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Abstract

Periodontitis is a chronic inflammation of the periodontium caused by a persistent bacterial
infection, resulting in destruction of the supporting structures of teeth. Analysis of microbial
composition in saliva can inform periodontal status. Actinobacillus actinomycetemcomitans (Aa),
Porphyromonas gingivalis (Pg), and Streptococcus mutans (Sm) are among reported periodontal
pathogens, and were used as model systems in this study. Our atomic force microscopic (AFM)
study revealed that these pathogens are biological nanorods with dimensions of 0.6-1.1 pm in
length and 500-700 nm in width. Current bacterial detection methods often involve complex
preparation steps and require labeled reporting motifs. Employing surface-enhanced Raman
spectroscopy (SERS), we revealed cell-type specific Raman signatures of these pathogens for
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label-free detection. It overcame the complexity associated with spectral overlaps among different
bacterial species, relying on high signal-to-noise ratio (SNR) spectra carefully collected from
pure species samples. To enable simple, rapid, and multiplexed detection, we harnessed advanced
machine learning techniques to establish predictive models based on a large set of raw spectra

of each bacterial species and their mixtures. Using these models, given a raw spectrum collected
from a bacterial suspension, simultaneous identification of all three species in the test sample was
achieved at 95.6 % accuracy. This sensing modality can be applied to multiplex detection of a
broader range and a larger set of periodontal pathogens, paving the way for hassle-free detection
of oral bacteria in saliva with little to no sample preparation.

Keywords

SERS; Machine learning; Periodontal pathogens; Label-free; Multiplex detection

1. Introduction

Periodontal disease is a significant public health concern. Approximately 47 % of adults
over age 30 have some form of the disease. Cases tend to become more common and

severe with age. These characteristics place periodontitis as the 11t most prevalent disease,
impacting hundreds of millions globally [1]. In dentistry, standard diagnostic criteria include
assessing bleeding upon probing, clinical attachment levels, plaque index, gingival index,
and bone loss. These parameters are effective in retrospectively identifying the presence of
the disease, but have limitations in detecting ongoing conditions or predicting individuals at
high risk of future periodontitis. Moreover, considerable tissue damage must occur before
these diagnostic parameters become noticeable, often leading to irreversible periodontal
damage.

The clinical shifts are driven by changes in the microbial composition that colonizes at or
below the gingival margin [2,3]. The oral microbiota is the second-most complex microbial
community in the human body. A milliliter of saliva can contain up to 108 microorganisms
from over 700 prokaryotic species [4,5]. A small fraction of these microorganisms
contributes to periodontal disease. Among them, Actinobacillus actinomycetemcomitans
(Aa) is strongly implicated as an etiological agent in periodontitis. This gram-negative
bacterium produces numerous virulent factors that contribute to invasion of periodontal
tissues, initiation of connective tissue destruction, and interference with tissue repair

[6-8]. Porphyromonas gingivalis (Pg), also gram-negative, is recognized as a major
periodontal causative pathogen involved in alveolar bone loss and collagen degradation [9].
Streptococcus mutans (Sm), a gram-positive coccus thriving in acidic environments, plays a
significant role in the initiation of dental caries and the progression of periodontitis [2,10].
These and other oral bacteria accumulate in periodontal pockets and work cooperatively to
induce periodontal destruction, leading to gingival inflammation, soft tissue destruction, and
bone loss. They serve as biomarkers to indicate the status of periodontal health [11]. In this
study, Aa, Pgand Smwere employed as model systems to establish a machine learning
enabled, label-free detection method.
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There are various methods to detect periodontal pathogens, such as anaerobic cultures,
immunoassays, polymerase chain reaction (PCR), as well as aptamers, DNA, RNA,
oligonucleotide, ligand, or antibody-based sensing assays against periodontal pathogens
[10,12-14]. While these assays are effective, they often involve labor-intensive and time-
consuming procedures, and require critical preparation steps, such as cell lysis or fixation,
method and reagents to promote DNA hybridization, and target amplification to enhance
detection [10,12]. Additionally, they require labeled reporter molecules for signal readout,
limiting the methods’ adaptability due to the need for designing specific probes for each cell
type. Another major drawback is the limited capability of rapid multiplex detection.

