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Abstract

Marine bacteria have been consid-

ered as important participants in

revealing various carbon/sulfur/

nitrogen cycles of marine ecosys-

tem. Thus, how to accurately iden-

tify rare marine bacteria without a

culture process is significant and valuable. In this work, we constructed a

single-cell Raman spectra dataset from five living bacteria spores and utilized

convolutional neural network to rapidly, accurately, nondestructively identify

bacteria spores. The optimal CNN architecture can provide a prediction accu-

racy of five bacteria spore as high as 94.93% ± 1.78%. To evaluate the classifica-

tion weight of extracted spectra features, we proposed a novel algorithm by

occluding fingerprint Raman bands. Based on the relative classification weight

arranged from large to small, four Raman bands located at 1518, 1397, 1666,

and 1017 cm�1 mostly contribute to producing such high prediction accuracy.

It can be foreseen that, LTRS combined with CNN approach have great poten-

tial for identifying marine bacteria, which cannot be cultured under normal

condition.
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1 | INTRODUCTION

Marine ecosystem is one of the most abundant biodiversity
environments in world side, which is famous for microbial
Garden of Eden [1]. Marine microorganisms including
bacteria and archaea, occupy the vast majority of the total
marine life [2]. Moreover, marine bacteria also play vari-
ous important roles in maintaining ecosystem balance [3],
degrading microplastics [4], and participating in carbon/
sulfur/nitrogen cycles [5]. In addition, marine bacteria
have been considered as important resources for produc-
ing clinically and industrially important secondary metab-
olites [6]. For example, carotenoids produced by marine
bacteria have shown significant antioxidant properties,
which are beneficial for preventing oxidative stress-related
human diseases such as cardiovascular, neurodegenera-
tive, and inflammatory diseases [7]. It is worth noting that,
marine bacteria usually live in extreme conditions of deep
ocean such as extreme low temperature, high pressure and
high salinity, which are difficult for culturing marine
bacteria using normal conditions [8]. Here, there is a
challenge is that, how to accurately identify rare marine
bacteria without a culture process in a single-cell resolu-
tion level is significant and valuable.

For non-culturable marine bacteria, classic pheno-
typic approaches including agar plate and broth culture
cannot multiply bacteria rapidly. Nucleic acid amplifica-
tion method is a classic tool to identify marine bacteria
based on polymerase chain reaction (PCR) technology.
For instance, the 16S ribosomal RNA gene sequence has
proved to be powerful in studying the diversity and iden-
tifying marine microbial communities, especially for
non-culturable microorganisms [9]. However, it is a
destructive method, and it needs time-consuming cell
process. In addition, the mass spectrometry represented
by MALDI-TOF, has been introduced into bacteriology,
showing high identification accuracy [10]. However, it
requires a comprehensive spectral database, and the
tested marine microorganisms should be presented in the
spectral database. Then, it is not suitable to identify
unknown marine bacteria collected from deep ocean
region. Therefore, it is considerably significant to propose
a novel recognition strategy of marine bacteria via a non-
destructive approach with a resolution of single-cell level.

It is generally accepted that, Raman spectroscopy
(RS) including surface enhanced Raman spectroscopy
(SERS) has been confirmed to be a non-destructive analy-
sis method employed for characterizing microorgan-
ism [11], monitoring plasmon-mediated chemical
reactions [12], and controlling food quality [13], and so
forth. For microorganism recognition, the measured
Raman spectra of microorganism strains via confocal RS
are averaged population features, which cannot accu-
rately reveal the individual spectra information. It is gen-
erally accepted that, the heterogeneity of bacteria cells
may exist at a single-cell level, highly depending on vari-
ous colony strains, culture conditions, and other stressful
factors [14]. These stated variables make it difficult for
characterizing bacteria species in a single-cell resolution.
Fortunately, the emergence of LTRS can efficiently solve
this dilemma. LTRS was developed by successfully inte-
grating laser optical tweezers with confocal RS technol-
ogy. Laser optical tweezers can be employed to trap a
single bacteria cell, and confocal RS can be used to collect
the finger-print Raman scattering signal of trapped bacte-
ria cell. Therefore, LTRS has great potential in studying
the heterogeneity of Raman spectra measured from bac-
teria cells with a single-cell resolution [15].

