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Spectroscopic insights into peri-implant mucositis
and peri-implantitis: unveiling peri-implant
crevicular fluid profiles using surface enhanced
Raman scattering†
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The precise identification and differentiation of peri-implant diseases, without the need for intrusive pro-

cedures, is crucial for the successful clinical treatment and overall durability of dental implants. This work

introduces a novel approach that combines surface-enhanced Raman scattering (SERS) spectroscopy

with advanced chemometrics to analyse peri-implant crevicular fluid (PICF) samples. The primary

purpose is to offer an unbiased evaluation of implant health. A detailed investigation was performed on

PICF samples obtained from a cohort of patients exhibiting different levels of peri-implant health, includ-

ing those with healthy implants, implants impacted by peri-implantitis, and implants with peri-implant

mucositis. The obtained SERS spectra were analysed using canonical-powered partial least squares

(CPPLS) to identify unique chemical characteristics associated with each inflammatory state. Significantly,

our research findings unveil the presence of a common inflammatory SERS spectral pattern in cases of

peri-implantitis and peri-implant mucositis. Furthermore, the SERS-based scores obtained from CPPLS

were combined with established clinical scores and subjected to a linear discriminant analysis (LDA) clas-

sifier. Repeated double cross-validation was used to validate the method’s capacity to discriminate

different implant conditions. The integrated approach showcased high sensitivity and specificity and an

overall balanced accuracy of 92%, demonstrating its potential to serve as a non-invasive diagnostic tool

for real-time implant monitoring and early detection of inflammatory conditions.

Introduction

Dental implants, biocompatible metal devices surgically
inserted into the residual bone crest of edentulous sites, have
demonstrated favorable long-term survival rates in supporting
dental prostheses. However, increasing clinical observations of
mechanical and biological complications associated with func-
tional implants have raised concerns over their long-term
success.1 Mechanical complications arising from occlusal
forces, can lead to issues such as prosthetic screw loosening,
prosthetic screw fracture, or fixture fracture. Biological compli-

cations, particularly biofilm-associated peri-implant diseases,
including peri-implant mucositis (PIM) and peri-implantitis
(PI), have also become prevalent.2 PIM is characterized by soft
tissue inflammation around the implant without loss of sup-
porting bone,3,4 while PI involves inflammation in the peri-
implant connective tissue accompanied by progressive bone
loss.5 Studies estimate the prevalence of PIM and PI to be
around 43% and 22%, respectively, based on meta-analysis
and comprehensive reviews.2,4 Conversely, peri-implant health
(PIH) refers to the absence of clinical inflammation of soft
tissues, no increase in probing depth, and no further bone
loss after physiological remodelling occurring during the first
year of function.

Currently, periodontal probing and radiographic analysis
are the primary clinical and instrumental approaches for
assessing the health of dental implants.6 Periodontal probing
determines pocket depth and eventual bleeding or suppura-
tion, whereas radiographs can identify peri-implant bone
levels. However, these traditional techniques have drawbacks
that make proper assessment difficult. The absence of a peri-
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odontal ligament, as well as the complexity of prosthetic
designs, might make evaluation difficult. Furthermore, peri-
implant mucosal seal has a lower resilience than natural teeth,
resulting in easier mechanically caused bleeding on probing
even in healthy implants. Although radiograph standardization
and comparison with baseline references are advised, a practi-
cal implementation may be problematic. Moreover, a baseline
radiograph may be not always available. Furthermore, the lack
of a prediction model for peri-implantitis progression con-
tinues to be an important issue in determining prognosis.7

Today, in the clinical practice, it may be problematic to deter-
mine PIM or PI presence and/or progression on the base of a
single examination of the affected implant. Early diagnosis
and progression rate remain a great challenge, and reliable
analytical methodologies are required to provide an objective
assessment of implant health.