Surface-enhanced Raman spectroscopy (SERS) has emerged as a potent label-free detection
tool capable of discriminating different bacterial phenotypes due to Raman signatures of
their unique molecular composition [15]. However, the efficiency of Raman scattering

is typically low, resulting in poor signal-to-noise ratio (SNR) and low spectrum fidelity.

This is particularly true in fast spectral collection even with the presence of local field
enhancement. It is also challenging to distinguish the molecular fingerprint of one phenotype
from others in a bacterial mixture based on subtle differences in their whole-cell Raman
spectra. Promising results were achieved by employing metal nanostructures as SERS
substrates, which create “hot spots” with strong local field enhancements on surfaces to
significantly amplify the Raman scattering effect on analytes [16-18]. By using a tailored
plasmonic material and a highly focused laser beam, single-cell SERS with a high SNR were
achieved. Statistical analysis techniques and machine learning methods have been applied

to successfully identify individual bacterial species in their resident media [19-21], even in
mixed cultures [21,22]. In these cases, the laser beam must be directed at individual cells,
and Raman spectra are collected on a cell-by-cell basis. To facilitate SERS utility in clinical
applications, it is imperative to develop a method that requires minimal sample preparation,
technical expertise, and is easy to use.

With the increasing prominence of machine learning and artificial intelligence, these
technologies have played a significant role in enhancing experiments and data analysis
across various fields, including chemistry, biology, and medical science [16,23]. While
traditional machine learning (ML) methods have been applied to analyze Raman spectral
data [24,25], deep learning utilizing artificial neural networks is more sophisticated and
capable of providing more accurate predictions [26]. In this study, we leverage the power
of deep learning to achieve rapid, multiplex detection of three periodontal pathogens from
a single spectral measurement of a bacterial mixture. A commercial Raman system was
used to collect SERS of a bacterial suspension deposited on a gold-coated substrate. A raw
spectrum of the test sample, without background correction or denoising, was sufficient
for quick bacterial identification. This approach opens up the possibility of detecting oral
bacteria in saliva, which contains locally and systemically derived mediators of periodontal
disease. Saliva is a non-invasive biofluid, easily accessible, and simple to collect, making
it an ideal diagnostic media for convenient, frequent monitoring, thereby facilitating early
diagnosis and timely intervention to improve medical outcomes.
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2. Materials and methods

2.1. Bacteria and sample preparation

Three species of oral bacteria, namely Aggregatibacter actinomycetemcomitans (ATCC
43718), Porphyromonas gingivalis (ATCC 33277), and Streptococcus mutans (strain UA159,
ATCC 700610), were used in this study. A. actinomycetemcomitans was grown in Todd
Hewitt Broth (THB, BD, cat #249240, Becton, Dickinson and Company, Sparks, MD, USA)
supplemented with 1 % yeast extract (BD, cat #212750), 0.001 % Hemin (Sigma-Aldrich,
Inc., St. Louis, MO, USA) & 0.0001 % of Vitamin K1 (Sigma). The cultivation took place

in an anaerobic chamber (Forma Scientific Inc., Marjetta, OH, USA) filled with an anaerobic
gas mixture (10 % Ho, 5 % CO,, and 85 % N, Linde Gas & Equipment Inc., Burr Ridge,

IL, USA) at 37 °C for 48 h. P, gingivalis was grown in THB medium supplemented with
0.001 % Hemin & 0.0001 % of Vitamin K1 under anaerobic conditions at 37 °C for 48 h.

S. mutans was cultivated in Brain Heart Infusion (BD, cat #237500) at 37 °C with 5 % CO»
overnight. The bacterial cells were harvested and fixed immediately following a previously
reported method [27]. In brief, the cells were fixed using a fresh, cold paraformaldehyde
solution (4 % in PBS) and left to incubate at room temperature for a minimum of 3 h. The
cells were then pelleted by centrifugation at 4,000 rpm for 5 min, washed with PBS three
times, and resuspended in PBS to achieve a concentration of 10’-108 cells/mL. For storage,
the cell suspension was added to cold absolute ethanol at a 1:1 volume ratio, and the mixture
was stored at —20 °C.