In most microorganism cells, the main components
named primary metabolites are quite similar, such as
nucleic acids, proteins, and lipids, etc. Owing to various
metabolic states, the levels of three main components are
always changing. For some marine bacteria cells, they
can produce high levels of secondary metabolites such as
carotenoids, chlorophyll, and poly-beta-hydroxybutyrate
(PHB). In the later stage of growth, the content of second-
ary metabolites in marine bacteria is even much higher
than that of primary metabolites. Generally, these metab-
olites in a single cell are very few, and it is indeed diffi-
cult for performing the classification and identification of
marine bacteria species only via LTRS technology.

To perform the classification of bacteria, there are
two main classification model based on machine learning
including unsupervised and supervised approaches. Both
principal component analysis (PCA) [16] and hierarchical
cluster analysis (HCA) [17] belong to unsupervised
methods, and they can determine the identical classi-
fication by judging the spectra similarity from different
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bacteria species. In addition, both soft independent
modeling of class analogy (SIMCA) [18] and support vec-
tor machine (SVM) [19] are supervised learning models,
having the functions of training and prediction spectra
data. Unlike unsupervised model, there is one point
needs to be clear is that, prior to prediction, it is required
to define the labels for the training classification model.
After the classification model is well trained, it can be
employed to judge the ascription of new spectra without
being trained. The SIMCA is developed on the basic of
PCA classification results, and it determines the ascrip-
tion of unknown spectra by calculating the distance
between unknown spectra and PCA model. However, for
PCA classification, it mainly depends on the number of
artificially selected principal components. SVM is mainly
employed to deal with linearly inseparable spectra data,
having high prediction accuracy and specificity in binary
classification. However, SVM cannot efficiently deal with
multiple classification issues. Therefore, exploring more
advanced classification algorithms employed for accu-
rately identifying bacteria are highly desirable.

In artificial intelligence (AI) field, machine learning
belongs to a subset of AI. Meanwhile, deep learning is an
advanced evolution of machine learning. In addition,
convolutional neural network (CNN) algorithm is one of

the most popular architectures [20]. Originally, CNN was
successfully employed to extract image features [21].
Afterward, CNN was introduced into spectra analysis
field [22]. To date, CNN combined with Raman spectros-
copy have shown great potential in characterizing micro-
organisms because of its powerful recognition ability
[11a, 23]. It is worth noting that, CNN architecture act as
a black box, and it cannot export the extracted spectra
features directly. Although a host of studies have shown
strong identification ability of CNN, few of them can
reveal the contribution of spectra features for reported
high identification accuracy.

Herein, we proposed a rapid, non-destructive, and
accurate method for identifying marine bacteria with a
single-cell resolution via LTRS combined with CNN
model, as illustrated in Figure 1. The single-cell Raman
spectra dataset was constructed by 750 Raman spectra of
five bacteria, which was randomly divided into two parts:
training (90%) dataset and testing (10%) dataset. The
spectra feature of training (90%) dataset was deeply
learned and memorized by CNN model, and the pre-
dicted dataset was employed to evaluate the classification
performance of optimal CNN model. For the tested
marine bacteria, the averaged prediction accuracy was
approximately 94.93% ± 1.78%. More importantly, a

FIGURE 1 Illustration of rapid and accurate identification of marine bacteria spores using LTRS combined with CNN at a single-cell

resolution. Bacillus marisflavi (MCCC1K02430) is short for B. 2430; Bacillus aryabhata (MCCC1K02966) is short for B. 2966; Bacillus aerius

(MCCC1K02596) is short for B. 2596; Bacillus nealsonii (MCCC1K02951) is short for B. 2951; Bacillus subtilis (CICC63501) is short for

B. subtilis.
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novel approach to reveal the respective classification
weight of Raman spectra features was proposed by intro-
ducing a sliding spectra interval. The visualization plot of
classification weight clearly showed that, these four
Raman bands located at 1518, 1397, 1666, and 1017 cm�1

mainly contribute to such high prediction accuracy of
94.93% ± 1.78%.

