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Abstract

This research investigates the fundamental principles of
Surface-Enhanced Raman Spectroscopy (SERS) and its
relationship with plasmonic effects, with particular
emphasis on novel feature selection techniques for multi-
omics data analysis. The study addresses the challenges of
dimensionality reduction in complex  spectroscopic
datasets through comparative analysis of five feature
selection algorithms: XGBoost feature importance, K-
Nearest Neighbors (KNN), Random Forest, SHAP, and
Principal Component Analysis (PCA). Additionally, the
research explores effective  imputation methods for
handling missing values in multi-omics SERS data.
Experimental  results demonstrate  significant
improvements in prediction accuracy and computational
efficiency when applying these techniques to spectroscopic
data. The XGBoost algorithm demonstrated superior
performance with 92.7%
accuracy and an F1 score of 0.918, while effectively
reducing feature dimensionality by 78%. This work
contributes to advancing the application of SERS in
biological and chemical analysis by providing a
framework for optimized data processing and
interpretation, with potential implications for diagnostics
and molecular identification.
Keywords
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1. Introduction
Surface-Enhanced Raman Spectroscopy (SERS) has
emerged as a powerful analytical technique for molecular
detection and characterization since its discovery in the
1970s [1]. The phenomenon involves the amplification
of Raman scattering signals by several orders of
magnitude when molecules are adsorbed on or near
nanoscale metallic surfaces, primarily due to plasmonic
effects. This remarkable enhancement has enabled SERS
to overcome the inherent limitations of conventional
Raman spectroscopy, such as low sensitivity and weak
signal intensity, making it applicable for trace detection
in various fields including biomedicine, environmental
monitoring, and materials science [2].
The exponential growth of SERS applications has
generated vast and complex datasets, particularly in
multi-omics studies where SERS is used to analyze
genomic, proteomic, and metabolomic profiles
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simultaneously. These high-dimensional datasets present
significant challenges for data processing, interpretation,
and meaningful feature extraction. Moreover, missing
values—a common issue in spectroscopic data—further
complicate analysis and can lead to biased results if not
properly addressed [3].

This research aims to develop and evaluate novel
approaches for dimensionality reduction and missing
value imputation in SERS-based multi-omics data. By
implementing advanced feature selection techniques
including XGBoost feature importance, KNN, Random
Forest, SHAP algorithms, and comparative methods, we
seek to identify the most relevant spectral features while
minimizing information loss. Additionally, we
investigate effective imputation strategies tailored
specifically for SERS data characteristics, addressing a
critical gap in the current analytical pipeline [4].

The integration of these computational approaches with
SERS technology represents a significant advancement
in the field of spectroscopic analysis. By enhancing the
interpretability and reliability of SERS data, this work
contributes to the broader application of this powerful
technique in complex molecular investigations and
diagnostic procedures [5].

2. Objectives

The primary objectives of this research are: 1. To
investigate the fundamental principles of Surface-
Enhanced Raman Spectroscopy and elucidate the
underlying plasmonic mechanisms responsible for
signal enhancement.

2. To apply novel feature selection techniques and
reduce the dimensionality of omics datasets
obtained through SERS analysis.

3. To deal with missing values in multi-omics

SERS data using effective imputation methods. 4.

To conduct a comprehensive comparative analysis

of feature selection algorithms including XGBoost

feature importance, KNN, Random Forest, SHAP,
and PCA for optimizing SERS data processing.

5. To demonstrate the practical applications of
enhanced SERS data analysis in molecular
detection and characterization across various

domains.
3. Scope of Study
This research encompasses both the theoretical

foundations and practical applications of SERS and
plasmonic effects, with a particular focus on
computational methods for data analysis. The scope
includes:
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The investigation of plasmonic mechanisms underlying
SERS enhancement, including localized surface plasmon
resonance and electromagnetic field enhancement at
metal-dielectric interfaces. The research  examines
various SERS substrates including gold and silver
nanoparticles, nanorods, and nanostructured surfaces,
evaluating their enhancement capabilities and spectral
characteristics. Experimental SERS data collection is
performed using standardized protocols with model
analytes such as rhodamine 6G, crystal violet, and
selected biomolecules to ensure consistency across
comparative analyses.