For AFM and SERS measurements, a 400 pL fixed bacterial cell suspension was placed
ina 1.5 mL tube. After centrifugation at 12,000 rpm for 10 min, the supernatant was
discarded, and the pellet was washed three times with DI water. Each pellet was then
reconstituted in 50 pL DI water. Subsequently, 2.5 pL of the suspension was deposited onto
a gold-coated glass substrate, air-dried in less than an hour, and then subjected to SERS or
AFM measurements.

2.2. AFMimaging

AFM imaging of bacterial cells was carried out using an Agilent 5500 Pico-Plus system
(Santa Clara, CA). The measurements were conducted in air contact mode using a closed-
loop scanner [28-30]. Si3Ny4 probes (#SINI-100, Ted Pella, Redding, CA) with a tip radius
below 15 nm and a spring constant of 0.06 N/m were utilized to collect images at a scan

rate of 0.5 In/s. The system’s software was used for image analysis. Large-scale images were
acquired to examine cell distribution. The cell dimension of each bacterial strain was derived
from high-resolution images, and the average value was calculated based on measurements
of over 50 cells on images taken at five randomly selected locations for each cell type.

2.3. SERS measurements

Raman spectra were acquired from bacterial cells placed on a glass substrate coated with a
100 nm gold film. The gold deposition was carried out using a Varian 3118 electron beam
evaporator. An 80 nm titanium layer was pre-deposited on the glass to improve adhesion
of the gold film. AFM imaging revealed the presence of grains measuring 69.0 + 3.2 nm
on the gold-coated substrate to attain surface-enhancement of Raman signals. A Renishaw
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Invia Raman Microscope (West Dundee, IL) equipped with a 785 nm laser at 90 mW

was used for SERS measurements. The spectra were collected in the range of 300 cm™1 -
2000 cm~1 using a 50x objective lens. To capture distinctive Raman features for each cell
type, high-resolution spectra were recorded with an 80 s exposure and 10 accumulations.
Additionally, fast spectra were collected with a 30 s exposure and 1 accumulation. Over 100
fast spectra were collected for each pure species, mixtures of any two species (1:1 ratio), or
mixtures of all three species (1:1:1 ratio). These data were subsequently used t for machine
learning to establish predictive models for multiplex detection of oral bacteria.

2.4. Machine learning model development

The machine learning workflow, as depicted in Fig. 1, followed a series of steps. Initially,
raw SERS spectra collected in 30 s underwent data preprocessing. This involved data
shuffling, standardization, principal component analysis (PCA) [31], train-test set split,

and data augmentation. Each spectrum contained 1833 data points. Standardization was
performed by rescaling each spectrum using the formulay’ = (y — u)/c, wherey, u, and

o represents the spectral intensity, the mean value of y, and the standard error, respectively.
Based on prior research [13] and our own ablation studies, PCA was employed to reduce
the dimensionality of each spectrum from 1833 data points to 35 data points. The large
number of spectra was then divided randomly, with 70 % for training and validation and

30 % for testing. Among the spectra designated for training and validation, 75 % were

used for training and 25 % for validation. Multiple data augmentation methods, including
jitter, permutation, SuboPtimAl Warped time-series geNEratoR (SPAWNER) [32], Weighted
Dynamic Time Warping Barycenter Averaging (WDBA), Random Guided Warping (RGW)
[26] and Discriminative Guided Warping (DGW) [26], were applied to enhance the model’s
regularization and robustness while mitigating biased training and overfitting.

