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Foreword to Biophotonics Technologies  
(dedicated to the memory of Dr. Alexey N. Bashkatov) 

 

Dear Colleagues, 

 

This special issue is dedicated to a brilliant scientist Associate Professor of the Department of 

Optics and Biophotonics of Saratov State University, Dr. Alexey N. Bashkatov. Regretfully, 

because of his sudden demise, Alexey is no longer amongst us.  

Biophotonics community suffered a heavy loss. His scientific interests included diverse scientific 

fields as theoretical and experimental research in the optics of biological tissues, biological and 

medical physics, biophotonics, biomedical optics, and control of optical parameters of biological 

tissues, etc. His publications are well known all over the world. One of them on the optical 

properties of tissues is included in the list of the 50 best publications of the entire Journal of Physics 

(IOP) series for 50 years of its existence and has been cited more than 1600 times. His papers were 

also included into J. Nano Research Top Papers (2016) and most cited papers of J. Innovative 

Optical Health Sciences. He has a great publication impact as co-author of 16 book chapters, more 

than 350 articles in peer-review journals and full texts conference reports, and 12 patents in the field 

of biophotonics. He has about 5,000 citations and an h-index of 32 (Scopus, March 2022). 

Dr. Bashkatov had many students and followers in Russia, China, Portugal, the United States, 

and other countries, whom he willingly helped to master the complex problems of tissue optics. He 

devoted his time to doing a great job for the biophotonics community as a guest editor of dozens of 

journals and reviewed numerous articles from leading journals, trying to instill in the authors a 

culture of presenting scientific results. His professionalism and devotion to science was recognized 

with inclusion in the editorial board of the J. Biomedical Photonics & Engineering. 

Dr. Bashkatov has made a great contribution to the development of the J-BPE since its foundation 

in 2014, participating as an author, special editor of several issues of and co-editor of special 

sections related to tissue optics and spectroscopy. 

Alexey has always been open to cooperation. Among his co-authors were specialists in the field 

of ophthalmology, gastroenterology, dentistry, and oncology. 

We will always remember Alexey as a wise, kind, cheerful and decent person. All authors would 

like to express deepest condolences and sincere support to his relatives, friends, and colleagues! 
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Types of Optical Coherence Tomography for Cancer 
Diagnosis: A Systematic Review 

Neha Acharya1, Sindhoora K. Melanthota1, Manoj Khokhar2, Shweta Chakrabarti3,  
Dharshini Gopal3, Dhyeya S. Mallya1, and Nirmal Mazumder1* 
1 Department of Biophysics, Manipal School of Life Sciences, Manipal Academy of Higher Education, Manipal, 
Karnataka 576104, India 
2 Department of Biochemistry, All India Institute of Medical Sciences, Jodhpur, Rajasthan 342005, India 
3 Department of Bioinformatics, Manipal School of Life Sciences, Manipal Academy of Higher Education, Manipal, 
Karnataka 576104, India 

* e-mail: nirmaluva@gmail.com 

Abstract. Optical coherence tomography (OCT) is an emerging imaging technique 
that produces high contrast images that help distinguish different tissue layers by 
detecting the back-reflected near-infrared light. The technique is used to diagnose 
various diseases due to high contrast, three-dimensional imaging capability with 
high resolution, and a fast acquisition speed. The meta-analysis study was 
performed by the systematic review of literature in PubMed, Web of Science, 
Scopus, Google Scholar, Embase, and Cochrane Library using search terms 
relevant to “OCT”, "Carcinoma", and “cancers”. The various applications of 
different types of OCT are discussed in the detection and diagnosis of various 
cancers like colorectal cancer, breast cancer, skin cancer, brain cancer, prostate 
cancer, ovarian cancer and lung cancer. © 2022 Journal of Biomedical Photonics 
& Engineering. 

Keywords: optical coherence tomography; cancer; tissue imaging. 
Paper #3440 received 28 Jun 2021; revised manuscript received 01 Dec 2021; accepted for 
publication 21 Dec 2021; published online 4 Feb 2022. doi: 10.18287/JBPE22.08.010201. 

 
 
 

1 Introduction 
Optical coherence tomography (OCT) is a non-invasive, 
label-free optical imaging technique used for obtaining 
high-resolution images of biological tissues and other 
objects in real-time [1]. It was initially reported in 1991 
as having a similar working principle as ultrasonic 
imaging where the reflected sound waves are detected, 
but OCT detects a back-reflected near-infrared light 
source (wavelength range of 700–1300 nm) [2, 3]. The 
resolution, however, is 10–50 times greater than 
ultrasound. Since OCT uses a longer wavelength, it can 
image at high resolution (2 to 15 μm), and profound 
imaging depth of up to 2 mm as scattering decreases with 
an increase in wavelength. OCT is used in imaging highly 
scattering tissues, where backscattered light is selected 
interferometrically from a defined depth, allowing two- 
and three-dimensional imaging wherein the source of 
endogenous contrast used is the local backscattering 
coefficient [4]. It is applied to the living cortex for 
refractive index measurements when a transmission 
measurement is infeasible. The light scattering ability of 

several tissues is responsible for the contrast generated. 
The technique is regarded as non-invasive imaging, 
having both in vivo and ex vivo applications. Optical 
fibre-based OCT can be combined with a great variety of 
instruments such as laparoscopes, endoscopes, catheters 
and surgical probes for real-time internal site 
imaging [5]. It is also a propitious technique for guidance 
during the abscission of tumours. The reflectance at the 
boundaries between multiple structural layers is 
measured within the sample. OCT is a non-contact 
optical helpful technique in imaging organs that cannot 
be biopsied, like the retina. The reflection delay of the 
targeted waves is calculated to obtain the depth of 
reflection. The dislocation of the beam is measured to 
obtain the cross-sectional image (tomography). Since the 
measurement of the delay in the reflection is tricky, a 
reference of measurement is utilized where one part of 
the light is given to sample and another to a reference 
with a known length [6]. Hence, it can provide 
information about the internal structure of the tissues and 
organs within seconds as it has a higher image acquisition 
speed. The speed is usually determined based on the rate 

mailto:nirmaluva@gmail.com
https://dx.doi.org/10.18287/JBPE22.08.010201
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at which the depth of tissue is scanned per second, which 
is referred to as A-scans [7]. Therefore, the technique is 
used in various biomedical applications, including 
ophthalmology, dermatology, cardiology, cancer, 
neuroscience, dentistry, etc. [1]. In this review, we 
discuss the various types of OCT in the diagnosis of 
cancers associated with colon, skin, breast, brain, ovary, 
prostate and lungs. 

2 Methodology 
With a simple search of the MEDLINE database in 
PubMed, we have found a large number of literature on 
various applications of OCT in the field mentioned 
above. The graphical representation of the collection of 
publications in the last 10 years with search items as 
“type of technique” and “application” is illustrated 
(Fig. 1). Since most of the publications are in the field of 
ophthalmology, followed by cancer, cardiology, and 
neuroscience, there is tremendous room for further 
research in cancer.  
 

 
Fig. 1 The total number of publications in PubMed on 
applications for various types of OCT in last 10 years. 

2.1 Search Strategy 
Since no ethical regulation was required for meta-
analysis studies, we searched electronic databases such 
as PubMed, Web of Science, Scopus, Google Scholar, 
Embase and Cochrane Library for the last 10 years, i.e., 
2010 to 2020. The search queries used include “Optical 
coherence tomography and cancer or carcinoma”, 
“Optical coherence tomography and Prostate cancer or 
carcinoma”, “Optical coherence tomography and lung 
cancer or carcinoma”, “Optical coherence tomography 
and skin cancer or carcinoma”, “Optical coherence 
tomography and colorectal cancer or carcinoma”, 
“Optical coherence tomography and ovarian cancer or 
carcinoma”, “Optical coherence tomography and breast 
cancer or carcinoma”, and “Optical coherence 
tomography and brain cancer or carcinoma”. A total of 
1018 papers was identified. Reviewing of papers were 
performed by two reviewers, and a third reviewer solved 
any conflicts.  

2.2 Inclusion and Exclusion Criteria 
The criteria applied to include the studies for the meta-
analysis were as follows: (i) studies including the 
application of OCT to detect and diagnose cancer or 
malignant cells or tissues, (ii) articles from which 
adequate data could be extracted such as true and false 
negatives and true and false positives values, and (iii) 
relevant articles published in the past decade 
(2010 – 2020). The criteria based on which papers were 
excluded as follows: (i) reviews, animal studies, book 
chapters, and conference proceedings, (ii) articles for 
which abstracts were not available, (iii) papers where 
OCT was not used for the diagnosis of cancer, (iv) papers 
in other languages except English, (v) articles including 
OCT for retinal imaging, and (vi) studies without any 
sufficient data. With inclusion and exclusion criteria, 36 
papers are shortlisted in this review. Table 1 summarizes 
the types of optical coherence tomography for the 
diagnosis of different cancers, Table 2 compares different 
types of OCT for cancer diagnosis, and Table 3 provides 
the diagnostic summary of each paper groped by various 
cancer type. 

3 Instrumentation 
The OCT has shown remarkable outcomes in detecting 
changes in pathology of stratified tissues such as the eye. 
There are various types of OCT developed to visualize 
the tissue structure. Fig. 2 describes various types of OCT 
in investigating types of cancer. Tissue-specific contrast 
can be generated by changing the input polarization state 
of light in polarization sensitive OCT (PS-OCT) [8]. 
Another variant of PS-OCT is cross-polarization OCT 
(CP-OCT), wherein parallel and orthogonal images are 
acquired by imaging the variations in the initial 
polarization caused by cross-scattering and birefringence 
in the tissues [9]. OCT-based angiography (OCTA) is 
also an OCT adjunct for non-invasive angiography, 
where circulation in functional vessels are envisioned 
without any exogenous contrast agents. In time-domain 
OCT (TD-OCT), the first-ever OCT, the light was 
divided into two beams – the central beam and the 
reference beam, as mentioned previously. For each depth 
profile (A-scan), the reference length was altered to that 
depth, and the combined light intensity was measured, 
and the sample reflectance profile is obtained. The path-
length must be similar for the light from each path to 
interfere. The image of the cross-section is obtained by 
scanning the sample laterally (B-scan). Fourier-domain 
OCT (FD-OCT) is another type of OCT that directly 
encrypts the delayed time echoes in spectral 
interferogram. In FD-OCT, the A-scans are obtained 
from the spectral information present [10]. The 
availability of additional spectral information ensuring 
mechanical scanning is not necessary, unlike TD-OCT. It 
is classified into two forms based on configurations of the 
system – spectral-domain OCT (SD-OCT) and swept-
source OCT (SS-OCT). SD-OCT is designed with a 
broad bandwidth light source, one-dimensional linear  
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Table 1 Types of optical coherence tomography for the diagnosis of different cancers. 

Author Year Country Design Type of OCT Type of 
Cancer 

Number of 
Patients 

Age (mean 
or 
median) 

Li et al. [13] 2019 USA Multimodal Co registered OCT 
with near infrared 
(NIR) fluorescence 
imaging 

Colorectal NA NA 

Ashok  
et al. [14] 

2013 UK Multimodal Multimodal 
Fourier Domain 
(FD) OCT with 
Raman 
spectroscopy 

Colonic 
adenocarcino
ma 

66 NA 

Yuan  
et al. [18] 

2010 USA Multimodal Co-registered OCT 
and fluorescence 
molecular imaging 
(FMI) system 

Colon 4 NA 

Erickson-Bhatt 
et al. [20] 

2015 Illinois Surgical 
probe 

Handheld surgical 
OCT imaging 
probe 

Breast 35 NA 

Kennedy  
et al. [25]  

2015 Australia NA Needle-based OCT Breast 1 70 

Gubarkova  
et al. [26] 

2019 Russia Multimodal Spectral domain 
(SD) multimodal 
OCT 

Breast 33 30–80 

Yang  
et al. [27] 

2020 China Pro Full-field (FF) 
OCT 

Breast 158 NA 

Wang  
et al. [28] 

2018 USA NA Polarization-
sensitive (PS) OCT 

Breast 9 NA 

Butola  
et al. [29] 

2019 India NA Swept-source (SS) 
OCT 

Breast 22 NA 

Zhou  
et al. [30] 

2010 USA Integrated OCT and optical 
coherence 
microscopy (OCM) 

Breast 44 NA 

Dubey  
et al. [31] 

2019 India NA OCT Breast 24 NA 

Lindner  
et al. [32] 

2012 Germany Pro OCT Breast 34 29–68 

Assayag  
et al. [49] 

2014 France NA FF-OCT Breast 22 58 (mean) 

Mogensen  
et al. [33] 

2009 Denmark NA OCT and PS-OCT Skin 100 NA 

Adabi  
et al. [34] 

2017 USA NA OCT Skin 21 NA 
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Batz  
et al.  [35] 

2018 Germany NA OCT Skin 25 69 (mean) 

Turani  
et al.  [36] 

2019 Brazil NA SS-OCT Skin 69 20–80 

Tes et al. [37] 2018 USA NA SS-FD OCT Skin 1 25 

Coleman  
et al. [40] 

2013 UK NA OCT Skin 78 59 ± 13 

Banzhaf  
et al. [41] 

2014 Denmark Pro OCT Skin 16 52–82 

Ulrich  
et al. [42] 

2015 UK Pro OCT Skin 155 ≥18 

Marvdashti  
et al. [43] 

2016 USA NA PS-OCT Skin 42 NA 

Holmes  
et al. [44] 

2018 Germany Pro OCT Skin NA ≥18 

Braunmühl  
et al. [45] 

2016 Germany NA Frequency domain 
(FD) OCT 

Skin 32 68 (mean) 

Wessels  
et al. [71] 

2015 Netherlands NA OCT Skin 18 47–88 

Yashin  
et al. [52] 

2019 Russia NA Cross-polarization 
(CP) OCT 

Brain 30 NA 

Assayag  
et al. [53] 

2013 France Pro FF-time domain  
(TD) – SD-OCT 

Brain 18 19–81 

Kut et al. [54] 2015 USA NA SS-OCT Brain 37 NA 

Yashin  
et al. [55]  

2019 Russia NA CP-OCT Brain 17 NA 

Wang  
et al. [58] 

2013 USA NA FD-PS OCT Ovarian 18 NA 

Yang  
et al. [59] 

2012 USA NA PS-OCT Ovarian 18 61 

Swaan  
et al. [63] 

2018 Netherlands Pro Needle-based Prostate 4 ≥18 

Muller  
et al. [64] 

2018 Netherlands Pro Needle-based Prostate 20 ≥18 

Gardecki  
et al. [65] 

2019 Boston NA Micro  Prostate 11 NA 

Lopater  
et al. [66] 

2016 France NA FF-OCT  Prostate 38 NA 

Wei et al. [72] 2012 China NA FD-OCT Lung 48 ≥18 
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Hariri  
et al. [73] 

2019 United States Retro PS-OCT Lung 26 ≥18 

NA: Not applicable 

	
Fig. 2 Different types of optical coherence Tomography (OCT) techniques used in the diagnosis and medical treatment of 
various types of cancers. (Polarization-sensitive OCT (PS-OCT; cross-polarization OCT (CP-OCT); OCT-based 
angiography (OCTA); time-domain OCT (TD-OCT); Fourier-domain OCT (FD-OCT); spectral-domain OCT (SD-OCT); 
swept-source OCT (SS-OCT); Full-field OCT (FF-OCT); micro-optical coherence tomography (μOCT)).

array sensor and a spectrometer that captures the 
interferogram encrypting the echoes in wavelength. The 
spectral interferogram is captured using a single detector 
in SS-OCT, where the laser source frequency is swept 
through a range of optical frequencies [11]. FD-OCT is 
more sensitive than TD-OCT due to the high scanning 
speed and signal-to-noise ratio. The lower speed of  
TD-OCT is due to the reference mirror that is in motion 
and its cycle time, whereas in FD-OCT, it is stagnant, and 
multiple points can be sampled at once [12]. Full-field 
OCT (FF-OCT) is a recently developed method that 
allows a high-resolution wide-field view over the entire 
field and is used in cancer diagnostics [9]. A light-
emitting diode (LED) or halogen is used as a light source 
to illuminate a full field. FF-OCT provides the 3D 
resolution on tissue samples that are label-free (up to a 
depth of 200–300 μm). The image acquisition time is less 
than 5 min, and imaging performance is almost the same 
in fresh or fixed tissue. Short pulse lasers like Cr4+: 
Forsterite lasers are used in OCT imaging for research 
studies. They have a very high resolution due to their 
short coherence lengths and more extraordinary output 
powers. Cr4+: Forsterite laser generates output powers of 
100 mW giving pulses of 1300 nm wavelength resulting 
in a resolution of 5–10 μm. Ti: AI2O3 laser, another 
short-pulse laser, can provide resolutions of 1 μm at 
800 nm. Semiconductor-based light sources or 

superluminescent diodes are used instead of short pulse 
lasers. They can have resolutions up to 15 μm and power 
of 10–15 mW at 1300 nm. In the following section, the 
applications of OCT are discussed in selected types of 
cancer (Fig. 3).  

 
Fig. 3 The application of the OCT technique to various 
types of cancer. 
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Table 2 Compares the different types of OCT for cancer diagnosis. 

Types of 
OCT 

Principle and 
information Applications Advantages Limitations Cancer 

Type References 

Polarization 
sensitive (PS) 
OCT and 
cross-
polarization 
(CP) OCT 

Based on a 
newer contrast 
mechanism 
(backscattered 
light). Detects 
images when 
polarization 
state is 
orthogonal to 
the incident 
state 

Intraoperative 
margin 
detection, 
collagen 
protein 
detection 

To obtain 3-D 
information for 
analysing B-scan 
images and 
confirming the 
origin of the signal. 
Transverse 
resolution of 
∼10  μm in the 
focal plane and an 
axial resolution of 
7.6  μm in air 

The rather 
shallow image 
depth that can 
be used to 
cover images 
and image 
depth is 
limited to 
~0.5mm due 
high 
sensitivity 

Lung, 
Skin, 
Breast, 
Ovary, 
Brain 

[8, 9, 30] 

Time-domain 
OCT  
(TD-OCT) 

Based on 
examining the 
mechanical 
length of the 
path followed 
by light 

Tumour 
detection 

Axial resolution of 
10 μm 

Random 
property of 
tissue could 
limit its 
imaging 
resolution 

Brain, 
Skin 

[10, 12] 

Fourier 
domain OCT 
(FD-OCT) 

Fourier 
transform of the 
spatial 
correlation 
function of the 
refractive index 

FD-OCT helps 
in 
understanding 
the structure 
information 

Higher sensitivity 
due to axial 
locations are 
recorded 
throughout the 
entire A-scan 
duration. 
Resolution limit of 
1–15 μm. Utilized 
in the clinical 
diagnostic 
screening of large 
tissue areas 

Inadequate 
resolution for 
visualizing 
fine 
morphological 
details. 
Random 
property of 
tissue could 
limit its 
imaging 
resolution 

Brain, 
Ovary, 
Lung,  
Colorec
tal 

[10, 12, 14] 

Spectral 
domain OCT 
(SD-OCT) 

1-D linear array 
sensor, broad 
bandwidth light 
source, and a 
spectrometer 
capturing the 
interferogram 
encrypting the 
echoes in 
wavelength 

Obtain tissue 
morphology  

No pupil dilation 
required, higher 
machine speed the 
speed of the 
machines is higher, 
minimized motion 
artefacts, better 
image quality, and 
comfortable patient 
examination. It is 
used in clinical  
in vivo imaging and 
screening of cancer 

Large file 
sizes and high 
cost. Axial 
resolution up 
to 3.8 μm 

Brain [11] 

Wide-field 
optical 
coherence 
microscopy 

Based on 
spectral-domain 
and swept-
source 
technology 

Intraoperative 
neurosurgical 
setting was 
demonstrated 
to assess 
tumorous glial 
and epileptic 
margins 

Active eye tracking 
improves image 
stability. Spatial 
resolution of 
1.8 μm × 0.9 μm 
(transverse × axial). 
Used for in vivo 
imaging of lesions 

Lower 
resolution and 
requires 
artifacts 
minimization 

Skin, 
Brain, 
Breast 

[9, 20] 
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Multimodal 
OCT 

OCT with a 
combination of 
ultrasound, 
photoacoustic/ 
ultrasound, 
near-infrared 
imaging (NIR), 
fluorescence 
molecular 
imaging (FMI) 
and Raman 
spectroscopy 

Diagnostic 
Imaging and 
Treatment 
Monitoring 

Allows cross-
sectional envision 
of tissue 
morphology and 
vasculature with 
high sensitivity and 
spatial resolution 

Limited 
clinical impact 
compared to 
pure OCT 
systems, 
microscopic 
techniques 
with small 
FOVs allow 
only tunnel 
vision in 
clinical 
diagnosis 

Breast, 
Colorec
tal 

[13, 14, 16, 
18] 

 

4 Applications of OCT  

4.1 Colorectal cancer 
Colonoscopy, considered the best technique for 
colorectal cancer (CRC) diagnosis, helps detect abnormal 
tissue growth on colon or rectum mucous membrane 
known as colorectal polyps. Though the technique is 
considered as a standard procedure, colonoscopy detects 
only the surface morphology of the rectal wall; also, the 
technique cannot determine the abnormal subsurface 
microvasculature, which is highly linked to CRC. Thus, 
a biopsy, an invasive and time-consuming method with 
limited accuracy, is required for cancer staging. Passing 
the OCT probe through the endoscope accessory channel 
will help the endoscope to visualise the mucosal tissue at 
a resolution of 2–10 µm. However, different probes have 
different penetration depth and resolution, and there is a 
need for uniformity and standardisation of endoscopic 
OCT techniques. To improve diagnostic accuracy, 
multimodal imaging systems such as OCT combined 
with ultrasound, photoacoustic, and near-infrared 
imaging (NIR) are developed. Out of these, combining 
OCT and NIR fluorescence is effective as it allows cross-
sectional envision of tissue morphology along with the 
vasculature with high sensitivity and spatial resolution. 
The microanatomy of the structures can be visualised 
with much more detail with OCT, and the NIR 
fluorescence can help in lesion studies. Multimodality 
serves to improve the ability to observe the morphology 
and the molecular composition, and biochemistry 
simultaneously. Hence, it is considered an essential tool 
for the observation of hallmarks of colorectal cancer. 
Also, OCT/NIR fluorescence imaging reduces the cost of 
the procedure and time as data from OCT and NIR 
fluorescence can be acquired with a single probe in one 
session [13]. 

