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ABSTRACT: Interstitial cystitis (IC) and overactive bladder / yrine dropped Machine loarmin /" Multiclass O\
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the absence of infection. Despite this symptomatic overlap, IC .: °,
and OAB differ in underlying pathophysiology and require distinct I ;SQ;ZZ?ﬁ%ﬁ.LD A hd
treatment and medical care. A specific diagnostic strategy is cur- II I LightGBM © Control

q 851G q 5 | eIC eOAB
rently lacking and highlights the need of a robust diagnostic method Up to

for effective treatment. Raman spectroscopy provides sensitive and

\_ 92% accuracy /
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nondestructive molecular fingerprints; when combined with artifi-

cial intelligence (AI)-driven analysis of spectral data, it offers a promising approach to overcoming the limitations of exclusion-based
diagnoses. In this study, urinary samples were collected from healthy individuals (n = 117), IC patients (n = 19), and OAB patients
(n = 45) for the acquisition of Raman spectra using Au-ZnO nanorod surface-enhanced Raman spectroscopy (SERS) chips. To obtain
biological interpretable Raman spectra per group and high accuracy of classification performance, the linear models PCA-PLS-DA and
PCA-LDA and tree-based nonlinear models XGBoost and LightGBM were applied and reached up to 92% accuracy with interpretable
and pathologic relative Raman features for discriminating among healthy control, IC, and OAB. This approach suggests that urine-
based SERS Raman spectra combined with machine learning could serve as a promising diagnostic platform to support disease-specific
clinical decision.

KEYWORDS: interstitial cystitis, overactive bladder syndrome, surface-enhanced Raman spectroscopy, biomarker candidate, PCA-PLS-DA,
PCA-LDA, LightGBM, eXtreme Gradient Boosting, machine learning-based diagnosis

strategy is proposed to reduce the misclassification and inform
the treatment decisions.

Raman spectroscopy, which exhibits high specificity and sen-
sitivity and offers nondestructive analysis, has been proposed as
an IC diagnostic strategy, reinforcing the results of potassium
sensitivity testing (PST). Detecting phenylalanine and tryp-
tophan in the Raman spectra of freeze-dried water samples
voided following PST can establish a basis for IC diagnosis.”
However, significant Raman signals for OAB remain lacking.
Inflammatory proteins and molecules, such as VCAM-1,
ICAM-1, monocyte chemotactic protein, and macrophage
inflammatory protein, are elevated in urine samples from OAB

Interstitial cystitis (IC), a chronic pelvic condition character-
ized by lower urinary tract symptoms and chronic inflamma-
tion lasting for >6 weeks, causes discomfort, pressure, or pain in
the bladder. IC requires exclusion of possible etiologies such as
urinary tract infection, tuberculosis, neurological conditions,
malignancy, and diseases of other organs."” IC diagnosis is typ-
ically reached through medical history, physical examination,
image workups, urinalysis, urine culture, cystoscopy, and hydro-
distension testing and tends to be one of exclusion. IC, there-
fore, is prone to misdiagnosis, especially in males, where it
may be mistaken for chronic prostatitis/chronic pelvic pain syn-
drome or overactive bladder (OAB).** Overactive bladder syn-
drome is another chronic disease characterized by the hallmark
symptom of urgency, often accompanied by increased fre-
quency and nocturia, without urinary tract infection or other
evident pathology.” Urgency, the primary clinical symptom
used to diagnose OAB, is closely associated with frequent day-
time urination, nocturia, and urinary incontinence.’ IC and
OAB share similar symptoms, such as urgency and frequency,
making it difficult to distinguish them based solely on clinical
presentation. Accordingly, a robust and noninvasive diagnostic
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patients.® This opens an avenue to detect some OAB significant
Raman signals with inflammatory-related molecule signals.
Additionally, recent advancements in automated data analysis
using artificial intelligence (AI) have attracted attention for
Raman signal analysis due to the improved sensitivity in signal
acquisition based on surface-enhanced Raman spectroscopy
(SERS) and computer-based analysis.”

Previous studies using Raman spectroscopy have employed
multivariate analysis and machine learning algorithm such as
principal component-partial least square-discriminant analysis
(PCA-PLS-DA), principal component-linear discriminant anal-
ysis (PCA-LDA), and tree-based boosting models to discrimi-
nate cell type, drug dosages, pathological conditions, and
disease states. While PCA-PLS-DA is widely used as a standard
approach for Raman spectral analysis, its primary strength is the
dimensional reduction and interpretability rather than optimal
classification performance. However, spectroscopic differences
among disease groups may involve nonlinear patterns arising
from peak overlap, nonlinear responses to concentration
changes, and peak-to-peak interactions, which may not be cap-
tured by the linear classification method.

