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Abstract. Surface-enhanced Raman spectroscopy (SERS)
is a powerful laser-based technique with high sensitivity
and rapid detection. The present study aimed to establish a
model for distinguishing Mycobacterium abscessus (nontu-
berculous mycobacteria; NTM) from M. tuberculosis H37Ra
(MTB-H37Ra; a nonvirulent strain) based on genomic DNA
detection, as well as distinguishing M. abscessus subspecies
abscessus (MAB) from M. abscessus subspecies massiliense
(MMAS). OnSpec-Prime SERS chips and a portable Raman
spectrometer device were used. Machine learning approaches,
including linear discriminant analysis (LDA), random forest,
extreme gradient boosting (XGB), and logistic regression
(LR), as well as the receiver operating characteristic (ROC)
curve and area under the curve (AUC) were analyzed. A
competence model to distinguish NTM from MTB-H37Ra
was established; MAB and MMAS were potentially differ-
entiated. At 15 and 50 ng/ul of genomic DNA, respectively,
LR demonstrated 99.74 and 99.73% accuracy in differentiating
NTM from MTB-H37Ra; XGB displayed 96.25 and 92.97%
accuracy in differentiating between MAB and MMAS. LDA
revealed clear clustering in each group. The ROC curves
showed strong performance of the XGB model across various
DNA concentrations. All models achieved an excellent to
perfect AUC of 0.96 to 1.00. The present study established a
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competence model using SERS which may represent a rapid and
high-accuracy detection approach, especially in M. abscessus
subspecies-level discrimination in clinical specimens.

Introduction

Rapid infectious disease identification is critical in clinical
decision making, enhancing epidemiological surveillance and
outbreak control and reducing healthcare costs. The vibrational
spectroscopic method, a recent technique which facilitates the
identification of pathogens by their unique whole organism
fingerprint, meets the requirements for speed and accuracy (1).
Raman spectrometry (RS) is gaining popularity in numerous
fields, particularly medical and clinical research (2). RS identi-
fies pathogens through the inelastic scattering of photons from
biological molecules following a primary radiation strike (3).
A powerful technique, surface-enhanced Raman spectroscopy
(SERS) can enhance the ability to identify biological molecules
up to 10" times that of traditional RS. SERS can detect very
low concentrations of biological molecules such as proteins,
DNA and metabolites) using minimal sample volumes
(~1-2 pl) within 10 min; sample processing and analysis can be
completed within 3 h. Therefore, SERS offers rapid detection,
single-molecule detection with clearer signals, lower fluores-
cence backgrounds, and greater accuracy in complex matrices
than traditional RS (4,5). It is also simpler, more time efficient,
cost-effective and sensitive than other techniques (2), holding
significant potential for development as a powerful tool for
point-of-care testing (POCT).

Mycobacterium species include M. tuberculosis, M. leprae
and nontuberculous mycobacteria (NTM), causative agents
of various human diseases. NTM are responsible for pulmo-
nary, cutaneous, and lymphatic infections as well as systemic
disseminated disease, markedly affecting global morbidity
and mortality rates (6,7). Globally, the incidence and preva-
lence of NTM diseases are on the rise (8,9). M. abcsessus
is a significant, rapidly growing species comprising three
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primary subspecies: M. abscessus subsp. abscessus (MAB),
M. abscessus subsp. massiliense (MMAS), and M. abscessus
subsp. bolletii (10).

Multiple techniques have been developed for the diagnosis
of Mycobacterium infections, including microbiological
culture, biochemical assays and the polymerase chain reac-
tion, matrix-assisted laser desorption/ionization-time of
flight mass spectrometry (MALDI-TOF MS), and DNA
sequencing (11-15). MALDI-TOF MS is a modern, reliable,
accurate, high-throughput technique used to identify proteins
via peptide mass fingerprinting and is gaining popularity
for use in bacterial species-level identification (16,17).
However, it remains limited in the discrimination of closely
related M. abscessus subspecies. Thus, identifying these
NTM at the subspecies level requires the implementation
of novel approaches for simple, rapid and highly accurate
discrimination (18).