The computational scope focuses on implementing and
evaluating feature selection algorithms specifically for
SERS spectroscopic data, developing and testing
imputation methods for addressing missing values in
SERS datasets, and establishing performance metrics for
algorithm comparison including accuracy, precision,
recall, F1 score, and computational efficiency. The study
does not extend to the development of new SERS
substrates or instrumentation but rather focuses on
optimizing data analysis methods for existing SERS
platforms. It also does not include clinical applications or
in vivo studies, although potential implications for these
areas are discussed.

4. Literature Review

Surface-Enhanced Raman Spectroscopy has undergone
remarkable development since its discovery by
Fleischmann and colleagues in 1974, who observed
enhanced Raman signals from pyridine adsorbed on
roughened silver electrodes [1]. This unexpected
enhancement was later attributed to plasmonic effects by
Jeanmaire and Van Duyne, who proposed the
electromagnetic ~ enhancement  mechanism  [6].
Concurrently, Albrecht and Creighton suggested a
chemical enhancement mechanism involving charge
transfer between the metal and adsorbed molecules [7].
The fundamental understanding of SERS has advanced
significantly through the work of Moskovits, who
provided a comprehensive theoretical framework for the
electromagnetic enhancement mechanism based on
localized surface plasmon resonance (LSPR) [8].
According to this theory, the collective oscillation of
conduction electrons in metallic nanostructures generates
intense local electromagnetic fields, which amplify both
incident and scattered radiation, resulting in
enhancement factors reaching 106-1010.

Recent developments in SERS substrate design have
focused on optimizing plasmonic properties for
maximum enhancement. Li et al. demonstrated that
precisely engineered gold nanorods with controlled
aspect ratios could achieve tunable LSPR frequencies,
enabling selective enhancement of specific molecular
vibrations [9]. Similarly, Wang and colleagues reported
that silver nanoparticle assemblies with controlled

limitations when dealing with highly complex and
nonlinear spectral data. Zhang et al. proposed a machine
learning approach using support vector machines for
automated classification of SERS spectra, achieving
improved accuracy compared to conventional methods
[11].

The challenge of feature selection in high-dimensional
SERS data has been addressed by several researchers.
Chen and colleagues applied Random Forest algorithms
to identify key spectral features in SERS-based cancer
diagnostics, reducing dimensionality while maintaining
classification accuracy [12]. Similarly, Liu et al
demonstrated the effectiveness of recursive feature
elimination with cross-validation (RFECV) for selecting
relevant SERS peaks in bacterial identification [13].
Missing value imputation, a critical aspect of SERS data
preprocessing, has received relatively limited attention in
the literature. Traditional methods such as mean or
median imputation have been widely used but can
introduce bias. More sophisticated approaches including
K-nearest neighbors imputation have shown promise, as
demonstrated by Rodriguez-Santamaria et al. in their
analysis of SERS data from biological samples [14].
Despite these advances, there remains a significant gap
in comprehensive comparative studies of feature
selection and imputation methods specifically optimized
for SERS-based multi-omics data. This research aims to
address this gap by systematically evaluating the
performance of advanced algorithms including
XGBoost, SHAP, and ensemble methods in the context
of SERS spectral analysis.

5. Conceptual Background

5.1 Principles of Surface-Enhanced Raman
Spectroscopy
Surface-Enhanced Raman Spectroscopy operates on the
principle of inelastic light scattering, where incident
photons interact with molecular vibrations, resulting in
scattered photons with shifted energy. The enhancement
mechanisms in SERS can be broadly categorized into
electromagnetic enhancement and chemical
enhancement [15].
The electromagnetic enhancement mechanism, which
contributes the majority of the overall enhancement
(typically 104-107), arises from the excitation of
localized surface plasmons—collective oscillations of
conduction electrons—at the metal-dielectric interface.
When the frequency of incident light matches the
plasmon resonance frequency, strong electromagnetic
fields are generated near the metal surface, amplifying
both the incident light and the Raman-scattered light.
This "double enhancement" leads to the fourth power
relationship between local field intensity and SERS
intensity [8].
The chemical enhancement mechanism, contributing an
additional factor of 10-100, involves charge transfer

interparticle gaps could generate "hot spots" with between the metal and the adsorbed molecule. This

exceptionally high field enhancement, enabling single  process creates new electronic states that can serve as
molecule detection [10]. . resonant intermediates in the Raman scattering process,
In the realm of data analysis, traditional approaches t0 ¢ffectively modifying the polarizability of the molecule
SERS spectral processing have relied heavily ongpq enhancing specific vibrational modes [7].