For each oral bacterial cell type, a binary classification model was constructed to detect its
presence in the samples. These models consisted of two fully connected layers. We used the
Adam optimizer [27] with an exponential decay learning rate schedule and a batch size of
256 for all experiments. Each model underwent training over 1000 epochs using the training
data. Subsequently, the models were assessed using the test dataset. The performance of our
method and classical machine learning methods were evaluated across accuracy, precision,
recall, and F1 score, which are defined as follows:

TP+ TN
TP+TN+ FP+ FN'

accuracy =

TP
precision = —TP+FP'
TP

recall = w5 FN

2 X precision X recall
precision + recall '

F1 score =
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Here, TP, TN, FPand FN represent true positive, true negative, false positive and false
negative, respectively. The results were reported based on five separate stratified sampling
splits for training and testing.

3. Results

3.1. AFM analysis of microbial shape and dimension

AFM images were collected from cells of pure bacterial species deposited on gold-

coated glass substrates. The same sample preparation procedure was employed for SERS
measurements. Consequently, these images depict the spatial distribution and structural
characteristics of the cells in SERS measurements. As shown in Fig. 2A-C, Aacells

were found either as isolated individual cells or as small cell clusters, whereas Pg cells
formed large aggregates due to the presence of a unique outer membrane protein known

as a crucial factor promoting cell-cell interactions [9]. Sm cells organized themselves

into densely packed cell sheets, indicating a higher degree of cell aggregation. Being a
cariogenic bacterium, Sm produces multiple glucan-binding proteins that facilitate local cell
accumulation, adhesion, and biofilm formation even in the absence of nutrients [33,34]. This
finding aligns with recent reports that Sm is one of the most etiological agents to form
biofilm at oral cavities [34,35].

With high-resolution images (Fig. 2D-F), the dimensions of individual cells were measured.
The cell length and width were found to be 1.09 £ 0.30 pm and 0.56 + 0.10 um for Aa cells,
0.67 £ 0.20 pm and 0.60 £ 0.20 um for Pg cells, and 0.95 + 0.20 um and 0.54 + 0.10 pm

for Sm cells, along with the cell length-to-width ratios of 1.9 £0.7,1.1 £ 0.5, and 1.8 +

0.7, respectively. Supplementary AFM images and cross-sectional analyses can be found in
Fig. S1. At the individual cell level, Pg cells exhibit a nearly spherical shape and are notably
smaller in size. In contrast, Aaand Sm cells displayed a rod-shaped morphology with
similar cell dimension. These observations are consistent with results in previous reports
[16,36,37].

3.2. SERS signature of periodontal pathogens

High SNR Raman spectra were collected for each bacterial species at 80 s exposure and

10 accumulations. Fig. 3 shows the normalized spectra with respect to the prominent

peak at 934 cm™1, which is attributed to the C-COO™ stretching of phenylaniline and

is a shared characteristic among all three cell types. These high SNR spectra exhibit
similarities and distinctions in terms of Raman peak frequencies and intensities among
different species. These vibrational bands are attributed by proteins, phospholipids, nucleic
acids, and polysaccharides. Notably, the common bands at 1065 cm~ and 1128 cm™!
correspond to the skeletal stretching of C-C and =C-O-C= in phospholipids, respectively
[16,39]. The broad band at approximately 1333 cm™1 varies in shape for different cell
types and is ascribed to CH3CH, wigging mode in purine bases of nucleic acids [16]. The
peak at 1001 cm~1 and the peaks around 560 cm™1 are distinctive features associated with
the symmetric aromatic ring breathing and C-COQO™ asymmetric bending of phenylalanine
[40]. The Raman shift at 505 cm™ 1 is designated as the S-S disulfide stretch in proteins
[17]. Two well-resolved low-frequency bands at 400 cm™1 and 462 cm™1 are likely a

Int J Biol Macromol. Author manuscript; available in PMC 2024 July 27.
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result of vibrations in polysaccharides and phosphates [38,39,52]. These Raman shifts
exhibit variations in band shape and intensity across different cell types. Furthermore,
specific peaks unique to each cell type (highlighted in blue) were observed, although many
appeared as insignificant shoulders. It is worth noting that amide I, amide Il, and amide

I11 vibrations, associated with the protein backbone and carboxylic stretches, fall within

the 1220-1660 cm™1 region, overlapping with other SERS vibrational bands contributing to
spectral complexity. Detailed interpretation of the Raman shifts and peak assignments are
provided in Table 1.