In a study, OCT/NIR fluorescence was combined for 
imaging probe into a miniature endoscope. Imaging with 
both components was processed simultaneously with 
high resolution and speed. The multimodal system was 
validated using food and drug administration (FDA) 
approved contrast agent ICG (indocyanine green) with a 
rat model having the CRC. The NIR fluorescence could 
show the changes in morphology and areas occupied by 

blood vessels using OCT images placed parallel (co-
polarized) to each other. The tumorous region is 
identified due to the accumulation of ICG in a more 
considerable amount when compared to normal tissues 
hence, ICG can be used for describing the tumour border 
and angiogram. The amount of ICG and the distance from 
the probe was used to determine the signal intensity in 
NIR fluorescence imaging. 2D images from NIR 
fluorescence and corresponding OCT images placed 
collateral to each other indicated that polyps could be 
identified using 2D NIR images but not the types of 
polyps. Thus, for better cross-sectional visualization, 
OCT images were used. 3D OCT and NIR can be used 
for the clear identification of polyp types. Therefore, the 
technique is minimally invasive, and it is easier to 
integrate into clinical practice. Clinical studies show that 
the spectra obtained using fluorescence spectroscopy 
cannot distinguish between the cancerous tissues of the 
colon and non-cancerous tissues [13]. Studies showed 
that Raman spectroscopy was an efficient tool to 
distinguish between normal and cancerous tissues.  
However, it cannot be used as a disease diagnostic tool 
because the classification efficiency is very low when 
interpatient variability is considered [14]. Therefore, a 
multimodal approach where Raman spectroscopy is 
interfaced with methods like FD-OCT provides 
additional information about the tissue. Raman 
spectroscopy helps in understanding the biochemical 
nature while OCT helps in understanding the structure, 
information from both tools is combined to examine the 
capability of the multimodal system as they act as an 
efficient tool for non-invasive optical biopsy [15]. The 
study comprised normal tissue samples and tumorous 
samples, and images were captured using both devices 
for each sample [16]. A quantification algorithm must be 
implemented because a spectroscopic technique which is 
analysed numerically (quantitative) is combined with an 
imaging technique which is analysed categorically 
(qualitative), for the imaging technique. For both feature 
selection and parameter reduction in Raman and OCT 
data principle component analysis (PCA) was used.  

Fig. 4 indicates that differences exist in the 
morphology of the two tissue types. Yet, the investigation 
of obtained images was insufficient for diagnosis when 
interpatient variability is considered. When the  



N. Acharya et al.: Types of Optical Coherence Tomography for Cancer Diagnosis... doi: 10.18287/JBPE22.08.010201 

J of Biomedical Photonics & Eng 8(1)   4 Feb 2022 © J-BPE 010201-8 

	
Fig. 4 (a) The combined OCT and NIR fluorescence image of normal rectum, (b) enlarged view of the dashed box in (a),  
(c) histology; (d) the combined OCT and NIR fluorescence image of adenocarcinoma; (e) enlarged view of the dashed box 
in (d); (f) histology. M: mucosa; SM: submucosa; MP: muscularis propria. Adapted with permission from [13] © The Optical 
Society. 

multimodal approach was used in the analysis, both 
specificity and sensitivity were increased significantly. 
Though histology and excisional biopsy based on white 
light are considered as the standard for the detection of 
cancer in the gastrointestinal tract (GI), the chances of 
obtaining negative results are more because of sampling 
errors [17]. FD-OCT imaging system utilized a light 
source emitting with a broad spectral range. The images 
obtained from OCT combined with FLOT (Fluorescence-
based Laminar Optical Tomography) distinguish 
between cancerous lesions and non-cancerous. This 
information was used as a criterion to estimate the 
dimensions of tumours, and it was observed that FLOT 
gives a more accurate estimation of the diameter of the 
tumour. In contrast, the thickness of the tumour was 
determined from OCT images when placed 
orthogonally [18]. 

4.2 Breast cancer 
Breast-conserving surgery (BCS) is a method used to 
treat early-stage breast cancer, which when followed by 
radiotherapy shows lower mortality over 
mastectomy [19]. Thus, the necessity of identification 
and complete resection of the tumour has been increased 
significantly. Since all these methods are time-
consuming and have high sampling errors, developing a 
technique that allows live imaging and detection of 
tumour margins is crucial. Among different methods 
developed, OCT was a very effective tool for 
intraoperative margin assessment of breast 
tumour [20, 21]. Explicitly, it is observed that scattering 
was more in the case of breast cancer samples when 
compared to non-cancerous tissues. Thus, it is possible to 
distinguish the cancerous and healthy tissues. A portable 

intraoperative SD-OCT system, where image contrast 
was based on backscattered light (polarization-sensitive) 
was developed [20]. Human subjects undergoing 
reduction mammoplasty (breast reduction surgery) or 
mastectomy were recruited for the study. Correlation 
coefficient analysis was performed to classify the closely 
correlated images based on their location. The adipocytes 
were recognizable due to their shape and lipid content in 
the OCT image of the tissue, which shows that 
conventional OCT on itself can distinguish between the 
fibro-adipose tissue and Invasive Ductal Carcinoma 
(IDC). Tumour cells and the healthy breast tissue in IDC 
result in disruption of the collagen structure, which is less 
delayed compared to the normal stroma. Significant 
differences between stroma and IDC were observed from 
delayed (retardation), and Degree of Polarization 
Uniformity (DOPU) derived OCT analysis based on 
backscattered light. The measurements use metrics, CV, 
DOPU and retardation the capacity of the OCT to 
diagnose the disease was assessed. 

Breast cancer is a collective disease that exhibits a 
wide range of clinical, structural and molecular attributes 
among tumours and within a tumour. Breast cancer is 
classified into non-invasive (Ductal cancer in situ- DCIS) 
and invasive types (Luminal A, Luminal B, HER2-
positive) and basal-like (triple-negative) subtypes [22]. 
The study of structural and molecular breast cancer 
features helps in detection of tumour margin vividly. 
Imaging methods of breast cancer such as X-ray 
computed tomography, ultrasound, positron emission 
tomography (PET), and magnetic resonance imaging 
(MRI) are used to determine the dimension of tumour or 
lymph node, the general structural information or 
morphology [23], however, tissue having less than a few 
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mm and false (negative) surgical margin cannot be 
determined using these methods due to the low 
resolution. To overcome this, a technique with a high 
optical resolution which can approach the histopathology 
level in providing details in nearly real-time to detect the 
margins of lumpectomy. The conventional OCT images 
do not provide information about the rigidity of the 
tissue, hence Optical Coherence of Elastography (OCE) 
images of the reference tissue can be compared with the 
deformed states tissue to obtain such 
information [24, 25]. The study shows that the OCE-
based approach can assess the morphology, malignancy 
degree of tumours, and categorization of cancer subtypes. 
Samples of freshly resected breast tissues obtained from 
patients were used. The specimens included both the 
tumorous region and peritumoral area and were studied 
within a short duration of time after the resection. The 
samples were categorized into benign and malignant 
breast tissues based on the histopathology results. Real-
time polarization-sensitive images of the tissue are 
obtained using a customized multimodal SD-OCT 
system. The images were used to detect the state of 
connective tissue component when the OCT images are 
placed orthogonally (cross-polarized). The OCT-based 
findings were compared with results of the 
histopathology. The results indicated the differences 
between various types of tissues [25]. OCE images in 
Fig. 5 showed the details of the ducts filled with tumour 
cells for breast cancer Ductal Carcinoma in Situ (DCIS) 
and Luminal A with highly increased stiffness. Thus, the 
technique can be used to distinguish the different cancer 
subtypes. Also, the images obtained showed a higher 
contrast than the images obtained from standard and PS-
OCT images [26]. 

Normal, cancerous tissues, benign breast lesions, and 
resected axillary lymph nodes were examined using FF-
OCT. The minimum sensitivity and high specificity were 
observed in breast cancer diagnosis, and they diverged in 
nodal assessments. These tissue‐sparing approaches 

proved highly efficient in breast cancer and nodal 
metastasis diagnosis compared to histology [27]. The 
implementation of PS-OCT for enhancing breast cancer 
detection was reported. The standard OCT and PS-OCT-
based metrics obtained were complementary for the 
differentiation of healthy fibro-adipose tissue, stroma, 
and IDC, differentiated with an accuracy of 89.4%, 
illustrating the potential of PS-OCT for intraoperative 
differentiation of human breast cancer [28]. A machine 
learning (ML) algorithm performed the volumetric 
analysis of normal and breast cancer tissue and their 
classification based on a support vector machine (SVM) 
by the SS-OCT images. This algorithm classifies the 
cancerous tissue with 91.56% sensitivity, 93.86% 
specificity, and 92.71% accuracy and extracts features 
from the whole volume of the tissue. Therefore, breast 
cancer diagnosis by extracting quantitative features from 
various types of OCT images could be a potential 
approach and a key tool for a fine-needle-guided 
biopsy [29]. 

The entire tumour, along with the surrounding 
healthy tissue is removed using breast-conserving 
surgery (BCS). Tumour margins are assessed based on 
histopathological analysis. It is found to be a not so 
efficient tool that leads to the re-excision to remove 
additional tissue, hence tools enabling effective removal 
of tumorous tissue is used to reduce re-excision rates. 
Despite several advantages, conventional OCT cannot 
differentiate tumour from uninvolved stroma [29–31]. 
Hence, OCT integrated with OCE is used to measure the 
tissue deformation, and an image of tissue elasticity is 
acquired. Optical coherence micro-elastography 
(OCME) is a type of OCE capable of detecting the 
difference in phase and compressibility of tissue. It was 
found to clearly distinguish between a malignant tumour 
and uninvolved stroma resected human breast tissue. For 
tissues with dimensions of ~50 × 50 mm, a wide-field 
imaging system is used. 

	
Fig. 5 Visualization of a transitional zone between normal breast tissue and tumour region with (a) the CP OCT image;  
(b) H&E-histological slice; (c) stiffness map; (d) morphological segmentation of the OCE image into areas corresponding 
to various tissue components. Adapted with permission from [26] © The Optical Society. 
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The study based on an FD-OCT system-generated 
OCT images by creating a network of images to image a 
larger area. The results showed wide-field elastograms 
had strain only in denser tissues. OCT images and 
elastograms obtained from patients undergoing either 
mastectomy or BCS are used. In both the benign tumour 
images, papilloma appeared to have a highly fibrous 
structure, while the orientation of the fibres appeared to 
be more organized in malignant tumours [26]. Images 
were obtained from a dissected tumour and a 
lumpectomy also. Thus, it was observed that the wide-
field OCME could be used as a tool to assess the margins 
of resected breast tissue. Features extracted from OCT 
images are used to classify normal, and cancer breast 
tissues with the help of a multi-level ensemble model. 
The measurement can be used as a biomarker for removal 
of whole tumour tissue without any special tissue 
preparation [31]. Evaluation of hair shaft alterations 
using OCT in chemotherapy-induced alopecia was 
performed by Lindner et al. [32]. After chemotherapy, 
significant changes were observed in hair structure may 
be due to reduction of hair shaft calibre which could be 
studied by OCT imaging to gain more insight into 
induced changes [32]. The ability of OCT is to allow 
surgeons observe the morphological characteristics of the 
tissues, at a greater surface area also while ensuring the 
tissue is not damaged makes it an attractive tool in 
studying breast cancer [5].  

4.3 Skin cancer 
Studies reveal that OCT can be used for the detection of 
skin cancer because of its ability to envision features 
beneath the dermal layers, which are prominent areas for 
the initial appearance of skin cancer. It is found that the 
collagen alignment and distribution are altered due to the 
development of skin cancer which results in a change in 
the optical anisotropic nature (birefringence) of 
skin [31, 32]. Differentiation of different skin cancer 
types using OCT imaging was evaluated, and correlations 
between various tumour types and recurring tumour 
characteristics were observed [33]. The basal cell 
carcinoma (BCC) is commonly observed in 
Caucasians [34]. The disease is found to be 
multifactorial, and excess exposure to the sun plays a 
significant pathogenic role. Clinical diagnosis of BCC is 
usually performed using dermoscopy [35]. Non-invasive 
techniques such as reflectance confocal microscopy 
(RCM) [36], conventional OCT and multiphoton 
tomography (MPT) are also available for in vivo 
diagnosis. High-definition optical coherence tomography 
(HD-OCT) is a technique that helps in a non-invasive 
diagnosis with real-time 3D imaging capability and at a 
cellular resolution. A pilot study including HD-OCT 
images of superficial BCC, nodular BCC and infiltrative 
BCC was conducted and the lesions were fully excised 
and examined histopathologically for confirmation. This 
technique could distinguish between the subtypes, and 
further development in the technique could explore the 
skin up to micrometre level depth [37, 38]. 

BCC lesions depth can be determined using OCT. An 
OCT signal of low strength at the periphery of the cell 
nests was identified as corresponding to cellular 
palisading. The optical attenuation coefficient on OCT 
and the nuclear-cytoplasmic ratio of cells from histology 
were correlated with weak inverse linearity. OCT 
provides accurate measurement of BCC, along with 
identifying the presence of peripheral palisading [39, 40]. 
Banzhaf et al. [41] reported the lesions studied BCC 
imaging using OCT throughout imiquimod treatment in 
20 biopsy-verified patients were identified both clinically 
and using OCT. It was observed that OCT identified all 
the lesions. The quality of the images was reduced due to 
crusting, ulceration and active treatment. OCT showed 
thinning of acute keratosis (AK), indicating the treatment 
effect. All treated BCCs were cleared, but residual tissues 
in 4 cases were observed clinically, this could be ruled 
out by OCT. OCT imaging along with clinical evaluation 
and dermoscopy improved the diagnostic accuracy of 
BCC from 65.8% to 87.4% [42]. Extraction of features 
such as intensity and phase retardation from polarization-
sensitive OCT (PS-OCT) images for the classification of 
normal and cancer tissues was reported by Marvdashti  
et al. [43] achieved 95.4% sensitivity and specificity in 
detecting BCC. In another study, the impact of diagnostic 
parameters such as image quality, lesions, observer and 
inter observer variability on the diagnostic performance 
of OCT for the assessment of diagnostic potency of BCC 
subtypes in 234 patients was studied. It was observed that 
lesion location had no impact on OCT diagnostic 
performance, whereas the image quality, observer 
confidence had a direct correlation. Overall, BCC 
subtype could be determined with moderate 
accuracy [44]. FD-OCT imaging was used to extract and 
evaluate morphological features of BCC with horizontal 
and vertical imaging modes, which provides information 
required for the diagnosis, especially in nodular 
BCC [45].  

Granular cell tumour (GCT), also called Abrikossoff 
tumour, is a rare soft tissue neoplasm that is usually 
benign. The occurrence is more in women and dark-
skinned individuals and less in children. It is mainly 
known to occur in the oral cavity, and malignancy is less 
(1–2%). Surgical excision is the only treatment of GCT. 
Therefore, a technique that accurately evaluates the 
morphology and extension of the tumour is required [46]. 
SS-OCT system was used with a high-speed tuneable 
laser source. An axial scan (A-scan) obtained from the 
reflectivity profile was grouped for different transversal 
positions to generate a cross-sectional image and is 
referred to as B-scan. The object’s top view was depicted 
in the C-scan. The results demonstrated that the OCT 
images of GCT show verrucous epidermal hyperplasia, 
which appears as the hyperreflective, uneven surface of 
the tissue. Also, the dermo-epidermal junction is visible 
in the healthy skin but is not distinct in the GCT region. 
Thus, the abnormal skin can be delineated using this 
technique to differentiate healthy tissue from tumorous 
tissue. 



N. Acharya et al.: Types of Optical Coherence Tomography for Cancer Diagnosis... doi: 10.18287/JBPE22.08.010201 

J of Biomedical Photonics & Eng 8(1)   4 Feb 2022 © J-BPE 010201-11 

 
Fig. 6 (a) Brain specimen marked with different areas of interest by different colours; (b) with corresponding histology; 
(c) colour-coded maps based on attenuation coefficients; (d) colour-coded maps based on forward cross-scattering 
coefficients. WM-white matter. The Figure is adapted with kind permission from [52].

4.4 Brain cancer 
Brain cancer patients have finite survival time as it recurs 
and later leads to death. Surgery is considered the only 
best treatment. The extent of resection is a significant risk 
factor linked to delayed tumour reappearance and, thus, 
longevity of the patient [46, 47]. Tissues from patients 
with grade II, grade IV brain cancers were obtained from 
surgery navigated by MRI and SS-OCT cross-sectional 
images. The precise identification of high-grade and low-
grade human brain cancer was performed based on the 
established attenuation threshold. Microscopic structures 
that add to attenuation data in categorizing cancer from 
non-cancer white matter were identified using OCT 
images. High-grade cancer appeared as heterogeneous 
regions in which hyper-intense signals surrounded hypo-
intense signals. Thus, OCT images enabled the 
identification of necrosis and hyper-cellularity [47].  

A collection of tumours, including benign, malignant 
and slow-growing, are observed in the primary central 
nervous system (CNS). Patients with brain tumour survive 
only on complete resection of tumour mass, which is 
identified through postoperative imaging. Full-field OCT 
(FF-OCT) is a recently developed method that allows a 
high-resolution wide-field view [48]. A light-emitting diode 
(LED) or halogen is used as a light source to illuminate the 
full field. FF-OCT provides the highest OCT 3D resolution 
on tissue samples that are label-free (up to a depth of  
200–300 μm). The image acquisition time is less than 5 min, 
and imaging performance is almost the same in fresh or 

fixed tissue [49]. Studies show that TD- or SD-OCT systems 
have an inadequate resolution for visualizing fine 
morphological details in CNS studies. The myelinated axon 
cell fibres, cyton of neurons and vasculature in the human 
epileptic brain and cerebellum were studied using the  
FF-OCT images. The images distinguished between 
meningiomas and hemangiopericytoma in meningeal 
tumours. The modifications in the architecture of brain 
tissue generated by infiltrative gliomas were detected. 

Medulloblastoma is the most prominent malignant 
paediatric brain tumour with the highest ability to spread 
across the tissues (metastasize). The flow of 
cerebrospinal fluid is blocked due to the proliferation of 
the tumour, causing hydrocephalus. Surgical resection, 
chemotherapy and high-dose radiation are the treatment 
options used commonly, but most paediatric patients 
suffer from impaired intelligence and neurocognitive 
dysfunction due to the radiation treatment [9, 50]. Since 
it provides microstructural resolution and has an 
association with histology, OCT is considered a 
significant biomedical imaging modality for detecting 
brain tumours. The optical coefficient was measured for 
glioma specimens obtained in vivo and ex vivo. OCT 
optical attenuation (OCT-OA) images, as depicted in 
Fig. 6, have shown a significant correlation with 
histological images and provide enhanced distinction 
compared to structural OCT images using the local 
attenuation [51, 52].  

Diagnosis of brain tumour was carried out using  
FF-OCT, a non-invasive technique that does not even 
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need contrast agent and tissue preparation. Imaging of 
brain tumours including low-grade and high-grade 
gliomas, meningiomas, and choroid plexus papilloma 
was performed. A neuron, CNS vasculature, and myelin 
fibres subpopulations were detected. Cortex could also be 
identified, but glial cells including astrocytes were not 
observed. The first application of label-free and real-time 
FF-OCT for brain cancer imaging was reported by 
Assayag et al. [53]. The feasibility of label-free, 
quantitative OCT for differentiating cancerous from non-
cancerous human brain tissues was tested by 
Kut et al. [54] based on volumetric OCT imaging data. 
Lower optical attenuations of both cancerous core and 
infiltrated zones were compared with non-cancerous 
white matter, OCT achieved high sensitivity and 
specificity. This attenuation threshold was used to 
confirm the intraoperative feasibility, and it was observed 
that the OCT system displays a colour-coded map in real-
time, thus providing direct visual cues for cancer versus 
non-cancer regions. In the study conducted by Yashin 
et al. [55], CP-OCT was performed on the brain to 
distinguish between cancerous and non-cancerous cells. 
CP-OCT scans were compared with the histology of 
specimens. The method showed 87–88% accuracy in 
diagnosis. In vivo CP-OCT images of brain tumour 
displayed vertical striations due to blood vessels. The 
distinctive feature of CP-OCT was its single intensity. 
The neuro-navigation feature of CP-OCT could help 
neurosurgeons with valuable information. 

4.5 Ovarian cancer 
Ovarian cancer is the form of cancer that has the highest 
death rates of all the gynaecologic cancers. The 
survivability is less due to the early metastasis and 
absence of effective techniques for disease screening and 
diagnosis [56]. Prophylactic oophorectomy (PO) is 
considered the standard treatment found to reduce the 
risk of ovarian cancer [56]. Also, new intraoperative 
devices that could diagnose ovarian cancer in earlier 
stages reduce the use of PO and decrease the high death 
rate, particularly in women with a higher chance of 
acquiring the disease [56]. OCT combined with 
techniques like ultrasound, photoacoustic imaging 
enhances optical absorption of tissue, scattering 
information and structures of tissues present at deeper 
sites. FD-OCT system for which swept source is based 
on the bandwidth (110 nm) was used. Ovaries from 
different species, both human and porcine species were 
used. The boundary indicating the presence of a cyst or 
follicle beneath and tissue features were visualized using 
OCT images [57].  