principal component analysis (PCA) and partial least 52 plasmonic Effects in SERS

squares (PLS) methods. However, these techniques have pjacmonics plays a central role in SERS enhancement
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through several key phenomena. Localized surface
plasmon resonance (LSPR) occurs when conduction
electrons in metallic nanostructures oscillate collectively
in response to incident electromagnetic radiation. The
resonance condition depends on the metal composition,
size, shape, and dielectric environment, allowing for
tunable enhancement properties [16].

Plasmonic  coupling between adjacent metallic
nanostructures  creates "hot  spots"—regions of
exceptionally high electromagnetic field intensity—in
the nanoscale gaps. These hot spots can produce
enhancement factors exceeding 1010, enabling single
molecule detection capabilities [10]. The decay length of
these enhanced fields typically extends 10-30 nm from
the metal surface, defining the effective enhancement
region for SERS [8].

5.3 Feature Selection in Spectroscopic Data Feature
selection in the context of SERS data analysis refers to
the process of identifying the most informative spectral
bands or regions while eliminating redundant or noisy
features. This process is essential for improving model
performance, reducing computational complexity, and
enhancing interpretability [17].

Filter methods evaluate feature relevance independently
of any specific model using statistical measures such as
correlation coefficients, mutual information, or variance
thresholds. Wrapper methods assess feature subsets
based on the performance of a predetermined learning
algorithm, often employing sequential selection or
genetic algorithms to search the feature space. Embedded
methods incorporate feature selection as part of the
model training process, with regularization techniques
and tree-based importance measures being common
approaches [18].

5.4 Missing Value Imputation in Multi-omics Data
Missing values in SERS-based multi-omics data can
arise from various sources, including instrumental
limitations, sample preparation inconsistencies, or data
processing artifacts. These missing values can
significantly impact subsequent analysis if not
appropriately handled [19].

Imputation strategies range from simple statistical
approaches (mean, median, or mode imputation) to more
sophisticated methods that consider the underlying data
structure. K-nearest neighbors imputation identifies
similar samples based on observed features and estimates
missing values from these neighbors. Multiple
imputation techniques generate  multiple complete
datasets, analyze each separately, and then combine the
results to account for uncertainty in the imputation
process. Machine learning-based imputation methods,
including random forests and neural networks, can
capture complex relationships in the data to predict
missing values more accurately [20].
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protein and nucleic acid samples were analyzed at
concentrations ranging from 10-6 to 10-9 M.

Raw spectral data underwent preprocessing steps
including cosmic ray removal, background subtraction
using an asymmetric least squares algorithm, and
smoothing using a Savitzky-Golay filter (window size:
11 points, polynomial order: 3). Spectra were then
normalized using standard normal variate (SNV)
transformation to correct for baseline variations and
intensity differences between measurements.

6.2 Feature Selection Methods

Five feature selection algorithms were implemented and
compared for their effectiveness in reducing the
dimensionality of SERS spectral data:

XGBoost Feature Importance: An ensemble tree-based
method that calculates feature importance scores based
on their contribution to decision tree splits. Features were
ranked according to their F-score and gain metrics, with
the top-ranked features selected for model building [21].
Random Forest Importance: Features were evaluated
based on the mean decrease in impurity (Gini
importance) and mean decrease in accuracy when
permuted. The algorithm was implemented with 500
estimators and bootstrap sampling [12].

SHAP (SHapley Additive exPlanations): This method
provides a unified measure of feature importance based
on game theory principles. SHAP values were calculated
for each feature across all samples, and features were
ranked according to their mean absolute SHAP values
[22].

K-Nearest Neighbors (KNN) with Recursive Feature
Elimination: Features were iteratively removed based on
their impact on KNN classifier performance (k=5), with
cross-validation used to determine the optimal feature
subset [23].