The present study aimed to establish a SERS compe-
tence model for distinguishing Mycobacterium species and
M. abscessus subspecies by detecting genomic DNA and using
machine learning (ML) algorithms. SERS holds potential as a
simple, rapid, accurate, and cost-effective method in routine
microbiology testing based on genomic DNA analysis.

Materials and methods

Study design and workflow. The present study comprised two
phases: Bacterial cultivation and data acquisition (Phase I)
and data processing and computational analyses (Phase II;
Fig. 1). In Phase I, collected samples of all bacteria maintained
in the biobank stock were re-cultured. Previously, isolated
M. abscessus was identified by whole-genome sequencing
(WGS) (19). In the present study, the bacterial DNA were
extracted, dropped on SERS substrates and air-dried. The
DNA signals were measured using a portable Raman spec-
trometer (National Electronics and Computer Technology
Center). In Phase II, the data were processed using the
Python programming languages with the leave-one-out
cross-validation (LOOCYV) function to distinguish the NTM
subspecies (MAB and MMAS) and MTB-H37Ra. The Raman
mapping approach (20) was used to increase sensitivity. In the
SERS spectra validation, spectra were evaluated based on the
peak assignments. The ML approaches, including principal
component analysis (PCA), uniform manifold approximation
and projection (UMAP), linear discriminant analysis (LDA),
random forest (RF), extreme gradient boosting (XGB), and
logistic regression (LR), were analyzed. The performance of
the constructed classification models was evaluated using the
receiver operating characteristic (ROC) curve and area under
the curve (AUC) to quantify discriminative ability.

Bacterial isolation and cultivation. The bacteria used in the
present study included NTM (M. abscessus subspecies: MAB
and MMAS) and MTB-H37Ra (ATCC 25177; nonvirulent
strain). The NTM were isolated from patients between 2012
and 2017 and retrieved from archived stock cultures at the
Clinical Microbiology Laboratory Unit, Srinagarind Hospital,
Khon Kaen University Khon Kaen, Thailand. MTB-H37Ra
was kindly given by Professor Prasit Palittapongarnpim,
Department of Microbiology, Faculty of Science, Mahidol

University, Thailand (21). In the present study, the bacteria
were re-subcultured on sheep blood agar (Quality Media and
Supply Co. Ltd.) at 37°C for 5 days. Middlebrook 7H9 broth
liquid medium (Becton, Dickinson and Company) was used for
MTB-H37Ra recultivation. The present study was approved
and all protocols regulated by the Khon Kaen University Ethics
Committee for Human Research (approval no. HE 591454).

In our previous study, genomic DNA samples were
sequenced using the Illumina high-throughput platform at
NovogeneAIT Genomics (Novogene Co., Ltd.). Based on this
WGS analysis, NTM were divided into MAB and MMAS,
corresponding to subspecies of M. abscessus identified by
rpoB gene sequences (13). The accession numbers were
shown as Table SI (19,22), however, one isolate of MMAS was
identified by MALDI-TOF.

Genomic DNA extraction. Bacterial genomic DNA was
extracted from three full loops of pure colonies cultured on
blood agar (Clinag Co. Ltd.). The bacterial pellet was washed
twice with 1 ml Tris-EDTA buffer, then centrifuged at
13,416 x g and room temperature for 10 min. All genomic DNA
was extracted using the cetyltrimethylammonium bromide
(CTAB) method (19,23). Bacterial cell lysis began with incuba-
tion in 10 mg/ml lysozyme, followed by the sequential addition
of 10% sodium dodecyl sulfate, 10 mg/ml proteinase K and
CTAB solutions to disrupt the cell membranes. Cold absolute
ethanol and 5 M sodium chloride were added to precipitate
the DNA. Genomic DNA samples were resuspended in sterile
nuclease-free water (Invitrogen; Thermo Fisher Scientific,
Inc.) and measured using Nanodrop (Thermo Fisher Scientific,
Inc.). A range of DNA concentrations (5, 10, 15, 20, 25 and
50 ng/ul) was prepared and stored at -20°C until SERS analysis.

