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a b s t r a c t

Deep learning neural network incorporating surface enhancement Raman scattering technique (SERS) is

becoming as a powerful tool for the precise classifications and diagnosis of bacterial infections. How-

ever, the large amount of sample requirement and time-consuming sample collection severely hinder its

applications. We herein propose a spectral concatenation strategy for residual neural network using non-

specific and specific SERS spectra for the training data augmentation, which is accessible to acquiring

larger training dataset with same number of SERS spectra or same size of training dataset with fewer

SERS spectra, compared with pure non-specific SERS spectra. With this strategy, the training loss ex-

hibit rapid convergence, and an average accuracy up to 100% in bacteria classifications was achieved with

50 SERS spectra for each kind of bacterium; even reduced to 20 SERS spectra per kind of bacterium,

classification accuracy is still >95%, demonstrating marked advantage over the results without spectra

concatenation. This method can markedly improve the classification accuracy under fewer samples and

reduce the data collection workload, and can evidently enhance the performance when used in different

machine learning models with high generalization ability. Therefore, this strategy is beneficial for rapid

and accurate bacteria classifications with residual neural network.

© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Bacterial infections have become a major concern for the global

health. Different bacteria lead to diverse symptoms such as mild

gastrointestinal inflammation, wound infections and severely lethal

diseases, badly threating to human health [1,2]. With the increas-

ing bacterial infection, new challenges have emerged in the treat-

ments. It leads to overuse of antibiotics, which further affects the

success and cost of treatment [3]. The clinical gold standard of

blood culturing method exhibits high accuracy in bacterial inspec-

tion but low efficiency and time-consuming [4,5]. The patient have

to accept broad-spectrum antibiotics treatment prior to the diag-

nosis results [6], which is actually unnecessary for every patient.

Therefore, rapid, accurate and sensitive diagnosis have become ex-

tremely urgent in public health and medical areas.

∗ Corresponding author.

E-mail address: zhgyang@szu.edu.cn (Z. Yang).
1 These authors contributed equally to this work.

Deep learning neural network based artificial intelligent have

recently become a powerful analytic tool incorporating with sen-

sitive detect techniques, such as multiparametric MRI for cancer

diagnosis [7–12]. Surface-enhanced Raman Scattering (SERS) tech-

nique [13–17] is capable of detection of low abundance of tar-

gets with rapid response and high sensitivity, which exhibits ex-

cellent performance in tiny difference identifications between clin-

ical specimens from the fingerprint information [18–21]. And deep

learning algorithms using for SERS spectra have showed promis-

ing capability in bacteria and cancer classifications with high pre-

cision [22,23]. However, deep learning neural networks usually re-

quire for large training datasets to facilitate for accurate diagnosis

[24], but generally spend long time for the sample collections and

consume a lot of workloads to carry out the SERS spectral mea-

surements. Therefore, it is necessary to develop new method for

deep learning with small training dataset without reduction of the

classification accuracy.

https://doi.org/10.1016/j.cclet.2024.109884
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Scheme 1. Schematic diagram of non-specific/specific SERS spectral acquisition. (a) Procedure for AuNPs preparation and non-specific SERS spectra acquired by interaction of

AuNPs and bacterial samples. (b) The functionalization of AuNPs by 4-mercaptophenylboronic acid and specific SERS spectra acquired by covalent interaction of phenylboronic

acid with the diol groups in the surface of bacteria.

To address above issues, we herein propose a new strategy of

SERS spectral concatenation for residual neural network to achieve

rapid and precise bacteria classification with few samples, of which

the training dataset with enhanced information abundance can be

acquired by data concatenation from randomly selection of non-

specific and specific SERS spectra. In this work, we first mea-

sured non-specific/specific SERS spectra from the interaction of

gold nanoparticles (40nm AuNPs)/4-mercaptophenylboronic acid

fabricating gold nanoparticles (80nm AuNPs@4MPBA) and bacteria

samples (11 species), respectively. Non-specific SERS spectra pro-

vide universal features and background information, while specific

SERS spectra offer unique feature of a peptidoglycan on the bac-

terial surface, enabling specific enhancement through the change

of Raman intensities at feature peaks (Scheme 1) [25–27]. By com-

bining both SERS spectra, the resulting dataset contains more com-

prehensive representation of the sample with diverse information.