A promising approach to enhance the assessment of
implant health and early detection of complications is the ana-
lysis of peri-implant crevicular fluid (PICF), sometimes
described as peri-implant sulcular fluid (PISF), collected from
the peri-implant sulcus around dental implants.8 PICF is a phys-
iological fluid and an inflammatory exudate similar to the gingi-
val crevicular fluid (GFC). The physiological function of PICF is
to protect the peri-implant tissue and to mechanically cleanse
the peri-implant sulcus or pocket. PICF’s composition is similar
to GCF, containing substances from the host and from micro-
organisms in the sub-mucosal and supra-mucosal plaque.9,10 Its
production can increase in some physiological conditions, such
as biting hard food, brushing teeth, or in case of both mechani-
cal or chemical injury to the peri-implant soft tissues. The
inflammation status increases the flow and changes the compo-
sition of the fluid,10–12 with variations in a wide range of bio-
molecules including cytokines, enzymes, inflammatory
mediators, and immune cells. The analysis of PICF is a promis-
ing tool for a more reliable and sensitive assessment of implant
health, facilitating timely interventions and personalized treat-
ment strategies. For these reasons, an extensive search has been
made to identify PICF components that could serve as diagnostic
or prognostic markers providing critical insights into the local
inflammatory and biological processes occurring around
implants.6,11 For instance, Xu et al. reported that PICF in case of
peri-implantitis contains higher levels of active collagenolytic
matrix metalloproteinase (MMP) than GCF from similar sites of
natural teeth affected by deep chronic periodontitis.12 More
recently, a 10-year retrospective investigation comparing crevicu-
lar fluid biomarkers from implants and teeth concluded that
increased levels of MMP-8 and IL-1β in PICF or GCF may be
associated with inflammation around implants and teeth while
lower levels of MMP-1/TIMP-1 may be an indicator of disease
progression around implants.13 However, these proteins could
not be used directly for diagnostic purposes due to low speci-
ficity and sensitivity.6,14 Multi-biomarker approach or untargeted
metabolomics and interventional, longitudinal trials aimed to
identify a unique set of biomarkers in PICF are still missing.

Due to its excellent molecular specificity, and label-free
operation, surface-enhanced Raman scattering (SERS) spec-

troscopy has been identified as a promising technology for
clinical monitoring.15,16 Utilizing SERS spectroscopy, we pre-
viously demonstrated the efficacy of analysing the molecular
composition of GFC and identifying specific biochemical pro-
files associated with periimplantitis and gingivitis.17 In
another work by d’Apuzzo et al., SERS spectra of GCF were
used to monitor different phases of the orthodontic
treatment.18

The present study investigates the possibility to associate
the molecular fingerprint of peri-implant crevicular fluid
(PICF), obtained by SERS spectroscopy, to the state of peri-
implant health, peri-implant mucositis, and peri-implantitis.
The SERS spectra of the three conditions are compared using
an in-depth statistical data analysis workflow, involving cano-
nical powered partial least squares coupled to linear discrimi-
nant analysis (CPPLS-LDA) classification modeling, and
repeated double cross-validation (r-dCV) of the classification
model. This chemometrics workflow allowed us to integrate
the analysis of PICF with existing clinical evaluation methods
representing a potential opportunity to advance the manage-
ment and long-term outcomes of dental implant patients and
facilitate timely interventions and personalized treatment
strategies to halt the progression of complications.

Experimental
Materials

All analytical-grade chemicals were purchased from Merck
(Darmstadt, Germany) and used as received. Throughout the
experiments, ultrapure deionized (DI) water with a resistivity of
18.2 Ω cm at 25 °C was obtained using a Millipore Milli-Q
system (Merck, Germany). Methylcellulose PICF collection
strips (Periopaper®) were purchased from Oraflow Inc. (NY,
USA).