Raman spectroscopy acquisition. The SERS measurements
were acquired using a portable RS device, with 2 ul of 5, 10,
15, 20, 25 and 50 ng/ul DNA samples individually dropped
onto the center of a silver-based SERS sensor and left to air
dry for 10 min. The Raman spectrum was collected from the
central region of the drop. Spectral acquisition was performed
using a wavelength of 785 nm with an exposure time of 20 sec.
Spectral data were collected from 25 points arranged in a
5x5 mapping grid with 0.1 mm spacing. Each sample was
measured in triplicate. The optimal protocol in a previous
study was used in this experiment (24). The Raman spectrum
fingerprint region (600-1,800 cm™) represents the biological
components of bacterial cells, including proteins, lipids, and
nucleic acids (25). The key peak locations, primarily attributed
to nucleic acid components, are summarized in Table SII. The
observed Raman peaks correspond with those reported in
previous studies (26-37).

Raman spectral data processing. The Raman spectra from
triplicate mapping (75 data points) of each isolate were
collected. A total of 825 datasets were initially preprocessed
by removing cosmic rays and outliers, followed by signal
averaging for each Raman-mapped dataset. The analysis was
performed by supervised ML using the Python programming
language based on the LOOCYV approach. The data included
three classes (MAB, MMAS and MTB-H37Ra). The ML
models were trained on PCA, UMAP, LDA, RF, XGB and LR
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Figure 1. Study workflow (experimental design and analysis). The design of the present study comprised two phases. Phase I (blue background; left hand):
Bacterial cultivation and data acquisition; collected bacterial samples maintained in the biobank stock were re-cultured. Bacterial DNA were then extracted,
dropped on SERS substrates, and air-dried. DNA signals were measured using a portable Raman spectrometer. Phase II (peach-pink background; right hand):
Data processing and computational analyses; data were processed using the Python programming languages using the LOOCYV function to distinguish the
NTM subspecies (MAB and MMAS) and MTB-H37Ra. For validation, SERS spectra were evaluated based on the peak assignments. The ML approaches
(PCA, UMAP, LDA, RF, XGB, and LR) were analyzed. Performance of the constructed classification models was evaluated using ROC curves and the AUC
to quantify discriminative ability. LOOCYV, leave-one-out cross-validation; NTM, nontuberculous mycobacteria; MAB, M. abscessus subspecies abscessus;
MMAS, M. abscessus subspecies massiliense; MTB-H37Ra, M. tuberculosis H37Ra; SERS, surface-enhanced Raman spectroscopy; ML, machine learning;
PCA, principal component analysis; UMAP, uniform manifold approximation and projection; LDA, linear discriminant analysis; RF, random forest; XGB,
extreme gradient boosting; LR, logistic regression; ROC, receiver operating characteristic; AUC, area under the curve.

algorithms from the Scikit-learn library (38). In this proce-
dure, one Raman-mapped data point from each isolate was
used as the test set; the remaining 824 data points from other
isolated samples constituted the training set. These processes
were repeated until all datasets were tested, and the average
accuracy was recorded.

The performance of the classification models (LDA, RF,
XGB and LR) was evaluated using ROC analysis. The AUC
was used to quantify discriminative ability, calculated for each
model to assess the trade-off between sensitivity (true posi-
tive rate) and specificity (1-false positive rate) across various
classification thresholds. The ROC curves and AUC values
were used to compare the overall classification efficacy of the
ML approaches.

Statistical analysis. Multiple comparisons for non-parametric
independent samples were analyzed using the Kruskal-Wallis
test. Adjusted P-values using Dunn-Bonferroni post-hoc anal-
ysis were later used to identify pairwise differences between
groups. Pearson's and Spearman's correlation analyses were
performed to assess the reproducibility of SERS spectra. The
coefficient values converging toward 1.00 indicate high repro-
ducibility and excellent consistency. Sensitivity, specificity,
and accuracy were recorded using a confusion matrix in the

Python programming language. The formulas are as follows:
sensitivity=true positive/(true positive + false negative);
specificity=true negative/(true negative + false positive);
accuracy=average of sensitivity and specificity. P<0.05 was
considered to indicate a statistically significant difference.