With increasing information content of training, validating and

testing dataset, the residual deep learning algorithms can extract

more feature information for precise spectral analysis, which help

to perform high precision of bacterial classifications with fewer

samples and robust analysis of disparate data [28]. In addition, the

method can accelerate the training convergence, beneficial for fast

training and accurate diagnosis.

Bacterial suspension (1mL) was removed from the blood cul-

ture bottles and centrifuged at 1200 rpm/min for 5min, the su-

pernatant was discarded and the sediment was dispersed in 500

μL of sterile water. The solution should be freshly prepared be-

fore the experimental test. The obtained AuNPs solution (10 μL)

was mixed with the bacterial solution (10 μL), and suspended at

room temperature for 30min. And the 4-MPBA@AuNPs solution

(10 μL) was added into the bacterial solutions (10 μL) to place

into a water bath at 37 °C for a while, which make sure the occur-

rence of the reaction between AuNPs@4-MPBA and bacteria. The

4-mercaptophenylboronic acid is readily to covalently bind with

vicinal diol groups of the saccharide on the surface of the bacte-

ria. The mixture of AuNPs and bacteria obtained was pipetted a

small amount of solution drops onto the gold-plated sheet to dry

it naturally. The SERS spectra were acquired using a 785 Raman

spectrometer with the laser power set to 33mW and the integra-

tion time to 5 s. Non-specific spectral acquisition was performed

on the dried samples, and 10 positions were randomly selected to

take the non-specific SERS spectra for each sample, which help to

acquire the complete features. In contrast, the reaction mixture of

4MPBA@AuNPs and bacteria was subsequently measured to pro-

vide specific SERS spectra. In total, 550 non-specific spectra and

550 specific spectra from 11 bacterial species were collected as the

experimental method, and the bacteria samples were provided by

Mindray Bio-medical Electronics Co., LTD. The species of the bacte-

ria samples can be seen in Table S1 (Supporting information).

Gold nanoparticles (AuNPs, 40 and 80nm in size) were first pre-

pared by the reduction of chloroauric acid with different amounts

of trisodium citrate in the boiling water (Supporting informa-

tion). And the obtained AuNPs was uniformly dispersed in wa-

ter with an ellipsoidal shape characterized by a TEM (Fig. 1a

and Fig. S1 in Supporting information) and UV absorption spec-

tra (Fig. S3 in Supporting information). Then, 4-mercaptopyridine

(4-MPy) was utilized to test the sensitivity of AuNPs to be ca. 0.9

μmol/L (Fig. 1b), indicating the quantified enhancement of AuNPs.

In addition, 80nm-sized AuNPs were further fabricated with 4-

mercaptophenylboronic acid (AuNPs@4MPBA), which was verified

by SERS spectral variations and FTIR spectra (Fig. S2 in Supporting

information). It can be seen typical feature peaks for the phenyl,

C-S, C-B bonds at the range of 500–1600 cm−1 and there is a vi-

brational peak of BO–H at 3420 cm−1 in Fig. S2b (Supporting in-

formation), which means that 4MPBA successfully anchored to the

surface of AuNPs. And for the gold nanoparticles without modi-

fications, it can be also observed some small peaks in the same

region, ascribed to the binding of ascorbate in the preparation of

the gold nanoparticles. Two featuring peaks of phenylboronic acid

were found at 1060 and 1560 cm−1 with the signal enhancement

of Rhodamine 6G, which indicates the 4-MPBA successfully an-

chored to the surface of the AuNPs (Fig. 1c). Moreover, the Ra-

man intensity at 1060 cm−1 and 1560 cm−1 was increased with

the titration of glucose, which show high sensitivity and selectiv-

ity of AuNPs@4-MPBA to sugars (Fig. 1d). All the results demon-

strate that both AuNPs (40nm) and AuNPs@4-MPBA (80nm) can

be employed for the non-specific and specific SERS measurement

of bacteria specimen, respectively.

The non-specific and specific SERS spectra were acquired from

11 kind of bacteria to make up the training dataset, which were

measured upon the interaction of bacteria samples with AuNPs

(40nm) and AuNPs@4-MPBA (80nm), respectively. Each bacte-
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Fig. 1. The characterization of AuNPs and AuNPs@4MPBA using TEM and SERS spectra. (a) TEM image of AuNPs showing ellipsoidal morphology. (b) Detect sensitivity of

AuNPs to 4-MPy, laser power: 33mW and the integration time: 5 s. (c) SERS test of AuNPs@4-MPBA on Rhodamine 6G (R6G), with characteristic peaks appearing at 1067

and 1560 cm−1, and also exhibiting a non-specific enhancement effect. (d) SERS spectral titrations of AuNPs@4-MPBA with glucose with feature peak changes at 1067 and

1560 cm−1.

