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Abstract: Advanced Raman spectroscopy (RS) systems have gained new interest in the field of
medicine as an emerging tool for in vivo tissue discrimination. The coupling of RS with artificial
intelligence (AI) algorithms has given a boost to RS to analyze spectral data in real time with high
specificity and sensitivity. However, limitations are still encountered due to the large amount of
clinical data which are required for the pre-training process of AI algorithms. In this study, human
healthy and cancerous colon specimens were surgically resected from different sites of the ascending
colon and analyzed by RS. Two transfer learning models, the one-dimensional convolutional neural
network (1D-CNN) and the 1D–ResNet transfer learning (1D-ResNet) network, were developed
and evaluated using a Raman open database for the pre-training process which consisted of spectra
of pathogen bacteria. According to the results, both models achieved high accuracy of 88% for
healthy/cancerous tissue discrimination by overcoming the limitation of the collection of a large
number of spectra for the pre-training process. This gives a boost to RS as an adjuvant tool for
real-time biopsy and surgery guidance.

Keywords: Raman spectroscopy; colorectal cancer; tissue discrimination; convolutional neural
network; transfer learning

1. Introduction

Colorectal cancer is the third most common cancer diagnosed in Europe, according to
the latest incidence data provided by the World Cancer Research Fund International [1].
Early diagnosis has proven to be key to reducing cancer-related mortality. In cases where
surgical operations are required for cancer treatment, accurate discrimination between
healthy and cancerous tissues is critical for the postoperative care of the patient. Conven-
tional imaging techniques that are currently used for cell discrimination are limited in
sensitivity and resolution; both are required to diagnose cancer families or smaller cancer
nodules. Biopsy, i.e., tissue excision for histological examination, remains the gold standard
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for diagnostic purposes by offering a high rate of diagnostic sensitivity and selectivity.
However, waiting for the results of biopsy testing can be up to a few days after the sur-
gical operation, due to there not being a direct procedure for the technique. In addition,
biopsies also suffer from low selective spatial coverage, which is necessary. Thus, in cases
where remnants of malignant tissue still exist in the patient, a second surgical operation
or/and radiotherapy is required. As a result, diagnosis and surgical treatment can be a
multiple-step procedure instead of a one-step procedure, a crucial fact for the outcome of
the surgical operation.

Raman spectroscopy (RS) is a biophotonic technique with high detection sensitivity
and specificity. Any biochemical change in tissue constitution can be reflected in its spectral
fingerprint [2,3]. Numerous studies have been published on the use of RS as an effective tool
for tissue discrimination [4–6]. The evolution of fiber-optic probe design, the development
of detector technology, and the use of artificial intelligence (AI) for spectral data analysis
have enabled access to Raman spectroscopy in clinical praxis [7].

Advanced Raman systems can be used for guided biopsy and surgery endoscopically
for the detection of the oral cavity, the bladder, the gastrointestinal tract, the colon, the
rectum, or superficially on skin. Raman-spectroscopy-based systems for diagnosis and
surgery guidance have demonstrated sensitivities and specificities in the range of 73–100%
and 66–100%, respectively [8,9]. For the detection of colorectal cancer, ex vivo Raman
measurements on colon tissue have reached 89% specificity for non-malignant/malignant
group classification [10]. Endoscopic multi-fiber Raman probes have been used in vivo on
colon tissue for the detection of adenomatous polyps/hyperplastic polyps with sensitivity
and specificity reaching 91% and 83%, respectively [11].

In particular, AI tools have given a boost for automating in real-time Raman spec-
tra data processing for tissue classification with high sensitivity and specificity [12,13].
Deep learning AI algorithms such as the faster region-based convolutional neural net-
work (faster-RCNN) have achieved high sensitivity of 97.4% and lower specificity of 60.3%
in the histopathological screening of colorectal cancer [14]. A one-dimensional convolu-
tional neural network (1D-CNN) was trained with raw Raman data in order to classify
either prostate cancer or healthy tissue and it achieved over 93% accuracy [15]. Higher
accuracy was reached by using a one-dimensional residual convolutional neural network
(1D-ResNet) architecture. Under this scope, over 20,000 Raman data of colorectal cancer
tissue were used and the deep learning (DL) algorithm achieved up to 98.5% accuracy in
cancer detection [16].