Principal Component Analysis (PCA): While not strictly
a feature selection method, PCA was included as a
dimensionality ~ reduction = benchmark.  Principal
components explaining 95% of the variance were
retained for comparative analysis [11].

6.3 Missing Value Imputation Strategies

Three imputation methods were implemented and
evaluated for handling missing values in the SERS
datasets:

KNN Imputation: Missing values were estimated based
on the k nearest samples (k=5) in feature space, with
distance calculated using the Euclidean metric on non
missing features [14].

XGBoost-based Imputation: A regression model was
trained on observed values to predict missing values for
each feature with missing data, using the remaining
features as predictors [24].

Multiple Imputation by Chained Equations (MICE): This
approach created multiple

complete datasets by

6. Research Methodology

iteratively sampling from conditional distributions, with
results pooled across 10 imputed datasets [25].

6.1 Data Acquisition and Preprocessing 6.4 Evaluation Metrics _

SERS spectra were collected using a confocal Raman The performance of feature selection methods was
microscope equipped with a 785 nm excitation laser. evaluated using:

Gold nanoparticle substrates (average diameter 60 nm) * Prediction accuracy, precision, recall, and F1 score
were prepared using the citrate reduction method and for classification tasks using a support vector
characterized using transmission electron microscopy machine (SVM) classifier with 5-fold cross-
and UV-visible spectroscopy. Standard analytes validation

including rhodamine 6G, crystal violet, and selected - Feature reduction ratio (percentage of original
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features eliminated)

- Computational efficiency (training and prediction
time)

- Model interpretability assessment

Imputation methods were evaluated based on: - Root

mean square error (RMSE) on artificially

introduced missing values

- Impact on downstream classification performance

- Computational time requirements

- Preservation of correlation structure between
features

7. Analysis of Secondary Data

7.1 Characterization of SERS Substrates The SERS
enhancement properties of gold nanoparticle substrates
were characterized through UV-visible spectroscopy
and electron microscopy. The synthesized gold
nanoparticles exhibited a localized surface plasmon
resonance peak at 528 nm, consistent with their average
diameter of 60 + 5 nm as determined by TEM analysis.
The extinction spectrum showed a narrow peak with a
full width at half maximum (FWHM) of 59 nm,
indicating a relatively monodisperse population.
Aggregation-induced changes in plasmonic properties
were monitored by introducing controlled amounts of
sodium chloride to induce nanoparticle coupling. A
progressive red-shift in the LSPR peak from 528 nm to
650 nm was observed with increasing salt concentration,
accompanied by broadening of the extinction spectrum.
This spectral evolution corresponds to the formation of
nanoparticle clusters with interparticle gaps that serve as
SERS hot spots.

Enhancement factor calculations using rhodamine 6G as
a probe molecule revealed average enhancement values
of approximately 5.8 x 106 for optimized substrate
conditions. Spatial mapping of enhancement factors
across the substrate showed relative standard deviations
of 12-18%, indicating reasonable reproducibility for
quantitative applications.

7.2 Analysis of SERS Spectral Characteristics SERS
spectra were collected for a panel of model analytes to
assess the spectral characteristics and sensitivity of the
technique. Table 1 summarizes the key spectral features
and detection limits achieved for these analytes.

Table 1: SERS Spectral Characteristics and
Detection Limits for Model Analytes

5.0
1010

Crystal Violet 420, 3.2 x10¢
804,
913,

1174,

1371,

1586

4- 390,
Aminothiophe 1079,
no | 1142,
1391,
1440,
1590

4.6 x 108 1.0 x107®

Adenine 735, 1.9 x 10° 5.0x107®

1335

Bovine Serum 8.9 x 10° 1.0 x 107

Albumin

644,
830,
1004,
1340,
1447,
1659

Analyte Majo Enhance

r men t 0
SERS Factor
Peaks

(em™)

M)

Detecti

n Limit

Rhodamine 6G 612,
774,
1182,
1312,
1363,
1509,

1648

5.8 x10°

1.0 x10°°

Spectral reproducibility assessment based on 50 replicate
measurements revealed relative standard deviations in
peak intensities ranging from 8% to 15%, with the
highest variability observed for the weaker spectral
features. Principal component analysis of the replicate
spectra showed tight clustering for each analyte, with the
first two principal components explaining 87.3% of the
total variance.