Results

Minimal concentration of bacterial genomic DNA for
SERS detection. The minimal detectable concentration for
genomic DNA was determined using SERS. For bacterial
genomic DNA samples, Raman maps were acquired in
triplicate. Within each map, 25 individual Raman spectra were
collected, resulting in a total of 75 spectra (25 spectra/map
x3 maps) per sample. Raman mapping can obtain all signals
from each specified point. To ensure signal responsiveness
and usability prior to sample analysis, each SERS substrate
was thoroughly tested; it was confirmed that the SERS chip
exhibited specific background peaks at 1,003 and 1,600 cm'!
(Fig. 2A). M. abscessus genomic DNA was then dropped at
a concentration of 50 ng/ul onto the SERS chip. Prominent
peaks were observed in the 600-1,800 cm™ range at 726, 755,
783,927,983, 1,053, 1,098, 1,165, 1,187, 1,250, 1,330, 1,486
and 1,578 cm'l. Genomic DNA samples at concentrations
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Figure 2. Raman spectrum patterns obtained from SERS analysis. (A) Raman
fingerprinting of each SERS chip, analyzed at 785 nm. Pre-analysis was
conducted before the chips were used to investigate sample specimens.
(B) Raman fingerprinting of Mycobacterium abscessus at specific concen-
trations (15 and 50 ng/ul) quantified via Nanodrop. Prominent peak positions
are indicated above each peak, allowing for a clear comparison related to
DNA content. Raman spectra are displayed as plots of Raman intensity
vs. Raman shift (cm™). SERS, surface-enhanced Raman spectroscopy;
a.u., arbitrary unit.

of 5, 10, 15, 20 and 25 ng/ul were also tested. Clear peak
visibility was maintained at 15-50 ng/ul (Fig. 2B). At lower
concentrations, some peaks disappeared and interference from
other peaks were more noticeable. Therefore, 15 ng/ul may be
considered the minimum detectable concentration with clear
DNA features, with 50 ng/ul demonstrating the most reliable
spectral analysis.

Raman spectra of genomic DNA. Raman spectra of genomic
DNA at 15 and 50 ng/ul were obtained using SERS at 785 nm
(Fig. 3). The characteristic bands of the two M. abscessus
subspecies (MAB and MMAS) and MTB-H37Ra were
analyzed. Peaks 726, 755, 781 and 1,317 cm’!, corresponding
to nucleic acids, were the most intense in MAB and MMAS;
MTB-H37Ra exhibited the strongest peaks at 755, 781,
and 1,317 cm’. The 1,000-1,250 cm'! region corresponds
to the asymmetric stretching mode of the phosphate deoxy
group, with the peak at 1,097 cm’! the most prominent
for Mycobacterium. The 1,331 cm’! band corresponds to
vibrations of bases coupled with sugar vibrations, specifi-
cally adenine and guanine bases. Vibrational bands in the
1,450-1,800 cm'! range, corresponding to double bond
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Figure 3. SERS spectrum results for three bacteria: MAB, MMAS and
MTB-H37Ra. (A) Raman spectra from DNA at 15 ng/ul. (B) Raman spectra
from DNA at 50 ng/ul. The solid lines indicate the mean spectra; the shaded
regions represent the standard deviation. Numbers above the peaks corre-
spond to the strong peak positions, with dotted lines marking the precise
location of each peak. All Raman spectra are plotted as Raman intensity
vs. Raman shift (cm™). SERS, surface-enhanced Raman spectroscopy;
MAB, M. abscessus subspecies abscessus; MMAS, M. abscessus subspecies
massiliense; MTB-H37Ra, M. tuberculosis H37Ra; a.u., arbitrary unit.

stretching of residual bases, were observed at 1,486 and
1,577 cm! in MAB and MMAS; MTB-H37Ra showed a
weaker band at 1,486 cm'.