Fig. 2. SERS spectra of different bacteria interaction with AuNPs and AuNPs@4MPBA, respectively; and peak identifications of the SERS spectra. (a) The non-specific SERS

spectra of AuNPs interaction with 11 bacteria. (b) The specific SERS spectra of AuNPs@4MPBA interaction with 11 bacteria. (c) Non-specific SERS spectral identification of

AuNPs interaction with 11 bacteria. Klebsiella oxytoca (K. oxytoca), Salmonella, Staphylococcus lugdunensis (S. lugdunensis), Staphylococcus warneri (S. warneri), Streptococcus

agalactiae (S. agalactiae), Staphylococcus pyogenes (S. pyogenes), Listeria monocytogenes (L. monocytogenes), Bacillus cereus (B. cereus), Legionella pneumophila (L. pneumophila),

Indole-Positive Proteus (IP. Proteus), Pasteurella multocida (P. multocida).

ria sample was measured for 10 spectra every time (five times

in total finished in 5 days). In the experiment, the mixture of

AuNPs and AuNPs@4-MPBA with bacteria solution were dripped

onto slides coated with 200nm-thick gold film and dry natu-

rally (Fig. S4 in Supporting information) and were measured un-

der the excitation laser power of 33mW with the integration

time of 5 s. Each bacterium was continuously tested for 5 days

to offer a comprehensive data. From the non-specific SERS spec-

tra (Fig. 2a), tiny difference can be observed at all peaks, which

is difficult to distinguish through traditional methods. Meanwhile,

the specific SERS spectra were collected under the same exper-

imental conditions using AuNPs@4-MPBA (Fig. 2b). From both

SERS spectra, it can be found that the SERS spectra from the

same bacteria show slight changes in different measurements.

And the peaks at the SERS spectra are identified to the biolog-

ical targets, such as proteins, DNA, amino acids (Fig. 2c). The

spectra show differentiable changes at the featured peaks with

the interaction of bacterial peptidoglycan. Different SERS intensity

can be obtained when adding different bacteria species into the

nanoparticle solution. However, the specific SERS intensity is not

enough to represent all features for bacteria identifications. There-

fore, the combination of both specific and non-specific SERS spec-

tra can increase information abundance for precise classification

when used for deep learning algorithms (Fig. S7 in Supporting

information).

To perform the deep learning analysis of SERS spectra, a resid-

ual deep learning neural network was constructed with data-

pretreatment layer, six residual blocks, CNN (1D) layers, batch nor-

malization (1D) layers, fully connected layers and a Softmax func-

tion output layer [23]. Prior to the feature extraction through con-

volutional layers, the specific and non-specific SERS data were pre-

treated for background perturbation subtraction and baseline cor-

rections using the airPLS algorithm and data concatenations (along

with dim=1) of randomly selected non-specific and specific SERS

spectrum, respectively. This procedure can increase the data qual-

ity with more information content. And then the obtained concate-
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Fig. 3. Schematic diagram of the residual neural network. A residual block consisting of 1 initial convolutional layer, 6 residual modules and a dropout layer.

nated spectral data were prepared for training, validating and test-

ing dataset. The training dataset was input into the convolutional

layers to extract the local features, which helps to capture the ex-

act information such as peaks and troughs in the spectrum to en-

hance the classification ability. The residual layer allows informa-

tion from the previous layer directly passing to the subsequent lay-

ers through jump connections, thus maintaining a steady transfer

of important features. And six residual layers were introduced into

the present network to acquire deep features to mitigate the gra-

dient vanish during back propagation, which can train the network

model more efficiently to avoid the overfitting. And a dropout layer

was incorporated into the neural network to enhance the gener-

alization ability by randomly dropping some neurons, which help

to prevent the model from overdependence on specific data and

to exclude overfitting. Last, the extracted high-level features are

mapped to the final category label space using the fully connected

layer, and the probability is normalized by the Softmax function to

show the predicted probability of each category (Fig. 3).