7.3 Dimensionality Analysis of SERS-based Multi
omics Data

The multi-omics dataset generated through SERS
analysis of biological samples comprised 2580 features
(spectral data points) across 420 samples representing
different tissue types and disease states. Initial
exploratory analysis revealed high dimensionality and
significant collinearity between adjacent spectral points,
highlighting the need for effective dimensionality
reduction.

Correlation analysis showed that 38.7% of feature pairs
had Pearson correlation coefficients exceeding 0.85,
indicating substantial redundancy in the raw spectral
data. Variance inflation factor (VIF) analysis identified
843 features with VIF wvalues above 10, further
confirming the multicollinearity issue.

Missing value patterns were analyzed across the dataset,
revealing that 7.2% of data points were missing, with the
majority (68.4%) classified as missing at random (MAR)
based on Little's MCAR test (p <0.01). The distribution
of missing values varied across sample types, with higher
missingness rates observed in samples with lower
analyte concentrations.

8. Analysis of Primary Data

8.1 Comparative Analysis of Feature Selection
Methods
The five feature selection methods were applied to the
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methodology section. Table 2 presents a comprehensive
comparison of these methods across various performance
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with lower classification performance metrics.
8.2 Feature Importance Analysis
Feature importance analysis from the

XGBoost

dimensions.
Table 2: Comparative Performance of Feature

algorithm revealed distinct spectral regions with high
discriminative power. The top 20 features, representing
specific Raman shifts, were predominantly associated

Selection Methods on SERS Multi-omics Data
XGBoost demonstrates the highest accuracy and F1
score while achieving a substantial dimensionality
reduction. PCA achieves the greatest reduction ratio but

with key molecular vibrations as detailed in Table 3.
Table 3: Top 20 Discriminative Features Identified
by XGBoost

88. 1 0.8 ]10.]0.| 743 71.2 | 1243 8 832 Tyrosil
Algor ithm 2 93 | 8|8 double
6 |8
XGBo ost 9 (1 9 1584 Nuclei
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o |1 20 623 Phenyl
71 4 7 1126 C-N stretching 0.0674
SHAP 91.5
KNN
RFE
0.8 78
PCA 878 45 98.4 12.6

0.886 0.8 71 €OMpo nents

The XGBoost feature importance method demonstrated
superior performance across classification metrics,
achieving 92.7% accuracy and an F1 score 0of 0.918 while
reducing the feature dimensionality by 78.0%. The
selected features predominantly corresponded to key
vibrational bands associated with protein secondary
structures, nucleic acid backbone vibrations, and lipid
functional groups.

Random Forest and SHAP algorithms showed
comparable performance, with slightly lower accuracy
but similar feature reduction capabilities. The KNN
approach with recursive feature elimination required

more features to achieve reasonable performance,
resulting in a lower reduction ratio. While PCA achieved
the highest dimensionality reduction, its classification
performance was the lowest among the methods
evaluated, highlighting the importance of retaining
discriminative information during feature selection.
Fig-Comparative Performance of Feature Selection
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Comparative Performance of Featwre Selection Methods of feature selection in removing redundant information
=y ey e while retaining the most discriminative spectral
characteristics.
The biological relevance of the selected features was
validated through pathway enrichment analysis, which
showed significant associations with metabolic
pathways altered in disease states. The spectral regions
corresponding to amide bands (1240-1700 cm™) were
particularly informative for distinguishing different
tissue types, consistent with known alterations in
protein structure and composition in pathological
conditions.
Methods 8.3 Evaluation of Missing Value Imputation
The above figure illustrates the comparative Methods The performance of the three imputation
performance of the five feature selection methods. methods was assessed by artiﬁcially introducing
missing values (5%, 10%, and 20%) into the complete
dataset and comparing the imputed values with the
original data. Table 4 summarizes the comparative
performance of these methods.
Table 4: Performance Comparison of Missing
Value Imputation Methods

Metho | RMS | RMS | RMS | Comput | Impact

Y

d E E E ation on
5% | (10% | (20% | Time (s) | Classific
Missi | Missi | Missi ation
ng) ng) ng) Accurac
y (%)