Study design and data collection

The “surface-enhanced Raman spectroscopy of crevicular fluid
in the screening of periodontal and peri-implant pathologies”
study was a prospective, single-center, cross-sectional diagnos-
tic phase-II study conducted at the Maxillofacial Surgery and
Stomatology Clinic of University Hospital Giuliano-Isontino of
Trieste, Italy, between February 2021 and September 2022. The
study was designed in accordance with the Helsinki
Declaration (1964) and its subsequent amendments, as well as
good clinical practice (GCP) guidelines, and it was approved by
the relevant ethical committee (Comitato Etico Regionale
Unico Friuli Venezia Giulia) under the identification number
2020-OS-283. Prior to signing an informed consent form, all
qualified patients were provided with comprehensive infor-
mation regarding the study protocol, comprising eventual sur-
gical and prosthetic procedures, follow-up appointments,
potential risks, and alternative therapeutic options. The
patients provided signed informed consent for the utilization
of their data for research purposes. Inclusion criteria specified
that eligible patients were required to be 18 years of age or
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older and meet the following conditions: (i) presence of at
least one implant-supported rehabilitation, with follow-up >1
year after prosthetic loading; (ii) ASA score ≤2, indicating good
health status. Patients who met any of the following criteria
were excluded from the study: (i) head and/or neck radiother-
apy within the previous 10 years; (ii) chemotherapy; (iii) medi-
cations that may impact the immune system; (iv) immune
pathologies that may affect the immune response; (v) oncolo-
gic patients; (vi) pregnancy or breast-feeding at any point
during the study. A numerical code was assigned to each
patient to ensure confidentiality. Both remote and near-patho-
logical anamnesis were conducted, with a focus on variables
such as age, gender, medical conditions (e.g. diabetes mellitus
and osteoporosis), pharmacological treatment (e.g. use of anti-
resorptive drugs and/or hormonal therapy), and smoking
status (i.e. non-smokers, smokers with less than 10 cigarettes
per day, and smokers with more than 10 cigarettes per day).
Three calibrated operators performed all the clinical and radio-
graphic evaluations of peri-implant health and determined the
following parameters on six sites per implant (mesio-buccal,
buccal, disto-buccal, mesio-lingual, lingual, and disto-lingual):
plaque index (IP), bleeding on probing (BoP), and peri-implant
probing depth (PPD).4 IP is used for the evaluation of plaque
accumulation; BoP to evaluate the presence of bleeding, and
PPD to record the depth of the pocket. The average of the
measurements from the six sites was considered to represent
the reading of the individual implant for each one of the clini-
cal scores. Following the consensus report of workgroup 4 of
the 2017 World Workshop on the Classification of Periodontal
and Peri-Implant Diseases and Conditions, implants that did
not show clinical signs of inflammation, either bleeding and/
or suppuration on gentle probing were diagnosed as healthy;
implants diagnosed with PIM showed clinical signs of inflam-
mation of the peri-implant mucosa, such as oedema and
erythema, along with bleeding and/or suppuration on gentle
probing, with or without an increase of probing depth com-
pared to previous measurements, in the absence of peri-
implant bone loss beyond the initial bone remodelling.4,19

Implants from which PI samples were collected were character-
ized by the presence of the same clinical signs of inflam-
mation, together with an increase in probing depth, compared
with previous recordings, and a progressive bone loss, evalu-
ated both clinically and radiographically. In cases in which
baseline data, such as probing depth and radiographic evalu-
ation one year after prosthetic loading were not available,
implants presenting a combination of clinical signs (inflam-
mation, probing depth ≥6 mm, bleeding and/or suppuration
on gentle probing, and radiographic bone loss >3 mm, calcu-
lated as a distance between the implant platform and the
actual peri-implant bone level4), were considered affected by
PI.

PICF sampling

The PICF samples were collected using a sterile Periopaper®
strip, in accordance with the protocol reported by Papagerakis
et al.20 Prior to the collection, manual removal of any visible

plaque was performed, and the vestibular portion of the crown
and the vestibular peri-implant mucosa were dried using the
aspirator and the air–water syringe. A dry cotton roll was posi-
tioned in the vestibular fornix and a Periopaper® strip was
inserted for 2 mm in the peri-implant sulcus for 30 seconds.
Strips that exhibited visible contamination by blood, pus, or
saliva were discarded. Following PICF collection, each strip
was placed into its corresponding labeled 1.5 mL microfuge
tube. Each tube was promptly stored at −4 °C and sub-
sequently relocated to a −80 °C freezer until the time of
analysis.

Sample preparation for SERS measurements

On the day of analysis, each strip was kept at room tempera-
ture, processed by adding a colloidal dispersion of citrated-
reduced silver nanoparticles (Ag-NPs), centrifuged (10 min,
4289g), and allowed to dry at room temperature for about
15 minutes, as described previously.17,21 To facilitate handling,
all dried strips were placed on a standard microscope slide (25
× 75 mm) that was fitted onto the portable microscope stage
before measurement. SERS measurements were performed on
15 different days and over 3 different batches of Ag-NPs. A stra-
tification of samples was conducted across different batches
and days to ensure that an approximately equal number of
samples from each batch and the three classes were measured
on a daily basis. Thus, any dissimilarities among the classes
cannot be attributed to either the day of measurement or the
colloidal batch employed.