Thus, the eXtreme Gradient Boosting (XGBoost) model and
the Light Gradient Boosting Machine (LightGBM) are often
employed to enhance the diagnostic performance. While
XGBoost and LightGBM can improve diagnostic accuracy by
multiple decision trees in complex Raman spectra patterns, high
classification performance alone does not guarantee biologically
meaningful feature selection. Moreover, decision tree-based fea-
ture importance may be sensitive to the splitting mechanism
and can be biased with the limitation due to the tendency of
favor features on greater splitting ﬂexibility.10 Therefore, the
integrated feature interpretation approach from linear models
with high-performance nonlinear models can compensate for

the limitation of each algorithm method and for the improve-
ment of the feature selection reliability.

In this study, Raman signals were obtained from urine sam-
ples using a SERS chip with a gold (Au) coating zinc oxide
(ZnO) nanorod for diagnostic approaches after machine learn-
ing application, as illustrated in Scheme 1. We aimed to identify
the biomarkers and establish the diagnostic strategies capable of
discriminating among IC and OAB. We collected urine samples
from healthy individuals (n = 117), IC patients (n = 19), and
OARB patients (n = 45). As Al-based diagnostic approaches have
attracted research attention, we employed PCA-PLS-DA and
PCA-LDA for the interpretable feature exploration step
for identifying candidate biomarkers and XGBoost and
LightGBM models to effectively model the complex nonlinear
relationships and peak-to-peak interactions in Raman spectra.
The findings of this study will contribute to establishing a foun-
dation for disease diagnosis, aiming to transcend reliance on
diagnosis by exclusion and lay the groundwork for a robust
diagnostic approach tool.

Bl RESULTS
Participant Enrolment and Diagnostic Criteria

The interstitial cystitis (IC) cohort included adults who
reported consistent symptoms for IC at least 6 months and a
pain intensity >4 on the visual analogue scale (VAS) with cys-
toscopy record within 12 months to confirm the presence or
absence of Hunner lesion. The overactive bladder (OAB)
cohort included individuals with persisting OAB symptoms
more than 6 months who have urinary frequency of >8 voids
per 24 h with at least one urination urgency, and Overactive
Bladder Symptoms Score (OABSS) criteria of a total score >4

Scheme 1. Overall Scheme for the Diagnosis of Interstitial Cystitis and Overactive Bladder Using SERS and AI Algorithms
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Urine samples from a total of normal individuals (n = 117), OAB patients (n = 45), and IC patients (n = 19) were collected and analyzed using a
785 nm laser to measure the Raman spectra of urine on a ZnO nanorod SERS chip with a 200 nm Au coating. Subsequently, multiple machine learn-
ing processes such as PCA-PLS-DA, PCA-LDA, XGBoost, and LightGBM were applied to distinguish between OAB and IC patients from normal and

visualized the model performance with confusion matrix and ROC curves.
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and item-3 (urgency) score >2.'" For the healthy control group
defined as “Normal group”, men and women aged 20 years or
older who were nonsmokers and who do not have prior bladder
disease, urinary infection, neurologic or systemic disorder,
recent urogenital procedures, or other condition affecting lower
urinary tract function were recruited and enrolled after the pro-
viding written informed consent. Detailed demographic and
clinical characteristics of each cohort are provided in Table S1.

Raman Signal Amplification and Urine Sample Analysis
Process Using the ZnO-Au Nanorod SERS Chip