2 | MATERIALS AND METHODS

2.1 | Bacterial strains and cultivation
of bacteria spores

In our study, two different culture mediums (Marine broth
2216, Nutrient broth) were employed to cultivate five bacil-
lus strains including Bacillus marisflavi (MCCC1K02430),
Bacillus aryabhata (MCCC1K02966), Bacillus aerius
(MCCC1K02596), Bacillus nealsonii (MCCC1K02951), and
Bacillus subtilis (CICC63501). Agar (1182GR500) was
bought from BioFroxx (Einhausen, Germany). Marine
broth 2216 (212185) purchased from Becton Dickinson
(New Jersey, USA) was employed to cultivate marine bac-
teria strains. Nutrient broth (CM1168) purchased from
Thermo Scientific (Basingstoke, UK) was employed to cul-
tivate Bacillus subtilis (CICC63501), which was bought
from the China Center of Industrial Culture Collection
(CICC). It is worth noting that, the other four marine bac-
teria strains were collected from China Yellow Sea with a
geographic coordinate (77� 310 N, and 69� 190 W in July
2010). In brief, four seawater water samples containing
marine bacteria were collected into 10 liter Niskin bottles
from various depths (MCCC1K02430, 5152 kilometers;
MCCC1K02966, 2.7 kilometers; MCCC1K02596, 3.309 kilo-
meters; MCCC1K02951, 2.3 kilometers). Afterward, these
seawater water samples were rapidly transferred into
50 mL sterile centrifuge tubes and stored at 4�C fridge in
dark condition. To obtain spore-forming marine bacteria,
50 mL seawater were filtered by a nylon filter. The
obtained re-suspension was coated onto marine broth 2216
with 1.5% agar and cultivated at 30�C. Several days later,
single colonies grown on agar medium were extracted and
further cultivated in a new marine broth 2216 with 1.5%
agar. To guarantee the purity of isolated marine bacteria
strains, the process was repeated no less than three times.
The chemical manganese sulfate (MnSO4, Purity ≥99.5%)
was bought from Tianjin Kemiou Chemical Reagent Co.,
Ltd. In all experimental process, the ultra-pure water
(18.2 MΩ/cm) was utilized.

Agar plates composed of 1.87 g marine broth/nutrient
broth, 0.75 g agar, and 0.25 mg MnSO4 were selected to
cultivate bacteria spores for 72 hours at a stable tempera-
ture of 36.5�C. Then, the bacteria spores could be

obtained by centrifugation and washing process, respec-
tively. Finally, the samples of bacteria spores were stored
in a 4�C fridge.

2.2 | Laser tweezers Raman
spectroscopy

To obtain the Raman scattering signal from a single cell,
we built a setup of LTRS system excited by a near-
infrared (NIR) wavelength at 780 nm, as illustrated in
Figure 2. Unlike commercial equipment, only one laser
beam was designed to form an optical well, and the same
laser beam was employed to excite the Raman scattering
of single bacteria spore in optical well synchronously. A
NIR laser beam with a Gaussian profile was coupled into
an inverted microscope setup (TE2000U, Nikon). With
the help of an oil immersion objective (Nikon, 100�,
N.A. = 1.30), the NIR laser beam was focused to form an
invisible optical well. Under the physiological condition,
single bacteria spore can be selected and captured by
shifting the optical well. Meanwhile, the Raman scatter-
ing of trapped bacteria spore can be excited, which was
collected by an oil immersion objective. Finally, the sig-
nal of Raman scattering was coupled into a LS785 spec-
trometer. In addition, phase contrast imaging of trapped
bacteria spore was measured using a CCD (PIXIS 400BR,
Princeton Instruments). The resolution of our home-built
LTRS system was 6 cm �1, which needs to be calibrated
by the standard Raman scattering signal of 2.0 μm poly-
styrene spheres.