SERS spectral analysis compared with Mycobacterium
species and subspecies. Raman spectra exhibiting a rela-
tive standard deviation <50% were selected as reliable peak
markers (Table SII). Notably, all three bacteria exhibited
abundant peak assignments primarily related to genomic
DNA. SERS performance was subsequently evaluated
using eight candidate peak markers at 15 and 50 ng/ul
DNA concentrations (Figs. 4 and 5). These peak markers
revealed significant spectral differences, indicating varia-
tions in biomolecule content and abundance across species
(NTM: MAB/MMAS vs. MTB-H37Ra) and even subspecies
(MAB and MMAS). These distinct biomolecular profiles
allow for the identification of bacterial features using useful
factors. The eight candidate peaks were selected and evalu-
ated by the significance of their P-values, highlighting their
discriminatory power.
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Figure 4. Box plot comparisons of peak intensities for eight candidate peaks for bacterial DNA content at 15 ng/ul. The specific Raman intensities examined
were at 726, 755,781, 1,097, 1,317, 1,331, 1,486 and 1,577 cm’!. The y-axis represents the relative intensity of the peaks; the x-axis indicates the bacterial DNA
species. Multiple comparisons were analyzed by Kruskal-Wallis test prior to examining pairwise differences between groups by using Dunn-Bonferroni
post-hoc analysis. "P<0.05, “P<0.01, and **“P<0.0001; n.s., non-significant. H37Ra, M. tuberculosis H37Ra; MMAS, M. abscessus subspecies massiliense;
MAB, M. abscessus subspecies abscessus; a.u., arbitrary unit.
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Figure 5. Box plot comparisons of peak intensities for eight candidate peaks for bacterial DNA content at 50 ng/ul. The specific Raman intensities examined
were at 726, 755, 781, 1,097, 1,317, 1,331, 1,486, and 1,577 cm’!. The y-axis represents the relative intensity of the peaks; the x-axis indicates the bacterial
DNA species. Multiple comparisons were analyzed by Kruskal-Wallis test prior to examining pairwise differences between groups by using Dunn-Bonferroni
post-hoc analysis. “P<0.01, ““"P<0.001 and ““P<0.0001; n.s., non-significant. H37Ra, M. tuberculosis H37Ra; MMAS, M. abscessus subspecies massiliense;
MAB, M. abscessus subspecies abscessus; a.u., arbitrary unit.
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Discriminating Mycobacterium subspecies using ML  PCA could not clearly distinguish the bacterial groups. However,
approaches. SERS spectral data were analyzed using PCA  LDA effectively separated the three bacteria into distinct clus-

(Fig. 6A), UMAP (Fig. 6B), and LDA (Fig. 6C). UMAP and

ters, demonstrating that SERS spectral data contain sufficient
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TableI. Sensitivity, specificity,and accuracy of the machine learning approach on the Raman spectral datasets with surface-enhanced

Raman spectroscopy (SERS) sensors.

SERS at 15 ng/ul (785 nm) SERS at 50 ng/ul (785 nm)
Classification Sensitivity ~ Specificity =~ Accuracy = Fl-score  Sensitivity  Specificity =~ Accuracy  Fl-score
model (%) (%) (%) (%) (%) (%) (%) (%)
A,NTM group: MAB (n=5) and MMAS (n=5)
XGB 94.71 9791 96.25 96.32 93.22 92.73 92.97 92.94
LDA 7752 77.59 77.67 77.63 81.05 81.47 81.26 81.29
RF 94.71 9791 94 81 96.32 84.70 93.42 88.58 89.17
LR 92.29 93.02 92.65 92.68 92.10 89.27 90.63 90.45
B, NTM group: MAB (n=5) and MMAS (n=5); MTB-H37Ra (n=1)
XGB 97.19 97.83 97.23 98.51 99.13 96.97 98.94 99.42
LDA 98.14 85.25 97.10 98.42 99.70 87.18 98.41 99.12
RF 93.78 100 93.94 96.79 96.20 100 9641 98.06
LR 99.86 98.46 99.74 99.86 99.85 98.57 99.73 99.85

The values were calculated as sensitivity=true positive/(true positive + false negative); specificity=true negative/(true negative + false positive);
and accuracy=average sensitivity and specificity. SERS, surface-enhanced Raman spectroscopy; MAB, M. abscessus subspecies abscessus;
MMAS, M. abscessus subspecies massiliense; MTB-H37Ra/H37Ra, M. tuberculosis H37Ra; NTM: nontuberculous mycobacterium; XGB,
extreme gradient boosting; RF, random forest; LDA, linear discriminant analysis; LR, logistic regression.

information for reliable differentiation when combined with
appropriate dimensionality reduction techniques.

