should focus on expanding 
the sample size, optimizing the SERS protocol, and vali-
dating these findings in larger clinical trials. Additionally, 

further exploration into the biochemical mechanisms 
underlying the observed spectral changes will enhance 
our understanding and application of SERS in OP 
diagnostics.
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