On the other hand, conventional AI algorithms need a large-scale database of Raman
spectra for training [17]. Especially in medical research, the collection of a large amount
of clinical data is a challenging task [18]. An approach to overcome this barrier is transfer
learning (TL) [19]. Recently, a public dataset of well-characterized minerals was used for TL
methods to improve the classification of the Raman spectra of pesticides by 6% [20], as well
as the identification of Raman spectra of organic compounds by 4.1% [21]. Through this
method, a large database of similar data to the available data is used to create a pre-trained
model and then this knowledge is applied to solve the new problem. In this study, we
used a large public Raman database [22] to create the pre-trained models. The gained
knowledge was applied to our Raman data from colorectal cancer to predict whether they
are healthy or cancerous tissue. Subsequently, to investigate if TL increased the accuracy of
our classification task, we compared the two models, 1D–CNN, and 1D–ResNet, with and
without transfer learning.

2. Materials and Methods
2.1. Raman Spectra Collection

Human colon specimens were collected from 12 patients who underwent open surgery.
The specimens were extracted after written informed consent was obtained from the pa-
tients and the approval of the Ethics Committee of the School of Medicine of Attikon
University Hospital was gained. Cancerous and healthy tissues were surgically resected



Optics 2023, 4 312

from different sites of the ascending colon. The colon tissues were categorized by standard
histopathological evaluation based on hematoxylin and eosin sections [23]; nowadays,
microscopy-based histopathological examination is the gold standard for colorectal can-
cer diagnosis, as well as staging and grading. All the specimens were cut into slices of
5 × 5 × 0.5 mm with a hand-made microtome and kept fresh in a non-toxic-based fixative
(Z7) used for tissue preservation before they were measured [24].

Micro-Raman measurements were conducted by a Renishaw Invia spectrometer at
785 nm laser excitation which induces low autofluorescence background signals. The
spectrometer was equipped with a 1200 grooves/mm diffraction grating for analyzing
the Raman signal and a thermoelectrically cooled CCD detector. The measurements were
conducted with a ×50 microscope objective and NA = 0.5 numerical aperture and a laser
power density of 20 mW/µm2. The spectra were recorded in the 500 to 3300 cm−1 frequency
range.

2.2. Raman Data and Pre-Processing

For this study, a total of 248 samples of 12 patients/sets were used. Table 1 summarizes
the number of spectra of healthy and cancerous data per set, the total spectra per class, as
well as the cancer stage and grade of each patient. The labeling of the data was performed
based on the visible boundaries between healthy and cancerous tissue.

Table 1. Data set of the Raman spectra.

Patients/Sets Healthy Cancerous Stage Grade

set1 3 5 ypT3N2a G2
set2 18 10 pT1N0 G1
set3 8 10 pT4bN1 G2
set4 13 11 pT3N0 G2
set5 9 10 pT3pN0 G1
set6 7 5 pT3N0 G1
set7 13 10 pT3N1M1 G2
set8 13 10 pT3N1c G2
set9 10 9 pT2N0 G2
set10 14 10 pT3N0 G2
set11 16 15 pT2N0 G2
set12 10 9 pT3N0Mx G2

Total Spectra 134 114

Regarding the pre-processing of the data, three procedures were applied to the dataset.
Typically, the intensity of the background is substantially higher than the faint Raman’s
signals.

Before the use of Raman spectra for training and testing, it is highly important to apply
suitable background correction in order to improve the performance of our classification
models [25]. Thus, the initial procedure includes background correction by using the
sensitive non-linear iterative peak-clipping (SNIP) algorithm [26].

The following procedure is scaling which is performed via a min–max normalization
method, in which the intensity values of each Raman spectrum were scaled within the
range [0, 1], where 0 is the lower value and 1 is the higher value of the spectrum intensity.
For the final procedure, only the region of 800–1800 cm−1 was chosen as input in our deep
learning models. Thus, each sample consists of 1000 one-dimensional intensity values
where each value corresponds to one wavenumber. The same pre-processing methods were
used with and without transfer learning models in order to achieve accurate comparison.