2.3 | Spectra measurement and data
process

For each species of bacteria spore, no less than 150 sin-
gle-cell Raman spectra were yielded. The measurement
spectral interval was from 400 to 2000 cm�1, responding
to the finger-print region of spectral feature. The time for
collecting Raman signal was fixed to be 10 s. Prior to
each spectral measurement of bacteria spore, the excita-
tion laser was shut off. In addition, three Raman spectra
from background were also measured. Using self-
compiled Matlab code, the obtained Raman spectra of
bacteria spores were preprocessed by subtracting the
background spectra, and correcting spectra baseline,
respectively. Then, the preprocessed Raman spectra data
were performed by a normalization method. Finally, a
Raman spectra dataset containing no less than 750 sin-
gle-cell Raman spectra of five species of bacteria spore
was constructed. To compare with the Raman scattering
signals obtained by LTRS, the population Raman spectra
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of precipitation from five bacteria spores were measured
by a confocal Raman spectrometer with an excitation
wavelength of 532 nm.

2.4 | Atomic force microscopy (AFM)
imaging of bacteria spore

To characterize the topological morphology of five bacteria
spores, AFM images of five bacteria spores were measured
by a Bioscience AFM system (NanoWizer 4, Bruker, USA).
In brief, bacteria spore suspension was deposited onto
a ploy-coated slide, and was dried for 1 h at home

temperature. Afterward, the ploy-coated slide was fixed by
sample holders. The AFM probe was made of a silicon tip
having a resonance frequency of 320 kHz and an elasticity
coefficient of 42 N/m. All the AFM images were scanned
via a frequency of 1.0 Hz.

2.5 | Bacteria spore identification

The CNN model employed for bacteria spore classifica-
tion was proposed, as shown in Figure 3. It contains
seven principal components: an input layer, two convolu-
tional layers, two max pooling layers, a fully-connected

FIGURE 2 The built of LTRS

with a single-cell resolution. BF,

band filter; CCD, charge-coupled

device; DM, dichroic mirror; L,

lens; L, laser source; LED, Light-

emitting diode; M, mirror; NF, notch

filter; O, objective; S, spectrometer.

FIGURE 3 Illustration of CNN configuration.
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layer and an output layer. It is worth noting that, input
layer can randomly select 90% of the total Raman spectra
dataset as training set, and the remain spectra data were
automatically categorized as testing set. The purpose of
convolutional layer was introduced to extract spectra fea-
tures by controlling the kernel sizes. In this study, the
kernel size was set to be 1 � 3. In addition, the number
of filters in the first convolution layer was fixed to be
16, and the number of filters in the second convolution
layer was fixed to be 64. Then, the spectra dataset was
propagated to the max pooling layer with a filter size of
1 � 2. Here, the function of max pooling layer was to
decrease the number of parameters and hold the feature
maps. With help of both two convolutional layers and
max pooling layers, a fully-connected layer was intro-
duced to transform multi-dimensional data into one-
dimensional data. Finally, the maximum probability of
prediction dataset was output via a confusion matrix.

To show the superiority of our CNN model, conven-
tional machine learning methods were also employed to
process the same Raman spectra dataset. It is well-known
that, conventional machine learning approaches includ-
ing PCA, HCA, SIMCA, and SVM, are classical methods
to achieve classification or pattern recognition. In PCA
model, seven principal components were selected to
extract the spectra features, and the scores of three prin-
cipal components (PC-1, PC-2, PC-3) were depicted in a
three-dimensional space. For HCA, the Euclidean dis-
tance was employed to classify five bacteria spores, and
the classification tree was plotted. For both SIMCA and
SVM, the Raman spectra dataset was divided into two
parts: training set (90%), and testing set (10%). As SIMCA
was performed based on various PCA models, the Coo-
mans' plots defining as the distance between unlabeled
Raman spectra data to well-trained PCA models could be

obtained. For SVM, the confusion matrix was employed
to evaluate the prediction classification performances.