To further explore the utility of this approach, ML was
employed for classification. This involved the LOOCV
strategy, with four models evaluated: LDA, XGB, RF, and LR
(Table I). The XGB model demonstrated the highest perfor-
mance in NTM subgroup classification (MAB vs. MMAS),
achieving accuracies of 96.25 and 92.97% (F1-scores 96.32
and 92.94%) at 15 and 50 ng/ul DNA, respectively. The LR
model proved most effective at distinguishing between the
NTM and MTB-H37Ra groups, delivering near-perfect
discrimination with accuracies of 99.74 and 99.73% (F1-scores
99.86 and 99.85%) at both concentrations. ROC curves were
generated to evaluate the performance of each model and
determine sensitivity and specificity, and the best AUC values
of each model were calculated (Fig. 7). Notably, the sum of
the sensitivity (true positive rate) and specificity (1-false posi-
tive rate), as represented by the calculated AUC values, was
consistently close to 1, highlighting the effectiveness of the
models at distinguishing the different bacterial classes. The
ROC curves confirmed these findings, with the XGB model
showing strong performance in the NTM group (MAB and
MMAS; Fig. 7A) and the LR model achieving a perfect AUC
of 1 for distinguishing the NTM from the MTB-H37Ra
group (Fig. 7B).

Discussion
RS and SERS technologies offer several key advantages and

hold potential utility in clinical diagnostics. These techniques
enable high-throughput data generation, have rapid turnaround

times and are cost-effective, rendering them efficient and
accessible. Recently, RS has shown significant promise in
the diagnosis of cancer (39,40), dengue fever (41), diabetes (1)
and tuberculous meningitis (42). RS and SERS have also been
applied in TB diagnosis (2). While MALDI-TOF MS is the
main identification method for most NTM (43), M. abscessus
and M. tuberculosis differentiation remains a challenge
and M. abscessus identification at the subspecies level is
limited. Some studies have attempted subspecies identifica-
tion using protein peak analysis (44,45); however, this is
not the best strategy to follow and requires validation with
larger collections of clinical isolates to confirm utility in a
microbiology laboratory setting.

SERS could be considered an improvementon MALDI-TOF
MS with its ability to distinguish molecular biomolecules at
subspecies resolution, higher sensitivity, lower sample volume
requirement, lack of need for extensive sample pretreatment
and special matrix reagents and shorter turnaround time (46).
Compared with WGS (the gold standard for the M. abscessus
complex), SERS also requires lower sample volumes and less
preparation prior to analysis, has shorter processing times, and
is considerably more cost-effective (47). Regarding long-term
storage potential, nucleic acids (genomic SERS-based or
WGS) exhibit far greater stability and longevity than proteins,
which typically require immediate analysis following sample
collection.

There is a need for novel approaches offering simple,
rapid, cost-effective, and highly accurate discrimination of
these bacteria at the species and subspecies levels. The present
study was to establish a competence SERS model for differ-
entiating genomic DNA of Mycobacterium species (NTM
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Figure 7. The LDA, XGB, RF and LR analyses of the ROC curve. (A) MAB vs MMAS. (B) NTM group vs. MTB-H37Ra. LDA, linear discriminant analysis;
XGB, extreme gradient boosting; RF, random forest; LR, logistic regression; ROC, receiver operating characteristic, MAB, M. abscessus subspecies abscessus;,
MMAS, M. abscessus subspecies massiliense; NTM, nontuberculous mycobacteria; MTB-H37Ra, M. tuberculosis H37Ra.

and MTB-H37Ra) and subspecies (MAB and MMAS), with
the goal of developing a powerful tool for clinical diagnosis.
However, the evaluations did not include clinical validation
or testing on external datasets, which are critical points and
should be addressed in future studies.