To enhance the Raman signal, we fabricated ZnO nanorods up
to 500 nm in length with the deposition of gold coating with a

thickness of 200 nm on top of the nanorods. To verify the
growth of nanorods with the Au coating on the SERS chips,
we obtained a cross-sectional image and top-view image of
the SERS chip using SEM (Figure 1A,B). The fabrication
scheme (Figure S1A) and the cross-sectional and top-view
images of the ZnO nanorod (Figure S1B) and the Au-coated
ZnO nanorod (Figure S1C) are provided in Figure S1. We
measured the Raman signal of rhodamine B to confirm the sig-
nal enhancement shown in Figure 1C. The average of the cal-
culated enhancement factor (EF) of the rhodamine B peak is
4.03 X 10% and the EF value of each peak is indicated. We also
performed the reproducibility of the SERS chip for quality
control by measuring five points of three different SERS chips
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Figure 1. Raman signal acquisition test using the Au-ZnO nanorod SERS chip. (A) Cross-sectional image of 200 nm gold coating on the ZnO SERS
chip using SEM (X60,000) for morphological confirmation. (B) Top view of the Au-ZnO SERS chip with representative inter-nano gap widths of
51.0, 60.0, and 69.8 nm (X5000; scale bar, 100 nm). (C) Comparison of Rhodamine B Raman spectra obtained on the SERS chip and bare Si wafer
visualizing the signal enhancement. (D) Chip-to-chip reproducibility test using three Au-ZnO SERS chips. The relative standard deviations (RSD) are
at 619, 1193, 1351, and 1498 cm ™ with 6.0%, 3.5%, 4.6%, and 6.8%, respectively. (E) Urine droplet boundary with the urine analyte signal acquisition
point on the 40X magnified image of the SERS chip. (F) Repeated SERS spectra (0-3 h, room temperature) of a single diabetic urine sample
excluded from the diagnostic cohort. The spectra remain consistent over 0—3 h, confirming short-term signal stability. This panel demonstrates tem-
poral stability only and is not directly comparable with the cohort-averaged spectra.
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with the average relative standard deviation (RSD) of 5.2%,
as shown in Figure 1D. We dropped S pL of urine samples
on the SERS chip for Raman signal amplification by compar-
ing the signal same condition on the Si wafer in Figure S2A
for the bright-field image of urine drop and Figure S2B for
signal enhancement with 1.18 X 10*. Finally, we measured
urine analytes as indicated with a cross mark beyond the
droplet boundary, as shown in Figure 1E. Raman spectra
with high intensity were more frequently obtained when
the analyte was measured from S to 10 pm beyond the
boundary of the sample droplet.'> To further characterize
this measurement region, we performed 2D Raman mapping
across the dried urine region (Figure S2C). High-intensity
acquisition points were broadly distributed throughout the
mapped area but occurred more frequently near the droplet
boundary (Figure S2D). This boundary-associated enrich-
ment may be related to the coffee-ring effect, which can con-
centrate analytes during droplet drying and thereby enhance
local SERS signals. This effect has also been exploited for
SERS detection of phenylalanine in urine.'®> Therefore, the
region approximately 5-10 pm beyond the dried droplet
boundary consistently used as a standardized measurement
zone. Storage-time testing at room temperature (0-3 h;
Figure 1F) showed no significant change in the Raman signal
over time—only a slightly larger standard deviation at 0 h
near 600 and 1400 cm™'. Spectra were acquired within 1-
3 h of urine collection to ensure spectral stability and
reproducibility.

Raman Spectra Profile and Intensity Patterns of Urine
Samples from Healthy Control, IC, and OAB Groups

By comparing the full Raman spectrum between 600 and
1460 cm™', which is within the biological fingerprint range,
the spectra showed a similar spectral profile, but certain
Raman shift regions showed intensities that are different
between the control group and the patient groups, as shown
in Figure 2A. Especially, the Raman shift near 1000 cm™" can
be associated with phenylalanine and also 900-1000 and
1200-1400 cm™ regions, which may correspond to protein-,
nucleic acid-, amide-, and CH/COOQO™-related molecular vibra-
tions. These different patterns within the Raman spectra reflect
the biological composition within the urine sample depending
on the pathological conditions. From a previous study, IC sig-
nificant Raman spectra for diagnosis are related with phenylala-
nine signal.14 For quantitative evaluation, major Raman
intensities from major Raman peaks 1135 cm™ (C-N/C-C
stretching, protein-related vibration)'>'® and 1220 cm™
(Amide III, protein backbone)'” were compared between
groups as violin plots shown in Figure 2B,C, respectively, and
both are significantly different (P values ***<0.001 and
*<0.05). The corresponding effect sizes were medium for the
disease-versus-control comparisons (Cohen’s d = 0.49-0.70),
and these differences can serve as IC- or OAB-related molecular
signatures. The IC-OAB difference at these two bands was
small (d = 0.23), as these protein-backbone vibrations may be
shared by both conditions. To visualize Raman spectral
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Figure 2. Raman spectral profiling and intensity pattern of urine samples from healthy control group, IC, and OAB patients. (A) Full Raman spectra
with the solid average line with the shaded standard deviation area. Raman peak intensity violin plots (B) 1135 (cm™) and (C) 1220 (cm™)
showing the intensity difference. (D) Heatmap based on Raman intensity visualizing disease-related intensity patterns that are different from the