3 | RESULTS AND DISCUSSION

3.1 | Average single-cell Raman spectra
of bacteria spores

Figure 4 exhibits the averaged single-cell Raman spectra
originating from five bacteria spores including Bacillus
marisflavi (MCCC1K02430), Bacillus aryabhata
(MCCC1K02966), Bacillus aerius (MCCC1K02596), Bacil-
lus nealsonii (MCCC1K02951), and Bacillus subtilis
(CICC63501), respectively. It can be found that, the
single-cell Raman spectra from identical specie of bacte-
ria spores have a tiny heterogeneity, due to the heteroge-
neity of individual spore, which is beneficial for
developing the robustness of CNN model. More impor-
tantly, the obtained Raman spectra from single cell could
reveal real-time signals on intracellular compounds. For
example, Ca2+-dipicolinic acid (Ca-DPA) is a typical bio-
marker in bacteria spore, whose Raman bands mainly
locate at 660, 826, 1017, 1397, 1449, and 1576 cm�1, as
listed in Table 1. Unlike the Bacillus subtilis (CICC63501)
specie, the four marine bacteria spores (MCCC1K02430,
MCCC1K02966, MCCC1K02596, and MCCC1K02951)
can synthesize the carotenoids. Moreover, there are
strong Raman scattering signals of carotenoids (Table 1)
located at 1158, and 1518 cm�1, respectively. In addition,
we also observed a relatively weak Raman band
1666 cm�1, which belongs to vibration of Amide I (pro-
tein). To show the superiority of LTRS, the population
Raman spectra of precipitation from five bacteria spores,
was shown in Figure S1. Obviously, the Raman scattering

FIGURE 4 Typical single-cell

Raman spectra of five bacteria

spores. The excitation wavelength is

780 nm, and the measurement time

is 10 s.
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signals of Ca-DPA in four marine bacteria spores were
significantly weakened. Moreover, compared with single-
cell Raman spectra of bacteria spores, the signal-to-noise
ratio (SNR) of population Raman spectra was poor.
Therefore, single-cell Raman spectra approach can pro-
vide more rich information on intracellular compounds

than confocal Raman spectroscopy. In addition, the mor-
phology of five bacteria spores was characterized by AFM
approach, as shown in Figure S2. It clearly showed that,
it is also impossible to accurately recognize bacteria
spores only via topological morphology method. For our
obtained single-cell Raman spectra of bacteria spores, it
is easy to distinguish the Bacillus subtilis from other four
marine bacteria spores via the production of carotenoids.
However, it is still difficult to recognize the four marine
bacteria spores, because they have almost identical
Raman features. Thus, it is significant to propose a novel
strategy for classifying marine bacteria with high identifi-
cation accuracy.

3.2 | Photodamage effect on marine
bacteria

It is generally accepted, NIR laser is considered to pro-
duce little photodamage for biological samples. However,
the carotenoids in living marine bacteria spores have
shown strong light sensitivity, and it is easy to rapidly
degrade the carotenoids using the laser irradiation with
high power. Therefore, it is still necessary to remove the
spectra difference caused by photodamage. Under confo-
cal conditions, the power on samples was approximately
8 mW. Here, we counted a batch of time-dependent
Raman spectra of five bacteria spores in single-cell level,
as depicted in Figure 5 and Figure S3. In a short measure-
ment time of 20 s, a batch of single-cell Raman spectra
were collected by every 1 s. Figure 5A showed that, the

FIGURE 5 Photodamage effect on bacteria spores. (A) Time-dependent Raman spectra of Bacillus marisflavi (MCCC1K02430) cell

measured by LTRS on various time points in single-cell analysis. The total collection time is 20 s, and the collection time of each Raman

spectrum is 1 s. The laser power of 780 nm on sample is approximately 8 mW. (B) Statistic average intensity of three Raman bands at 1017,

1158, and 1518 cm�1. For each bacteria species, no less than 20 cells were counted.

TABLE 1 Assignment of typical Raman bands in bacteria

spores [24].