A logistic prediction model employing the phase 
retardation rate, obtained from phase images of 
polarization-sensitive OCT (PS-OCT), as a parameter to 
characterize the malignant and normal ovarian tissue 
with 100% sensitivity and specificity was introduced, 
which could be an effective tool for the detection and 
diagnosis ovarian cancer [58]. A mathematical descriptor 
reducing the dimensions of a classifier’s input data while 
preserving essential features was presented by  

St-Pierre et al. [57] that allowed exploring the features 
space leading to optimal classification. Multiple 
statistical models were presented with < 70% accuracy 
for the detection of cancer tissue. The approach reduces 
the resources required to achieve accurate classification, 
enabling intraoperative surgical guidance. The studies 
showed that PS-OCT is an adequate device to detect 
ovarian cancers, as the phase retardation and optical 
scattering co-efficient are obtained from benign and 
malignant ovaries, respectively. Sirius Red staining was 
also used to assess the properties. The results show that 
PS-OCT parameters such as phase retardation and 
scattering coefficients are significant in detecting ovarian 
cancer. The phase retardation images of normal and 
cancerous ovarian tissue from conventional OCT and 
phase retardation is given in Fig. 7. Since the phase 
retardation of normal and malignant express varying 
features, combining it with the calculated scattering 
coefficient is expected to be an efficient method in 
determining the disease [58]. These parameters extracted 
from ovarian samples are fed into the logistic model for 
training to achieve the automated classification of 
ovarian tissues as benign and malignant. Hence, a 
multiple parameter approach used for ovarian tissue 
characterization was more efficient [59]. 

4.6 Prostate Cancer 
Prostate cancer is one of the most common organ cancers 
diagnosed in males by prostate-specific antigen (PSA) 
testing. Over diagnosis and treatment of the patients 
could be caused by PSA testing [60]. Prostate biopsy 
procedures are a potential source for diagnosis, however, 
challenges such as lack of standard isolation and 
purification techniques, labour-intensive, contamination 
risks and sampling errors may lead to 
misdiagnosis [61, 62]. Therefore, adapting to an 
alternative approach is essential to treat prostate cancer, 
and one such technique involves employing OCT for 
imaging of tissues. Swaan et al. [63] presented a study to 
assess the feasibility of focal imaging with confocal laser 
endomicroscopy (CLE) and needle-based OCT for 
differentiating normal and cancerous prostate tissues on 
both qualitative and quantitative basis, which includes 
visualization and analysis of tissues, tumour grade, and 
real-time architecture. This approach provided high-
resolution imaging in real-time and characteristics of 
prostate cancer in association with transrectal ultrasound 
fusion-guided biopsy processes providing keen insight 
into the feasibility and of CLE and OCT for real-time 
analysis of prostate cancer. 

Mullar et al. [64] acquired datasets of 106 needle-
based 3D-OCT from 20 prostates, and the OCT images 
were grouped based on histology and precise matching, 
blind assessment of the same was carried out by two 
reviewers calculating the sensitivity and specificity of the 
detected malignancy, which was found to be significantly 
different based on quality. It was observed that needle-
based OCT was reliable in discriminating between 
benign glands and regular, fat or cystic atrophy (Fig. 8). 
Quantitative assessment by Kruskal-Wallis test also  
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Fig. 7 (a, c) Conventional OCT and (b, d) phase retardation images from (a, b) normal and (c, d) malignant ovarian tissue. 
Scale bar: 0.5 mm. Adapted with permission from [59] © The Optical Society. 

	
Fig. 8 (a) CLE images of ex vivo prostate tissue with probe soaked in fluorescein solution, (b) OCT image of the fixated  
ex vivo prostate tissue, (c) histological features seen in the OCT images, (d-g) correlation of OCT and histology where  
(d) depicts the tissue types in different colours indicating atrophic cyst by a black arrow, (e) OCT scan of the atrophic cyst, 
(f) longitudinal cross-section of the OCT scan and (g) one-to-one correlation of OCT images and histopathology. The Figures 
are adapted with kind permission from [63, 64]. 

produced a significant difference between stroma, 
inflammation, Gleason 3, and Gleason 4 confirming the 
correlation of histopathology and OCT (Fig. 8). Precise 
matching of the images enabled differentiating the most 
histological tissues in the prostate by their unique pattern 
obtained by OCT. Recent advancements of micro-optical 
coherence tomography (μOCT) can generate depth-
resolved tissue images with 1 μm resolution. Cellular-
level contrast in prostate specimens was presented by the 
μOCT optical images, which helps in differentiating and 
diagnosing the pathologies. Specimens obtained from 

surgical resections were subjected μOCT imaging ex vivo 
and observed features correlated with the histological 
findings, suggesting that μOCT could resolve benign and 
neoplastic prostate associated cellular characteristics. 
μOCT can be implemented in a small-diameter probe 
which suggests that μOCT imaging may be used for 
needle-based virtual biopsy of the prostate [65]. 

Three pathologists carried out the pathological 
evaluation of full-field OCT (FF-OCT) diagnostic 
accuracy in the detection of cancer on prostate biopsy 
of 38 patients by determining sensitivity, specificity, 
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positive and negative prediction values. The 
observations of pathologists were on substantial 
agreement with over 72% accuracy. It was concluded 
that FF-OCT imaging of prostate biopsy would provide 
over 80% diagnostic accuracy with good 
reliability [66]. A customized tool was developed to 
validate OCT in the differentiation of prostate cancer by 
processing radical prostatectomy specimens to improve 
OCT pullback measurements. This is essential in the 

critical validation of OCT imaging studies by 
correlating histology and studying solid tissues such as 
lung, breast, ovary, kidney, and liver. Improvement in 
the efficacy of OCT in cancer detection and staging in 
solid organs was achieved [67]. Therefore, this non-
invasive, real-time imaging approach has proven 
effective in detecting and differentiation cancerous 
prostate. 
 

 

Table 3 Diagnostic summary. 

Cancer 
types Types of OCT Diagnostic summary Reference 

Colorectal 
cancer 

Integrated multimodal OCT 
and NIR fluorescence 
imaging system 

OCT endoscopy helps visualize the microanatomy of the 
subsurface layer structures with microscopic detail and NIR 
fluorescence imaging can be used to identify the suspect 
lesions rapidly 

[13] 

Multimodal FD-OCT with 
Raman spectroscopy 

The multimodal optical approach discriminated between 
colonic adenocarcinoma and normal colon with 97% 
sensitivity and specificity 

[14] 

Co-registered OCT and 
fluorescence 
molecular imaging (FMI) 
system 

This system enables simultaneous imaging of tissue 
morphology and molecular information at high resolution 
over 2–3 mm field-of-view, and will have potential 
applications in small animal imaging and clinical imaging 

[18] 

Breast 
cancer 

Handheld surgical OCT 
imaging probe 

The ex vivo images were compared with standard post-
operative histopathology to yield sensitivity of 91.7% [95% 
confidence interval (CI), 62.5%–100%] and specificity of 
92.1% (95% CI, 78.4%–98%) 

[20] 

Optical coherence 
microelastography (OCME) 

OCT readily distinguishes mature stroma and tumour from 
adipose in tissue, microelastograms exhibit high contrast 
between tissues with similar optical backscattering 
properties.  
Together, OCME is shown to enable ready visualization of 
features such as ducts, lobules, microcysts, blood vessels, 
and arterioles and to identify invasive tumour through 
distinctive patterns 

[25] 

Optical coherence 
elastography (OCE) 

OCE imaging ensures much higher contrast between 
different tissue types in comparison with both structural 
OCT images (including PS-OCT) and conventionally used 
elastographic techniques 

[26] 

FF-OCT and dynamic cell 
imaging (DCI) 

FFOCT has been used to differentiate benign and malignant 
breast tissues and provides a platform for diagnostic 
decision making. Its sensitivity and specificity both are 
roughly over 90%.  
DCI is used to visualize tissues on a cellular scale with 
metabolic features coupled with the morphologic imaging 
of FFOCT 

[27] 

PS-OCT In the study, healthy fibro-adipose tissue, healthy stroma, 
and invasive ductal carcinoma can be differentiated with an 
accuracy of 89.4% 

[28] 
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SS-OCT The SVM based automated volumetric analysis of normal 
and breast cancer tissue classifies the cancerous tissue with 
sensitivity, specificity, and accuracy of 91.56%, 93.86%, 
and 92.71% respectively 

[29] 

OCT and OCM The system enabled 4-μm axial resolution (OCT and OCM) 
with 14-μm (OCT) and 2-μm (OCM) transverse resolutions, 
respectively. 
OCT and OCM provide complimentary information about 
tissue microstructure, thus showing distinctive patterns for 
adipose tissue, fibrous stroma, breast lobules and ducts, 
cysts and micro-cysts, as well as in situ and invasive 
carcinomas 

[30] 

OCT The developed multi-level ensemble classifier attained the 
average sensitivity, specificity, accuracy and Mathew 
correlation coefficient is 0.954%, 0.93%, 94.35%, and 
0.887% in classifying normal and cancerous breast tissue 

[31] 

The ex vivo study with OCT showed significant difference 
in the hair structure before and after chemotherapy due to 
reduction of hair shaft calibre and increase of form factor in 
regrowing hair 

[32] 

FF-OCT Using FF-OCT images, two breast pathologists were able to 
distinguish normal/benign tissue from lesion with a 
sensitivity of 94% and 90%, and specificity of 75% and 
79% respectively 

[49] 

Skin 
cancer 

OCT and PS-OCT OCT and PS-OCT analysis showed 79% to 94% sensitivity 
and 85% to 96% specificity in differentiating normal skin 
from non-melanoma skin cancer lesions 

[33] 

SS-OCT Among the classifiers, Linear SVM (LSVM) yielded the 
optimum result with an accuracy rate of 80.9%, specificity 
of 80.5% and sensitivity of 81.9% for BCC classification. 
With quadratic SVM (QSVM) an accuracy rate of 87.2%, 
specificity of 87.3% and sensitivity of 87% were obtained 
for SCC classifications. QSVM also provided satisfying 
results, 80.5% accuracy for BCC classification 

[34] 

In the study, clinically identified melanoma to non-
melanoma area showed a meaningful difference. 
Further, classification of sample using Gaussian SVM 
provided highest classification accuracy of 98% with other 
evaluation matrix 

[36] 

Multi-beam OCT This study showed that it is possible 
to distinguish between the different non melanoma skin 
cancers by using OCT 

[35] 

Multi-beam-FD-SS OCT Abrupt changes in architectures of the dermal and 
epidermal layers in the GCT lesion were observed. These 
architectural changes were not observed in healthy skin 

[37] 

Vivosight OCT Scanner The depth of superficial basal cell carcinoma (BCC) lesions 
(<1 mm) can be measured accurately using OCT. A low-
strength OCT signal at the periphery of the cell nests seen 
in superficial and nodular BCC is identified as 
corresponding to cellular palisading. A weak inverse linear 
correlation (r2=0.3) is found between the optical attenuation 
coefficient measured on OCT and the nuclear-cytoplasmic 
ratio (N/C) of cells determined from histology 

[40] 
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The specificity increased significantly from 28.6% by 
clinical assessment to 54.3% using dermoscopy and to 
75.3% with the addition of OCT. The accuracy of diagnosis 
for all lesions increased from 65.8% with clinical 
evaluation to 76.2% following additional dermoscopy and 
to 87.4% with the addition of OCT 

[42] 

OCT OCT could identify superficial BCC and acute keratosis 
before treatment. Monitoring  during  imiquimod  treatment 
revealed impaired image quality most likely caused by 
inflammation, crusting and ulceration 

[41] 

PS-OCT The SVM classifier achieved 95.4% sensitivity in the 
classification of basal cell carcinoma (BCC) from normal 
samples 

[43] 

FD-OCT Diagnostic performance of OCT did not depend on the 
lesion’s anatomical location. Good OCT image quality was 
correlated with improved diagnostic performance, but 
diagnostic performance for lesions with mediocre image 
quality was still better than by clinical and dermoscopic 
examination 

[44] 

FD-OCT with a new depiction for horizontal and vertical 
imaging modes offers additional information in the 
diagnosis of BCC, especially in nodular BCC, and enhances 
the possibility of the evaluation of morphologic tumour 
features 

[45] 

Brain 
cancer 

CP-OCT The diagnostic threshold of attenuation coefficient was 
8.2 mm−1 for patients of all grades (sensitivity/specificity: 
95.6%/81.3%, respectively) and 6.1 mm−1 for low-grade 
patients (sensitivity/specificity: 100%/100%, respectively) 

[52] 

Visual assessment of CP OCT images enables tumorous 
and non-tumorous tissues is distinguished based on 
differentiation between tumorous tissue and white matter. 
The diagnostic accuracy for the same is 87–88% 

[55] 

FF-OCT FF-OCT captures slices of tissue samples at 1 μm axial and 
lateral resolution in 3D to a penetration depth of around 
200 μm 

[53] 

SS-OCT The technique exhibited comparable 100% sensitivity and 
40–50% greater specificity in detecting the cancer 

[54] 

Ovarian 
cancer 

FD-PS OCT Linear regression analysis showed that this parameter was 
positively correlated (R = 0.74) with collagen content, 
which was associated with the development of ovarian 
tissue malignancy. With 33 ovaries training dataset the 
logistic model produced 100% sensitivity and specificity 
whereas, model validation with new dataset showed 100% 
sensitivity and 83.3% specificity 

[58] 

PS-OCT A specificity of 100% and a sensitivity of 86% were 
achieved by using estimated scattering coefficient alone; 
and a specificity of 100% and a sensitivity of 43% were 
obtained by using phase retardation alone. However, a 
superior specificity of 100% and sensitivity of 100% were 
achieved if these two parameters were used together for 
classifying normal and malignant ovaries 

[59] 
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Prostate 
cancer 

Needle based OCT This study will provide insight into the feasibility and 
tissue-specific characteristics of confocal laser 
endomicroscopy and optical coherence tomography for 
real-time optical analysis of prostate cancer 

[63] 

OCT can reliably differentiate between fat, cystic, and 
regular atrophy and benign glands. In blind assessment of 
OCT images, the overall sensitivity and specificity for 
malignancy detection was 79% and 88% for Reviewer 1 
and 88% and 81% for Reviewer 2 

[64] 

μOCT From the system, high-quality image data were obtained at 
a penetration depth up to 500 μm. This technique is capable 
of resolving many of the architectural and cellular features 
associated with benign and neoplastic prostate 

[65] 

FF-OCT FF-OCT of prostate biopsy cores may provide a diagnostic 
accuracy greater than 80%, with a good reliability and high 
negative predictive values. 

[66] 

Lung 
cancer 

FD-OCT Permeability coefficients showed statistically significant 
differences between benign lung granulomatosis and 
normal tissues 

[72] 

PS-OCT The sensitivity and specificity of using OCT in diagnosing 
different types of lung cancer were in the range of  
80–100% 

[73] 

 
 
4.7 Lung Cancer 
Lung cancer is the most common cause of cancer-related 
deaths in men and women around the globe. High-
resolution imaging technology is required to have an 
insight into pathophysiology and diagnose lung cancer 
and other pulmonary related diseases. Currently, the two 
imaging techniques available are OCT and CLE. OCT 
can be used to detect malignant cells in the lung 
parenchyma, central airways, pleura, and lymph nodes. 
By evaluating the malignant area in airway walls using 
OCT, the treatment including airway remodelling is 
possible [68]. In vivo endoscopic OCT can be used to 
produce real-time cross-sectional images of living 
tissues [69]. Michel et al. [70] was the first to report the 
use of OCT to differentiate malignant endobronchial 
from normal endobronchial mucosa. OCT scans were 
obtained after the performance on both malignant and 
normal endobronchial mucosa. The whole procedure was 
completed in around 30 min. OCT scan of endobronchial 
mucosa displayed malignancy along with loss of 
microstructures and optical fractures of tissues. The 
diagnostic accuracy of OCT provided a sensitivity of 
100% and specificity of 80%, 70% when considering 
layer thickness and the attenuation coefficient, 
respectively. Wessels et al. [71] presented that qualitative 
and quantitative OCT imaging can distinguish between 
benign and (pre)malignant vulvar tissue. 

Wei et al. [72] evaluated the effects of diffusion of 
analyte mediated by ultrasound on the permeability of 
benign, normal, and malignant lung tissues in vitro. It 
was also used to determine effective sonophoretic (SP) 
delivery combined with optical clearing agents (OCAs) 
to distinguish between normal and diseased tissues. FD-

OCT was used to determine the permeability coefficient 
of SP combined OCAs method. The result of 
permeability coefficients showed statistically significant 
differences between benign lung granulomatosis and 
normal tissues. Ultrasound mediated OCAs method 
combined with FD-OCT suggested a potential diagnosis 
and detection of microstructure change in human lung 
tissues. Hariri et al. [73] proved that OCT could not 
replace histopathology but could be used in place of 
biopsies to diagnose lung cancer. The sensitivity and 
specificity of using OCT in diagnosing different types of 
lung cancer were in the range of 80–100% (as 
represented in Figs. 1–3 of Ref. [73]). Biopsies must 
include enough tumour for the diagnosis with the 
advancement in personalized medicine. However, 
diagnosis may delay due to unplanned biopsy of tumour-
associated fibrosis, also affecting the tumour yield. 
Differentiating tumour from tumour-associated fibrosis 
during biopsy could remarkably elevate tumour yield. 
Hariri et al. [74] demonstrated that PS-OCT could 
effectively be used to identify tumours from fibrosis 
taken from lung sample and thus can be used for in vivo 
intraprocedural tissue sampling or ex vivo rapid biopsy 
assessment to obtain increased tumour yield for the 
diagnosis of cancer. 

Jain et al. [75] presented a study in which FF-OCT 
was used to produce high-resolution lung tissue images. 
It showed to have potential in identifying tumours from 
non-neoplastic lung tissue. Distinguishing features such 
as lung collapse and smoker’s macrophages were also 
identified in the sample tissues. Another study conducted 
by d’Hooghe et al. [76] reported OCT-based imaging of 
airway walls layers both in vivo and ex vivo. It was an 
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accurate imaging technique for quantifying and 
identifying airway wall layers and has a potential airway 
remodelling in lung diseases. This intraoperative, non-
invasive, and real-time imaging technique has the 
potential in detecting different types of lung cancer such 
as poorly differentiated carcinoma, squamous cell 
carcinoma and adenocarcinoma. 

5 Conclusion 
OCT is an effective and convenient tool for various bio-
clinical fields, including the characterization and 
diagnosis of different diseases. The various studies 
indicate that the technique, when combined with other 
imaging modalities, show an enhanced effect. 
Simultaneous assessment of images in PS-OCT is more 
effective in a detailed understanding of the molecule 
orientation [10]. In this review, we discuss the 
importance of detection of several cancers. However, this 
technique can also be used in investigating other 
diseases. The integration of adaptive optics in OCT can 
image deeper regions in tissue by overcoming the 
wavefront distortion of the sample as well as optics used. 

Cancer cell growth in the tissue causes variation in 
tissue features such as shape and size of microstructures, 
density, etc. And OCT is one such technique to identify 
such minute changes associated with tissue 
microstructures. However, they may fail to differentiate 
similar morphological structures, which in turn decreases 
the output accuracy. In this regard, the incorporation of a 
proper post-processing and quantitative analysis 
technique plays an important role in differentiating 
benign and malignant tissue with high classification 
accuracy [32, 34]. The quality of images obtained by 
OCT can be enriched by deducing the properties of the 
object numerically with signal processing. Further 
analysis will enhance the details obtained depending on 
the data quality. Signal processing ensures maximum use 
of the data available by decreasing the noise and 
confirming accurate image formation. It can be beneficial 
in reducing noise, improving resolution through 
deconvolution, reducing speckle, correcting for material 
dispersion and OCT system imperfections, and de-
blurring the defocusing effects outside of the depth-of-
field of the OCT instrument [48]. Later, different optical, 
textural features extracted from these pre-processed 
images are used in training the statistical algorithms to 
achieve tissue classification [32, 34].  
 
 

6 Future prospects of OCT in oncological 
diagnosis and treatment 

The use of OCT at every step in oncology appears to be 
very promising, which will bring a major change in 
medical practice in the best way in the future. Obtaining 
optical access to the tissue site is currently a major 
challenge, yet the use of OCT appears to greater 
potentials with higher resolutions than other techniques 
currently used in oncological imaging. Where 
conventional biopsy is not effective, OCT can be used for 
guided biopsy, in many situations, biopsy is associated 
with many complications, so we can play the role of OCT 
as a tissue specific differentiation guide. OCT is among 
the best techniques that can assist in intraoperative 
imaging of various kind of cancer and other disease in the 
operation room by providing specific and real-time 
feedback to surgeons during specialized and complex 
surgeries. OCT can be used to monitor tumour responses 
to various types of cancer treatments such as 
photodynamic therapy, radiotherapy, thermotherapy, 
cryotherapy, and chemotherapy and the tissue changes 
that occur in them. OCT in oncopathology will be 
presented with strong demonstrations, with an emphasis 
on ex vivo and in vivo cancer diagnosis applications, 
given the development and broad potential. Currently, 
the utility of this technology can be seen in the criteria-
based market, given the availability of various 
commercial OCT imaging systems and OCT probes, 
OCT in the field of oncology appears to be full of 
immense potential which proves to be an important 
milestone. 
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Abstract. Individuals who have different diseases need a routine assessment of 
their body metabolism, and the methods that used are practically difficult, 
inconvenient or expensive. The objective of this study was to develop a technique 
of human blood serum analysis that is simple, reliable and fast, and based on a 
surface-enhanced Raman spectroscopy (SERS). In this study, serum samples were 
examined using conventional Raman (CR) and SERS. The observed CR and SERS 
bands were analyzed. Several of these bands (724, 813, 890, 961, and 1132 cm−1) 
clearly stand out by the impact of the SERS technique, as the intensities of these 
bands in CR measurements are weaker than the intensity of the autofluorescence 
and noise. The Enhancement Factor (EF) was up to 4 × 105. Stability of the 
proposed SERS technique was confirmed by the measurements of signal standard 
deviation. The observed standard deviation does not exceed 19% for different 
SERS substrates and does not exceed 8% in case of a single SERS substrate 
measurements. The obtained results demonstrate that the proposed SERS 
technique is stable and has significant potential in clinical diagnosis applications. 
© 2022 Journal of Biomedical Photonics & Engineering. 
Keywords: surface-enhanced Raman spectroscopy; Enhancement Factor; blood 
serum; silver nanoparticles; Raman band shift. 
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1 Introduction 
The biggest threat to human life and health is a disease, 
according to death causes statistics provided by the World 
Health Organization [1]. Numerous diseases are caused by 
lifestyle behaviors, environmental pollution, occupational 
hazards, biological and natural factors, chronic 
intoxication and trauma, iatrogenic factors, and other 
external factors; and certain diseases are fatal [2, 3]. As a 
result, the most effective strategies to increase patient 
survival are early diagnosis and therapy [4]. That is why it 
is important for individuals who have different diseases to 
perform a routine assessment of their body functions. 
Health screening programs are central to the public health 
system. In order to analyze the functional and pathological 
processes of the human body, laboratory analyzes of body 
biofluids are widely used. Many studies on the human 
body and the investigation of disease processes are done at 
the level of single cells, proteins, and genes [5–7]. As a 
result, there is a growing demand for disease diagnostic 

and analysis technologies. It is necessary to establish a 
variety of measuring methods and standards for the early 
detection of various illnesses. Recently, biomarkers have 
been increasingly utilized in illness diagnosis to signal 
definite or possible changes in the structure or function of 
systems, organs, tissues, and cells. It should be noted that 
laboratory methods used today in clinical practice have a 
number of limitations.  