healthy control group.
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intensity patterns, a Raman intensity-based heatmap was con-
structed, as shown in Figure 2D. The heatmap clearly showed
the Raman intensity pattern differences between the control
group and patient groups IC and OAB. These Raman shifts
showed elevation or reduction patterns between control and
patients. Samples from IC and OAB share similar intensity pat-
terns compared to control. These visualizations of the heatmap
reflect that urine SERS-Raman spectra contain distinguishable
spectral differences among the control and patient groups.
The relative assignment of major Raman shifts for heatmap
analysis is listed in Table S2.

Raman Spectral Comparison between the IC and
OAB Groups

To seek differential potential between IC and OAB, the mean
Raman spectra were directly compared between those two
groups. As shown in Figure 3A, IC and OAB showed broadly
similar spectral profiles reflecting their partially overlapping uri-
nary molecular composition. However, distinct intensity differ-
ences were observed at specific Raman shift regions. To
visualize the specific Raman intensity differences, a difference
spectrum was calculated from the mean Raman spectra of IC
and OAB, as shown in Figure 3B. This result possesses that
the possibility of Raman shift regions that showed relatively
higher intensity in either IC or OAB can be disease discrimina-
tion features. Based on the previously reported Raman assign-
ment, the increased region of Raman spectra in IC may be
tentatively associated with nucleic acid-related ring vibration,
phenylalanine, and CH, deformation molecular vibrations. On

the other hand, cytosine/uracil, protein-related C—C stretching,
amide III/protein-related signals, and CH vibration/lipid
contribution-related Raman signal were increased in the OAB
group. Although these molecular assignments should be inter-
preted as tentative, they support the possibility that IC and
OAB have distinct urinary molecular fingerprints associated
with inflammatory responses, urothelial alterations, protein
composition, and lipid-related molecular changes. Raman fea-
tures may further serve as candidate spectral markers for subse-
quent machine learning-based classification.

Integrated Raman Feature and Group-Dependent Intensity
Pattern Using Multiple Machine Learning Models

Finally, top Raman features were extracted from PCA,
XGBoost, and LightGBM and ranked according to the contrib-
uting order. In Figure 4A, adjacent wavenumbers within a single
Raman band are strongly correlated; this per-wavenumber rank-
ing lists several neighboring points of the same peak (e.g,
1005-1011 cm™', phenylalanine) as separate top features and
therefore serves only as an intermediate feature-localization step
rather than as the basis of biological interpretation. The biolog-
ical interpretation was instead performed at the Raman-band
level, using the consensus features shared across the PCA,
XGBoost, and LightGBM models. Therefore, adjacent points
of the same peak are collectively treated as a single spectral sig-
nature rather than as separate biomarkers. In Figure 4B,C,
important Raman features based on nonlinear relation and a
tree-based decision were listed. Although the feature rankings
differed among the classification models, several Raman shifts
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Figure 3. Differential spectral features between patient groups IC and OAB. (A) Full spectra of IC and OAB with indication of tentative biochemical
assignments of selected Raman shift regions. The solid line indicates the average of full Raman spectra, and the shaded area stands for standard devi-
ation. (B) Subtracted intensity from OAB to IC showing Raman shift regions relatively high or low compared to each group. Green-labeled regions
indicate Raman features that increased in OAB, while blue-labeled regions indicate increase in IC. This suggests that the IC and OAB spectra possess

distinct urinary Raman spectra.
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Figure 4. Integrated model-derived Raman biomarker candidates and the summary of relative intensity pattern. Top feature derived from multivar-
iate statistical analysis. (A) PCA, machine learning-derived top feature of (B) XGBoost. (C) LightGBM, integrated Raman biomarker from the
(D) multiple analytical model. (E) Visual summary of integrated Raman biomarker candidate intensity in each group. These patterns support the
evidence of machine learning-based discrimination and suggest that this elevation or reduction of selected Raman shifts may serve as a spectral marker

for distinguishing bladder disease subtypes.