To approve the feasibility of SERS spectral concatenation strat-

egy utilized in the residual deep learning model, the dataset with

different compositions were introduced into the neural network for

the performance comparison. Initially, 11 kinds of bacteria were se-

lected to do the non-specific and specific SERS measurements with

signal enhanced by AuNPs and AuNPs@4-MPBA, respectively. Each

bacterial sample was taken for 10 specific and 10 non-specific SERS

spectra every time and was measured successively for 5 times (one

time per day, 5 days in total), which 100 SERS spectra can be ob-

tained for each bacterium and 1100 spectra were accessible in to-

tal. Then the obtained dataset (6875 spectra at most) was splic-

ing by 50 SERS spectra randomly selected from the experimental

data (50 pure non-specific SERS spectra, or 25 non-specific and 25

specific SERS spectra from each of the 11 bacterial species, respec-

tively). And the concatenated dataset was randomly shuffled and

equally divided into two parts: One part was further split into the

training and validation dataset as the assigned ratio; and the other

was used as the testing dataset for model training and evaluation.

From training/validation loss curve in Fig. 4a, the dataset com-

posed of 25 non-specific and 25 specific spectra shows the fastest

convergence to reach the optimal performance metrics at the 7th

epoch with the final validation accuracy higher up to 100% (Fig.

4b). In contrast, the data was obtained from 50 pure specific or

non-specific SERS spectra, for 30 training epochs, the model can-

not reach convergence until 20th epoch (green plot in Fig. 4c) with

a validation accuracy of 93.5% (orange curve in Fig. 4d). And differ-

ent SERS spectral concatenations was further performed to prove

good performance and significant improvements to bacterial clas-

sification (Fig. 4e). Additionally, the present method was also per-

formed with small dataset of 10 spectra concatenated by 5 non-

specific and 5 specific SERS spectra, independently, of which the

training loss showed slower convergence and the test accuracy is

still up to 97.8%, much higher than that of 10 pure non-specific

SERS spectra (Figs. S10-S17 in Supporting information). Therefore,

the proposed strategy presents better performance in the classifi-

cation accuracy using smaller sample size, which enable the reduc-

tion of training dataset for deep learning model. This will help to

save the workload of data acquirement and to shorten the time for

sample collection.

The superiority of the residual deep learning model trained

under present condition was further exploited on extra samples.

From the 11 bacteria species, 10 SERS spectra for each bacterium

were measured every day in the period of 5 days to make up the

dataset. And 40 non-specific SERS spectra for each bacterium mea-

sured in 4 days were randomly selected for the training dataset,

and 10 SERS spectra left measured in the 5th day were used for

the extra test dataset. And then, 20 non-specific spectra and 20

specific spectra from each bacterium acquired in the 4 days were

randomly selected to concatenate alongside dim=1 for the train-

ing dataset, and 10 non-specific and 10 specific SERS spectra for

each bacterium obtained in the 5th day were concatenated for the

test dataset. The two group of datasets were input into the neural

network for the training procedure upon data pretreatment; it can

be seen from the confusion matrix in Figs. 5a and b, the training

accuracy using only 40 non-specific spectra is 83.6%, and the com-

bination of 20 non-specific and 20 specific SERS spectra is 96.3%,

which exhibit higher accuracy and faster convergence in training

stage, even in the case of few samples. Furthermore, we also calcu-

lated the t-distributed stochastic neighbor embedding (t-SNE) plots

with the training results from the two methods, which are com-

monly used in biological classifications. If the stronger the correla-

tion between two categories, the closer they are presented on the

plots; on the contrary, the two categories are far away from each

other. As shown in Figs. 5c and d, it can be poorly classified us-

ing only non-specific spectra, of which some category points are

still overlapping to each other. In contrast, the precise classifica-

tions using the spectra concatenation was achieved with each cat-

egory separated far away from each other and the same categories

clustered together. And the detection sensitivity of the latter is also

higher than that of the former (Fig. 5e).

We further compressed the training dataset by splicing 10 non-

specific and 4 specific SERS spectra extracted from the 40 spectra,
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Fig. 4. Training and validation plots of loss and accuracy with different spectral concatenation ratios. (a) Training loss curves of 30 epoch training using 25 non-specific

spectra and 25 specific spectra concatenated alongside dim=1 to produce a total of 6875 spectra (25×25×11). (b) Training accuracy curves of 30 epoch training using 25

non-specific spectra and 25 specific spectral concatenation. (c) Training loss curves of 30 epoch training using 550 non-specific spectra. (d) Training accuracy curves of 30

epoch training using 550 non-specific spectra. (e) The performance metrics for different concatenations.