Recently, Raman spectroscopy has been used to 
detect viruses, identify bacteria, analyze cells, and make 
clinical diagnoses [8–14]. Because of its multiple 
detection capabilities, single-molecule level sensitivity, 
and quantitative ability, Raman spectroscopy’s unique 
spectral feature makes it an excellent label-free, reliable, 
and fast diagnostic tool since it can analyze chemical 
components such as proteins, nucleic acids [6–10], and 
carbohydrates in biological materials. Surface-enhanced 
Raman spectroscopy (SERS) has been extensively 
investigated for biological applications [2–5]. SERS is 
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recognized as an ultrasensitive optical detection 
technique with wide application potential in a variety of 
fields due to its great sensitivity at the single-molecule 
level.  

However, the limitations of the SERS technique are 
(1) the method requires intimate contact between the 
enhancing surface and the analyte; (2) the substrates 
degrade with time resulting in a decrease in the signal; 
(3) limited selectivity of the substrates for a given 
analyte; (4) limited re-usability of the substrates; and  
(5) problems with homogeneity and reproducibility of the 
SERS signal within a substrate [15]. In this regard, novel 
approaches of SERS signal registration from the 
biological fluids are in a high demand. Optimization of 
methodology of SERS substrates preparation and SERS 
spectra acquisition requires new approaches to create 
fast, low-cost and reliable techniques of biofluids 
chemical sensing. 

Thus, in the current study, a simple approach of SERS 
substrate implementation for blood serum analysis is 
considered. Blood serum or blood components is a 
biofluid that is widely used as a diagnostic sample since 
it is rich in biochemical and biological information, is 
easily accessible, and can be obtained noninvasively. For 
the same reasons, it is often saved in biobanks for 
research purposes. In general, it is a metabolite pool 
generated from almost all of the human body’s organs 
and tissues. As a result, Raman spectroscopy of human 
blood samples can be used to monitor metabolic changes 
caused by illnesses [16–20]. Serum has regularly been 
investigated using the SERS approach. For instance, 
Bonifacio et al. [21] employed aqueous Au and Ag 
colloids in combination with three lasers ranging from 
visible to near-infrared to perform a systematic study of 
SERS spectra of blood serum and plasma. However, the 
SERS spectra analysis indicated that strong and 
reproducible spectra can be generated rapidly only if 
proteins are eliminated from samples and a near-infrared 
excitation is employed in combination with Ag colloids. 
While Cao et al. [22] investigated the spectral properties 
of human blood for the purpose of detecting lung 
adenocarcinoma, lung squamous carcinoma, and large 
cell lung cancer using SERS spectroscopy on a highly 
branched gold nanoparticle substrate. They showed that 
SERS spectroscopy was a sensitive analytical tool for 
cancer classification and discriminating. Scientific group 
of Pérez et al. [23] was the first to employ SERS 
spectroscopy to identify Chagas disease in blood serum 
using concentrated silver nanoparticles and chemometric 
techniques. They achieved great accuracy when 
classifying samples into three categories (healthy patients 
and asymptomatic patients). However, even when the 
appropriate experimental parameters are established, 
significant care must be given while planning research 
for the development of diagnostic tests. Blood serum, like 
other biological objects, contains a number of 
fluorophores and is characterized by the presence of 
fluorescence [24, 25]. It should be noted that 
fluorescence is background and noise for the Raman 
signal. In order to reduce the contribution of fluorescence 

to the signal in the study of biological objects, the 
excitation of spectra in the near infrared range is widely 
used. Therefore, excitation of the spectral characteristics 
is realized at a wavelength of 785 nm. It is advisable to 
use particles of silver, copper or gold to achieve surface 
enhancement of the Raman signal in the near infrared 
region [26–28]. Colloidal silver solution is characterized 
by simplicity of preparation.  

In the current work to implement a simple analysis of 
human serum using SERS, a silver SERS substrate was 
prepared. The goal of this work was to develop a SERS 
technique based on sliver nanoparticles (Ag NPs) 
application for simple, reliable and rapid analysis of 
human serum. To assess the prospects of the proposed 
SERS technique, the stability of SERS substrates and a 
comparative analysis of the conventional Raman (CR) 
spectra and SERS characteristics of serum samples with 
the calculation of the enhancement factor (EF) were 
carried out.  

2 Materials and methods 

2.1 Colloidal silver nanoparticles solution  
Silver nitrate and trisodium citrate were used as starting 
materials for the preparation of (AgNPs). The silver 
colloid was prepared by using chemical reduction method. 
All solutions of reacting materials were prepared in 
distilled water. In typical experiment 20 ml of distilled 
water heated to boil. To this solution 3 ml of 1.8% AgNO3 

of and 6 ml of 1% trisodium citrate (Na3C6H5O7) were 
added. The resulting solution was heated at 95 °С for 20 
min until a yellow-green solution is formed. Then the 
solution was removed from the heating device and stirred 
until cooled to room temperature. The UV-Vis spectrum 
of the AgNPs solution was obtained by utilizing the 
Spectrophotometer (UNICO 1201, United Products & 
Instruments, USA). The obtained absorption spectrum of 
AgNPs solution is shown in Fig. 1 and demonstrates an 
absorption maximum at 410 nm with a full width at half-
maximum of 40 nm, which corresponds to spherical 
nanoparticles with 20 nm in diameter. 

	
Fig. 1 UV-Vis absorbance spectrum of the colloidal 
AgNPs.
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Fig. 2 The electron-microscopic images of the substrate with silver particles at magnification factors of 7 000× and 
20 000×.  

The resulting colloidal solution with a volume of 
20 ml was poured onto an aluminum foil with an area of 
75 mm × 25 mm and dried at room temperature until 
completely dry. Fig. 2 presents the electron-microscopic 
images of the prepared substrate after drying. The 
electron-microscopic images of the substrate with silver 
structures were obtained on a Vega SB scanning electron 
microscope (Tescan, Czech Republic) with an INCA X-
act energy dispersive X-ray analyzer (Oxford 
Instruments, the United Kingdom) at an accelerating 
voltage of 30 kV. The images contained agglomerates of 
spherical particles about 200 nm in size. 

2.2 Serum samples preparation 
A standardized sampling was carried out from patients of 
the Samara Regional Clinical Hospital named after 
V. D. Seredavin. The study included patients with stages 
1–3a of chronic kidney disease. The study protocols were 
approved by the ethical committee of Samara State 
Medical University. All the subjects who participated in 
this study gave their written informed consent at the 
beginning of the study. The blood serum samples were 
collected from patients in fasting condition and placed in 
sealed containers, followed by freezing at a temperature of 
–16 °C. Immediately before the start of the analysis, the 
blood serum samples were defrosted at room temperature.  

Each blood serum samples were dropped in a volume 
of 1.5 µl and dried for 30 min: 

• on aluminum foil for CR analysis; 
• on aluminum foil with the layer of dried silver 

colloid for SERS analysis. 

2.3 Experimental setup and spectra collection 
The experimental setup for Raman analysis of human 
serum includes a spectrometric system (EnSpectr R785, 

Spektr-M, Chernogolovka, Moscow Region, Russia) and 
a microscope (ADF U300, ADF, China). Focusing the 
exciting radiation and collecting the scattered radiation 
were implemented using 50× Objective LMPlan. The 
stimulation of collected spectra was performed by the laser 
module with central wavelength 785 nm. The diameter of 
the laser spot at the focus on the sample surface was 5 μm. 
The laser power was 10 mW for the SERS technique and 
60 mW for the CR technique. Exposure time was 4 s for 
SERS and 20 s for CR. The resulting raw spectrum for 
each sample is an automatic sequential recording of four 
spectra with subsequent averaging. Thus, the recording 
time of the CR raw spectrum is 80 s, and 16 s for SERS. 

The analyzed serum sample was examined 15 times 
in the same position and condition and then examined for 
5 different SERS substrates at 5 different spots to indicate 
the accuracy and stability of the proposed SERS 
substrates in comparison to CR.  

2.4 Spectra processing and calculation of 
enhancement factor (EF) 

The analysis of the stability of the SERS substrate and the 
reproducibility of the result was carried out on raw spectra 
without preprocessing. The raw spectral data were 
subjected to calculating the mean spectrum and standard 
deviation. Calculation of standard deviation was 
performed in a standard manner [15]. The mean CR 
spectra and SERS spectra and shift peaks were assigned to 
the molecular structures and biochemical components 
based on the analysis of available studies.  

The estimation of the EF is realized in a comparative 
analysis of the preprocessed CR and SERS spectra. Raw 
spectra were processed by carrying baseline correction 
and smoothing to remove noise and fluorescence 
background. Prior to analysis, the raw spectral data were 
smoothed by the Savitzky-Golay filter. Savitzky-Golay 
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filter was applied with filter window width of 15, 1 order 
of polynomial used for smoothing and 0 order of 
derivative to take (no derivative). Smoothing aims to 
remove noise and outliers from a given set of 
experimental data. Proper smoothing will act to increase 
the signal-to-noise ratio and enhance the primary features 
embedded in a given data-set. Numerical means whereby 
Raman spectral data may be smoothed have been widely 
employed in the field for many years [18, 29]. Baseline 
correction is based on polynomial approximation method 
(tenth-order polynomial function) to separate the 
autofluorescence and the Raman signal [28]. After 
spectral processing EF is estimated by the following 
equation:  

!" = !!"#!×#$#$%$&	×%#$%$&	×'#$%$&
!#$%$&	×#$!"#!×%!"#!	×'!"#!

, (1) 

where ISERS and IRaman are the intensities of the same band 
for the SERS and CR spectra, respectively; EVSERS and 
EVRaman are the exposure times for the SERS and CR 
spectra, respectively; CSERS and CRaman are the sample 
concentration for the SERS and CR spectra, respectively; 
PSERS and PRaman are the exciting laser power for the SERS 
and CR spectra, respectively. Since the CR and SERS 
spectra of the same sample were recorded to calculate the 

EF, the concentration ratio CRaman / CSERS is equal to 1 
(CRaman = CSERS).  

3 Results and discussion  
At the first stage, the characteristic spectral features of a 
human serum sample using the SERS technology, using 
the CR technology, and the spectral characteristics of the 
prepared silver SERS substrate were considered. Fig. 3 
shows the recorded raw SERS and CR spectra of serum. 
Fig. 4 demonstrates the preprocessed SERS and CR 
spectra of human serum corresponding to the Raman 
contribution. As can be seen from Fig. 3, the spectral 
contribution of the silver substrate to the SERS spectrum 
of the serum sample is insignificant. Consequently, when 
analyzing the SERS spectrum of serum obtained using the 
proposed approach, the spectral features characterize the 
tested serum sample and there is no need to take into 
account in the analysis the foreign contribution of the 
substrate. Only a few Raman peaks could be observed in 
the regular Raman spectra of the serum sample. The SERS 
spectra of the serum sample, obtained with the proposed 
technique with AgNPs shows multiple distinctive peaks, 
and the intensity of these peaks is enhanced compared with 
that of CR spectra. 

 

 
Fig. 3 Comparison of the raw spectrum of a blood serum sample for CR, SERS, and the spectral characteristics of the silver 
substrate. 
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Fig. 4 Comparison of the preprocessed CR and SERS spectra of the same blood serum sample. 

Table 1 Peak positions and their characteristic assignments.  

Raman shift (cm−1) Peak assignment Ref. 

Conventional Raman 
525 (S-S) disulfide stretching in proteins Phosphatidylserine [37, 38] 
641 (C–S) L-tyrosine, lactose [39] 
770 (C–H) Hypoxanthine, Phosphatidylserine [40–43] 
1100 ʋ(C-C)-lipids, fatty acids [44] 
1543 ʋ11(Cβ Cβ), tryptophan [45–46] 
1661 (C–O) Amide I, α-helix [40–43] 

SERS 
498 (S-S) disulfide stretching in proteins Phosphatidylserine [37, 38] 
641 (C–S) L- tyrosine, lactose [39] 
728 (C–H) Hypoxanthine, Phosphatidylserine [37, 38] 
813 (C–C–O) L-Serine, glutathione [37, 38] 
890 (C–O–H) Glutathione, D-(C)-galactosamine [37, 38] 
961 ʋ (C-C), Cholesterol [37, 38] 
1003 (C–C) Phenylalanine [39] 
1086 (C-N) Stretching, Phosphodiester groups in nucleic acids [37, 38] 
1094 (C–N) Stretching mode in D-mannose [47] 
1132 (C-N) Ascorbic acid, L-serine [37, 38] 
1210 C-C6H5 stretching, L-tryptophan, phenylalanine [48] 
1291 CH2 twisting in phospholipids [37, 38] 
1326–1329 CH vibration in DNA/RNA, CH2 twisting in lipids [41] 
1331 (C–H) Nucleic acid base [40] 
1400 (C–H), Collagen, phospholipids [41] 
1450 (C-H2) deformation, Acetoacetate, tryptophan [37, 38] 
1584 (C–C) bending mode of phenylalanine [40] 
1655 (C–O) Amide I, α-helix [37, 38] 
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Laser-induced fluorescence is the most common 
source of interfering baseline signal encountered in 
Raman measurements. The fluorescence interference in 
Raman spectroscopy may result from the compound 
analyzed or from fluorescent impurities in the sample. 
Autofluorescence background can be produced by 
tryptophan and tyrosine side chains in folded proteins, by 
carotenoids and photosynthetic pigments or other 
chromophores within microbial, animal and plant cells. 
In addition, it may due to manufacturing additives. 

The observed CR and SERS bands are described in 
Table 1. The major CR peaks are observed at 525, 641, 
770, 1100, 1543, 1661 and 1849 cm−1 and may be 
attributed to biochemical components of nucleic acids, 
fatty acids and Amide I group. For SERS measurements 
we observe strongly enhanced bands which may be 
attributed to such biochemical components as nucleic 
acids (641, 724, 813, 1003, 1210, 1132 and 1450 cm−1), 
carbohydrates (641, 890, and 1094 cm−1), lipids (1278 
and 1327 cm−1), etc. The observed SERS peaks are 
indicators of the corresponding serum components [29–
32]. 

Several of the observed bands clearly stand out by the 
impact of SERS technique at 724, 813, 890, 961, and 
1132 cm−1. These bands were undetectable by CR 
spectroscopy, as the intensities of these bands are weaker 
than the intensity of the autofluorescence and noise 
signals. The SERS spectrum of serum with AgNPs 
showed many dominant vibration bands, indicating a 
strong interaction between the silver colloids and the 
serum substances. This interaction also indicated that 
biochemical ingredients in the serum were closely 
adsorbed onto the surfaces of the AgNPs, and Raman 
scattering took place in the highly localized optical fields 
of these structures, which resulted in a strong 
enhancement in the intensity [29–32]. 

In SERS spectrum, bands of several molecules could 
be shifted compared with the bands of these molecules in 

the CR spectrum. Such shift may be observed from 525, 
770, and 1100 cm−1 bands to 498, 728, and 1003 cm−1 
bands respectively. This might be due to the strong 
interaction between prepared substrate and analyte [33]. 
It is also found in Fig. 4, which demonstrates the redshift 
of the SERS spectrum relative to the CR spectrum that 
observed shift is related to the change of the chemical 
bond’s energy. Some studies have also found the 
influence of atomic species on the Raman activities. The 
redshift in SERS is mainly due to the change of the 
localized plasmons depending on the dielectric functions 
of metallic nanostructures that, in turn, depend on 
different parameters, such as the medium, size of NPs, 
and intrinsic damping of metal, which are known to 
display this interesting common phenomenon [31]. 
Moreover, the reason for the blueshift or the redshift of 
the Raman peak is the change of the corresponding 
chemical bonds, leading to the migration of electron 
clouds. Specifically, the change involves the 
transformation of interatomic bond force and 
distance [34]. 

Thus, the spectral bands and SERS characteristics of 
the serum obtained in the current study are similar to 
those reported in the studies of other authors. However, 
Huang et al. and Feng et al. [35, 36] reported SERS bands 
at 702 cm-1 and 1383 cm-1 which were not observed in 
our study; these bands were assigned to the cytosine and 
CH3 domains respectively. 

The next stage of our research was the analysis of the 
results repeatability and the stability of the proposed 
silver substrates. To clarify the central location of the 
spectral data distribution, a calculation of a mean 
spectrum was carried out, and the standard deviation of 
the collected raw spectra was also performed to assess the 
spread of the values above and below the mean. Such data 
is presented in Fig. 5 and Fig. 6. 

 

 
Fig. 5 Mean and standard deviation for human serum sample examined 15 times in the same conditions using single SERS 
substrate. 
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Fig. 6 Mean and standard deviation for serum sample examined for 5 different SERS substrates at 5 different spots. 

Table 2 EF values for different spectral bands. 

Raman shift (cm−1) IRaman ISERS EF 

727 0.240 313×10 3.91×105 

641 131 479×10 1.10×103 

815 13.4 136×10 3.04×103 

1132 10.5 231×10 6.60×103 

The low values of standard deviation show that the 
data are clustered closely around the mean, thus, the 
proposed SERS technique is reliable and may be applied 
in quantitative measurements. In case of a single SERS 
substrate application maximum standard deviation was 
up to 8%. In case of different SERS substrates utilization, 
the standard deviation was up to 19%. 

The value of EF depends on the morphology of the 
NPs. However, the physic-chemical properties of the 
interfaces, such as the pH, the presence of impurity 
species, and the available surface on the metal, are also 
important and may affect the EF value. The interfacial 
properties of metal surfaces should be considered to 
understand why certain molecules do not work well in 
SERS, or why the spectral profile changes from 
preparation to preparation. The prepared AgNPs were 
effective and stable, as they are attached to a substrate 
standing at an appropriate interparticle distance to have a 
giant electromagnetic enhancement with the formation of 
hot spots [49]. Lin et al. [50] reported an EF of (5.6 × 109) 
using gold “pearl necklace” nanomaterials substrate. 
While Wang et al. [51] found that highly-branched gold 
nanoparticles provided an EF of (3.6 × 105). However, 
H. Wang et al. [52] reported an EF of (105) for the Ag 
metalized substrates. The highest EFs observed in the 

study are collected in Table 2. We found that the largest 
EF that was calculated from Eq. (1) is detected at 
727 cm−1 peak and was 3.91 × 105. Note here, that in 
order to get a higher EFs, it is possible to consider CR 
bands (IRaman) close to 0, and if newly appeared SERS 
bands are detected, than the calculated EF value may be 
extremely high. 

The storage stability of the substrates was tested 
during 1-month period. In this period, we estimated 
standard deviation of the SERS signal and tracked EF 
changes. During the tracked period the standard deviation 
was not higher than the standard deviation observed for 
single substrate measurements presented above (up to 
19%), and EF did not decrease by less than 8%. However, 
for future possible clinical applications the stability of the 
substrate should be estimated for a longer period. 
Important to note, that no blinking phenomenon [53] of 
SERS spectra from Ag nanoparticles was detected. The 
term “blinking” is used to describe temporal fluctuations 
in the Raman spectral signal. It is typically accepted that 
the observation of blinking behavior in the SERS 
spectrum is indicative of a single molecule undergoing 
adsorption/desorption cycles at a SERS “active” site. 
Blinking in SERS may be attributed to thermal diffusion 
of a single molecule in and out of hot spots, where 
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alterations in position of a few nanometers can create a 
significant change in SERS signal intensity [54, 55]. The 
intensity of SERS spectra for 5 different SERS substrates 
at 5 different points and for 15 times in the same 
condition for one SERS substrate did not change 
significantly and is within the standard deviation of 19%. 

In addition, we showed non-invasiveness of the 
proposed approach as we examined the serum sample 
multiple times at the same spot and observed no changes 
in the intensity for each performed test. It is worth 
mentioning that the proposed method is quite promising 
since, unlike previous studies, we employed a non-
cooling camera for spectra collection. For instance, 
Zhou et al. [55] studied SERS effect collecting spectra 
using a cooling system camera set to ‒70 °C.  