2.3. Pre-Training Dataset and Classification Models

Deep learning for medicine applications requires the collection of a plethora of training
data, which in turn renders it a challenging task. Particularly in the case of clinical data
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collection, there are plenty of limitations i.e., the limited number of patients, as well as
privacy and security regulations.

To overcome the aforementioned difficulties, we used a public dataset which is needed
for the pre-training phase, as introduced by Ho and colleagues [22]. This Raman spectra
dataset consists of 60,000 spectra of pathogen bacteria, 2000 spectra per class, and 30 classes.

Cross-validation is a widely used method for assessing the performance of models.
In our study, we employed a leave-p-out cross-validation approach to evaluate the perfor-
mance of our models [27]. This approach involves leaving out two patients at a time and
then training the model on the remaining data. We then evaluated the model’s performance
on the held-out patients. (Figure 1). This method can be considered a form of external
validation, as the held-out patients were not used during the model training. Due to the
scarcity of Raman spectra data from human tissue, we could not obtain additional external
datasets for validation. To address this issue, we used a leave-p-out approach, which is a
well–established method for evaluating model performance in a small dataset. We would
like to point out that our approach provides a robust estimate of the model’s performance
since we calculated the average performance over the six folds.
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2.3.1. Transfer Learning

Transfer learning is a useful tool when a small amount of data are available to train a
model. Thus, by transferring learned features from one task to a similar one, it is possible
to achieve higher performance.

Specifically, three steps took place in order to develop the classification models. First,
the models were pre-trained by using the public Raman dataset [22], then the layers with
extracted features were saved, and in the final step, freezing and training occurred (Figure 2).
In this final step, our clinical datasets were used (Table 1) to re-train the pre-trained models
with lower learning rates where all the layers are frozen, except the last two layers (dense
classifier). A comparison between two models (1D–CNN and 1D–ResNet) with and without
transfer learning into 248 spectra was performed in order to evaluate their classification
task (healthy or cancerous).



Optics 2023, 4 314Optics 2023, 4, FOR PEER REVIEW  5 
 

 

Figure 2. 1D-CNN model, the layers boxed in blue were used for transfer learning. 

Convolutional Neural Network (CNN) 

LeCun et al. were first to introduce the application of a CNN in the recognition of 

handwritten digits [28]. Since then, many researchers have relied on the use of a CNN in 

two-dimensional data in order to achieve image analysis. Therefore, its high accuracy and 

high processing speed have rendered the CNN as the primary tool in various computer 

vision tasks [29,30]. In our study, a similar architecture model consisting of one-dimen-

sional spectra data was designed. 

More specifically, we designed a 1D-CNN four-layer network which includes an in-

put layer and four hidden layers, a convolutional layer of three convolutions with ReLU 

activation functions, a pooling layer, a flattened layer, and one dense layer with a sigmoid 

activation function. 

Initially, the samples from the input layer are fed into the convolution layer, and sub-

sequently, in the convolution layer, a filter or feature detector is applied to the input sam-

ples to generate an activation map using the ReLU activation function. Then, the output 

from the convolution layer passes into the pooling layer to reduce the size of the activation 

map. Finally, the pooled activation map is passed into a flattened layer to convert the data 

into a one-dimensional array for inputting them into the dense layer. In the dense layer, 

the weights are applied to the sigmoid activation function. 

Residual Network (ResNet) 

A residual network is a specific type of neural network that was introduced by He et 

al.,  for  image  recognition  [31]. The architecture of  the ResNet can avoid  the vanishing 

Figure 2. 1D-CNN model, the layers boxed in blue were used for transfer learning.

Convolutional Neural Network (CNN)

LeCun et al. were first to introduce the application of a CNN in the recognition of
handwritten digits [28]. Since then, many researchers have relied on the use of a CNN in
two-dimensional data in order to achieve image analysis. Therefore, its high accuracy and
high processing speed have rendered the CNN as the primary tool in various computer
vision tasks [29,30]. In our study, a similar architecture model consisting of one-dimensional
spectra data was designed.