SERS instrumentation

SERS spectra of PICF samples were recorded at room tempera-
ture (22 ± 0.5 °C) utilizing a portable i-Raman Plus integrated
system (BWS465785S, B&W Tek, Newark, DE, USA). The instru-
ment was equipped with a CleanLaze® 785 nm laser that was
tuned to deliver ∼38 mW at the sample. The laser was focused
on a spot with a diameter of roughly 105 μm through the
BAC151B Raman video micro-sampling system, which was
equipped with a 20× Olympus objective (working distance
8.8 mm, N.A. 0.25). The instrument settings were adjusted to
enhance the signal and prevent any deterioration of the
sample caused by the laser excitation. The spectral acquisition
was performed using the BWSpec™ version 4.03_23_c (B&W
Tek., Newark, DE, USA) software in the Raman shift range of
62–3202 cm−1, with an average spectral resolution of
3.22 cm−1, using a 10 s CCD exposure for a single accumu-
lation. The BWSpec™ software allowed the collection of a
background signal (dark) before data acquisition and its sub-
traction from the collected data. To compensate for intra-sub-
strate variability, a total of 3 spectra were collected from dis-
tinct locations of the same substrate and subsequently aver-
aged into one spectrum per sample. Wavenumber calibration
was checked before and during every data collection session by
recording a spectrum of 4-acetaminophenol, as a standard
reference.
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Data analysis

All data processing and visualization were performed within
the R software environment for statistical computing and
graphics (R version 4.1.2 “Bird Hippie”), building on the
packages hyperSpec,22 baseline,23 pls,24 and RVAideMemoire,25

on a commercially available workstation (x86_64-apple-
darwin17.0 64-bit). In-house developed R scripts were used for
visualization and further processing. Prior to the statistical
analysis, all raw SERS spectra were preprocessed as follows: (i)
the cosmic ray noise was removed, using a simple moving
average algorithm proposed by Whitaker and Hayes;26 (ii) spec-
tral outliers were identified within each class of samples with
the functional boxplot approach proposed by Sun and
Genton27 and removed from the dataset; (iii) all spectra under-
went a smoothing interpolation onto an evenly spaced wave-
number axis from 350 to 2000 cm−1 with data point spacing of
3 cm−1, to simultaneously reduce noise and decrease the
number of variables for samples; (iv) a baseline obtained with
an asymmetric least squares (AsLS) algorithm (λ = 4 and p =
0.005) was fit automatically to the whole spectral range and
was subtracted from each spectrum of dataset (v) total inten-
sity vector normalization was applied to effectively normalize
SERS spectra in the entire spectral region. After preprocessing,
a multivariate statistical analysis, based on canonical-powered
partial least squares (CPPLS) and linear discriminant analysis
(LDA), was used (Fig. 1). CPPLS integrates canonical corre-
lation analysis and the parameterization of loading weights
optimized over a given interval.28 In this study, cppls.fit func-
tion from the pls package24 was implemented as a feature
reduction step before the use of the LDA classifier. The
extracted CPPLS scores were then combined with clinical
scores (IP, BoP, PPD) and fed into the LDA classifier (function
lda from the MASS package29), after being block scaled in func-
tion of total variance of each block to balance the contri-
butions of the two different sources during the model training.
The scaling coefficients were stored in case the model needs to
be applied to a new test data set. The statistical significance of
the classification was evaluated by computing the classifi-
cation error rate through a repeated double cross-validation

(rdCV) scheme, as suggested in ref. 30 and 31, and first
implemented for SERS analysis of biofluids in ref. 32. Briefly,
all samples were randomly divided into three stratified subsets
(i.e., respecting the proportional representation of the three
implant classes in the complete data) and arranged in two
nested loops of cross-validation. The first subset of samples
was set aside to mimic an external test group (outer loop,
3-folds). Meanwhile, the second and third subsets were used
in the inner loop (7-folds) to evaluate CPPLS dimensionality,
i.e. the determination of the optimal number of latent vari-
ables (LVs) to be retained in the model by applying the so-
called “one-standard-error” rule.31 To mitigate the potential
influence of the composition of the folds on the final model
performances, the entire procedure was repeated 200 times,
with each repetition entailing a different distribution of
samples within the cross-validation folds. Confusion matrices
were obtained for each of the 200 repetitions by averaging the
partial confusion matrices over each fold. All figures of merit
(FoMs) were generated from the predictions and presented
along with the upper and lower margins of the 95% credible
intervals (CIs), calculated using the ci function in the
bayestestR package.33 Permutation tests with 999 randomiz-
ations were also performed using the function MVA.test from
the package RVAideMemoire,25 to check the reliability and the
significance of the classification results through the establish-
ment of the null distribution of the primary classification
metrics and the computation of the corresponding p-values,
using the Benjamini and Hochberg correction for multiple
testing.34