SERS is recognized as an ultrasensitive optical 
detection technique with wide application potential in a 
variety of fields due to its great sensitivity at the single 
molecule level. However, the complex manufacturing 
and expensive price of SERS substrate remain a barrier 
to its wide application in industry [56]. Aside from the 
advantages and limitations of SERS technology in 
comparison to other diagnostic methods, it is also 
important to notice that SERS-active substrates are most 
often fabricated with transition metals (Rh, Pd, Pt, Fe, 
Co, etc.) and plasmonic metals such as Au and Ag, which 
have the ability to induce localized surface plasmon 
resonance, which is a result of the coupling of resonant 
oscillations of electrons and electromagnetic fields near 
the nanostructures. However, transition metals have also 
explored found to impart weaker SERS effects compared 
to plasmonic metals [57]. In the material selection 
process, it is also important to consider the suitability of 
the substrate material in terms of its stability in an 
environment or condition where it is to be applied. Each 
plasmonic metal exhibit their own characteristic 
properties that are not found in other metals; for example, 
gold is a biocompatible material but provides a lower 
signal enhancement than silver, which on the other hand 
is less stable due to it being prone to oxidation [58]. 
Studies have thus explored the use of both of these metals 
to take advantage of combining these properties, giving 
synergistic effects. 

Homogeneity is another key point in the evaluation of 
the SERS substrate, especially when it is used for 
quantitative detection and imaging. The detection result 
is reliable only when the results from the substrate are 
reproducible because SERS is a localized phenomenon 
and it is highly sensitive to the local structure of the 
substrate and the surrounding environment. For the NP 
substrates, the homogeneity in size, shape, and 
aggregation state will increase the reproducibility. 
Besides the higher enhancement or better homogeneity, 
the cost of substrate fabrication should also be considered 
in SERS applications. 

Our proposed approach was found to be considerably 
easier, faster and more convenient than the methods 
stated in earlier studies. The colloidal substrates are 
prepared by either the chemical reduction process or by 
laser ablation procedures. For instance, Chu et al. [59] 

proposed a laser ablation-assisted method to fabricate the 
SERS substrate on the teflon. For the reduction method, 
Chi et al. [60] created a Silver NP colloidal solution by 
reducing silver nitrite with sodium citrate in the presence 
of ultraviolet (UV) light by dropping sodium citrate 
solution to silver nitrite solution and placing the mixture 
in a UV chamber. Silicon substrates were immersed in an 
Ag NP colloidal solution to allow Ag NPs to adhere to 
the surface. Huang et al. and Zong et al. [35, 61] prepared 
colloids by adding NaOH solution to hydroxylamine 
hydrochloride solution and mixing the solution with 
AgNO3 aqueous solution at room temperature, until the 
formation of a milky-grey color. The Ag colloids were 
pelleted by centrifugation. The pelleted Ag NP was then 
mixed with urine or serum samples at a 1:1 ratio in a 
rectangle aluminum plate. In another work, Jing 
et al. [62] used a seed growth technique with AuNPs as 
seeds to create spherical AgNPs by adding HAuCl4 to 
deionized water, the solution was heated to boiling. Then, 
trisodium citrate was immediately added. Serum samples 
were mixed with the prepared AgNPs solution after 
cooling. The mixture was transferred to a silicon wafer 
for SERS analysis. 

In comparison to the observed techniques, we have 
successfully developed a new simple and low-cost 
AgNPs SERS substrate with excellent sensitivity and 
promising stability. We obtained excellent SERS spectra 
using a digital camera without cooling (working at 
ambient temperature). The proposed technique of blood 
serum analysis has great potential to significantly 
increase the application of SERS methods, particularly in 
clinical applications. Nevertheless, further research in a 
larger group of collected blood specimens is required to 
confirm the applicability of the proposed techniques in 
clinical settings.  

4 Conclusion  
In this study human blood serum samples were examined 
using CR and newly proposed SERS technique. To 
demonstrate the applicability of the proposed technique 
the serum sample was examined 15 times in the same 
condition for one SERS substrate and then examined for 5 
different SERS substrates at 5 different spots, calculated 
standard deviation for these cases was up to 8% and up to 
19% correspondingly. The obtained results indicate 
accuracy and stability of the proposed SERS substrates. 
Demonstrated results shows that the obtained SERS effect 
helps to achieve up to 4 × 105 EF with silver NPs 
application for 785 nm laser excitation. Moreover, the 
proposed SERS technique provides a capability to detect 
Raman bands 724, 813, 890, 961, and 1132 cm−1 which 
may be attributed to such biochemical components as 
nucleic acids, carbohydrates, lipids, etc. These bands were 
not presented in the CR spectra of human serum; thus 
SERS analysis increases the possibility to detect disease 
biomarkers during blood samples analysis. The obtained 
results demonstrate that the proposed SERS technique is 
stable, no-invasiveness with no blinking phenomenon and 
has significant potential in clinical diagnosis applications. 
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Abstract. The study was devoted to the influence of different concentrations of 
oxaloacetate on the conformational structure of glycerol-3-phosphate 
dehydrogenase in a temperature gradient, using differential scanning fluorimetry 
on a Prometheus NT.48 device (NanoTemper Technologies, Germany). We 
studied the fluorescence ratio (350/330 nm) of glycerol-3-phosphate 
dehydrogenase in the presence of oxaloacetate at concentrations of 0.5–16 µM in 
a temperature gradient of 20–95 °C. We built linear regression models for the 
physiological temperature range and nonlinear models (polynomial of the third 
degree) for the temperature range corresponding to protein melting. 
Temperature was the independent variable; fluorescence ratio was the variable. 
The effect of different oxaloacetate concentrations on glycerol-3-phosphate 
dehydrogenase thermostability was evaluated by comparing the parameters of 
obtained regression models. At the physiological temperature range of 20–40 °C, 
the fluorescence ratios and their growth rates at oxaloacetate concentrations of 
0.5-8 µM (p < 0.001) were found to be lower than those of controls. Higher 
average fluorescence ratios and growth rates were detected at oxaloacetate 
concentrations of 16 µM (p < 0.001). When heating over 45 °C, no differences 
were found in the average denaturation temperature of glycerol-3-phosphate 
dehydrogenase between the oxaloacetate concentrations studied. The 
experiment demonstrates the change in the total amplitude of the fluorescence 
signal in the process of heating the enzyme. The effect of biologically active 
compounds on fluorescence ratio differs in the area of low concentrations (0.5 
and 1 µM) and high concentrations (16 µM). Oxaloacetate at a final concentration 
of 0.5–1 µM contributes to the thermodynamic stability of glycerol-3-phosphate 
dehydrogenase, while the concentration of 16 µM causes a decrease in its 
thermostability. © 2022 Journal of Biomedical Photonics & Engineering. 

Keywords: glycerol-3-phosphate dehydrogenase; oxaloacetate; differential 
scanning fluorimetry; conformation structure; mathematical modelling. 
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1 Introduction 
In recent years, there has been an increasing interest in 
small molecules – compounds with a molecular mass 
between 40 and 1000 Da – that can change the content of 

metabolites and their fluxes in the pathways of 
intermediate metabolism, which can regulate specific 
intermolecular processes. The study of small molecules 
today seems to be an urgent task because, having a very 

mailto:n.a.koloteva@samsmu.ru
https://dx.doi.org/10.18287/JBPE22.08.010302


N.A. Kolotyeva et al.: Mathematical Modelling of the Influence of... doi: 10.18287/JBPE22.08.010302 

J of Biomedical Photonics & Eng 8(1)   21 Mar 2022© J-BPE 010302-2 

small molecular weight, they have multiple effects not 
only on metabolism in general, but also on intercellular 
interaction systems [1–4]. 

Glycerol-3-phosphate dehydrogenase (EC 1.1.1.8, 
GPDH), is a NAD-dependent dehydrogenase located at 
the crossroads of the metabolic pathways of carbohydrate 
and fat metabolism, whose structural and functional 
potential enables numerous biomolecular processes. 
Dihydroxyacetone phosphate and the redox partner, 
glycerol 3-phosphate, are substrates of the reaction. With 
a lack of energy, the dihydroxyacetone phosphate 
molecule continues its way in the glycolytic process; if 
there is enough energy, it can enter the lipid biosynthesis 
pathway [5, 6]. Numerous metabolic and non-metabolic 
functions of these switches are provided by gentle 
regulation by GPDH. Mitochondrial GPDH has been 
shown to accelerate glucose oxidation by stimulating 
acetyl coenzyme A production, histone acetylation, and 
induction of genes encoding inflammatory mediators in 
macrophages, promoting oncogenesis in glioma 
cells [7, 8]. The study of GPDH represents a therapeutic 
target for treatment and mechanisms of cancer 
regulation [9–11].  

Oxaloacetate (OA) is a metabolic intermediate, a 
valuable and rather rare molecule, its concentration in 
mitochondria does not exceed 10-6 M [12], participates in 
many metabolic pathways, including gluconeogenesis, 
the citric acid cycle, the glyoxylate cycle, amino acid 
synthesis, fatty acid synthesis. Oxaloacetate is a critical 
component in ATP production and must be continuously 
regenerated for the citric acid cycle and electron transfer 
chain to continue. Oxaloacetate is important not only as 
a molecular switch and mediator in complex biological 
processes. Due to its central role in energy metabolism, 
it has been called a bioenergetic drug specifically 
designed to increase cellular energy levels, has 
protective, promitochondrial actions, prevents 
neuroinflammation, neurodegeneration [13–15]. 

The use of the differential scanning fluorimetry 
method makes it possible to evaluate protein folding as 
well as its conformational and colloidal stability under 
various thermal and chemical conditions. The principle 
of the method is based on changes in the endogenous 
fluorescence of tryptophan and tyrosine, which is very 
sensitive and changes with thermal unfolding. Using a 
thermal gradient causes denaturation of the tertiary 
structure, the protein unfolds, which contributes to the 
escape of hydrophobic sites with tryptophan from the 
pockets. This leads to a shift in the fluorescence peaks; 
differential scanning fluorimetry tracks these changes 
with high temporal resolution and can even detect several 
unfolding transitions [16]. 

This study focuses on the effect of different 
concentrations of oxaloacetate on the conformational 
structure of glycerol-3-phosphate dehydrogenase in a 
temperature gradient, followed by the study of 
fluorescence curves and fitting mathematical model. 
 

2 Materials and Methods 

2.1 The Experiment overview 
The experiments were performed in the Laboratory of 
Molecular and Radiation Biophysics at the National 
Research Center “Kurchatov Institute”. 

We used reagents from Sigma-Aldrich, USA: 
catalytic protein glycerol-3-phosphate dehydrogenase, 
oxaloacetate, 50 mM Tris-HCl buffer, pH 7.5. The pH 
value was monitored before and after adding the small 
molecule solution to the samples using a Mettler Toledo 
pH-meter (USA). The change in pH of the medium had 
fluctuations within the range of 0.01–0.02.  

The conformational structure of glycerol-3-phosphate 
dehydrogenase protein molecules under the influence of 
oxaloacetate was determined using Differential Scanning 
Fluorimetry (DSF) on a Prometheus NT.48 instrument 
(NanoTemper Technologies, Germany). The 
conformational stability of the protein was described by 
its average denaturation temperature Tm (°C), which is 
the point where half of the protein unfolds. The principle 
of differential scanning fluorimetry is based on the 
change in endogenous fluorescence of tryptophan and 
tyrosine at 330 and 350 nm, which changes with thermal 
unfolding [17]. Six dilutions were prepared in which the 
final concentration of GPDH was constant, 1 μM, and the 
final concentration of oxaloacetate solution varied: 
0.5 μM, 1 μM, 2 μM, 4 μM, 8 μM, and 16 μM. We placed 
10 μl of the prepared solution into Prometheus NT.48, 
nanoDSF grade capillaries (Germany). Scanning 
fluorimetry was performed at a laser intensity of 30%, 
heating range from 20 °C to 95 °C, step 1 °C/min. 

2.2 Statistical Analyses 
Mathematical modeling of fluorescence ratio curves as a 
function of temperature and oxaloacetate concentration 
and statistical analysis of obtained parameters of 
regression equations were performed using SPSS v. 25 
(IBM Corporation, Armonk, New York, USA). We used 
linear models and analysis of covariance (ANCOVA) for 
the physiological temperature range, approximation by 
cubic regression to investigate protein melting point. To 
assess the quality of fitted models, we examined 
regression residuals, calculated coefficients of 
determination (R2) and standard errors of regression  
(SE regr). A two-tailed p-value < 0.05 was considered 
statistically significant. 

3 Results and Discussion 
Preliminary visual analysis of the melting curves of 
GPDH without ligand and with the oxaloacetate (Fig. 1) 
makes it possible to distinguish several sites that differ in 
biochemical nature. In the physiological temperature 
range (up to 45–50 °C) there is a linear increase in the 
fluorescence ratio, at a temperature of the order of  
50–55°C – melting, and at higher temperatures – a 
subsequent increase in the fluorescence ratio.
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Fig. 1 Ratio of fluorescences at different concentrations of oxaloacetate during GPDH heating in the temperature range  
20–95 °C. 

  
Fig. 2 Ratio of fluorescences at different concentrations of oxaloacetate during GPDH heating in the temperature range  
20–40 °C. 

Table 1 Summary of linear models of the relationship of GPDH fluorescence to temperature in the range from 20 to 40 °C 
when oxaloacetate is added at different concentrations. 

Concentration of 
oxaloacetate 

Intercept, × 10-3 Slope, × 10-3 Model Quality 
Assessment 

  b0 SE b0 b1 SE b1 R2 SE regr 

Control 789.1 0.77 0.95 0.025 0.72 3.43 
0.5 μM 731.5 0.58 0.71 0.019 0.70 2.59 
   1 μM 733.6 0.62 0.77 0.020 0.73 2.77 
   2 μM 749.8 0.66 0.84 0.022 0.74 2.91 
   4 μM 751.3 0.68 0.88 0.022 0.77 2.99 
   8 μM 764.1 0.77 0.88 0.025 0.76 3.42 
16 μM 797.5 0.83 1.05 0.027 0.70 3.68 

Note: b0 – constant; SE b0 – standard errors of constant; b1 – regression coefficients; SE b1 – standard errors of regression 
coefficients; R2 – coefficient of determination; SE regr – standard errors of regression. 
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At the first stage, we isolated the temperature range 
corresponding to the physiological norm from 20 to 
40 °C (Fig. 2) and compared the average values of the 
fluorescence ratio in the presence of different 
concentrations of oxaloacetate and their growth rate. We 
used paired linear regression analysis, which determines 
the inclination angles of the linear growth of the 
fluorescence ratio, and covariance analysis (ANCOVA), 
which allows comparing these inclination angles in 
different ligands and comparing the mean fluorescence 
ratio values. 

A summary of the parameters of the fitted pairwise 
linear regression equations, coefficients of determination 
and standard regression errors are shown in Table 1. All 
fitted models are statistically significant and have good 
quality: determination coefficients (R2) are from 0.70 to 
0.77. Standard regression errors are from 2.5×10-3 to 
3.43×10-3.  

Fig. 3 shows the slope angles of the regression lines 
(parameters b1 of each equation and its 95% confidence 
interval). 
 

 
Fig. 3 Angles of regression equations of fluorescence ratio 
growth when HPA is heated in the temperature range from 
20 to 40 °C when oxaloacetate is added at different 
concentrations: regression coefficients b1 and their 95% CI 

Covariance analysis presents a pooled linear model 
for controlling and varying ligand concentrations 
(Table 2). 

According to the model, ANCOVA mean values of 
fluorescence ratio in the middle of the studied 
temperature range are as follows (95% confidence 
intervals are given in parentheses): 

Control: 0.817 (95% CI: 0.817–0.818), 
0.5 μM: 0.753 (95% CI: 0.753–0.753), 
   1 μM: 0.757 (95% CI: 0.756–0.757), 
   2 μM: 0.775 (95% CI: 0.775–0.775), 
   4 μM: 0.778 (95% CI: 0.777–0.778), 
   8 μM: 0.791 (95% CI: 0.790–0.791), 
16 μM: 0.829 (95% CI: 0.829–0.829). 
As shown in Figs. 1 and 2, and in Table 2, 

fluorescence ratios are lower at the probe with 
oxaloacetate concentration of 0.5–8 μM (all p < 0.001), 
than in the control, the lowest ligand concentration being 
0.5 μM. Conversely, higher average fluorescence ratios 
were detected at a ligand concentration of 16 μM 
(p < 0.001). 

As for the comparison of the growth rate of 
fluorescence ratios when heated to 40 °C, lower values 

were obtained for a ligand concentration of 0.5–2 μM (all 
p < 0.001) than in the control sample. Close to control but 
slightly lower for oxaloacetate concentrations 4 and 8 μM 
(p = 0.035 and p = 0.052) and higher fluorescence ratio 
growth rates were noted for a concentration of 16 μM 
(p = 0.001). 

In the next step, we studied the effect of oxaloacetate 
on the conformational stability of GPDH when the 
enzyme was heated to melting point. To do this, we 
selected different variants of nonlinear regression 
models, so that on the one hand there was an acceptable 
approximation quality, and on the other hand, that 
regression parameters had a good biochemical 
interpretation, since the goal of the simulation is to 
compare the parameters found at different concentrations 
of small molecules. 

We considered a number of possible models: 
sinusoidal, S-shaped, Hill’s equation, cubic parabola. As 
a result of a detailed analysis of mathematical models, it 
was decided to use a cubic parabola of the following 
form: 

!(#) = & × (# − ))! + + × # + ,, (1) 

where !(#) is a dependent variable, fluorescence ratio;  
t – independent variable, temperature, °С; a, b, c, d are 
parameters of the equation, or regression coefficients. 

The choice of this mathematical model for the present 
study is due to the simplicity and convenient meaningful 
interpretation of its parameters: b – corresponds to the 
theoretical inflection point during melting or the average 
denaturation temperature Tm (°C). Indeed, the second 
derivative !(#) is as follows: 

"!#(%)
"%! = 6 × & × (# − )). (2) 

Equating 6 × & × (# − )) to zero, we get #	 = 	). 
Parameter c corresponds to the maximum melting 

rate. This is proved as follows. The first derivative of the 
function !(#) is calculated: 

"#(%)
"% = 3 × & × (# − ))' + +. (3) 

At the temperature of the inflection point: #	 = 	), the 
value of the first derivative and, accordingly, the melting 
rate of the protein is obtained equal to the parameter c. 

Comparison of different concentrations of 
oxaloacetate was carried out by the method of confidence 
intervals: their overlap indicates the statistical 
indistinguishability of these parameters, and non-overlap 
indicates the statistical significance of differences in the 
melting parameter under study.  

To build models, a temperature range of 44–56 °C 
was chosen. The approximation quality for different 
oxaloacetate concentrations was very different (Table 3, 
Fig. 4). Thus, for ligand concentrations from 0.5 to 
8 mkM, the coefficients of determination were from 0,64 
to 0,84, which characterizes the models as fairly accurate.  
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Table 2 Parameters of the combined ANCOVA model for the dependence of the GPDH fluorescence ratio on the 
temperature in the range from 20 to 40 °C when oxaloacetate is added at different concentrations. 

 
b, × 10-3 SE b, × 10-3 p 

Intercept 789.09 0.708 <0.001 
temperature 0.95 0.023 <0.001 
0.5 μM –57.58 1.001 <0.001 
   1 μM –55.52 1.001 <0.001 
   2 μM –39.25 1.001 <0.001 
   4 μM –37.82 1.001 <0.001 
   8 μM –25.00 1.001 <0.001 
16 μM 8.39 1.001 <0.001 
Control reference – – 
Interaction Effects    
0.5 μM × temperature –0.24 0.033 <0.001 
   1 μM × temperature –0.18 0.033 <0.001 
   2 μM × temperature –0.11 0.033 0.001 
   4 μM × temperature –0.07 0.033 0.035 
   8 μM × temperature –0.06 0.033 0.052 
16 μM × temperature 0.10 0.033 0.001 
Control × temperature reference – – 

Note: b – regression coefficients; SE b –  standard errors of regression coefficients; p – significance level. 

  
Fig. 4 Ratio of fluorescences during GPDH melting in the temperature range from 44 to 56 °C when oxaloacetate is added 
at different concentrations: observed values and approximation by cubic parabola. 

At the same time, for the reference sample model, the 
R2 determination coefficient is 0.33, and for a sample 
with an oxaloacetate concentration of 16 μM R2 a total of 

0.16. The standard regression errors for all models are in 
the 0.003–0.005 range.
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Table 3 Summary of nonlinear models of dependence of fluorescence ratio at melting of GPDH in temperature range 
from 44 to 56 °C at addition of oxaloacetate at different concentrations. 

 a b c, × 10-3 d, × 10-6 R2 p 

Control 0.911±0.007 52.13±0.66 –1.51±0.13 25.15±7.07 0.33 <0.001 

0.5 μM 0.917±0.006 51.15±0.19 –3.14±0.11 43.46±5.34 0.84 <0.001 

   1 μM 0.934±0.007 53.10±0.77 –3.35±0.14 25.76±6.11 0.82 <0.001 

   2 μM 0.923±0.006 52.59±0.70 –2.72±0.12 26.41±6.71 0.71 <0.001 

   4 μM 0.923±0.006 51.62±0.30 –2.66±0.12 40.10±6.31 0.70 <0.001 

   8 μM 0.928±0.007 52.66±0.64 –2.58±0.13 29.95±6.74 0.64 <0.001 

16 μM 0.907±0.008 52.83±1.45 –1.13±0.16 16.37±7.95 0.16 <0.001 

Note: a –parameter of the equation; b – parameter of the equation, corresponds theoretical inflection point during melting 
or average denaturation temperature Tm, °C; c – parameter of the equation, corresponds the maximum melting rate of 
GPDH at inflection point; d – parameter of the equation; R2 – coefficient of determination; p – significance level.  

 
A graphical representation of the regression 

parameter b characterizing the temperature of the 
inflection point at which the melting rate is maximum is 
shown in Fig. 5. Overlapping confidence intervals of 
parameter b indicate that inflection points at different 
intermediate concentrations do not differ. 
 

	
Fig. 5 Inflection points of fluorescence ratios during 
GPDH melting in the temperature range from 44 to 56 °C 
with addition of oxaloacetate at different concentrations. 
The regression coefficients b from the cubic model (solid 
line) and their 95% CI (dotted lines) are given. 