More specifically, we designed a 1D-CNN four-layer network which includes an
input layer and four hidden layers, a convolutional layer of three convolutions with ReLU
activation functions, a pooling layer, a flattened layer, and one dense layer with a sigmoid
activation function.

Initially, the samples from the input layer are fed into the convolution layer, and
subsequently, in the convolution layer, a filter or feature detector is applied to the input
samples to generate an activation map using the ReLU activation function. Then, the output
from the convolution layer passes into the pooling layer to reduce the size of the activation
map. Finally, the pooled activation map is passed into a flattened layer to convert the data
into a one-dimensional array for inputting them into the dense layer. In the dense layer, the
weights are applied to the sigmoid activation function.

Residual Network (ResNet)

A residual network is a specific type of neural network that was introduced by He
et al., for image recognition [31]. The architecture of the ResNet can avoid the vanishing
gradient problem through a direct connection which skips some layers in between. These
connections are known as skip connections or shortcut connections and constitute the core
of residual blocks.



Optics 2023, 4 315

Herein, we developed a ResNet that consists of an input layer and 28 hidden layers,
a convolutional layer followed by 6 residual layers, and each residual layer contains four
convolutional layers with the ReLU activation function. The initial convolution layer has
64 convolutional filters, while the remaining 6 layers have 100 filters. Then, the pooling
layer and the flattened layer follow, as well as the dense layer with s sigmoid activation
function. Thus, the total depth of the network is 28 layers.

Python 3 programming language and TensorFlow libraries were used to write the
code for the implementation of Deep Learning models. A graphic processing unit such as
NVIDIA RTX3070Ti was chosen to handle the training of Deep Learning models.

3. Results and Discussion
3.1. Pre-Processing Data

Different approaches are referred to in the literature on the Raman spectra range. In
particular, Zhang et al. [32], reported that the range between 300 cm−1 and 1800 cm−1

contains a plethora of information about the cellular components. Lin et al. [11], in a pilot
study with Raman spectroscopy in colorectal tissues, showed that the fingerprint range
800–1800 cm−1 and the high-wavenumber 2800–3600 cm−1 provided valuable information
for the assessment of colorectal carcinogenesis.

Figure 3 shows the mean value and the standard deviation of the Raman spectrum
from healthy and cancerous colorectal tissues in the range of 500–3200 cm−1. Raman
spectral profiles of normal and cancerous tissues are very similar with bands observed at
the same frequencies. The key distinction between them is the different normalized intensity
of certain modes, indicating subtle but significant differences in molecular composition [33].
The most significant changes observed in the Raman spectra of cancerous tissues are the
decrease in the intensity of the 854 and 2852 cm−1 bands and the increase for the 1005,
1341m, and 2937 cm−1 ones. Figure 3 depicts the two spectra ranging from 800–1800 cm−1

and 2200–3200 cm−1. In this particular study, only the range 800–1800 cm−1 was selected
for the training and test dataset creation. The reason behind this choice was the exported
results from the following procedure. First, we created two different datasets containing
248 samples each. The spectra range for the first and second datasets was 800–1800 cm−1,
and 2200–3200 cm−1, respectively. Then, each dataset was used to train the 1D-CNN and
1D-ResNet in order to evaluate which one of the two datasets gives the best results in a
classification task.
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Figure 3. The average and standard deviation (SD) Raman spectra of normal (blue solid line with
light blue space) and cancerous (red solid line with light red space) colorectal tissues (normal (n = 134)
and cancer (n = 114)). The grey shaded areas on the graphs mark the spectral regions that were used
to train the 1D−CNN.
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Table 2 shows the rates of 1D-CNN and 1D-ResNet between the different datasets.
Confusion matrices are represented in Figure 4. The 800–1800 cm−1 range of 1D−CNN
exhibits 7.2% higher accuracy than the 2200–3200 cm−1 range (Table 2). Comparing the two
ranges, we observed that the recall and precision of 800–1800 cm−1 were higher by 10.5%
and 6.1%, respectively. In addition, similar results were noticed in 1D-ResNet between the
two different ranges.