SHAP analysis provided additional insights into the
contribution of individual features to the classification| KNN | 0.042 | 0.058 | 0.087 18.3 -1.8

performance. The SHAP summary plot revealed that Imput
high values of the 1662 cm™ feature (Amide I) and low | ...
values of the 1450 cm™ feature (CH: bending) were
styongly associqted with disease clgssiﬁqation, consist’ent XGBo | 0035 | 0.049 | 0.076 | 415 11
with known biochemical alterations in pathological ost
tissues.
Imput
SERS Specira with Top Discriminative Features ation
MICE | 0.037 | 0.051 | 0.079 [ 86.2 -1.3
3 The XGBoost-based imputation method demonstrated
. superior performance across all missingness levels, with
the lowest root mean square error (RMSE) values and
minimal impact on downstream classification accuracy.
= = L This method effectively captured the complex
Nurms St o) relationships between spectral features, enabling more

Fig- accurate prediction of missing values compared to the
SERS Spectra with Top Discriminative Features Other approaches.

The figure above illustrates typical SERS spectra from
normal and diseased tissue samples, highlighting the top
discriminative features identified by the XGBoost
algorithm. The marked spectral bands correspond to key
molecular vibrations associated with proteins, nucleic
acids, and lipids that show significant differences
between the two sample types.

Correlation analysis between features revealed several
clusters of highly correlated spectral bands, particularly
in regions associated with protein secondary structure
(1600-1700 cm™) and nucleic acid vibrations (780-800
cm™). This clustering pattern supports the effectiveness
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Fig-Performance of Missing Value Imputation
Methods

The figure above illustrates the RMSE values for the
three imputation methods across different missingness
levels. The XGBoost-based method consistently
maintains lower error rates, particularly at higher
missingness levels (20%), demonstrating its robustness
for handling missing SERS data.
KNN imputation performed reasonably well at low
missingness levels but showed a more pronounced
deterioration at higher levels, likely due to the difficulty
in finding similar samples when more data points are
missing. The MICE approach demonstrated
intermediate performance but required substantially
longer computation time, particularly for datasets with
higher dimensionality.
Analysis of the preservation of correlation structure
revealed that the XGBoost method maintained the inter
feature correlations most effectively, with an average
deviation in correlation coefficients of 0.043 compared
to the original data. This preservation of data structure
is particularly important for spectral data, where
relationships between adjacent bands often carry
significant biological information.
8.4 Integrated Analysis: Feature Selection and
Imputation
To evaluate the combined effect of missing value
imputation and feature selection, we implemented an
integrated analysis pipeline where imputation was
performed prior to feature selection. Table 5 presents
the classification performance achieved with different
combinations of methods.
Table 5: Classification Performance with Combined
Imputation and Feature Selection

International Journal For Advanced Research
In Science

& Technology

24570362
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The combination of XGBoost imputation followed by
XGBoost feature selection achieved the highest
classification performance among all imputation
selection combinations, with an accuracy of 91.8% and
an F1 score of 0.917. This performance is very close to
that achieved with the complete dataset (92.7%),
demonstrating the effectiveness of the integrated
approach in mitigating the impact of missing values.
The slight reduction in performance compared to the
complete dataset analysis (approximately 1% in
accuracy) suggests that while the imputation process is
highly effective, there is still some information loss that
cannot be fully recovered. However, this minimal
impact underscores the robustness of the proposed
approach for real-world SERS data analysis, where
missing values are often unavoidable.

9. Discussion

This study provides a comprehensive evaluation of
computational approaches for enhancing the analysis of
Surface-Enhanced Raman Spectroscopy data, with a
focus on feature selection and missing value imputation.
The results demonstrate that appropriate data
preprocessing and analysis techniques can significantly
improve the interpretability and classification
performance of SERS-based multi-omics data.

The comparative analysis of feature selection methods
revealed that tree-based approaches, particularly
XGBoost and Random Forest, are particularly well
suited for SERS spectral data. These methods
effectively capture the non-linear relationships between
spectral features and target variables, enabling the
identification of key discriminative bands while
discarding redundant information. The superior
performance of XGBoost (92.7% accuracy) compared
to PCA (87.8% accuracy) highlights the importance of
preserving discriminative information during
dimensionality reduction, rather than focusing solely on
variance explanation.