Results and discussion
Patient’s characteristics

The clinical study included 305 implants from 118 patients,
with an age at the diagnosis ranging from 31 to 87 years
(median 72, IQR 50-84). Among these patients, 168 implants
were from women and 136 were from men. Clinical character-
istics of the patients are shown in Table 1. Groups of implants

Fig. 1 Patient recruitment and data processing. a. Flow chart for patient recruitment during the study. b. Data processing and evaluation from
patient recruitment to evaluation. PICF, peri-implant crevicular fluid; rcDV, repeated double cross-validation; BoP, bleeding on probing; IP, plaque
index, PPD, peri-implant probing depth.
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were fairly evenly distributed by age and sex, with a pro-
nounced skew toward samples belonging to women in the
group of implants diagnosed with PI. Out of the 304 implants
that were analysed using SERS spectroscopy (one implant was
not considered because of a technical problem during
storage), 24 were excluded the study after careful data inspec-
tion. The exclusion was based on the absence of any spectral
feature other than the ones attributed to the bare substrate
(methylcellulose strip covered with Ag-NPs) or to the presence
of contamination from other biological fluids, such as blood
and purulent exudate. Both outcomes indicated the inade-
quacy of PICF sampling for the specific samples that were
rejected. After this step, 280 samples (840 spectra), corres-
ponding to 92% of the expected data set, were further prepro-
cessed and analysed.

Spectral analysis

Profiles of the SERS spectra aggregated by the diagnosis class,
along with their median difference spectra and the corres-
ponding interquartile range (IQR) distributions, overlying as
shaded fills, are depicted in Fig. 2a. The overall median pro-
files are consistent between the classes, with the prominent
SERS bands located at around 494, 651, 723, 807, 927, 1005,
1128, 1215, 1326, 1443, 1581, and 1640 cm−1 clearly observed
for each class, reflecting the overall PICF composition as
detected by SERS. The PICF SERS spectra in Fig. 2a presented
many similarities with those recently reported from GCF,17 dis-
playing typical spectral features of biological fluids, such as
saliva,35 serum,36,37 and tears,38 which are primarily domi-
nated by the bands of a small number of low-molecular-weight
(i.e. <3 kDa) metabolites. These characteristic bands can be
attributed to the vibrational modes of ergothioneine (bands
centered at 494, 1215, and 1443 cm−1), the reduced form of
glutathione (bands at 660, and 807 cm−1), hypoxanthine (the
band at 723 cm−1), and uric acid (bands centered at 651 and
1125 cm−1). To confirm this interpretation, the whole dataset
of SERS spectra of PICF was fit to a linear combination of the
SERS spectra of aqueous solutions of ergothioneine, gluta-
thione hypoxanthine, and uric acid. The signal from the paper
strip covered with Ag-NPs was also accounted for as the back-

ground signal. Quick and simple to implement, this technique
yielded satisfactory fitting results for a qualitative assessment.
The fitting procedure captured nearly all major vibrational fea-
tures and their relative intensities (Fig. 2b), with a median
lack-of-fit of 14% (95% CI 13–15%). The rapid immobilization
of Ag-NPs on the sampling paper surface induced by the cen-
trifugation was accompanied with an almost complete
reduction in interference from large proteins, as previously
reported.17,21 Furthermore, the presence of residual spectral
contributions from vibrational bands associated with aminoa-
cidic residues (927 cm−1, ν(C–C), and 1005 cm−1, Phe ring
breathing) is not surprising given the high abundance of small
proteins, especially pro-inflammatory cytokines, within the
PICF, contributing to various physiological and pathological
processes.39

Despite the similarities, subtle differences reflecting
selected small alterations in the overall biochemical compo-
sition of the PICF associated with the two considered patho-
logical conditions can also be observed (Fig. S1†). However,
these small differences in spectral band positions and intensi-
ties were dominated by intraclass variability, making them
difficult to discern by eye. Therefore, advanced chemometric
data analysis and prediction algorithms were used to decipher
underlying biomarker patterns for the proper interpretation
and classification of spectra.