Table 1

Individual model network metrics.

NPs AuNPs AuNPs@4MPBA+AuNPs

Model Precision Recall Specificity Train accuracy Test accuracy Precision Recall Specificity Train accuracy Test accuracy

Resnet 0.918 0.904 0.988 1.00 0.884 0.996 0.996 0.999 1.000 0.996

VGG-16 0.716 0.712 0.969 0.822 0.688 0.823 0.864 0.986 0.883 0.862

SVM 0.937 0.948 0.994 1.000 0.935 1.000 1.000 1.000 1.000 1.000

Dec-Tree 0.738 0.744 0.971 1.000 0.710 0.993 0.993 0.999 1.000 0.999

KNN 0.750 0.746 0.971 0.898 0.703 0.982 0.987 0.998 0.998 0.980

both the new dataset contained 40 combined SERS spectra at the

same size with the pure 40 non-specific SERS, and remaining the

same size of test set (Fig. S9 in Supporting information). The final

classification accuracy was calculated to be 93.6%. The reduction of

the training set did not deteriorate the overall performance of the

model, all of which the concatenation of non-specific and specific

SERS spectra increases the information abundance and the feature

number to ensure the high classification accuracy. Last, to test the

adaptability of the model on unknown samples, we collected the

SERS spectra of new bacteria of the same species, each of which

was collected 20 non-specific spectra and non-specific spectra and

was divided to make training and test dataset and concatenated

into 1100 spectra. The new training dataset was mixed with the

previous training dataset, while the test dataset was operated in

the same way and the model was retrained and tested with a

classification accuracy up to 98% as seen in the confusion matrix

(Fig. S18 in Supporting information), demonstrating that the model

trained by this method can be well applied to new datasets with

good adaptability.

To further explore the broad applicability of the present method

in different algorithms, we selected 25 non-specific SERS spectra,

as well as a dataset acquired from the concatenation of 10 spe-

cific and 10 non-specific SERS spectra to test different algorithms,

including ResNet, VGG-16, and traditional machine learning mod-

els such as support vector machine (SVM), Decision-Tree, and K-

Nearest Neighbor (KNN). The experimental results clearly revealed

that the spectral concatenation method show marked improve-

ment in the training/test accuracies as well as the correspond-

ing metrics (precision, recall and specificity), which proved the

excellent generalization ability of the proposed strategy in both

deep learning models and traditional machine learning models

(Table 1).

In conclusion, a new strategy of non-specific and specific SERS

spectral concatenation was developed to pretreat the training data

fit for deep learning neural network. Upon background subtraction

and baseline correction using airPLS algorithm, the SERS spectra

were selected to splice along with assigned dimension to increase

information abundance, which showed faster convergence and bet-

ter performance metrics than pure non-specific SERS data when in-

put into the residual neural network. Compared with non-specific

SERS spectra (50 spectra), the same amount of 25 non-specific-

25 specific SERS spectra (50 spectra) can provide larger amount

of concatenated spectra (625 spectra) with large increase of fea-

ture information content; And the same size of concatenated spec-

tra (50 spectra) can be obtained by the combination of 10 non-

specific and 5 specific SERS spectra (15 spectra), which achieve to

offer large amount of training data with fewer sample or markedly

save workload and time for sample collection. With this strategy,

we achieved to perform the bacteria classification with high accu-

racies (100% in model training, 96.3% in extra test of large sam-

ple size and 93.6% in extra test of small sample) and faster con-

vergence in training process, proved the feasibility of the strategy

with smaller sample size. Not only that, the model trained using

this method can also be well applied to the new dataset, and the

new model can be retrained with only a slight modification of

the dataset. Moreover, it can be generally incorporate with diverse

machine learning algorithms with marked increase of performance

metrics, which improve the performance of traditional deep learn-

ing models incapable of precise and rapid analysis without enough

samples.
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Fig. 5. Confusion matrix for the non-specific SERS spectra alone and non-specific/specific SERS spectral concatenation and dataset processing. (a) Testing of extra unknown

samples using the trained model with non-specific spectra. (b) Testing of extra un-known samples using a trained model with the spectral concatenation of non-specific

and specific spectra. (c) t-SNE plot for test classification using models trained with non-specific spectra. (d) t-SNE plot for test classification using models trained with the

spectral concatenation of non-specific and specific spectra. (e) The sensitivity obtained by the methods.
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