To achieve fast detection, SERS spectra were collected at 30 s exposure and 1 accumulation
(Fig. 4). Fig. 4A shows five raw spectra of pure Aa collected from five randomly selected
locations on a substrate. According to locally obtained optical images and correlated AFM
images, Raman spectra were typically collected from 9 to 15 cells (Fig. S1). These spectra
in Fig. 4A exhibit a significantly reduced SNR compared to the spectrum in Fig. 3A,

with some characteristic peaks obscured by the background. Each spectrum also displays
distinctions from the other four spectra due to the limited fidelity of SERS (see Discussion
section). As >100 randomly collected spectra were examined, the spectral distinctions
became increasingly intricate. Similarly collected raw spectra of pure Pgand pure Smare
shown in Fig. 4B and C, with a comparable level of complexity. Fast spectra were also
collected from mixed species of cells (Fig. 4D-G), leading to heightened intricacy due to the
interplay of low SNR in the fast spectra and the overlap of the three pathogens’ spectra.

3.3. ML-enabled identification of periodontal pathogens

We utilized machine learning techniques with the raw spectral data to create predictive
models for the rapid identification of periodontal pathogens. The spectra were collected
from samples in seven categories: pure Aa, pure Sm, pure Pg, Aa-Sm mixture, AaPg
mixture, Sm-Pg mixture, and Aa Sm-Pg mixture.

Initially, we experimented with classical machine learning methods, including Support
Vector Machine (SVM) [53], K-Nearest Neighbors (KNN) [54], Decision Tree [55],
Random Forest [56], Naive Bayes [57], and Logistic Regression [58]. These methods do
not require extensive data sets, but demonstrated suboptimal performance. Consequently,
we turned to train with neural network models, which offer the advantage of capturing
non-linear relationships in the data, thereby addressing complex problems and providing
highly accurate predictions. However, neural network training requires a substantial amount
of data, which was lacking in our collected raw spectra —a common issue in practical
applications. To mitigate this challenge, we implemented data augmentation as explained in
Section 2.4. Three distinctive detection models were developed for each bacteria species.
Each model was trained for 1000 epochs with early stopping and used the Adam optimizer
with a batch size of 256. For the Aa model, we applied a 0.3 dropout rate and a 0.001
initial learning rate with exponential decay. The Smmodel used a 0.25 dropout rate and a
0.01 initial learning rate with exponential decay, while the Pg model was configured with

a 0.3 dropout rate and an initial learning rate of 0.00001, subject to exponential decay. The
performance of our method was compared to that of classical ML methods by evaluating
detection accuracy, precision, recall, and the F1 score.

Int J Biol Macromol. Author manuscript; available in PMC 2024 July 27.
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For singleplex detection, a successful model is expected to accurately identify the presence
of a target species (Aa, Smor Pg) in any sample of the seven groups, regardless of the
present of other species. As shown in Fig. 5, our method consistently outperformed the
classical ML methods, achieving >97.8 % accuracy, >98.2 % precision, >98.2 % recall and
>08.2 % F1 score in predicting the presence of a target species in any sample. Note that the
mean values and standard derivations were calculated from 5 randomly shuffled train-test
splits, ensuring that our method consistently achieved a detection accuracy of 98.7 % + 0.5
% for Aa, 99.2 % + 0.7 % for Pg, and 97.8 % + 0.9 % for Sm, regardless of how the
spectral data was divided for training and testing. In contrast, the classical ML methods
demonstrated poorer performance, with accuracy of predicting Aa, Pgor Smin any given
sample varied in the ranges of 71-90 %, 56-87 % or 63—-88 %. Differences in prediction
accuracy, recall, and F1 score were statistically significant (p < 0.003 for any classical
method compared to our method). However, the difference in prediction precision varied,
with linear SVM and Random Forest showing comparable results (p > 0.1 for Sm detection).