Raman
band (cm�1) Assignment Vibration mode

660 Ca-DPA Bending vibration of C C in
pyridine ring

826 Ca-DPA Out-of-plane deformation of
C H

1017 Ca-DPA Symmetric stretching of
pyridine ring

1158 Carotenoids Stretching vibrations of C C
and C C

1397 Ca-DPA Symmetric stretching of
O C O

1449 Ca-DPA Symmetric bending of C H
in pyridine ring

1518 Carotenoids Stretching vibrations of C C
and C C

1576 Ca-DPA Asymmetric stretching of
O C O

1666 Protein Vibration of Amide I
(beta-sheet)

HU ET AL. 7 of 11
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relative intensity of Raman band at 1017 cm�1 ascribed
to Ca-DPA of a single cell was stable with increasing laser
irradiation time. In addition, there was no significant
change in two Raman bands (1158 and 1518 cm�1)
belong to carotenoids. Moreover, we calculated the averaged
intensity of three Raman bands (1017, 1158, and 1518 cm�1)
based on 20 Bacillus marisflavi (MCCC1K02430), as shown
in Figure 5B. It can be found that, the Raman intensity of
single-cell analysis method is in accordance with the statis-
tics result of 20 cells. Similar observations are also found for
other four bacteria spores, as illustrated in Figures 5B and
S3. In all, it indicates that the 780 nm laser with 8 mW
showed little photodamage effect on bacteria spores, espe-
cially for marine bacteria spores.

3.3 | Bacteria spore identification with
high sensitivity and specificity via CNN

To achieve high accuracy identification of five bacteria
spores, the CNN architecture was employed to recognize
the feature information on Raman spectra dataset from
five bacteria spore species. Considering that the obtained
Raman spectra data were one-dimensional data arrays,
one-dimensional CNN model was selected. For a dataset
containing Raman spectra with a number of 750, 90% of
them was introduced into CNN architecture for training
to obtain a best taxonomic model. The remained Raman
spectra were automatically categorized into testing data-
set. In the process of training, both loss function and gra-
dient descent optimization algorithm play essential roles
in obtaining an optimal taxonomic model. For example,

if the loss function from validation dataset begin to show
an upward trend, it may be overfitted. And if the selected
learning rate is not appropriate, it is possible to be
trapped in a local optimal solution. Therefore, it is vital
to control the training epochs and determine an appro-
priate gradient descent optimizer. Generally, the loss
function on both training and validation datasets is an
important indicator for monitoring the overfitting during
the CNN training process [21]. For example, if the loss
function of training dataset is obviously lower than the
validation dataset, it is likely to be overfitting. In addi-
tion, if the loss function of validation dataset tends to be
a rising state, the overfitting is also likely to occur.

In our study, we selected an adaptive moment estima-
tion (Adma) function with three parameters (β1 = 0.9,
β2 = 0.999, and learning rate = 0.00005) to optimize the
CNN model. And the validation dataset was randomly
selected 20% of the training dataset through the calcula-
tion code. When the training epochs was fixed to be
100, the prediction accuracy was 78.67%, as shown in
Figure S4A,B. The loss function showed that, the
obtained CNN model was underfitting. However, the pre-
diction accuracy was relatively poor. As the training
epochs was increased to be 200, the prediction accuracy
was developed to be 86.67% (Figure S4C,D). Meanwhile,
the CNN model was still underfitting. Next, as the train-
ing epochs was further increased to be 300, both training
and validation loss function exhibited a stable state, as
depicted in Figure S4E. At the same time, the curve of
training loss function was smaller than the validation
loss. Moreover, the accuracy of both training and vali-
dation loss tended to be in a stable state (Figure S4F).

FIGURE 6 (A) Prediction accuracy of five bacteria spores obtained by running our optimal CNN model one time at 300 epochs. Noting

that, the abbreviations such as B. 2430, B. 2596, B. 2951, B. 2966, and B. subtilis stand for Bacillus marisflavi (MCCC1K02430), Bacillus

aryabhata (MCCC1K02966), Bacillus aerius (MCCC1K02596), Bacillus nealsonii (MCCC1K02951), and Bacillus subtilis (CICC63501),

respectively. (B) High sensitivity and specificity provided by our proposed CNN architecture.
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It suggested that, the optimal CNN model has shown no
obvious indicator of both underfitting and overfitting.
More importantly, the prediction accuracy was enhanced
to be 96%, as shown in Figure 6A. In addition, more
larger training epochs such as 500, 1000, 1500 were also
studied to examine the overfitting of CNN model, as illus-
trated in Figure S5. It can be found that, the curves of
validation loss function were obviously unstable, indicat-
ing that the CNN model began to be overfitting as the
training epochs were more than 500. Finally, the optimal
CNN model at 300 epochs was repeated by 100 times, an
average classification accuracy of 94.93% ± 1.78% can be
obtained.