The maximum melting rates according to the fitted 
mathematical models differ significantly (Fig. 6). Since 
the fluorescence ratios decrease when the protein melts, 
the velocities have a negative sign. The fastest melting 
(the highest absolute value parameters with 
corresponding to the first derivatives at the inflection 
point) was noted for GPDH in the presence of 
oxaloacetate at a concentration of 0.5 μM and 1 μM. A 
smaller, but also significantly different melting rate is 
characteristic of ligand concentrations of 2 to 8 μM. 
Finally, the presence of 16 μM oxaloacetate in the sample 
did not cause the melting rate to differ from the control 
sample. 

 
 

 
Fig. 6 Maximum melting rates of GPDH in the 
temperature range from 44 to 56 °C with addition of 
oxaloacetate at different concentrations. Regression 
coefficients c from cubic model (solid line) and their  
95% CI (dotted lines) are given. 

4 Conclusions 
The experiment demonstrates that the total amplitude of 
the fluorescence signal in the process of heating the 
enzyme changed. The effect of biologically active 
compounds on the fluorescence ratio differs in the area 
of low concentrations (0.5 and 1 μM) and high 
concentrations (16 μM). In the physiological temperature 
range, a linear increase in the fluorescence ratio by an 
average of 0.95 ± 0.024×10-3 for each degree of heating 
occurs when heated from 20 to 40 °C. Oxaloacetate 
concentrations of 0.5 μM and 1 μM cause the most 
significant decreases in fluorescence ratios and its growth 
rate compared with the control, which mediates the 
folding of the protein molecule and increases the 
thermodynamic stability of glycerophosphate 
dehydrogenase. Oxaloacetate concentrations of 16 μM 
cause an increase in the fluorescence ratio and an increase 
in its growth rate, which results in unfolded conformation 
of the enzyme molecule and a decrease in 
thermostability. 
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Documenting and interpreting interactions between 
metabolites and proteins in a biological context is 
expected to be important for assessing human health, 
helping researchers understand the molecular basis of 
normal and pathological conditions. In particular, 
regulators of metabolites associated with changes in 

protein structure may provide new strategies for potential 
therapeutic interventions. 
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Abstract. In this work, we propose the results of pilot studies on using the 
modulated CMOS camera for the imaging of autofluorescence in murine 
hepatocellular carcinoma cells with excitation in UV light. Here, we assess the 
capabilities of the imaging system to detect changes in the NAD(P)H fractions 
produced and utilised in the glycolysis, pentose phosphate pathway and oxidative 
phosphorylation. Our results suggest that the camera and the system based on 
one possess a sufficient margin of SNR and sensitivity to detect the cellular 
metabolic changes associated with the metabolic pathways mentioned.  
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1 Introduction 
Liver cancer is characterized by its rapid progression, so 
the issues of timely diagnosis and further treatment do 
not lose their relevance [1]. Improvement of medical 
diagnostic technology and the introduction of new 
modern methods can help to identify pathological 
changes at the initial stages and increase the effectiveness 
of traditional diagnostic procedures [2]. Biophotonics 
methods can be used to obtain data on the metabolic state 
of the liver and tumour tissues. In particular, fluorescence 
methods demonstrate high sensitivity to changes in the 
metabolic state of tissues. For this reason, the evaluation 
of the spectral and temporal parameters of fluorescence 
can serve as a diagnostic criterion, including in 
oncology [3]. Modern technologies allow combining 
fluorescent measurements with standard tools for 
minimally invasive surgery [4–7]. An important step in 
developing this approach is a fundamental study of the 
metabolic state of malignant cells to understand their 
biochemical processes better and correctly interpret the 
data obtained at the tissue and organ levels. 

Uncontrolled tumour growth is accompanied by 
numerous disorders of redox balance and changes in 
metabolic pathways, including glycolysis and the pentose 

phosphate pathway [8]. The redox states of the NADH 
and NADPH pools play an important role in determining 
the activity of energy production paths, in managing 
oxidative stress and in maintaining antioxidant defence. 
Because the fluorescence spectra of NADH and NADPH 
are indistinguishable, interpretation of signals resulting 
from their combined fluorescence can be challenging [9]. 
At the same time, measurements of fluorescence intensity 
may be affected by inhomogeneous surface illumination, 
the presence of blood and photobleaching. Registering 
fluorescence lifetime can eliminate these limitations. 
This technology is sensitive to intermolecular 
interactions [10] and allows the recognition of 
endogenous fluorophores with overlapping spectra.  

This work aimed to study the imaging of NAD(P)H 
autofluorescence intensity and lifetime parameters by a 
setup for fluorescence lifetime microscopy (FLIM) based 
on a camera with two-tap CMOS sensor for 
measurements in the frequency domain (pco.flim, PCO 
GmbH, Germany). The implementation of measurements 
in the frequency domain with the camera benefits from 
significantly lower prices for the equipment when 
compared with the equipment for FLIM imaging in the 
time domain. Previously, the camera was successfully 
used for widefield imaging of protoporphyrins in brain 
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tumours in vivo [11]. Nevertheless, the capabilities of the 
CMOS-based FLIM technique in the frequency domain 
for the imaging of weak NADH autofluorescence signals 
from cells require dedicated studies in the aspects of the 
sufficiency of their signal-to-noise ratio and sensitivity. 

In this work, we evaluate NAD(P)H autofluorescence 
imaging using frequency domain, full-frame FLIM 
microscopy to identify changes in metabolic activity in 
the H33 hepatocellular carcinoma cell culture. The 
results obtained in this work may assist transition of the 
technique to medical practice to identify characteristic 
patterns of physiological parameters in hepatocytes and 
the cells of liver cancer, as well as to identify potential 
diagnostic criteria to distinguish them. 

2 Materials and Methods 

2.1 Experimental setup 
The experimental setup (Fig. 1) included a frequency 
domain CMOS camera pco.flim (PCO AG, Germany) 
operated at the modulation frequency of 40 MHz and 
image resolution of 1008×1008 pixels. A 375 nm laser 
(PCO AG, Germany) was used to excite the 
autofluorescence in cells. The camera was connected to 
an inverted biological microscope, IX73 (Olympus 
Corporation, Japan) with a 40× objective. The exposure 
time of 500 ms was typically used for the images and 
results presented in the paper. The output power of the 
UV laser did not exceed 10 mW before coupling the 
microscopy system and was at the level of 0.7 mW in the 
field of view of the objective. The fluorescence lifetimes 
were estimated by the phase shift and the change in the 
modulation index of the recorded fluorescence radiation 
relative to the amplitude-modulated exciting radiation. 

2.2 Cell culture  
A cell culture of murine H33 hepatocellular carcinoma 
(HCC) was used as the object of study. H33 HCC were 
established from primary mouse tumours that were 
induced using a diethylnitrosamine/phenobarbital 

protocol and propagated by subcutaneous transfer 
between mice [12]. The cells were cultured in Dulbecco’s 
modified Eagle medium (DMEM), supplemented with 
10% of foetal bovine serum, penicillin and streptomycin, 
at 37 °C, 100% relative humidity, under an atmosphere 
containing 5% CO2 and 95% air. Cells were placed in 
35- mm dishes and measured after 3–4 days.  

For inducing changes in metabolism in the cell 
culture of murine H33, well-known pharmacological 
agents were used, which can simulate various metabolic 
changes, including influence on redox states of the 
NADH and NADPH pools. Dehydroepiandrosterone 
(DHEA), iodoacetic acid (IA), Carbonyl cyanide-4-
(trifluoromethoxy)phenylhydrazone (FCCP) and 
rotenone were all purchased from Sigma-Aldrich. The 
concentrations of pharmacological agents were chosen 
by standard or slightly exceeding the concentrations used 
to alternate metabolism in cultured cells. DHEA is a 
known non-competitive inhibitor of glucose-6-phosphate 
dehydrogenase (G6PDH), the rate-limiting step in the 
pentose phosphate pathway [13]. Iodoacetic acid (IA) is 
reported as an inhibitor of glycolysis, acting primarily on 
the enzyme glyceraldehyde-3-phosphate dehydrogenase, 
which catalyses the conversion of glyceraldehyde-3-
phosphate into the high-energy phosphate compound, 1,3 
bisphosphoglycerate with the reduction of NAD to 
NADH [14]. FCCP is a known uncoupling agent of the 
mitochondrial electron transport chain [15]. FCCP can 
disrupt ATP synthesis through uncoupling the proton 
gradient generated by the mitochondrial membrane. 
Rotenone acts as a strong inhibitor of complex I of the 
mitochondrial respiratory chain [16]. 

The measured cells included the control group 
(N = 9), one treated with iodoacetic acid (20 μM, N = 4) 
2 h prior to measurements, and one treated with 
dehydroepiandrosterone (DHEA, 10 μM, N = 4) 15 min 
prior to measurements. The measurements included 
recording of the basal fluorescence signal, fluorescence 
signal after addition of oxidative phosphorylation 
uncoupler FCCP (0.2 mM), and complex I inhibitor 
rotenone (0.02 mM). The measurements lasted for 
15 min. 

 

Fig. 1 Schematic diagram of the FLIM setup used for the imaging of H33 cells. 
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2.3 Fluorescence Measurements 
Measurement of mitochondrial NADH autofluorescence 
in live cells was performed according to the algorithm 
described in Ref. [17]. After stabilizing the 
autofluorescence signal 1 μM FCCP was added to 
maximize mitochondrial respiration. Waited again to 
stabilize the autofluorescence signal and was added 
1 mM rotenone which blocks the mitochondrial electron 
transport chain. The total NADH pool value in cells is the 
difference between the average fluorescence values after 
application of rotenone and the average fluorescence 
values after addition of FCCP provides. The averaged 
maximum fluorescence values obtained after rotenone 
addition and the averaged minimum fluorescence values 
obtained after FCCP addition represent 100% and 0% 
respectively. The values within the 0–100% scale 
represent the NADH redox index.  

In this study, we measured bound and unbound 
NAD(P)H ratio using the phasor approach to FLIM  
[18–20]. The autofluorescence emitted in cells after 
excitation at a wavelength of 375 nm originates from 
NAD(P)H (free and bound) and FAD. When using an 
optical filter (400 nm), the fluorescence of NADN can be 
separated from the FAD contribution. Analysis of 
fluorescence lifetime in each pixel was carried out 
following the phasor approach to the FLIM. The phasor 
coordinates G and S in a pixel with coordinates i, j were 
calculated in the frequency domain: 

 

(1) 

where  and are the measured modulation index 

and the phase shift of the emission with respect to the 
excitation. For each pixel, the lifetimes are calculated 
based on modulation index ( ) and the phase shift  

( ) as follows: 

 (2) 

2.4 Statistical Analysis and Images 
Fluorescence lifetime parameters and final phasor plots 
were obtained using NIS-Elements software (Nikon 
Instruments Inc.). Comparisons between the studied 
groups were performed using the one-way analysis of 
variance (ANOVA test). Statistics tests and histograms 
generation were performed using OriginPro 2015 
(OriginLab). Fluorescence intensity images and lifetime 
maps were processed using ImageJ (National Institutes 
of Health).  

3 Results and Discussion 
First, the imaging system was calibrated with a fresh 
0.1 mM NADH solution. Representative examples of the 
phasor plot of autofluorescence were obtained from the 
NADH solution. Representative examples of the phasor 
plots of autofluorescence obtained from the NADH 
solution and HCC cells after the calibration procedures 
are shown in Fig. 2(a) and Fig. 2(b), respectively. The 
allocation of the points on the universal circle (Fig. 2(a)) 
suggests the pure single-exponential decay of the 
measured signal from the NADH solution. The 
distribution of the data points in images obtained from 
H33 cells had the shape of an oval inside the universal 
circle, which points to two-exponential decay in the time 
domain and the presence of two independent lifetimes in 
the mix of fluorescence agents in the cells.  

Fig. 3 shows the fluorescence intensity (first column) 
and lifetime maps (colour) of phase shift (second 
column) and modulation index (third column) of murine 
H33 cells in the control (first line), IA (second line) and 
DHEA (third line) experiments.  

The analysed parameters included NADH pool, 
NADH redox index, and phase and modulation indexes 
characterizing the first and second components of 
fluorescence lifetime decay (Fig. 4). The statistical 
significance of the differences was assessed using the 
one-way ANOVA test (p < 0.05). 

	
Fig. 2 Representative examples of the phasor plots of autofluorescence obtained from the NADH solution (a) and HCC 
cells (b). 
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Fig. 3 Fluorescence intensity and lifetime maps (colour) of cells of murine H33 in control (a, b, c), iodoacetic acid (IA) 
(d, e, f) and dehydroepiandrosterone (DHEA) (g, h, i) experiments. 

The results demonstrated a decrease in the average 
NADH pool, in both IA and DHEA groups (41 ± 27 a.u., 
37 ± 7 a.u., 30 ± 18 a.u., respectively), while the NADH 
redox index increased by more in the IA group 
(53% ± 27%, 76% ± 16%, 70% ± 17%). Lower values of 
the redox index indicate more significant respiratory 
activity of cells. FCCP was used to uncouple ATP 
phosphorylation from the electron transport chain, 
resulting in unregulated, increased oxidation of NADH 
back to NAD. Uncoupling phosphorylation caused a 
decrease in the first and second components of the 
fluorescence lifetime in the control, IA and DHEA 
experiments. Inhibition of the activity of the electron 
transport chain by adding rotenone, a blocker of NADH 
dehydrogenase (complex I), increased the weighted 
lifetimes of the two components in all experiments. 
Therefore, it can be concluded that the application of 

inhibitors worsened the condition of the cells to different 
degrees. The observed changes may indicate that liver 
cancer cells use the process of glycolysis for glucose 
oxidation and energy production in the form of ATP to a 
greater extent than the pentose phosphate pathway. 
Inhibition of glycolysis is more critical for the viability 
of this cell culture. Inhibition of glycolysis IA led to a 
significant decrease in the first and second components 
of fluorescence lifetime decay in basal measurements 
(53.8% and 7.4%, respectively). In contrast, inhibition of 
the pentose phosphate pathway using DHEA led to a 
statistically significant increase in these parameters in the 
basic test (22.2% and 11.4% respectively). All three 
groups showed similar dynamics of changes. However, a 
significant scatter of the obtained values was observed in 
the control group, which made it difficult to assess in 
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more detail possible changes in the ratio of bound and 
unbound NAD(P)H. 

In 1979, B. Chance described the idea that NADH 
autofluorescence can be used as a marker of the redox 
state of cells and cellular energy metabolism [21]. The 
intensity of autofluorescence with UV excitation mostly 
indicates the total amount of NADN. At the same time, 
NADH has short and long lifetime components, 
depending on its protein binding status. According to 
changes in the relative ratio of free and bound NADH, it 
is possible to estimate the cellular metabolic redox 
status [22]. In this study, we show that the frequency 
domain FLIM technique based on the two tap CMOS 
image sensor can be used as a valuable tool for non-
invasive and marker-free study of metabolic changes in 
living cell cultures in vitro. Fluorescence lifetime is 
specific to molecular species, so the ratio of free/bound.  
 

	
Fig. 4 Computed parameters NADH pool (a-left axis), 
NADH redox index (a-right axis), and phase shift (b) and 
modulation index (c) based fluorescence parameters 
characterizing the first and second components of 
fluorescence lifetime under varied metabolic conditions 
(IA – iodoacetic acid, DHEA – dehydroepiandrosterone, 
FCCP – carbonyl cyanide-4-(trifluoromethoxy) 
phenylhydrazone). A single SE was taken to plot error 
bars. 

NADH can be measured in each pixel. This is 
important for expanding the understanding of tumour 
metabolic mechanisms. Earlier results obtained in the 
study of liver tumours using multiphoton microscopy 
FLIM with TCSPC system showed that Time-Domain 
FLIM can simultaneously display and quantify the 
cellular morphology and microenvironment of the living 
liver without fluorescent dyes [23, 24]. The key 
advantage of frequency-domain FLIM is its fast lifetime 
image acquisition; moreover, frequency-domain FLIM 
can be implemented without the use of costly pulsed 
lasers. 

Raman microscopy can also be noted among the 
methods for studying the metabolic features of 
tumours [25]. Raman imaging allows one to examine 
cellular conditions in a non-invasive and non-destructive 
way. However, it is difficult to quantify metabolic 
changes in a single cell using only Raman microscopy. 
Most disadvantages of Raman spectroscopy are related to 
the weakness of the Raman effect, which leads to longer 
measurement times and possible damage to cells by 
thermal heating from the laser. However, it is worth 
mentioning the promising development of the combined 
Raman imaging and fluorescence lifetime imaging 
microscopy systems for diagnosis of cancer state and 
metabolic monitoring [26] and surface-enhanced Raman 
scattering (SERS) technique in Raman microscopy [27]. 

4 Conclusion 
The obtained data on the application of the new type of 
frequency domain FLIM camera showed the feasibility 
of imaging the endogenous fluorescence and 
fluorescence lifetime parameters to be used for 
evaluating metabolic processes in cells. The preliminary 
studies with the imaging system allowed us to observe 
the criticality of glycolysis for the functioning of 
malignant cells. 

The obtained results of the work and further research 
can become a scientific basis for the development of 
diagnostic methods for assessing mitochondrial function 
in liver tissues using in vivo fluorescence spectroscopy 
with time resolution. 
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Abstract. The estimation of the spectral absorption coefficient of biological 
tissues provides valuable information that can be used in diagnostic procedures. 
Such estimation can be made using direct calculations from invasive spectral 
measurements or though machine learning algorithms based on noninvasive or 
minimally invasive spectral measurements. Since in a noninvasive approach, the 
number of measurements is limited, an exploratory study to investigate the use of 
artificial generated data in machine learning techniques was performed to 
evaluate the spectral absorption coefficient of the brain cortex. Considering the 
spectral absorption coefficient that was calculated directly from invasive 
measurements as reference, the similar spectra that were estimated through 
different machine learning approaches were able to provide comparable 
information in terms of pigment, DNA and blood contents in the cortex. The best 
estimated results were obtained based only on the experimental measurements, 
but it was also observed that artificially generated spectra can be used in the 
estimations to increase accuracy, provided that a significant number of 
experimental spectra are available both to generate the complementary artificial 
spectra and to estimate the resulting absorption spectrum of the tissue.  
© 2022 Journal of Biomedical Photonics & Engineering. 
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generative models. 
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1 Introduction 
Biological tissues differ one from the other in various 
aspects, since they can have differentiated contents of 
biological components inside, a different state of health 
and a different age. The evaluation of such parameters 

from tissues is not always easy. An example is the 
evaluation of the tissue state of health in the initial stages 
of cancer development, since the early-stage formation of 
cancer cells and the small changes created by those cells 
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in the surrounding environment are not detected by visual 
inspection. 

Optical methods can help in such evaluations, since 
any small change in tissue physiology or morphology 
will translate in changes on the tissue’s optical properties 
[1, 2]. The measurement of the spectral optical properties 
from similar tissues, such as the refractive index (RI) or 
the absorption coefficient (μa) in a wide spectral range [3] 
allows to acquire and compare information regarding the 
contents of proteins, blood and lipids. Detected 
differences of these contents can be used as bio-optical 
markers to identify and discriminate pathologies such as 
cancer [1] or diabetes [4, 5]. Such spectral evaluation 
also allows to detect the presence of pigments, such as 
melanin or lipofuscin, whose accumulation in tissues has 
been reported to be related to the ageing process [6] or to 
the development of cancer [7, 8]. The evaluation of the 
scattering coefficient (μs), or the reduced scattering 
coefficient (μʹs) in a wide spectral range may also be 
useful to discriminate pathological from healthy tissues. 
Studies have showed that pathology-induced changes in 
tissue structure translate in a change of form and 
magnitude of the μs and μʹs spectra [1, 9]. 

Considering the potential of the optical methods to 
acquire diagnostic information, both the RI and the μa 
spectra are sensitive to the absorption bands of tissue 
chromophores and can be used in the detection of 
pathology-discriminating information with higher 
accuracy [10–12]. Considering the identification, 
quantification and content discrimination of 
chromophores and pigments between healthy and 
pathological tissues, the analysis of the spectral μa (μa(λ)) 
has proven to be more useful [1, 2, 13–15].  

The evaluation of μa(λ) has been traditionally made 
through the use of inverse simulations, whose 
computational codes are based on the Monte Carlo or the 
Adding-Doubling algorithms [16–18]. These simulation 
codes require some optical measurements as input, such 
as the total transmittance (Tt), the total reflectance (Rt), 
the collimated transmittance (Tc) and the RI of the tissue 
[16–18]. All these measurements must be acquired from 
the tissue under study, and although the Rt and RI data 
can be measured with a noninvasive or minimally 
invasive procedure from in vivo tissues, the Tt and Tc 
measurements require a more invasive approach and are 
more commonly made from ex vivo tissue samples [19]. 
Another disadvantage of the traditional simulation 
methods is that the available codes perform a simulation 
at a time for individual wavelengths. This means that to 
acquire the necessary data to reconstruct the μa(λ) of a 
particular tissue for a broad spectral range, one needs to 
perform a large number of simulations. As recently 
reported [1, 2, 11, 13–15], such time and computer 
demanding approach can be replaced by a faster method 
to calculate the μa(λ) of the tissue in a few seconds. This 
calculation method still needs the Tt and Rt spectra from 
ex vivo tissues, but if those spectra are available, the 
entire μa(λ) can be obtained immediately [1, 13].   