Multivariate analysis

CPPLS and LDA were used to test the ability of PICF SERS
spectra to differentiate implants in PIM or PI from healthy
implants. CPPLS was first used to extract diagnostically signifi-
cant SERS spectral features for class discrimination. The
CPPLS algorithm is designed to deliver latent variables which
are optimal for discriminating the different cases, coded in a
dummy response matrix describing class membership, with
each class represented by a separate column and coded as
either 1 or 0 to indicate belonging or not belonging to the
class, respectively. A complete description of the algorithm can
be found in ref. 28. When compared to standard methods for
data reduction such as PCA, CPPLS has showed the capacity to
extract more information from spectral data in the first com-
ponents. Furthermore, this method provides the distinct
advantage of integrating data from supplementary variables
(e.g., design factors, some kind of summary of the data or
other discrete or continuous values that contain information
about the data set, not to be considered predictors or
responses), to stabilize predictions from difficult data and sim-
plify the corresponding models, thus facilitating the under-
standing of results. Here, information about patients’ age and
gender was incorporated, as proposed by Ramoji et al.,40 to
address model bias related to patient demographics. The
primary concern associated with utilizing CPPLS on spectral
data pertains to the possibility of overfitting, which can lead to
the development of excessively optimistic models. To address
this issue, a rdCV scheme was implemented. The rdCV
employs an iterative methodology in which all samples are
sequentially assigned to either the calibration or validation set.

Table 1 Clinical characterization of patients

Characteristics PIM PI PIH

Number of patients, n (%) 105 (35) 95 (31) 104 (34)
Sex, male, n (%) 48 (35) 23 (17) 65 (48)
Age, median (IQR) 74 (65–79) 73 (64–79) 69 (61–75)
Non-smokers, n (%) 86 (36) 74 (30) 82 (34)
Light smokersa, n (%) 13 (31) 13 (31) 16 (38)
Heavy smokersb, n (%) 6 (30) 8 (40) 6 (30)
Anti-resorptives, n (%) 15 (56) 3 (11) 9 (33)
Hormonal therapy, n (%) 29 (44) 25 (38) 12 (18)
Not taking drugs, n (%) 61 (29) 67 (31) 83 (40)
Diabetes mellitus, n (%) 21 (40) 14 (26) 18 (34)
Osteoporosis, n (%) 26 (49) 22 (42) 5 (9)
No pathologies, n (%) 58 (29) 59 (30) 81 (41)

IQR, interquartile range. a <10 cigarettes per day. b >20 cigarettes day.
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The rdCV methodology is designed so that every optimization
and validation iteration is executed on a distinct and indepen-
dent dataset. Since no data from the test set is incorporated into
the model’s training phase, overfitting is prevented. The
optimal number of latent variables (LVs) was chosen in the
inner rdCV loop (Fig. S2b†) and combined with clinical scores
(PI, BoP, PPD) to produce a column-augmented matrix to be
used as input for the LDA. In the outer rdCV loop, the perform-
ance of each optimized model generated by the rdCV was vali-
dated by comparing the predictions to the actual classes of an
independent test set. Fig. S2a† displays the cross-validation
error curves for all models obtained in the inner loop, demon-
strating that the classification error rate does not improve when
using a more complex model (up to 10 LVs), which explains
48% of the variance (compared to 46% in the one-component
model). These data imply that the LVs after the first are ineffec-
tive at distinguishing between the three classes. Similarly, only
variable loading weights along the first LV can be considered
significant (Fig. S2c†), with nearly all the 95% confidence inter-
vals for the pseudo bands (shaded regions) starting to cross zero
from the second LV onward.41 This indicates that only the spec-
tral bands identifiable along the first LV maintained consistent
importance throughout the entirety of the rdCV process, irre-
spective of the samples selected at each step of validation.