To determine the specificity and sensitivity of our pro-
posed CNN model, the receiver operating characteristic
(ROC) curve was plotted in Figure 6B. For the five bacte-
ria spores, the averaged area under ROC curve was larger
than 0.99, suggesting that the optimal CNN architecture
can identify five bacteria spores, due to both high speci-
ficity and high sensitivity.

To compare the superiority of CNN with high specificity
and sensitivity, conventional machine learning approaches
(PCA, HCA, SIMCA, SVM) were also employed to study
the same Raman spectra datasets. For PCA, the total score
from three maximum principal components (PC-1, PC-2,
and PC-3) was determined to be 94%, as shown in
Figure S6. However, the 3D plot of three maximum princi-
pal components clearly showed that, except for Bacillus sub-
tilis, other four marine bacteria spores were closely gathered
together. It indicated that, PCA approach cannot effectively
classify five bacteria spores. Based on four PCA classification
models, SIMCA (Figure S7) showed an average prediction
accuracy of 40% and 41%, respectively. Using HCA model, a
host of Raman spectra from five bacteria spores were unex-
pectedly categorized into one cluster, as shown in Figure S8.
For the SVM method, the average classification and predic-
tion accuracy was 50.67% and 56%, respectively (Figure S9).

Here, we can conclude that, LTRS integrated with CNN
method can realize accuracy identification of bacteria
spores.

3.4 | Classification weight extraction
based on occluded Raman bands

Although our optimal CNN architecture can efficiently
identify five bacteria spores, we don't know which feature
information should contribute to yielding such high spec-
ificity and sensitivity. Indeed, CNN has proven its strong
recognition ability, but implicitly covers useful spectra
features at the same time. To reveal and extract this fea-
ture information hidden in the black box of CNN, we
proposed a novel algorithm named occluded Raman
band approach to evaluate the weights of spectra fea-
tures, as shown in Figure 7A. For each typical Raman
band from 400 to 2000 cm�1, we chose a sliding window
to occlude it. Then, the prediction accuracy was calcu-
lated by running CNN model at least 10 times. It can be
assumed that, a typical Raman band occluded by a slid-
ing window produce a relatively large effect on the pre-
diction accuracy of CNN model, and it is very likely to
facilitate the precise identification of five bacteria spores.
Here, the prediction accuracy of original spectra was
defined as POri, and the prediction accuracy of occluded
Raman bands was called as POcc. Then, the relative
weights of occluded Raman bands can be calculated by
an equation (C¼ POri�POcc

POri
�100%). Based on the relative

weights, the contribution of occluded Raman bands can
be visually plotted, as shown in Figure 7B and Table 2. It
clearly showed that, according to the relative classifica-
tion weight arranged from large to small, these four
Raman bands located at 1518, 1397, 1666, and 1017 cm�1

mostly contributed to such high specificity and sensitiv-
ity. According to the assignment of Raman bands, these

FIGURE 7 Illustration of classification weight extraction based on an occluded Raman band algorithm. C, contribution; POcc, prediction

accuracy of occluded spectra; POri, prediction accuracy of original spectra. The contribution value is the averaged contribution by running

the CNN model more than 10 times. After obtaining the contribution of each occluded Raman band, the contribution value was normalized

into an interval of [0, 1].
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differences in spectra features of five bacteria spores are
mainly focused on intracellular compounds: carotenoids,
Ca-DPA, and amide I.

4 | CONCLUSION

In this work, we proposed a novel approach to identify
marine bacteria using LTRS combined with CNN model
at a single-cell resolution. LTRS can measure real-time
spectral information for intracellular compounds includ-
ing Ca-DPA, carotenoids, and amide I. Compared to con-
ventional machine learning methods, our proposed CNN
model can realize a high prediction accuracy of 94.93%
± 1.78% for five bacteria spores. To figure out the contri-
bution of spectra features, a novel method of classifica-
tion weight extraction named occluded Raman band was
proposed. Based on the relative classification weight
arranged from large to small, the contribution from four
Raman bands located at 1518, 1397, 1666, and 1017 cm�1

mainly facilitate identification of five bacteria spores. It
can be expected that, our approach will provide a novel
method for identifying unculturable marine bacteria with
high accuracy, specificity, and sensitivity in future.
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