To explain this new calculation approach we consider 
a hypothetical biological tissue sample with slab-form 

and fixed thickness, d, that consists of a medium where 
light absorption dominates over light scattering. If this 
sample is excited by a collimated light beam with 
intensity I0(λ), then the Bouguer-Beer-Lambert law can 
be used to calculate the transmitted light intensity, I(λ) 
[13, 20]: 

!(#) = !!(#)&"#!(%), (1)  

where Ab(λ) represents the absorbance spectrum of the 
tissue sample that is defined as [13, 20]: 

''(#) = −)* + ((%)("(%)
, = -) × /. (2)  

Eq. (2) can be used to calculate the μa(λ) of the tissue 
under study from the measured transmitted spectrum. In 
reality, biological tissues also have significant scattering 
properties, meaning that a light beam of intensity I0(λ) 
that irradiates a slab-form tissue sample will be 
fractioned into three distinct forms, which correspond to 
the three optical phenomena that occur [19]: light 
absorption, light transmission and light reflection. 
Provided that the transmitted light and the reflected light 
spectral fraction ratios (Tt(λ) and Rt(λ), respectively) can 
be measured from the sample, the Ab(λ) of the sample can 
be calculated using the following relation [1, 12]: 

0*(#) + 2*(#) + ''(#) = 1. (3)  

The calculation with Eq. (3) is possible for any tissue 
with dominating absorption, with dominating scattering 
or with a combination of absorption and scattering 
properties. The combination of Eqs. (2) and (3) allows to 
calculate the μa(λ) of the tissue from the Tt(λ) and Rt(λ) 
that were measured from the slab sample [1]: 

-)(#) = +"[-#(%)./#(%)]
1 . (4)  

The measuring setups used to acquire the Tt and Rt 
spectra use integrating spheres and these ratios are 
represented in arbitrary units. Consequently, from 
Eq. (4), μa(λ) will be represented in cm-1 (or mm-1), 
depending on the units that d was measured (cm or mm). 
Although this is a fast procedure to obtain μa(λ) of a 
tissue, it still depends on measurements from excised 
tissue samples.  

Since the main objective of applying optical 
technologies to clinical practice is to provide efficient 
diagnostic or treatment approaches that can be made 
in vivo, without excising tissues from the patient, other 
ways to obtain μa(λ) must be searched. One possible 
approach relies on the acquisition of diffuse reflectance 
(Rd) spectra, a measurement procedure which can be 
applied with noninvasive or minimally invasive 
approaches to in vivo tissues [2]. In opposition to the 
calculations made with Eq. (4), there is no direct relation 
between the Rd and μa spectra. A possible estimation 
method to reconstruct the μa(λ) from spectral Rd 
measurements relies on the use of machine learning (ML) 
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techniques and its viability was demonstrated in a recent 
study with human healthy and pathological colorectal 
mucosa tissues [2]. Although one of the challenges in the 
application of ML algorithms in the field of biophotonics 
is the reduced number of datasets to build the ML 
models [21], the estimations of the mean μa spectra of the 
colorectal mucosa tissues reported in Ref. [2] were made 
with acceptable accuracy using only 10 Rd spectra from 
each tissue. The reconstructed μa spectra of both 
colorectal mucosa tissues were averaged and allowed to 
obtain discriminated lipofuscin contents in healthy and 
pathological tissues, showing similar contents to the ones 
obtained with direct calculations as described by Eq. (4). 

The results presented in Ref. [2], although obtained 
with a small number of datasets to train the algorithms, 
open the way to apply ML methods to noninvasive tissue 
spectroscopy measurements for the development of new 
noninvasive diagnostic procedures. To increase the 
accuracy of the training process in the development of 
ML algorithms, a large number of spectra is necessary, 
but sometimes that is not possible in biophotonics. In 
some cases, it is not possible to get a large number of 
tissue samples from different patients or animals to 
perform the necessary spectral measurements. Another 
drawback is that for some tissues, no matter how many 
spectra are measured, they will all be very similar and 
data variability will be small. New spectra that provide 
repeated information will be superfluous in the training 
of ML algorithms and will imply a longer time in the 
training process. Another option to improve the accuracy 
of the ML algorithms is to increase the number of 
available training data by generating new datasets 
digitally when they are not available experimentally. 
Such option can be done, but some attention must be 
made to avoid changing the spectral features, and ensure 
that the generated spectra are characteristic of the tissue 
under study. Such artificial generation of spectra can be 
done using Generative Adversarial Networks (GANs), 
which is a recent class of ML models that are commonly 
used to generate new artificial samples of data from a 
random input [22]. Such procedure is possible since 
GANs are composed by two distinct ML models, the 
generator and the discriminator, and they cooperate in a 
zero-sum game to learn how to generate new synthetic 
data [23]. The generator model learns how to create new 
data from random noise and its goal is to fool the 
discriminator. In contrast, the discriminator will try to 
differentiate between the generated data and the real 
experimental data. By the end of the learning process, the 
generator should be able to artificially create new data 
that is similar to the already pre-existing experimental 
data [24]. GANs can be used to generate both new Rd and 
new μa spectra to increase the number of available 
samples to train and validate other ML models that 
estimate the μa spectra from noninvasive-type Rd spectral 
measurements. By increasing the available dataset in the 
algorithms that recreate the μa spectra, it is expected that 
the ML models will become more robust to input 
variance and avoid overfitting. The use of GANs to 
increase the number of datasets opens other possibilities, 

and such method was used in the present work, as 
described in Subsection 2.4. 

The optical study of brain tissues is of great interest, 
since the brain is the most complex organ in the body and 
few studies regarding the spectral optical properties of its 
tissues have been performed so far. Such interest in the 
optical studies of brain tissues regards also the high 
incidence of brain diseases, such as stroke, Parkinson or 
Alzheimer, in the past 30 years [25]. The ageing process 
of the brain tissues is directly related to the occurrence of 
these diseases, since as tissues become older neuron 
degeneration and death occurs more rapidly [26–28]. To 
prevent the occurrence of these diseases, a monitoring 
procedure to evaluate neuron ageing, degeneration and 
death is most desirable. Optical methods can be used in 
the development of such procedures, but to do so, the 
knowledge of the spectral optical properties of the brain 
tissues in a wide spectral range is necessary. With such 
knowledge, the development of optical procedures to 
perform superficial or in-depth monitoring assisted by 
optical clearing treatments of the health of brain tissues 
can be possible [19, 29, 30]. Considering such goals to 
develop new optical methods to monitor tissue’s health 
and ageing in the brain, we performed a study to 
discriminate and identify the pigment contents in the 
brain cortex. This study was made using tissue samples 
from the brain of adult rabbits and consisted on 
performing spectral measurements to be used both in the 
direct calculation of the spectral μa and in its estimation 
through ML algorithms. The methodology used in the 
present study is described in Section 2 and the results are 
presented in Section 3.  

2 Materials and methods   
Since the objective of the present study was to obtain and 
analyze the μa(λ) of the brain cortex through different 
methods, ex vivo samples were collected from the brain 
of rabbits. The selection of the rabbit brain to collect the 
samples to use in our study was based on that the rabbit 
and the human brains are very similar, since both have 
the same three divisions with a fore brain, a mid brain and 
a hind brain, and also because both contain the 
cerebellum, the medulla, the corpus callosum, the 
hypothalamus and the pituitary gland [31].  

The research here described is accordingly with the 
Declaration of Helsinki and was approved by the research 
review board in biomedical engineering of the Center of 
Innovation in Engineering and Industrial Technology 
(CIETI), in Porto, Portugal. Such approval has the 
number CIETI/Biomed_Research_2021_01. Due to the 
fact that this study consisted only on the evaluation of the 
μa(λ), both by direct calculation from experimental 
measurements and by estimation through ML, the 
following subsections describe the experimental, 
calculation and estimation procedures adopted. 

2.1 Tissue collection and preparation 
Ten adult grey rabbits, having a similar age near 
36 months, were acquired from a breeder near our lab in 
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Porto (Portugal), who sells the animals for consumption. 
The measurements were made with two cortex brain 
samples from each animal in different days.  

For each study with samples from a particular animal, 
the rabbit was sacrificed in the previous day and the brain 
was removed from the skull and frozen for 12 h. After 
this period, tissue samples were sliced from the cortex 
using a cryostat (LeicaTM, Wetzler, Germany, model 
CM1860 UV). Twenty samples were prepared in total, 

having an approximated circular form (f ~ 1 cm) and a 
fixed thickness of 0.5 mm. All these samples were 
submitted to spectral measurements, which are described 
in Subsection 2.2. 

2.2 Spectral measurements   
To obtain the μa(λ) of the brain cortex by direct 
calculation, two types of spectral measurements were 
made, using the Tt and Rt setups represented in Fig. 1(a) 
and in Fig. 1(b). A total number of 10 cortex samples, 
collected from five adult rabbits, was used to acquire both 
the Tt and Rt spectra with these setups. These 
measurements were made in an earlier stage of the 
research and the corresponding results were already 
published [13]. 

At a later stage of the research, other 10 cortex 
samples were collected from other five adult rabbits and 
prepared in the same manner to be used in the acquisition 
of the Rd spectra, which was necessary for the ML 
estimations. Such measurements were made using the 
setup presented in Fig. 1(c). 

	
Fig. 1 Experimental setups to measure: Tt(λ) (a), Rt(λ) (b) 
and Rd(λ) (c). 

Considering the measurements with the Tt setup, a 
broadband pulsed Xenon lamp emits a beam that is 
delivered below the sample through an optical fiber cable 
(core diameter of 600 μm). A collimating lens located at 
the tip of the cable below the sample collimates the beam 
with a 6 mm diameter. Such beam is transmitted by the 
tissue sample and then is submitted to several reflections 
inside the integrating sphere (integration), before being 
delivered to the spectrometer through a similar optical 
fiber cable.  

Considering the Rt setup presented in Fig. 1(b), the 
exciting beam that is also emitted by the pulsed Xenon 
lamp is delivered to an upper entrance of the integrating 
sphere through an optical fiber cable (core diameter of 
600 μm) and collimating lens. The collimated beam with 
6 mm in diameter is directed to an exciting direction that 
makes 8° with the vertical axis of the integrating sphere 
to guarantee that both specular and diffuse reflectance 
occur at the tissue surface. After the reflection occurs at 
the tissue surface, the reflected beam is directed into the 
inside of the sphere where it is reflected several times at 
its internal surface (integration), before exiting to be 
delivered to the spectrometer through a similar optical 
fiber cable.  

In the case of the Rd setup presented in Fig. 1(c), the 
sample was excited with a broadband deuterium-halogen 
lamp. An Rd optical fiber sensor, which was kindly 
supplied by ArtPhotonicsTM (Berlin, Germany) for our 
research, was used both to irradiate the sample and to 
collect the diffuse reflected light from it. This sensor 
contained a detection fiber at the center, which was 
surrounded by seven irradiation fibers, all made of silica 
with a core diameter of 400 μm and a cladding thickness 
of 20 μm. The numerical aperture of these fibers was 
0.22. The detection fiber at the center was covered with 
aluminum, having a total diameter of 560 μm. The 
exciting fibers were covered by polyamide and their total 
diameter was 465 μm. Such fibers were packed around 
the detection fiber, without any spacing, having a source-
detector separation of 512.5 μm. The tip of the Rd sensor 
was kept fixed at 2 mm distance above the tissue sample 
surface during measurements. Apart from the Rd sensor, 
all the equipment used in the setups presented in Fig. 1 
were acquired from AvantesTM (Apeldoorn, The 
Netherlands). 

The reason for using two different lamps in the 
different measurement setups is that for the case of 
integrated measurements (Tt and Rt), a high intensity 
signal is needed for the integration process inside the 
integrating sphere, and a small intensity signal for the Rd 
measurements to avoid saturation of the spectrometer. 
Although two different lamps were used in the Tt / Rt and 
Rd setups, the spectral measurements in all cases were not 
influenced by the spectral characteristics of the lamps. 
For each particular set of measurements, the setup of the 
spectrometer was made to measure the Tt, Rt or Rd spectra 
directly. The calculations of these spectra are made by 
the software of the spectrometer, based on the transmitted 
or reflected spectra that are measured from the sample 
and the reference spectra of the lamp used in each setup. 



L.R. Oliveira et al.: Invasive and minimally invasive optical detection of... doi: 10.18287/JBPE22.08.010304 

J of Biomedical Photonics & Eng 8(1)   28 Mar 2022 © J-BPE 010304-5 

The reflectance reference used both in the Rt and Rd 
setups was the RS-2 reflectance reference from Avantes, 
with a reflectance above 92% in the entire spectral range 
considered in this study. 

As referred above, 10 spectra were acquired with each 
of the setups presented in Fig. 1. These spectra were 
measured between 200 and 1000 nm. The spectra 
acquired with the Tt and Rt setups were used in a direct 
calculation of the μa(λ) of the brain cortex, while the 
spectra acquired with the Rd setup were used as input to 
the ML algorithms to estimate μa(λ) of the brain cortex 
and compare with the one that results from direct 
calculations. Subsection 2.3 describes the direct 
calculations from the experimental measurements, while 
Subsection 2.4 describes the procedure used in the ML 
approach. 

2.3 Calculations   
After performing all spectral measurements with the 
setups presented in Fig. 1(a) and Fig. 1(b), calculations 
were made to obtain the μa(λ) of the brain cortex. Since 
10 spectra were obtained with each measurement setup, 
10 μa spectra were calculated using Eq. (4). In each of 
these calculations, a pair of Tt and Rt spectra were used 
along with the sample thickness, d. Considering the 10 μa 
spectra that resulted from these calculations, the mean 
μa(λ) and corresponding standard deviation (SD) were 
calculated. 

A further analysis of the mean μa(λ) showed evidence 
of pigment content in the brain cortex, meaning that 
additional calculations were necessary to identify those 
pigments and discriminate their content. According to 
literature [32], the brain is known to accumulate mainly 
melanin and lipofuscin. These pigments originate from 
their precursors, such as L-tyrosine, L-cysteine, and 
dopamine (in the case of melanin) [6] and from cell 
organelles, such as mitochondria, Golgi apparatus, and 
lysosomes (in the case of lipofuscin) [33–35]. These 
precursors can easily associate with metals, specially 
iron, to form melanin and lipofuscin [36]. 

Considering that the resulting mean μa(λ) that was 
calculated directly from the experimental measurements 
represents the mean absorption coefficient of the cortex 
between 200 and 1000 nm, we looked for the absorption 
spectra of these pigments on literature. Ref. [37] presents 
the absorption spectrum of melanin and Ref. [38] 
presents the absorption spectrum for lipofuscin in the 
same wavelength range that we considered in our study. 
We retrieved numerical data from the graphs in these two 
references and reconstructed the absorption spectra for 
melanin and for lipofuscin. A graph containing both 
spectra is presented in Section 3. After obtaining these 
absorption spectra for the pigments, an optimized 
combination of both was calculated to subtract to the 
mean μa(λ) of the brain cortex, in a way that such 
reconstructed absorption presents a horizontal baseline. 
The results of this calculation and an equation that 
describes the pigment combination that was used are 
presented in Section 3.   

2.4 Machine Learning estimations   
After calculating the μa(λ) of the brain cortex directly 
from the experimental measurements and making an 
analysis to discriminate the melanin and lipofuscin 
content in this tissue, another study was made to check if 
the same results were reachable from a minimally 
invasive approach. 

To proceed with a measuring technique that 
approaches noninvasive or minimal invasive 
measurements that can be done in vivo, Rd spectra were 
also acquired from similar tissue samples for the same 
wavelength range (200–1000 nm). These 10 spectra 
consist on a reduced number of samples to train the ML 
algorithms in the reconstruction of the μa spectra, but to 
increase the number of samples to train the algorithms, 
we first used GANs to artificially generate new Rd and 
new μa spectra from the experimental ones. The objective 
of this initial process was to turn the ML models that 
estimate μa more robust and decrease their overfitting 
tendency.  

The process of data augmentation with the GANs 
models consists on the following steps: 
a) generate a new artificial spectrum from random noise 

using the generator, 
b) train the discriminator using the both the 

experimental and the generated spectrum,  
c) update the parameters of the generator using the 

discriminator loss (error metric). 
Due to the dynamics between the generator and the 

discriminator, the GANs model convergence is not a 
stable state. This happens because there is a certain point 
in the training process where the generator is so good that 
the discriminator starts to guess if the new data is real or 
artificial, which in turn gives the generator deceitful 
feedback. To prevent this from happening, the training 
process was stopped when the average of the generated 
spectra was the closest to the mean experimental data. 
Another important factor when training GANs models is 
the learning rate of the generator and the discriminator. 
As an example, if the discriminator converges earlier 
than the generator, it increases the chances of model 
collapse, where the generator only produces one type of 
sample in an attempt to fool the discriminator. The 
learning rate was sweep between the 0.001–0.000001 
values and then fixed at 0.0001 due to the fact that further 
decreases did not contribute to a better performance of 
the GANs model. Additionally, the neural networks that 
compose the GANs model were defined with different 
architectures. The discriminator had five layers, being the 
first two composed with 801 nodes, the third with 
600 nodes, the fourth with 400 nodes, and the fifth with 
1 node. The generator had five layers, with all the layers 
having 801 nodes, with the exception of the third, which 
has only 600 nodes.  

During the training process, one of the GANs model 
was trained to generate new Rd spectra and the other was 
trained to generate new μa spectra. Since these two GANs 
models converge at different times, the number of epochs 
for the GANs model that generated new Rd spectra was 
set to 7901, while the number of epochs for the GANs 
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model that generated new μa spectra was set to 1301. 
After training and fine tuning of the GANs models, the 
new generated data was plotted and compared to the 
experimental data, showing good agreement (presented 
in Section 3). 

After training the GANs models, they were used to 
generate new spectra in groups of 10, 50 and 100 to train 
the other ML models in solving the regression problem 
of recreating the μa spectra from the measured Rd spectra. 
To improve the overall spectral shape of the generated 
spectra, a Savitzky-Golay filter was applied to smooth 
the spectra. For each group of generated spectra, three 
experiments were conducted: 
a) in the first experiment, the ML models were trained 

with the generated spectra and tested with the 
experimental spectra (G/E),  

b) in the second experiment, the ML models were 
trained with the experimental spectra and tested with 
the generated spectra (E/G),  

c) in the third experiment, both the generated and 
experimental spectra were combined altogether (AT) 
to be used in the training and testing of the ML model. 
In this last experiment, the generated and 

experimental spectra were split in an 80/20 proportion to 
be used in the training and testing procedures to evaluate 
the performance of the ML model. As an example, for the 
group of 10 generated spectra, we assured that the test 
dataset consisted on 8 experimental and 2 generated 
spectra. A separate experiment was made for the ML 
model, where no generated spectra were used both in the 
training and testing process. In this case, the Leave One 
Out (LOO) method was used to obtain a performance 
reference point, as we did in our previous work with data 
from the human colorectal tissues [2].  

Similarly to what has been done during the generation 
of spectra with the GANs models, the Single Layer 
Perceptron (SLP), the K-Nearest Neighbor (KNN) and 
the Random Forest Regressor (RFR) algorithms were 
fine tuned to achieve the best performance possible. 
These algorithms were the ones with the best 
performance in our previous study [2]. For this reason, 
we selected them to use in the present study. The SLP 
was set with two layers, the first one having 10 nodes and 
the second having 801 nodes. The learning process was 
set at 0.001 and the number of epochs was set at 50 during 
the three experiments that were described above. For the 
KNN and the RFR algorithms, the number of neighbors 
and the number of trees where set to 3 and 4, respectively. 
Further increments in these hyper parameters increase the 
computational cost of the ML models with no apparent 
increase in performance. 

To quantify the performance of the ML models in the 
estimation of the μa spectra, the Euclidean Distance (ED) 
between the mean estimated spectrum (MES) and the 
mean reference spectrum (MRS) was calculated using 
Eq. (5) [21]: 

45 = |7 − 8|, (5)  

where a is the μa value of the mean estimated spectrum 
(MES) and b is the μa value of the mean reference 
spectrum (MRS), with the MES calculated from the 
individual generated spectra and the MRS calculated 
from the individual experimental spectra. 

The results obtained from the GANs and ML 
estimations and ED comparative graphs to select the best 
ML algorithm for μa generation from the Rd spectra are 
presented in Section 3. The calculations to retrieve the 
pigment combination from the μa(λ) generated by the best 
method are also presented to show that pigment content 
evaluation is possible with a minimally invasive 
approach. 

3 Results   
Since the present study was conducted with experimental 
measurements to obtain the μa(λ) of the brain cortex, both 
by direct calculation and through ML estimations, the 
presentation of results is divided in various subsections. 
Subsection 3.1 presents the mean experimental spectra 
that were used in the various stages of this study. 
Subsection 3.2 presents the results obtained with the 
direct calculation approach and Subsection 3.3 presents 
the results estimated through ML. Subsection 3.4 
presents the evaluation of the pigment content, both from 
the direct calculation and from the ML estimation 
approaches. 

3.1 Spectral measurements 
The first step of the present study consisted on acquiring 
spectral measurements with all the setups in Fig. 1. As 
indicated in Subsection 2.2, 10 Tt and 10 Rt spectra were 
acquired from 10 cortex samples at an initial stage. At a 
later stage 10 Rd spectra were acquired from 10 similar 
cortex samples. The samples used in these measurements 
were all collected from adult rabbits acquired from the 
same supplier. The mean and SD of the Tt, Rt and Rd 
spectra that resulted from these measurements are 
presented in Fig. 2. 

The wavelength dependencies for all mean spectra 
presented in Fig. 2 are accordingly to others previously 
obtained from other biological tissues [1, 2, 12, 14, 15]: 
Tt increases with the wavelength and both Rt and Rd 
decrease with the wavelength. All mean spectra in Fig. 2 
present good sensitivity to the absorption bands of 
DNA/RNA (260 nm) and hemoglobin/myoglobin (274, 
415, 540 and 570 nm). The mean Tt spectrum also shows 
evidence of water in the tissues – absorption band 
centered at 980 nm.  

Regarding the SD, the Rd spectrum presented in 
Fig. 2(c) shows small magnitude (less spreading between 
samples in these measurements) for the entire spectral 
range. In the case of the Tt spectrum, SD is very low for 
shorter wavelengths due to the strong absorption between 
200 and 300 nm, while for longer wavelengths it 
increases with the wavelength. The Rt spectrum presents 
a more or less constant SD in the entire spectral range. 
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Fig. 2 Mean measured spectra and SD of the rabbit brain 
cortex: (a) Tt(λ), (b) Rt(λ), and (c) Rd(λ). 