were commonly identified as important discriminative features.
This multimodel feature interpretation method is designed
based on the previous Raman spectroscopy studies, which high-
light the importance of multiple feature selection approaches for
explainable machine learning to identify interpretable spectral
markers.'® Thus, the integrated common Raman shifts extracted
from all models are listed in Figure 4D. To further characterize
the feature intensity elevation or reduction, Raman intensities
were compared between groups using those features listed in
Figure 4D. The visual summary of these feature elevation or
reduction is shown in Figure 4E, and the relative Raman assign-
ments with P value are summarized in Table S3. This Raman
intensity comparison showed that many Raman features dif-
fered significantly between the control and disease groups,
while only selected features showed significant differences
between IC and OAB. These results indicate that model-
derived common Raman spectral features capture group-
dependent spectral differences among control, IC, and OAB
urine samples.

Multiple Machine Learning Model Application for
Development of Diagnosis

To compare the classification ability of linear and nonlinear-
based classification, PCA-PLS-DA, PCA-LDA, XGBoost, and
LightGBM were applied. For PCA, 100 principal components
were retained, which accounted for 88.4% of the total spectral
variance, as shown in Figure S3A. Cross-validated classification
accuracy increased with the number of retained components up

to approximately 100 and then plateaued, with no appreciable
further improvement (Figure S3B). The scatter distribution of
the three groups was visualized using the PCA-PLS-DA-based
score plot in Figure SA in 2D and Figure 5B in 3D space.
Even though some IC and OAB showed partial overlap, the
overall tendency of cluster separation is in different directions.
To reach more clear separation between the groups,
LightGBM was applied to evaluate classification performance.
In the confusion matrix of LightGBM, controls and OAB were
correctly classified as predicted label to true label, as shown in
Figure 5C. For IC, 76 samples were correctly classified as IC
whereas some IC samples were misclassified as OAB or con-
trols. However, the LightGBM model demonstrated strong
overall classification performance. ROC curve analysis showed
AUC values of 0.99, 0.98, and 0.98 for healthy control, IC,
and OAB, respectively, with a micro-average AUC of
0.992 shown in Figure SD. Confusion matrices for the rest of
the machine learning model are provided in Figure S4.
Compared with linear models such as PCA-PLS-DA and
PCA-LDA, tree-based nonlinear models, including XGBoost
and LightGBM, showed superior classification performance.
Five-cross-validation was performed for all classification models,
and the results are presented in a bar graph in Figure SS
showing robustness of each model. As a negative control,
repeating the identical pipeline with randomly permuted class
labels reduced accuracy to chance level (0.47 + 0.01; permuta-
tion p = 0.03), confirming that the classification performance
was not an artifact of preprocessing or feature extraction. To

https://doi.org/10.1021/acssensors.6c02725
ACS Sens. XXXX, XXX, XXX-XXX

920z 1890300 €7 U0 Jasn INIDIAIN 40 910D NVSTN 40 AINN AQ Jpd'NGZ20-9202-0S/SEYSELB8I/STLT009 SI0SUSSIE/L.Z0 L 0 1/10p/pd-ajoile/jaose/B10 soe sgnd woly papeojumoq


https://pubs.acs.org/doi/suppl/10.1021/acssensors.6c02725/suppl_file/se6c02725_si_001.docx
https://pubs.acs.org/doi/suppl/10.1021/acssensors.6c02725/suppl_file/se6c02725_si_001.docx
https://pubs.acs.org/doi/suppl/10.1021/acssensors.6c02725/suppl_file/se6c02725_si_001.docx
https://pubs.acs.org/doi/suppl/10.1021/acssensors.6c02725/suppl_file/se6c02725_si_001.docx
https://pubs.acs.org/doi/suppl/10.1021/acssensors.6c02725/suppl_file/se6c02725_si_001.docx
http://pubs.acs.org/acssensors?ref=pdf
https://doi.org/10.1021/acssensors.6c02725

ACS Sensors

pubs.acs.org/acssensors

A) 2D PCA+PLS-DA Scatter

== control
= |C

== OAB

PLS2
o

-3 -2 -1 0 1 2 3
PLS1

Y LightGBM Acc=0.918

76 16 43

IC

True Label
Control
o

200

14

OAB
o

IC Control OAB
Predicted Label

B) 3D PCA+PLS-DA Scatter

== control
w |C

== OAB

E]
2 0.6
2
=
3
e 04
o
2
- "

0.2 == Control(AUC=0.99)