The identified spectral features demonstrated strong
biological relevance, with key bands corresponding to
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protein secondary structures, nucleic acid vibrations,
and lipid components that are known to undergo
changes in various disease states. This biological
interpretability is a significant advantage of the feature
selection approach, as it provides insights into the
underlying molecular changes while enhancing
classification performance. For instance, the high
importance of the amide I band (1662 cm™) is consistent
with altered protein conformations in pathological
tissues, while changes in nucleic acid bands (785 cm™,
1584 cm™) may reflect modifications in DNA/RNA
content or structure.

Regarding missing value imputation, the XGBoost
based method demonstrated superior performance
across various missingness levels, particularly at higher
rates (20% missing). This suggests that machine
learning approaches that can capture complex
relationships between spectral features are more
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The comparative analysis of feature selection
algorithms revealed that XGBoost achieves superior
performance in identifying the most discriminative
spectral ~ features  while effectively  reducing
dimensionality by 78%. The selected features showed
strong biological relevance, corresponding to key
molecular vibrations associated with proteins, nucleic
acids, and lipids that undergo changes in different
biological states.

For missing value imputation, the XGBoost-based
approach demonstrated the lowest error rates across
various missingness levels and best preserved the
correlation structure of the original spectral data. The
integration of XGBoost imputation with XGBoost
feature selection provided a robust analytical pipeline
that maintained high classification performance even
with substantial missing data.

The findings from this research have several important

effective for SERS data imputation compared to implications for the field of SERS-based analysis: First,
distance-based methods like KNN or statistical the demonstrated effectiveness of advanced feature
approaches like MICE. The ability to maintain selection methods in reducing dimensionality while
correlation structure between features is particularly maintaining or improving classification performance
important for spectroscopic data, where adjacent bands addresses a key challenge in SERS data analysis. The
often show strong interdependencies. identification of biologically relevant spectral markers
The integrated analysis combining XGBoost imputation enhances interpretability and potential diagnostic
with XGBoost feature selection achieved remarkably applications.
similar performance to the complete data analysis, with Second, the development of effective imputation
only a marginal decrease in accuracy (91.8% vs. 92.7%). strategies tailored to SERS data characteristics expands
This robustness to missing values is essential for the applicability of this technique to scenarios where
practical applications of SERS in clinical or complete data collection is challenging, such as in vivo
environmental settings, where complete data collection measurements or resource-constrained settings.
may not always be feasible. Finally, the integrated analytical framework provides a
Several limitations should be acknowledged in thistemplate for future SERS-based multi-omics studies,
study. First, the evaluation was performed on a specific offering a systematic approach for handling complex
SERS dataset with artificially introduced missing values, spectroscopic data from data preprocessing to feature
which may not fully capture the complexity ofextraction and classification.
missingness patterns in real-world scenarios. Second, the Future research directions should include the evaluation
computational requirements of the XGBoost-basedof these methods on diverse SERS datasets from
methods, particularly for imputation, may presentdifferent application domains, the development of
challenges for very large datasets or resource transfer learning approaches to leverage knowledge
constrained environments. Finally, while the selected across related spectroscopic techniques, and the
features showed biological relevance, validation integration of spatial information in SERS mapping
through independent molecular techniques would applications. Additionally, exploring deep learning
strengthen the interpretation of these spectral markers. approaches for automated feature extraction and
Despite these limitations, this research contributes implementing these methods in user-friendly software
significantly to the advancement of SERS data analysis tools would further enhance the accessibility and utility
by providing a systematic framework for handling the of SERS for researchers and practitioners across
dual challenges of high dimensionality and missing disciplines.
values. The demonstrated improvements in In conclusion, this work contributes to advancing the
classification performance and feature interpretability field of SERS-based analysis by addressing key
have important implications for various SERS computational challenges and providing a robust
applications, from disease diagnostics to environmental framework for optimized data processing and
monitoring and materials characterization. interpretation, with potential applications in diagnostics,
environmental monitoring, and materials

10. Conclusion characterization.
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