We explored the application of machine learning to determine pathogen abundance in a
sample (evaluation of Aaabundance as depicted in Fig. S2). The actual number of cells was
determined by AFM imaging of the area where SER data was collected from the focused
laser beam. Among the seven methods we investigated, the Gradient Boosting Regression
method [59] was able to make predictions that closely matched the actual cell counts (with a
prediction error of <2.2 %). Further work is underway to extend this approach to determine
pathogen abundance in a mixed sample.

Detecting multiple pathogens simultaneously, as in multiplex detection, presents a greater
challenge. It requires the accurate prediction of all three species simultaneously based on a
single spectrum pertaining to a bacterial sample. For example, the Random Forest algorithm
performed well in singleplex detection, achieving prediction accuracy of 89.5+2.5 % for Aa,
86.2+2.2 % for Py, 87.4+3.1 % for Sm. However, when it came to multiplex detection, its
accuracy dropped to 69.3+5.3 % (Fig. 6). The performance of other classical models was
worse. In contrast, our method demonstrated significantly superior performance, achieving
a multiplex detection accuracy of 95.6+1.4 % (with a p value of <0.0005 compared to any
classical method). The accuracy, precision, recall and F1 score of our method were 1.4-3.3,
1.2-8.1, 1.4-3.6 and 1.3-6.2 times better than those of the classical methods.

We further substantiated the efficacy of our method by constructing confusion matrices. Fig.
7A-C display the confusion matrices that illustrate accuracy in singleplex detection. For
instance, when it came to detecting the presence of Aain samples (including pure Aa, Aa-Pg
mixture, Aa-Sm mixture, Aa-Pg-Sm mixture), the accuracy was an impressive 99.0 %, with
an inaccuracy of only 1.0 %. Similarly, when determining the absence of Aain samples
(pure Pg, pure Sm, Pg-Sm mixture), the accuracy was 97.3 %, and the inaccuracy was

2.7 %. Fig. 7D shows a single confusion matrix representing multiplex detection accuracy
for test samples across all seven groups. The diagonal sections of the matrix represent

the detection accuracy (true positive rates). The matrix correlates the prediction results

with the actual sample types, considering the presence and absence of all three species.

For example, given a spectrum collected from a bacterial sample containing an Aa-Sm
mixture, the accuracy in identifying that mixture was 93.3 %, with a very low likelihood

Int J Biol Macromol. Author manuscript; available in PMC 2024 July 27.
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of misidentifying it as pure Aa (2.0 %), pure Sm (2.7 %) or an Aa-Pg-Sm mixture (2.0

%). It never misidentified the sample as pure Pg, Aa-Pg mixture, or Sm+Pg mixture (0.0

%). Remarkably, our model’s performance in identifying the simultaneous presence of three
species in an Aa-Pg-Sm mixture was exceptional (99.3 %). When considering all the data in
the confusion matrix, the accuracy of detecting the presence and absence of any of the three
species in a given sample was 95.6 %. This underscores the exceptional capability of our
current method for label-free, multiplex detection of bacteria using raw SERS spectra even
with low signal-to-noise ratios.

4. Discussion

SERS is a powerful analytical tool, as the vibrational information is highly specific

to chemical signatures within a sample [60,61]. The technique’s nondestructive nature,
minimum sample preparation requirement, and label free structural fingerprinting capability
attracted a broad range of applications in the biomedical field and have driven significant
advancements in clinical utility. Notably, whole-cell Raman spectra were utilized to
identify bacterial species based on spectral patterns, such as peak intensity, shape, and
relative frequency across the entire spectral range, despite the complexity arising from

the conservation of many chemical species in different bacterial cells [16,40]. Applying
statistical methods, RebroSova et al. and Vaitiekunait et al. effectively distinguished different
bacterial species by utilizing Raman spectra collected from individual colonies of pure
species [62,63]. We applied the same strategy to distinguish three periodontal pathogens
(Aa, Pg, and Sm) commonly found in saliva.