First, the minimal genomic DNA concentration required
for the SERS technique was determined. DNA was detected
for all three bacteria at concentrations of 5-50 ng/ul, indi-
cating that these concentrations allow for the observation
of characteristic signals in the Raman spectral range of
600-1,800 cm! (25). SERS analysis was performed at both 15
and 50 ng/ul DNA concentrations; while higher concentrations
yielded clearer peaks, peak detection was possible at the lower
concentration, confirming high sensitivity. This aligns with
previous findings of a strong SERS signal for DNA at =1 nM,
with decreasing signal intensity at lower concentrations (48).
These results demonstrate that SERS is effective even with
limited sample amounts and that selecting appropriate DNA
concentrations is crucial to avoid background interference and
ensure accurate analysis.

The SERS spectra of genomic DNA from Mycobacterium
species revealed several distinct characteristic bands, providing a
foundation for bacterial differentiation. This analysis confirmed

key spectral features previously reported for nucleic acids: the
prominent bands at 726 cm™! (adenine) and 781 cm™! (cytosine)
served as reliable markers for the nucleotide bases (26), while
the 1,097 cm™! peak, corresponding to the phosphodioxy (PO,)
backbone (49), confirmed the presence of DNA. Distinct purine
and pyrimidine markers were also observed, including bands
for guanine (1,317 cm™) and adenine (1,331 cm), which fall
within the ‘DNA fingerprint’ region (26). The 1,486 cm! peak
indicates the hydrogen bonding state at guanine’s N7 site (50)
and the 1,577 cm™ band is a key purine marker (27). The anal-
ysis also revealed a strong band at 755 cm'! (the vibrations from
supercoiled DNA structures), a finding consistent with previous
research (51). This suggested that SERS may be sensitive to
secondary and tertiary structures. This structural information,
combined with the complete SERS spectral fingerprint, could
serve as a unique and powerful signature for distinguishing
bacterial species.

Despite the fact that Mycobacterium species such as
MAB/MMAS and MTB-H37Ra belong to the same genus
(with the close genetic relationship between MAB and MMAS
accounting for the broad similarity of their SERS Raman
peaks), their distinct genetic makeup results in clear differ-
ences in their SERS spectra. This analysis revealed a notable
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distinction between MAB, MMAS and the MTB-H37Ra strain.
Specifically, the peaks at 1,486 and 1,577 cm! were prominent
in MAB and MMAS but notably weaker in MTB-H37Ra
and a strong peak at 928 cm’! was detected exclusively in the
MTB-H37Ra spectrum. These molecular-level differences
provide a unique ‘spectral fingerprint’, suggesting that the
genetic distance between these organisms directly influences
their SERS spectra and enables the discrimination of even
closely related species. This capacity for differentiation based on
subtle genetic and biochemical variations highlights the poten-
tial utility of SERS in bacterial identification and classification.

The spectra analyses revealed significant differences
in eight key Raman peaks across the MAB, MMAS, and
MTB-H37Ra genomic DNA samples. The boxplot analysis
provided critical insight into the effect of DNA concentration
and genetic relationship on SERS discrimination. At the low
concentration of 15 ng/ul, the SERS spectra of the genetically
similar MAB and MMAS were largely indistinguishable,
but both were distinct from the more genetically distant
MTB-H37Ra strain. This indicated that SERS effectively
differentiates between species but has limited resolution for
very closely related subspecies at lower concentrations. At the
higher DNA concentration of 50 ng/ul, the spectral differences
of all three bacteria were more pronounced, suggesting that a
higher DNA concentration enhances the ability to detect subtle
variations. Consequently, increasing the DNA concentration
may improve the discriminatory power of SERS analysis,
positioning it as a precise method of distinguishing even very
closely related bacterial species.

LDA revealed clear clustering among MAB, MMAS and
MTB-H37Ra, highlighting the potential of combining SERS
with ML for bacterial differentiation. The XGB model effec-
tively distinguished between the NTM (MAB vs. MMAS); the
LR model was effective at distinguishing the NTM group from
MTB-H37Ra, achieving the highest accuracy of 99.74%. ROC
analysis confirmed the accuracy of the models. These find-
ings align with a previous study reporting that ML methods
achieved an average identification accuracy of 90.73% for 12
common pathogenic bacteria and a 99.92% accuracy in distin-
guishing between antibiotic-sensitive and -resistant strains of
Acinetobacter baumannii (52).