Table 2. Results of 1D-CNN in the two different datasets from colorectal cancer tissues.

Model Wavenumber
(cm−1) Accuracy Recall Precision f1_Score

1D-CNN 800–1800 0.834 0.859 0.796 0.827
1D-CNN 2200–3200 0.762 0.754 0.735 0.744

1D-ResNet 800–1800 0.850 0.859 0.823 0.841
1D-ResNet 2200–3200 0.814 0.850 0.769 0.808
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3.2. Transfer Learning vs. Non-Transfer Learning

In the final phase of the experiments, two deep learning models (1D-CNN and 1D-
ResNet) with and without transfer learning were trained with Raman data in the range
of 800–1800 cm−1. As Table 3 illustrates, the accuracy of 1D-CNN with transfer learning
was 5.3% higher than that of 1D-CNN without transfer learning. A lower percentage
of the order of 2% was noticed in 1D-ResNet without transfer learning compared to the
1D-RestNet with transfer learning.
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Table 3. Results of transfer learning and non-transfer learning models in the range 800–1800 cm−1.

Model Accuracy Recall Precision f1_Score

1D-CNN 0.834 0.859 0.796 0.827
1D-CNN
transfer 0.887 0.885 0.870 0.878

1D-ResNet 0.850 0.859 0.823 0.841
1D-ResNet

transfer 0.870 0.833 0.879 0.855

A noteworthy observation is that the recall of 1D-CNN with the transfer learning
model is quite high. In particular, from the total 114 cancerous samples, only 13 could be
classified as healthy (Figure 5a). The recall rate is highly important because a false-negative
estimation from the deep learning model in the clinical application can be fatal for the
patient. As Table 3 shows, the 1D-CNN with transfer learning presents 88.7% accuracy as
well as 88.5% recall, which both are higher than the rates of all other models.
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Furthermore, especially in 1D-CNN and 1D-ResNet with transfer learning the pre-
cision is 87% and 87.9%, respectively. The 1D-CNN with transfer learning gave 15 false-
positive answers while the model without transfer learning gave 25 false-positive answers.

The box plot depicts the distribution of accuracies for four different models (Figure 6).
Each box represents the range of accuracies for a single model, from the 25th percentile
(bottom of the box) to the 75th percentile (top of the box). The horizontal orange line inside
the box represents the median accuracy. The whiskers extend from the box to show the
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range of accuracies, with any outliers shown as circles outside the whiskers. Figure 6 shows
that the ResNet models generally have higher median accuracies than the 1D-CNN models
and that adding transfer learning generally improves accuracy for both types of models.
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The Pearson correlation (Figure 7) exhibits that there is a strong positive correlation
between the accuracies of the 1D-CNN and 1D-CNN with transfer learning, as well as
between the accuracies of the ResNet and ResNet with transfer learning models.
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However, there is only a weak positive correlation between the accuracies of the
1D-CNN and ResNet models, and adding transfer learning does not appear to significantly
increase this correlation. The strongest positive correlation is between the ResNet and
ResNet with transfer learning models.

4. Conclusions

In summary, we developed and evaluated two transfer learning models using a Raman
open database for the pre-training process. Comparing the transfer learning models with
those without transfer learning, we proved that they leverage the knowledge they have
acquired, resulting in a significant increase in prediction accuracy. In particular, the 1D-
CNN transfer learning and 1D-ResNet transfer learning models achieve 5.3% and 2%
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higher accuracy, respectively, in contrast to the non-transfer-learning models. In addition,
the transfer learning method helped us to solve the severe limitations and difficulties we
encountered in collecting a large amount of clinical data. Furthermore, the high recall
values, especially in the 1D-CNN transfer learning model, which reached 88.5%, show that
the model correctly identifies the majority of malignant tumors, minimizing false negative
predictions. Thus, we provide models that can be a useful tool in the hands of surgeons,
helping them to determine in real time, during the surgery, the healthy margins of the
cancerous tumor.
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