Detecting multiple analytes within a sample is critical. Multiplex detection from a single
spectral measurement was achieved using Raman-coded capture and reporting probes [64].
While effective, the preparation of Raman-active probes was laborious and technically
demanding. Nanostructured metal surfaces have been used to significantly enhance Raman
signals, enabling the collection of label-free Raman spectra of individual cells with high
SNR for species identification. A major barrier is that, the spectrum of each cell must

be measured one by one when the laser beam is focused on a target cell. These spectra

of individual cells are screened for multiplex analysis. The process is time consuming.
Achieving multiple species detection from a single Raman spectrum of a bacterial mixture
remains a challenge. A main challenge is the attainment of SERS at high fidelity. During
spectrum acquisition, the laser must strike a point where both the “hot spot” and the analyte
are present and in proper proximity. The random and uncontrolled positioning of “hot spots”
on a rough substrate hinders the ability to accurately determine the strength, polarization,
and spatial distribution of these local fields, leading to significant variations in the observed
spectra. Rapidly collected raw spectra were more intricate due to low SNRs (Fig. 4).
Additionally, Raman spectra of different bacterial cell types, such as Aa, Pg, and Sm, exhibit
subtle differences, resulting in substantial spectral overlaps.

To overcome these challenges, we applied machine learning techniques to the raw
SERS spectra obtained from each of the three species and their mixtures. These spectra
were simply collected from a drop of bacterial suspension deposited on a gold coated
substrate and were used without background correction or denoising. Machine learning
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assisted multiplex bacterial identification with SERS spectra was reported by other groups
[19,20,22]. These studies utilized single-cell spectra of pure species to produce a single
classification while to represent a multi-class classification task. That is, for any given
sample, the reported models were tasked to identify one species from multiple possible
species. Our method is distinctive. Our dataset included Raman spectra of all possible
combination of bacterial species, tasking the model to predict the presence or absence of
each species in any given sample based on a single Raman spectrum. This means that 1) the
number of species in each test sample was unknown; 2) the presence of any species in each
test sample was unknown; 3) a sample was classified correctly only when all three species
were predicted correctly. For samples containing pure Aa, pure Pg, pure Sm, mixtures of
AaPg, Aa-Sm, Pg-Sm or Aa-Pg-Sm, our advanced model achieved an accuracy of 95.6 % in
detecting the presence or absence of any of the three species.

We also attempted pathogen identification in samples containing bacteria spiked in sterile
filtered saliva (Fig. S3). Our preliminary result indicated that singleplex detection had
prediction accuracies of >88 % for Aa, >85 % for Pg, and >99 % for Sm, whereas multiplex
detection had a lower accuracy of 80.6 %. The reduced detection accuracy is primarily
attributed to the complexity of the saliva matrix, which contains other microbial species,
proteins, enzymes, metabolites, among others, leading to more intricate Raman spectra.
Additionally, 10 s spectra were used in this exploratory work to expedite the detection
process. With established prediction models, considering the time required for data input
and computation, the results for detecting target species from 500 samples/spectra can

be delivered in 15 s. Therefore, the speed of detection depends on the time needed for
spectral acquisition in addition to biopsy collection and processing. However, fast spectral
acquisition has a negative impact on SNR, affecting the performance of ML models. To
address these issues, we are actively exploring the integration of alternative neural network
architectures to enhance prediction models for accurate multiplex detection of periodontal
pathogens in saliva. Saliva collection is straightforward, non-invasive, and can be performed
independently or at home without requiring specialized instruments or trained personnel.
The presence of various biomarkers in saliva offers significant advantages for non-invasive
and convenient sampling, promoting patient compliance with frequent monitoring and
tracking of outcomes.

5. Conclusion

Taken together, the advanced deep learning tactic enabled the efficient application of
SERS in swiftly and accurately detecting multiple periodontal pathogens within a mixture
of bacteria. The sensing modality can be extended to identify various bacteria and
biological substances. The same strategy can be employed in developing predictive models
for detecting various biomarkers in saliva, a conveniently obtainable liquid biopsy. Our
initial findings have demonstrated the practicality of this approach and inspired further
investigation.