The corresponding CPPLS coefficients’ vectors, shown in
Fig. 3, reflected the SERS spectral features responsible for class

differentiation in terms of band intensities and band posi-
tions, i.e., changes in relative concentration or composition. A
positive coefficient indicates a positive relationship with the
response (i.e.: class membership), and conversely for a nega-
tive coefficient. It is evident that the coefficients for the PIM
and PI classes were nearly identical, differing only in terms of
general intensity, and both appear to be opposite to those of
the healthy implant class. Different regions within the coeffi-
cients vector can be roughly assigned to the same bands
associated with metabolites involved in oxidative and inflam-
matory tissue responses. The positive peaks in the coefficients
for PIM and PI can be interpreted as glutathione, ergothio-
neine, and hypoxanthine bands. Ergothioneine and gluta-
thione are known to accumulate in response to oxidative
stress, acting as antioxidants and protectors of tissue
integrity.42,43 Similarly, the increased presence of hypox-
anthine, a purine metabolite, has been linked to ongoing
inflammatory processes in periodontal disease.44 On the other
hand, the positive peaks in the PIH class coefficients vector
seem to be correlated with the background signal of the paper,
probably indicative of a lower presence of PICF in healthy
implants.45 The amount of PICF produced at a site signifi-
cantly increases with the severity of gingival inflammation,
because it is directly related to the augmentation of the vascu-
lar permeability and ulceration of the pocket epithelium.46 A
plausible conveyance of the two previous statements is that the

Fig. 2 SERS spectra of PICF. a. Median (solid lines) and interquartile (IQR) range (shaded areas) of the baseline-corrected and intensity-normalized
SERS spectra for PI, PIM, and PIH samples. The spectra are shifted on the y-axis to avoid overlap. The key SERS bands were marked by dashed
lines. b. Comparison of SERS spectra of PICF and some model compounds. The dashed red line represents the best-fit spectrum (fit), i.e., the spec-
tral sum of all components as displayed in this figure: ERG, ergothioneine; GSH, reduced glutathione; UA, uric acid; HyX, hypoxanthine; Bkg, a naked
Periopaper strip covered with Ag-NPs. The best-fit spectrum was subtracted from each PICF spectrum to obtain the residuals’ distribution (res).
Lack-of fit = 14% (95%CI 13–15%); r2 = 0.99 (95% CI 0.98–0.99).
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distinct clinical presentations and outcomes observed in these
two conditions (PI and PIM) may be just the results of vari-
ations in the severity or in the temporal progression of a
shared biochemical phenomenon, influenced by factors such
as the host’s immune response and the local microenvi-
ronment. Interestingly, the histopathologic and clinical con-
ditions leading to the conversion from one condition to the
other are not completely understood.5 The coefficients’ 95% CI
(estimated non-parametrically from the distributions obtained
by rdCV) are also graphically represented in Fig. 3. If the
shaded regions include zero, it indicates that the coefficient is
not statistically significant, and the relationship between the
spectral features and the sample class may be due to random
chance rather than a true association. The confidence intervals
showed that the iterative rdCV process, while producing
changes in their absolute values, does not systematically alter
their sign, demonstrating that the variables maintain their
positive or negative correlation with each class. The coeffi-
cients’ vector for the PIM samples exhibited lower significance
compared to the vectors for the other two classes. However, it
is important to interpret this lower significance of the coeffi-
cients in the PIM samples cautiously. While the statistical sig-
nificance may be lower, it does not necessarily imply that the
spectral differences between PIM and the other classes are
insignificant in a clinical sense. If we consider PIM as an early
stage of PI with milder inflammation and tissue changes, it
makes sense that the biochemical alterations in PIM were less
pronounced compared to the more advanced and severe PI
cases, leading to greater variability in the spectral fingerprints,
thus reducing the statistical significance of the associations.
The LDA was successfully employed as a robust classifier by
projecting the scores into a discriminant space along the cano-
nical variable and afterward for a prediction of class member-
ship probabilities. To facilitate the interpretation and visual-
ization of the CPPLS-LDA models, we adopted the canonical
variates approach, utilizing predicted values obtained from
rdCV. This approach provides a natural and comprehensive
way to understand the discriminatory power of the model.