- == IC(AUC=0.98)
== OAB(AUC=0.98)
00| v == Micro-Avg(AUC=0.992)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 5. Machine learning-based classification summary using PCA-PLS-DA and LightGBM. The distribution of Raman spectra from healthy con-
trol, IC, and OAB are displayed in (A) 2D PCA-PLS-DA and (B) 3D-PCA-PLS-DA score plots. All group shows visual tendency of clear separation
from each other. (C) Confusion matrix of LightGBM and (D) ROC curve showing that these groups are effectively discriminated.

further assess generalization to unseen individuals, all four
models were additionally evaluated using participant-level
cross-validation (Stratified GroupK Fold). Overall discrimina-
tion remained high across all models (participant-level macro
AUC 0.90-0.94; Figure S6).

B DISCUSSION

Since both IC and OAB are clinically difficult to distinguish due
to the overlapping lower urinary tract symptoms with urinary
urgency and frequency,’” a novel noninvasive diagnostic
method can complement the symptom and clinical
observation-based diagnosis. Urine volume, drying time, acqui-
sition conditions, and spectral preprocessing were standardized,
and first-morning midstream urine samples were collected
between 6:00 and 8:00 a.m. after an overnight fast of at least
12 h. However, urine specific gravity, osmolality, and creatinine
were not measured. Therefore, normalization to the phenylala-
nine band at approximately 1000-1004 cm™" was performed to
reduce intensity variation.

First, comparison of the full Raman spectra revealed that all
groups showed an intensity difference especially between con-
trol and patient groups IC and OAB. The Raman intensity pat-
tern difference in controls and patient groups was shown mostly
in protein- and amino acid-related Raman regions, including the
phenylalanine/protein-related band at 1004 cm™', C-N/C-C
stretching at 1135 cm™}, and amide III/ protein backbone signal
at 1220 cm™. This reflects that SERS-Raman spectra detect the
molecular Raman signature associated with bladder disease sta-
tus. For IC and OAB direct comparison, IC showed relatively

high intensities at 690-714, 1000-1025, and 1350—-1380 em L
For OAB, the intensity of Raman spectra at 780-790, 903—
914, 1205-1215, and 1296-1322 cm™' were higher than for
IC. These differences indicate that IC and OAB may have dis-
tinct urinary molecular signatures despite the overlapping clini-
cal symptoms and possibility of signature separation for
diagnostic purposes.

Raman spectra of these groups were then extracted from
PCA, XGBoost, and LightGBM to select Raman shifts that were
repeatedly identified as important features from multiple
models for disease-associated spectral features. Therefore,
Raman shifts that are commonly identified as important features
across multiple models should have greater reliability as candi-
date disease-associated spectral markers rather than a single
algorithm.””*' The integrated features identified for control
were 590, 595, 615, 685, 980-990, and 1085-1095 cm™, and
these Raman shifts are associated with protein/lipid skeletal
vibrations, C—C skeletal modes, nucleic acid-related signals,
and PO, /nucleic acid vibrations.

These Raman shifts can be the baseline molecular back-
ground of normal urine, in contrast to inflammatory or
protein-related alterations that increased in the disease groups.
Regarding the disease associated band, the band near
1005 cm ™" is assigned to phenylalanine/protein-related vibra-
tion, while the 1350-1390 cm ™ region may be associated with
CH deformation and CH/COO~ vibration. From previous
Raman studies, a phenylalanine-associated band was reported
in control and mild IC samples, while a tryptophan-associated
band was reported in severe IC samples.'* This suggests that
these Raman features may vary with the IC phenotype or
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symptom severity. In addition, phenylalanine has been reported
as an IC-discriminating metabolite in urinary metabolomic anal-
ysis, although its urinary level was lower, rather than higher, in
IC patients than in nondisease controls.”” Therefore, the
increased SERS intensity at the phenylalanine-associated band
should not be interpreted as a direct increase in urinary phenyl-
alanine concentration. Alterations in urinary metabolites have
also been reported in IC/BPS patients.”® Thus, the increased
Raman bands at 1005 and 1350 cm™ may reflect disease-
associated alterations in aromatic amino acid- and protein-
related molecular composition, rather than a direct increase in
urinary phenylalanine or tryptophan concentration. Similarly,
the 1385-1390 cm™' region, associated with broader CH,/
COO™-related vibrations, may reflect compositional changes
accompanying urothelial dysfunction and inflammation rather
than a specific inflammatory protein.