Aiming to establish a versatile and easily adaptable approach for label-free, rapid, and
multiplex detection of pathogens, we have designed a platform with microchambers
integrated into a microfluidic chip, tailored for SERS-based label-free detection. These
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microchambers facilitate the compartmentalization of microbes. Ideally, oral bacteria are
confined to one cell per compartment. In practice, the confinement ranged from zero to

a few cells per compartment. The machine learning enabled multiplex detection method
developed here promises pragmatic and reliable pathogen detection. It also serves as a
foundation for creating an on-chip salivary sensor, which will enable regular and progressive
monitoring of periodontal pathogens. This, in turn, will assist clinicians in making informed
treatment decisions at the time of consultation and enable earlier clinical interventions to
reverse the course of the disease.
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Refer to Web version on PubMed Central for supplementary material.
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Data Preprocessing

Workflow for machine learning model development.
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Fig. 2.

AFM images of oral bacteria on gold-coated substrates. A-C) Large-scale images
illustrating the distribution of Aa(A), Pg (B) and Sm (C) cells. Scale bar: 10 mm. D-F)
High-resolution 3D images displaying the morphology of individual Aa (D), Pg (E) and Sm
(F) cells.
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Fig. 3.

Higgh SNR Raman spectra of Aa(A), Pg(B), and Sm (C) cells collected on gold-coated
substrates at 80 s exposure and 10 accumulations. Peaks labeled in blue are characteristic for
each species, and those in red are common among the three species. Peak assignments are
shown in Table 1.
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Fast SERS spectra collected at 30 s and 1 accumulation. A—C) Raw spectra of pure species
of Aa(A), Pg (B), and Sm (C) cells collected at random locations of sample surfaces. D-G)
Raw spectra of mixtures of Aa-Pg (D), Aa&Sm (E), Pg-Sm (F), and AaPg-Sm (G) cells
collected at random locations of sample surfaces.
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Evaluation of eight machine learning methods’ overall performance for singleplex detection
of Aa, Pgor Smin various samples. Samples of all seven groups, including pure species,
mixture of two species, or mixture of three species, were counted in the evaluation.
Performances were evaluated across accuracy (A), precision (B), recall (C), and F1 score

(D).
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Comparison of eight machine learning methods’ performance in multiplex detection.
Performances were evaluated in predicting the presence or absence of all three species
simultaneously based on a single spectrum. Samples of all seven groups were counted in the

evaluation.
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Confusion matrices on singleplex (A—C) and multiplex (D) detection of Aa, Pgand Sm
using our method. Samples of all seven groups were counted in the evaluation. (A-C)
Probabilities of true positive, false positive, true negative and false negative in identifying
the presence of Aa(A), Pg(B) or Sm (C) in a test sample. (D) Cross-validation of cell
species identification.

Int J Biol Macromol. Author manuscript; available in PMC 2024 July 27.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Rathnayake et al.

Table 1

SERS spectral interpretation and peak assignments.

Raman shift/cm™

Peak assignment

Species specific

Reference #

400
462
505
560
588

780

829
856-860
918

934

1001

1065

1128

1225

1243

1333

1370

1405

1436

1450
1611-1613
1655-1660

Polysaccharides

Phosphates

—S-S- stretching

C-COO~ asymmetric bending of phenylalanine
Symmetric stretching in PO?f

Ring breathing modes in DNA/RNA bases
Phosphodiester

Tyrosine C-C stretching

C-C stretch of proline ring/glucose/lactic acid
C-COO™ phenylalanine

Symmetric aromatic ring breathing phenylalanine
Skeletal stretching of C-C in phospholipids
=C-0-C= in phospholipids

PO~2 in nucleic acids

Amide 111

CH3CH, wagging mode in purine bases of DNA
Saccharide

COO™ in protein

CHj, scissoring

CH, bending

Cytosine (NH,), tyrosine

Amide |

All 3
All 3
All 3
All 3
Sm

All 3

rg
Aa, Sm

Pg

All 3
All 3
All 3
All 3
Aa
Sm

All 3
Sm

Pg

Aa

Pg

Pg, Sm
Pg, Sm
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