Fig. 4a shows projections along the first canonical variates,
showcasing the separation between the different sample
classes. It is evident that the healthy, PHI, implants can be dis-
tinctly separated from the ones with PIM and PI along this
direction. As already discussed, the spectral features captured
by the CPPLS almost perfectly differentiate healthy implants
from those affected with PI, with a slightly worse discrimina-
tive power for the implants with PIM. Moreover, complete dis-
crimination between the PIM and PI classes was not always
feasible, with a classification error rate for these two classes
between 8 and 10%. A complete picture can be seen in the con-
fusion matrix in Fig. 4b. Taking advantage of the r-dCV pro-
cedure, figures of merit (FoM) such as accuracy, precision, sen-
sitivity, and specificity were calculated from the confusion
matrix of each optimized model, yielding a distribution of
values for each FoM from which CIs were calculated
(Table S1†). Overall balanced accuracy was about 92%.
Implants with PI were recognized with 90% sensitivity
(89–91%) and 96% specificity (95–97%), and implants with
PIM were recognized with 89% sensitivity (87–92%) and 92%
specificity (91–92%). It should be stressed that, during the
rdCV iterative process, almost all samples maintained their
original classification, as depicted by the extremely narrow
95% CIs in the confusion matrix. To further assess the statisti-
cal significance of these results, they were compared to those
obtained from a validation of permuted data (i.e., permutation
test) in which the class labels were randomly reassigned, and
subsequently, a new classification model is computed for each
iteration. If the performance of the latest models derived from
permuted class labels is consistently and significantly lower
than that of the original model, it can be inferred that the orig-
inal model is robust and reliable. In this case (Fig. 5), 999 per-
mutations resulted in classification error rates around 70%,
extremely far from the model rate (10%). None had a classifi-
cation error rate lower than 55%, leading to a p-value = 0.001
after FDR. In practice, no random sample assignment is even
vaguely able to simulate a correct classification, as expected
for unbiased models.

Fig. 3 Canonical powered partial least squares (CPPLS) coefficients for the repeated double cross-validation (rdCV) model. PIM, peri-implant
mucositis; PI, peri-implantitis; PHI, peri-implant health.
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Although this study showed promising results and rep-
resents the first study with a medium sample size to explore
the diagnostic ability of SERS analysis of PICF in a clinical
cohort, several limitations are present. A cross-sectional study
does not allow any claim of causality, thus only future prospec-
tive studies with a larger multicenter dataset would provide
conclusive insights into the utility of SERS analysis of PICF in
diagnosing and monitoring peri-implant diseases.

Conclusions

Surface-enhanced Raman scattering (SERS) of peri-implant cre-
vicular fluid offers a promising approach for visualizing the
underlying inflammatory process linked with peri-implant
mucositis and peri-implantitis. This methodology presents the
advantage of practically null invasivity for the patient, minimal
sample preparation, enabling rapid assessment of the
implant’s status with high accuracy and relatively negligible
costs. The outcomes of this study highlight the potential
utility of SERS spectroscopy coupled with chemometrics as a
diagnostic and prognostic tool in oral implantology, capable of
differentiating between overlapping conditions. This can have
significant implications for enhancing the quality of patient
care. Looking towards the future, one particularly notable
approach would involve the integration of the quantification of
pro-inflammatory cytokines such as IL-17A, IL-6, IL-15, and
matrix metalloproteinase 8 (MMP8), associated with the devel-
opment of peri-implantitis,47 complementing the SERS bio-
chemical fingerprint of PICF, and affording a more compre-
hensive understanding of the inflammatory environment. The
resulting complex set of heterogeneous and complex data will
benefit from the use of advanced machine learning tech-
niques, such as convolutional neural networks and deep learn-
ing. This comprehensive strategy may allow for improved
association of SERS-derived molecular information with
specific inflammatory status, hence improving diagnostic accu-
racy. Furthermore, a future clinical study could incorporate a
longitudinal component, involving the collection of samples at
regular intervals to closely monitor and evaluate the response
to therapeutic interventions in cases of mucositis, a condition
inherently characterized by its reversible nature. By tracking
the progress or evolution of the condition towards peri-implan-

Fig. 4 a. Medians of the LD scores for each sample, calculated over the optimized models from the rdCV. b. Confusion matrix resulting from the
predictions of the optimized rdCV mode showing median and 95% CI after 200 repetitions.

Fig. 5 Permutation test. Class prediction result based on rdCV model
compared to the permuted (n = 999) data. Classification error rate for
the rdCV model is reported with a red arrow.
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titis, this study design would provide critical insights into the
efficacy of the therapeutic regimen and guide further refine-
ment of treatment strategies.
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