On the other hand, high Raman spectral intensities identified
from OAB patients were at 570, 645, 945, 1140-114S5, 1215,
and 1380 cm™. The Raman features are mainly associated with
nucleic acid, hemoglobin, protein backbone, C-N/C—C stretch-
ing, amide III/protein-related signals, and CH/COO vibration.
OAB-associated Raman structural patterns may reflect the
altered protein structural and inflammatory-related molecular
increase. In OAB patients, the elevation of inflammatory or
protein-related urinary biomarkers such as MCP-1 and
VCAM-1 has been reported in previous studies.”** The protein,
amide, and lipid-related Raman features’ intensities observed in
OAB may reflect urinary molecular composition changes associ-
ated with these pathophysiological alterations. However, these
Raman bands may contain overlapping contributions from pro-
teins, amino acids, nucleic acids, lipids, and metabolites and
therefore cannot be directly assigned to specific biomarkers
based on label-free SERS alone. The observed features are thus
interpreted as candidate OAB-associated spectral regions that
may reflect broader molecular changes related to OAB patho-
physiology. Previous studies have reported alterations in urinary
proteins and inflammatory mediators in OAB, including NGF,
BDNF,*® MCP-1, and distinct cytokine profiles,® supporting
the presence of broader protein- and inflammation-associated
molecular changes in OAB. Overall, the discriminative Raman
bands identified for IC and OAB should be regarded as candi-
date disease-associated spectral signatures rather than definitive
molecular biomarkers. Definitive identification and quanti-
fication of the underlying molecular contributors will require
complementary targeted analyses, such as LC-MS/MS for
metabolites and amino acids and immunoassays for inflamma-
tory or urothelial proteins, in future studies.

Machine learning-based classification analyses were per-
formed to evaluate the diagnostic potential of urine Raman
spectra. In the model performance comparison, PCA-PLS-DA
and PCA-LDA showed accuracies of 0.855 and 0.879, respec-
tively. By using tree-based decision models such as XGBoost
and LightGBM, higher accuracies of 0.909 and 0918
were achieved. Although biological SERS spectra show large
sample-to-sample  variance, multivariate machine-learning
models still achieve high diagnostic accuracy by exploiting sub-
tle but consistent covariance patterns across many wavenum-
bers rather than variance visible in individual spectra, as
demonstrated for exosome-SERS cancer diagnosis (AUC
0.970) and serum-SERS diagnosis of immune and kidney dis-
eases.””?® IC was frequently predicted as OAB while OAB
was reliably identified. This may reflect the clinical overlap of

certain IC phenotypes with OAB rather than class imbalance
alone, as this pattern persisted under class-weighted analysis.
The misclassified IC cases show that the errors were not ran-
dom but reflected clinically overlapping, borderline cases.
Patients misclassified as OAB were predominantly non-
Hunner-lesion IC or IC with comorbid OAB whose clinical pre-
sentation overlaps with OAB, whereas those misclassified as
healthy controls were mostly elderly patients with diagnostically
confounding features (e.g., age-related changes in pain percep-
tion or anti-inflammatory medication). Because VAS pain
scores did not differ between correctly and incorrectly classified
patients, these errors reflect the clinical and molecular overlap
of these IC subtypes with OAB, with IC frequently classified
as OAB while OAB itself was reliably identified. Although these
observations are limited by the relatively small number of IC
patients, which constrains statistical power and generalizability,
they provide a clinically coherent account of the misclassifica-
tions and warrant confirmation in larger cohorts. Building on
these results, external validation in larger, independent cohorts
with participant-level analysis will be essential to establishing
clinical generalizability and to translating this urine SERS—
machine learning approach into a clinically applicable diagnostic
tool.

Bl CONCLUSIONS

SERS-Raman spectroscopy with machine learning-based analy-
sis of urine can distinguish bladder diseases such as IC and
OAB from healthy controls. By applying multiple machine
learning models such as PCA-PLS-DA, PCA-LDA, XGBoost,
and LightGBM, integrated Raman features appeared in group-
dependent Raman intensities. The identified candidate Raman
spectra were distinct between IC and OAB despite their similar
clinical symptoms. A tree-based boosting model such as
LightGBM supports the diagnostic approach for urine Raman
spectra. These findings suggest that urine SERS-Raman spec-
troscopy with the combination of machine learning can provide
a noninvasive diagnostic aid for bladder diseases.