Compared with MALDI-TOF MS, SERS represents a
high-efficiency technique for identifying Mycobacterium
species and subspecies. SERS uses purified genomic DNA,
reducing the risk of sample contamination. Conversely, back-
ground noise from proteins in the culture media can present a
challenge with MALDI-TOF MS. In addition, SERS utilizes a
machine small enough to be developed into a portable POCT
device, allowing for faster and more cost-effective processing;
MALDI-TOF MS requires a larger processing area and is
more expensive. SERS may therefore be preferable in clinics
or areas with limited resources, making it a more practical tool
in treatment settings.

In addition to SERS-based detection in mycobacterial
studies, Perumal et al (53) and our work both emphasize
the development of SERS-based models for Mycobacterium
detection. Perumal et al (53) established successfully SERS
spectra to characterize three major mycolic acid (MA) forms
(a-MA, methoxy-MA and keto-MA) of MTB combining
PCA and functional PCA for dimensionality reduction and

LR, as well as LDA. By contrast, our study used genomic
DNA to discriminate species (NTM vs. MTB-H37Ra) and
NTM subspecies (MAB vs. MMAS). Here, we employed
both supervised methods (LDA) and unsupervised methods
(PCA and UMAP) for spectral clustering, alongside advanced
ML algorithms (XGB, LR and RF) with LOOCYV, which is
likely to yield more rigorous insights and higher resolution.
Collectively, these complementary approaches advance
SERS-based technology toward comprehensive mycobacterial
diagnostics.

Although these findings are promising for bacterial differ-
entiation, it is crucial to address the limitations of the present
study. The portable Raman spectrometer, while excellent for
POCT, simpler, faster and more compact, has a lower resolu-
tion and sensitivity than benchtop systems, restricting its use to
preliminary screening; parallel validation with conventional
Raman is recommended. However, prior studies have reported
that portable RS devices are sufficiently effective for medical
and environmental biomolecule measurement (54-56). There
is also the issue of the long-term stability of SERS chips as
prolonged storage may alter surface and plasmonic activity,
affecting signal reproducibility. In the present study, all SERS
chips were vacuum-sealed during storage and used within
30 days of opening per the manufacturer protocol in a single
experimental session.

Finally, the limited biological sample size, although
partially mitigated by performing technical triplicates
(75 spectra per sample), constrains the generalizability and
predictive accuracy of the developed model. The current
dataset, while providing initial insights, risks bias and overfit-
ting due to the small, imbalanced distribution of isolates (such
as 10 NTM vs. a single strain of MTB-H37Ra). However,
reproducibility assessments of SERS spectra, and Pearson's and
Spearman's correlation analysis were displayed as Fig. S1 and
Table SIII. Expanding the sample size may improve the model
and enhance the predictive power for reliable differentiation.

In conclusion, the present study represented a proof-of-
concept study: Novel competence SERS models were
successfully established using technology to differentiate
Mycobacterium at the species and subspecies levels. The
present study used a portable RS device which could
be developed as a promising POCT in the future. SERS
analysis combined with ML was effectively employed to
characterize MAB and MMAS genomic DNA, establishing
a valuable Raman spectral database for M. abscessus subspe-
cies classification, as well as differentiating these from
MTB-H37Ra. Detection was based on genomic DNA, a stable
sample source for long-term storage, and was possible at very
low concentrations (15 ng/ul). ML models, particularly XGB,
achieved high classification accuracies of 96.25% (94.71%
sensitivity, 97.91% specificity, and an AUC of 99%) for distin-
guishing between MAB and MMAS, with LR exceeding
99.74% accuracy (99.86% sensitivity, 98.46% specificity, and
an AUC of 100%) for differentiating NTM from MTB-H37Ra.
These findings demonstrated the potential utility of SERS in
genomic-level infectious disease diagnosis.
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