Bl EXPERIMENTAL SECTION/METHODS
Study Design and Urine Sample Acquisition

The study protocol was approved by the IRB of Asan Medical Center
(IRB No. 2022-1416). Urine samples were acquired from study partic-
ipants, categorized into the following groups: healthy control
(Normal), interstitial cystitis (IC), and overactive bladder (OAB).
The healthy control group included those who visited the general
health examination center without any history of urological diagnosis
and who agreed on use of their samples for any research purposes.
Diagnosis of IC and OAB was based on definition by the
International Continence Society. In accordance with the IRB-
approved participant recruitment and sample-collection protocol,
first-morning midstream urine samples were collected between 6:00
and 8:00 a.m. after an overnight fast of at least 12 h. The sample was
analyzed within 3 h following urine collection.

Preparation of ZnO Nanorod on the SERS Chip

ZnO nanorods (~500 nm) were grown on a Si wafer by hydrothermal
synthesis and coated with a 200 nm Au layer by sputtering.
Nanorod growth and Au coating were confirmed by SEM (FE-SEM,
JEOL). Detailed fabrication conditions are provided in the
Supporting Information.
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Raman Signal Acquisition

Using a sensing chip with Au-coated ZnO nanostructures on the sur-
face, the Raman signal of urinary molecular signatures in urine was
amplified. A total of 5 L of urine drop at room temperature was
placed on SERS with the Au-ZnO nanorod for 30 min before Raman
acquisition, and measurements were taken using an upright Raman
spectroscopy  system (FEX-INV, WEVE, Seoul, South Korea)
equipped with a 785 nm excitation diode laser operating at an output
power of 10 mW,* with 1200 grooves/mm gratings; the center value
was set at 1090 cm™, an ND filter at 1%, and the pinhole at 100 pm
using a 40X lens (LUCPLFLN, OLYMPUS, Japan). The exposure
time was set to 10 s, with an accumulation number of S. After acquiring
the Raman spectrum of the urine sample (10-30 spectra per partici-
pant), the Raman signals underwent polynomial fitting and noise
removal using the Raon-Vu program for further data processing.
Prior to multivariate analysis, each spectrum was baseline-corrected
using a fifth-order polynomial fit and normalized to the mean intensity
of the phenylalanine band (~1000-1004 cm™).

Machine Learning Classification and Feature Interpretation

Four classifiers were compared—the linear PCA-PLS-DA and PCA—
LDA and the nonlinear tree-based XGBoost and Light GBM—imple-
mented in Python (scikit-learn, xgboost, and lightgbm). Spectra were
standardized and, for PCA-based models, reduced to 100 principal
components. These steps were fitted only on the training partition
of each split to prevent information leakage. Data were split into
training and test sets (7:3, stratified) and were additionally evaluated
by stratified fivefold and participant-wise (StratifiedGroupKFold)
cross-validation. Model hyperparameters were fixed a priori.
Performance was assessed by balanced accuracy, confusion matrices,
and ROC curves. For biological interpretation, feature importances
were extracted from each model, and the top 30 Raman shifts com-
monly identified across models were compared by groupwise inten-
sity to identify consensus disease-associated features. Full model
configurations and hyperparameters are provided in the Supporting
Information.

Statistical Analysis

For statistical analysis, pairwise Mann—Whitney U tests were per-
formed to compare selected Raman features and ratio features among
groups.’® The p-values were adjusted for multiple comparisons using
the Benjamini—Hochberg false discovery rate method.’" Statistical sig-
nificance was determined based on adjusted p-values, and the signifi-
cance levels were indicated as n.s. not significant, *<0.05, **<0.01,
and *#%<0.001. Group comparisons were performed on 117 control,
19 IC, and 45 OAB participants (10-30 spectra per participant), and
the significance threshold was set at & = 0.05 (Benjamini-Hochberg
adjusted). Effect sizes were quantified as Cohen’s d with 95% bootstrap
confidence intervals (concordant with the nonparametric rank-biserial
correlation). Reproducibility of the control baseline was assessed across
the 117 healthy controls: the control-dominant bands showed moder-
ate interindividual variability (CV = 23%) with high within-participant
reproducibility (average ICC = 0.90), and their intensities were not
associated with age or sex (Spearman |r| < 0.11; sex: rank-biserial
r = —0.23, Benjamini—Hochberg FDR p > 0.05).
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