3.2 Direct calculation of μa(λ) 
Using the Tt and Rt spectra two by two in Eq. (4),  
the 10 μa spectra were calculated. The mean μa(λ) and SD 
that resulted from these direct calculations are presented 
in Fig. 3. 

Due to the contributions of Tt and Rt in the calculation 
of the μa(λ) through Eq. (4), there are several absorption 
bands visible in Fig. 3. The first absorption band occurs 
at 230 nm, showing the amino acid connections of 
tyrosine and tryptophan in proteins [39, 40]. The 
occurrence of this band is not surprising, since it is 
known that the brain tissues, especially the cortex contain 
several types of proteins, such as actin, albumin, α-
tubulin, β-tubulin, neuron specific enolase (NSE), and 

vimentin [41]. The second absorption band seen in Fig. 3 
occurs at 267 nm, showing a combination of the 
absorption band of DNA/RNA at 260 nm with the one of 
hemoglobin at 274 nm [42]. The absorption bands of 
oxygenated hemoglobin in the visible range are also 
visible at 411 nm (Soret band) and 540 and 570 nm 
(Q bands) [42], as well as the absorption band of water at 
980 nm [42]. 
 

	
Fig. 3 Mean μa spectrum and SD of the rabbit brain cortex. 

Additional information can be retrieved from the 
mean μa(λ) represented in Fig. 3, since such spectrum 
presents a decreasing baseline with increasing 
wavelength. Such behavior for the baseline suggests the 
presence of pigments in the cortex brain tissues that were 
used in the present study. A further analysis of this 
spectrum will be made in Subsection 3.4 to identify the 
pigments and quantify their content. First, we need to 
check if the ML estimations are capable of generating 
similar μa(λ) from the Rd spectra as the ones obtained with 
direct calculation from invasive measurements. Such part 
of the study is presented in Subsection 3.3.   

3.3 Machine Learning estimation of μa(λ) 
Once the μa(λ) of the brain cortex was calculated directly 
from the experimental spectra of Tt and Rt, we initiated 
the estimation of the absorption spectrum through ML 
algorithms. According to the description presented in 
Subsection 2.4, this part of the study was initiated by 
training and fine-tuning the GANs models to generate 
both new Rd and μa spectra to be used for the training and 
validation of the ML algorithms. After fine-tuning the 
GANs, the new generated spectra were represented along 
with the experimental spectra in Fig. 4 for comparison. 

As we can see from graphs in Fig. 4, some low-
magnitude discrepancies are seen between the ME and 
the MG spectra at some wavelengths. Regardless of these 
discrepancies, the overall wavelength-dependence and 
the magnitude of the generated spectra are very similar to 
the ones that result from direct calculations with the 
experimental measurements. After this initial training 
and tuning of the GANs, they were used to generate new 
groups of 10, 50 and 100 spectra. Such groups of spectra 
were used in the training process of the ML algorithms to 
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recreate μa(λ) from Rd(λ), as described in Subsection 2.4. 
Such training process was made in four ways – using only 
the 10 experimental spectra with the LOO method, using 
10 experimental and 10 generated spectra, using 
10 experimental and 50 generated spectra, and using 
10 experimental and 100 generated spectra. By doing 
these different trials, we expect to identify both the 
overfitting and the underfitting characteristics of the ML 
algorithms and also to see if the increase of the generated 
spectra prevents the occurrence of the overfitting. Such 
four tests were made with all ML algorithms. 

	
(a) 

	
(b) 

Fig. 4 Mean experimental (ME) and mean generated (MG) 
spectra for Rd (a) and μa (b) of the rabbit brain cortex. 

The first ML algorithm that was used to recreate μa(λ) 
from the Rd(λ) was the SLP. The second was the KNN 
and the third was the RFR. Following the estimation 
procedure described in Subsection 2.4, in all AT 
estimations with each algorithm, the spectra generated 
with the GANs were combined with the experimental 
spectra, having 80% of the total spectra been used in the 
training process and the remaining 20% been used in the 
validation process of the algorithm. Experimental spectra 
were included both in the training and in the validation 
process of the three AT algorithms. 

To evaluate which algorithm generated the better μa 
spectra, Eq. (5) was used to calculate the ED as a 
measurement of the algorithm performance. Fig. 5 
presents the results of these calculations for four cases, 

according to the number of generated spectra used in the 
estimations: none, 10, 50 and 100. 
 

	
(a) 

	
(b) 

	
(c) 

Fig. 5 Calculated ED for the SLP (a), the KNN (b) and the 
RFR (c) models. 

Analyzing the graphs in Fig. 5, we see various 
information. First, the ED obtained for the LOO method 
presents a high value for all algorithms, indicating that by 
using only 10 experimental spectra, the estimations are 
deceiving. Considering the SLP algorithm, we see that 
the G/E method shows similar ED for 10 generated 
samples to the one observed for the LOO method. By 
increasing to 50 generated samples, a decrease of the 
mean ED is observed, but no improvement is seen when 
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the number of generated samples increases to 100. 
Considering the E/G method, when 10 generated samples 
are used in the training process, we see a significant 
decrease of ED from the one obtained for the LOO 
method. When 50 generated samples are used, a further 
decrease is observed, but increasing the number of 
samples to 100, no improvement is observed, once again. 
The AT method is the one that presents a continuous 
decrease of ED in the SLP algorithm, but comparing with 
the other algorithms, the SLP is the one that presents the 
highest SD values. 

In the case of the KNN the ED value obtained for the 
G/E method remains almost equal to the one obtained 
with the LOO method in all cases tested. This means that 
such method does not show any improvement in the 
recreation of μa. The E/G method presents similar 
variations to the ones observed with the SLP algorithm, 
but with a higher SD. Once again no improvement is seen 
when passing from 50 to 100 generated samples. The AT 
method is the one that presents higher decreases of ED in 
all cases studied with the KNN algorithm. In this study, 
very low mean ED and SD values are seen for the cases 
of 50 and 100 generated samples. Although these values 
are low, the mean ED for the study with 10 generated 
samples is still comparably high. 

Finally, when using the RFR algorithm, we see 
variations for the mean ED that are similar to the ones 
obtained for the KNN algorithm. Considering the 
magnitude of the SD, and with the exception of the G/E 
estimation with 100 generated samples, we see smaller 
values than in the other algorithms. In the case of the G/E, 
once again the mean ED remains almost unchanged and 
similar to the value obtained for the LOO method. The 
ED for the E/G method decreases to about one-half of the 
value seen for the LOO method, but no improvement is 
seen when the number of generated samples is increased. 
In the case of the AT method, we see the best results, 
since in all cases tested with this algorithm, a significant 
decrease is observed, obtaining ED values always 
below 0.1. 

	
Fig. 6 Comparison between the MES and the MRS of μa 
that result from the estimation with the LOO method. 

An overall evaluation of the results presented in Fig. 
5 shows that the RFR algorithm is the one with the best 
performance. Not also it presents the highest decrease in 

ED for the AT method, but all estimation methods tested 
with this algorithm present the lowest SD. Considering 
these facts, we represented in the following four figures 
all the MES obtained with the RFR algorithms to 
compare with the MRS that resulted from the direct 
calculations, as presented in Fig. 3. Such comparison is 
made in Fig. 6 for the MES obtained with the LOO 
method, in Fig. 7 for the MES obtained with 10 generated 
spectra, in Fig. 8 for the MES obtained with 50 generated 
spectra and in Fig. 9 for the MES obtained with 
100 generated spectra. 

	
(a) 

	
(b) 

	
(c) 

Fig. 7 Comparison between the MES and the MRS of μa 
that result from the estimations with 10 generated samples: 
10–G/E (a), 10–E/G (b) and 10–AT (c). 
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(a) 

 
(b) 

 
(c) 

Fig. 8 Comparison between the MES and the MRS of μa 
that result from the estimations with 50 generated samples: 
50–G/E (a), 50–E/G (b) and 50–AT (c). 

Considering the matching of the MES to the MRS in 
the various panels presented in the above Figs., we see 
that in general they are all good, presenting the same 
levels of μa at all wavelengths, similar wavelength 
dependencies and showing the same absorption bands. 
The best matching is obtained for the LOO method 
(Fig. 6), but such good matching is deceiving, since only 
a small number of experimental spectra were used both 
in the training and in the validation of the RFR model to 
obtain such mean estimation. Other good estimations that 
apart from the previously mentioned characteristics show 
good spectral smoothing are the ones obtained with the 
E/G method (see Figs. 7(b), 8(b) and 9(b)). Although 

these estimations are only second-best to the one 
obtained with the LOO method, once again these results 
are also deceiving. By using the experimental spectra in 
the training process and the generated spectra in the 
validation is not a reliable approach in the ML point-of-
view. Nevertheless, the analysis of the corresponding 
graphs in the above Figures shows that this method also 
improves with the increase of the generated spectra that 
are used in the validation. When we analyze the mean 
estimations produced by the G/E method (see Figs. 7(a), 
8(a) and 9(a)), we see that the mean estimations lose the 
smoothing characteristic. Regardless of the lack of 
spectral smoothing, these estimations also show good 
agreement with the MRS in terms of wavelength 
dependence, μa levels and absorption bands. Comparing 
between the three estimations with the G/E method, we 
see that the worst case occurs for the estimation with 
50 generated spectra. Such result shows that if a large 
number of experimental spectra were available in the 
GANs generation process, a better performance could be 
obtained with this method. Finally, the MES obtained 
with the AT method also shows lack of spectral 
smoothing (see Figs. 7(c), 8(c) and 9(c)), but the μa 
spectra obtained with this method are more approximated 
to the MRS, as indicated by the lowest ED values in the 
graph in Fig. 5(c). Once again, the results obtained with 
the AT method show that more experimental spectra are 
necessary to improve both the generation of new spectra 
with the GANs models and the estimation of the μa(λ) 
from the measured Rd(λ). 

The data in the graphs of Figs. 6, 7, 8 and 9 show the 
necessity of increasing the number of samples to use in 
the training and validation of the ML algorithms to 
improve the quality of the estimations. Such increase in 
the number of experimental spectra would also improve 
the efficiency of the GANs to generate new spectra. By 
doing that, the various estimations presented in the 
previous Figures could have higher spectral smoothness, 
which is the most evident flaw in the estimations made 
with the G/E and AT methods. Nevertheless, if we 
disregard the lack of smoothness in the estimated spectra, 
we see from the previous Figures that all cases studied 
present acceptable results. We will now present the final 
stage of this research – the evaluation of pigment content 
in the brain cortex. 

3.4 Pigment content evaluation from the 
calculated and estimated μa(λ) 

After performing an evaluation on the quality of the μa(λ) 
that were estimated with the various methods within the 
RFR algorithm, we will now consider the ones that 
presented the best performance for the further 
calculations to obtain the pigment content in the brain 
cortex. At this last stage of the research it will be 
interesting to check if the estimated μa spectra have 
similar contents of melanin and lipofuscin, and if by 
retrieving the absorption of those pigments we can find 
similar absorption ratios for DNA/RNA and hemoglobin 
as the ones previously obtained for the μa(λ) that was 
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obtained from direct calculation [13]. Although the tissue 
samples used to acquire the spectral measurements for 
the direct calculation and for the ML estimations of μa(λ) 
were collected from different animals, those animals 
were obtained from the same source and were all adults 
with approximately the same age. 

 
(a) 

 
(b) 

 
(c)	

Fig. 9 Comparison between the MES and the MRS of μa 
that result from the estimations with 100 generated 
samples: 100–G/E (a), 100–E/G (b) and 100–AT (c). 

In the same way as we did with the μa(λ) obtained 
with direct calculations [13], we started by reconstructing 
the absorption spectra of melanin and lipofuscin from 

graphical data published in literature [37, 38]. These 
spectra are presented in Fig. 10. 

	
Fig. 10 The absorption spectra (μa) for melanin and 
lipofuscin. 

The absorption spectrum of melanin presented in 
Fig. 10 was reconstructed from graphical data presented 
in Ref. [37] and it correspond to eumelanin, the most 
common type of the melanin pigments, and the one that 
can be observed in the skin. The authors of Ref. [37] 
constructed such graph based on diffuse reflectance 
measurements made from human skin in vivo, but in that 
paper it is also indicated that such data does not differ 
much from the one collected from ex vivo samples. In the 
case of the melanin found in brain tissues, which is 
commonly designated as neuromelanin, it is a mixture of 
eumelanin and pheomelanin [43]. With the objective of 
reconstructing the absorption spectrum of neuromelanin 
with the highest precision, we searched for the absorption 
spectrum of pheomelanin to see if it differs from the one 
of eumelanin that is reported in Ref. [37]. A discussion 
of the extinction coefficient both of eumelanin and 
pheomelanin is available on the website of the Oregon 
Medical Laser Center [44], where both types of melanin 
present a very similar extinction spectrum between 200 
and 900 nm. Since these spectra are very similar, by 
considering in our study the spectrum of eumelanin, as 
represented in Fig. 10, we can consider that it is a good 
approximation to the mixture of eumelanin and 
pheomelanin that composes the neuromelanin in the 
brain tissues. 

Since the absorption spectra presented in Fig. 10 were 
reconstructed from published graphical data, no 
mathematical equation is available to describe them. This 
means that to combine these spectra with the objective of 
subtracting such combination from the μa(λ) of the brain 
cortex, numerical data for each of the curves in Fig. 10 
needs to be considered. In the case of the μa(λ) that was 
obtained through direct calculations [13], and after some 
trials to combine the two spectra in Fig. 10 to characterize 
the pigment content in the cortex, we found that such 
content is characterized by the following combination: 

-)"234567*(#) = 3.5 ×<(#) + 1.9 × >(#), (6)  
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with M(λ) and L(λ) representing the wavelength 
dependencies of the absorption coefficient of melanin 
and lipofuscin, respectively, as represented in Fig. 10. 

As referred in Ref. [13], Eq. (6) provides a good 
description of the decreasing baseline that is seen in 
Fig. 3, but such baseline may not be only due to the 
presence of these pigments in the cortex. The precursors 
of these pigments or other pigments may also be included 
in the cortex and contribute to the absorption baseline. 
An example is hemosiderin, which has an absorption 
spectrum similar to the one of melanin [45]. Since the 
cortex tissues used in the present study presented no 
evidence of rapid hemoglobin destruction or fast and 
excessive iron deposition, we neglected the absorption of 
hemosiderin in the calculation of μa-pigment(λ) with Eq. (6). 
Considering carotenoid-type pigments, such as lutein,  
β-cryptoxanthin, and zeaxanthin, all have a similar 
absorption spectrum, with null absorption for 
wavelengths above ~500 nm and low absorption in the 
UV range. Between 400 and 500 nm, these carotenoid-
type pigments have three absorption peaks, being the 
higher magnitude of these peaks observed for  
β-cryptoxanthin [46]. Due to the fact that these 
absorption bands occur between 420 and 476 nm [46], 
they seem to have no influence in the resulting μa(λ) of 
the cortex. As seen in Fig. 3 for this wavelength range, 
the mean μa spectrum of the cortex only shows a well-
defined Soret band, with center wavelength at 411 nm. 

Considering the melanin precursors, they show an 
absorption spectrum mainly characterized by UV-bands, 
with null values above 300 nm. L-cysteine, has an 
absorption spectrum which consists on the combination 
of two overlapping bands, the one with higher magnitude 
centered near 230 nm and the other centered near 
280 nm [47]. This means that L-cysteine might also be 
present in the brain cortex tissues and that its absorption 
may contribute to the absorption band that we see at 
230 nm in Fig. 3. The absorption spectrum presented in 
Fig. 3 shows no evidence of the 280 nm band, but the 
strong band at 267 nm that results from the combination 
of the DNA/RNA band at 260 nm and the hemoglobin 
band at 274 nm, might be masking the 280 nm band. 
Considering L-tyrosine, its absorption spectrum is the 
combination of two bands with a small overlapping, with 
the higher-magnitude band being centered at a 
wavelength smaller than 240 nm and the other centered 
near to 285 nm [48]. Considering dopamine, its 
absorption spectrum contains only a single band, with a 
central peak near 280 nm [49]. As in the case of  
L-cysteine, and for the same reasons presented above, the 
absorption bands of L-tyrosine and dopamine may be 
masked by the strong absorption bands of the amino acid 
connections in proteins and the one that results from the 
combination of DNA/RNA and hemoglobin. Such fact 
suggests that melanin precursors may also be present in 
the cortex samples used in the present study. 

Considering now the lipofuscin precursors, we found 
only the absorption spectrum for mitochondria, which is 
also limited to the UV range. Such spectrum contains a 
single band between 300 and 400 nm, with the peak near 

360 nm [50]. Considering the absorption spectrum that 
we calculated for the brain cortex (Fig. 3), the absorption 
band of mitochondria may be masked by the Soret band, 
which extends to a lower wavelength close to 320 nm. 

Considering the above discussion about the 
absorption spectra of pigments and their precursors, and 
assuming that only melanin and lipofuscin contribute to 
the decaying baseline presented in Fig. 3 for the brain 
cortex, we will now present a comparative evaluation of 
the pigment contents in the various μa(λ) that were 
estimated by the different RFR methods used in the 
present study. The first step of this final comparative 
study consisted on subtracting the combination of 
melanin and lipofuscin absorption, as described by 
Eq. (6), from the mean μa spectrum presented in Fig. 3. 
The corrected μa(λ) obtained with this calculation is 
considered as a reference for the similar calculations to 
be made with the different μa spectra that were generated 
with the best performance methods with the RFR model. 
Such methods are the AT with 10, 50 and 100 digitally 
generated spectra, as presented in Fig. 5. We also 
considered the spectrum generated with the LOO method 
to evaluate its capability with a low number of 
experimental spectra to reproduce the pigment content 
and evaluate the DNA and hemoglobin ratios. In these 
calculations, the combination of pigments to subtract to 
each mean μa spectrum was recalculated as in Eq. 6, but 
using different numbers as multiplication factors to M(λ) 
and L(λ), so that the corrected μa(λ) could have similar 
baseline values to the ones that were obtained from the 
corrected μa(λ) that results from direct calculations. The 
results from these calculations are presented in Fig. 11 
for the cases of direct calculations from experimental 
measurements and the LOO method. 

Comparing between the two graphs of Fig. 11, it is 
seen that the μa spectra that result from direct calculations 
and from the LOO method (blue curves) are very similar. 
The corresponding μa spectra that were obtained using the 
AT method with 10, 50, and 100 digitally generated 
spectra are also similar to these, but some small 
differences exist. As an example, comparing between the 
two graphs of Fig. 11, it is seen that the absorption peaks 
at 267 and 411 nm are a little higher in the case of the 
LOO method than in the case of direct calculations. 

The double-arrow lines presented in both graphs of 
Fig. 11 refer to the calculated ratios at the main 
absorption bands, with center wavelengths at 267 nm, 
411 nm and 550 nm. Before subtracting the pigments, 
those ratios were calculated as the value of μa in the blue 
curve divided by the value of μa of the pigment in the pink 
curve. After subtracting the pigment absorption (pink 
curve) to the μa of the brain cortex (blue curve), the 
corrected μa spectrum of the brain cortex (green curve) 
was obtained in all cases studied. Considering such 
corrected spectra, the new ratios were calculated as the 
value of μa at the above wavelengths in the green curve 
divided by the minimum value in that same curve, which 
occurs at 801 nm and is represented by the black 
horizontal line in both graphs of Fig. 11. 
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(a) 

	
(b) 

Fig. 11 Wavelength dependencies of μa for the 
combination of melanin and lipofuscin and for the rabbit 
brain cortex, before and after subtracting the absorption of 
the pigments that resulted from direct calculations (a), and 
RFR-LOO estimation (b). 

To summarize the calculations performed to obtain 
the pigment contents and the results presented in Fig. 11, 
Table 1 contains the melanin and lipofuscin 
combinations used in each case.  

Table 1 Pigment combinations used in the various 
methods to obtain the corrected μa(λ) of the brain cortex.  

Method Pigment content 

Direct calculation 3.50´M+1.90´L 

RFR – LOO 4.04´M+1.70´L 

RFR – 10AT 4.84´M+0.40´L 

RFR – 50AT 4.68´M+1.00´L 

RFR – 100AT 4.85´M+0.60´L 

 
Considering the multiplication factors for M and L in 

Table 1, we see that all methods studied show a higher 
content of melanin than the one of lipofuscin in the brain 
cortex. Although the ML models used in the present 
study showed some drawbacks, they were all able to 

reach the same result that differentiates the melanin and 
lipofuscin contents in the brain cortex. Comparing 
between methods, the multiplication factors in Table 1 
show that both the LOO and the AT methods originate a 
higher content of melanin and a lower lipofuscin content 
than the ones obtained through the direct calculation 
method.  

To evaluate the DNA and hemoglobin contents in the 
brain cortex, the absorption ratios at the main absorption 
bands were calculated for all methods, before and after 
subtracting the pigments absorption from the μa spectra. 
Table 2 presents those results at the wavelengths 267 nm, 
411 nm and 550 nm for comparison. 

Table 2 Absorption ratios for the main absorption bands 
of DNA and hemoglobin for the various methods used to 
obtain μa(λ) of the brain cortex.  

 Absorption ratios at central wavelengths 
 267 nm 411 nm 555 nm 
Method before after before after before after 
Direct 
calculation 2.19 26.42 3.55 25.80 2.73 9.26 

RFR – LOO 2.12 26.23 3.25 25.64 2.50 9.10 
RFR – 10AT 2.22 27.11 2.92 24.18 2.11 8.07 
RFR – 50AT 2.15 27.12 3.04 25.61 2.25 8.81 
RFR – 100AT 2.21 27.92 2.99 25.39 2.17 8.62 

 
Considering the data presented in Table 2, we see that 

the LOO method produces very close ratios to the ones 
obtained with the direct calculation method for the 
considered absorption bands. In order to reach these 
values, a higher melanin content and a lower lipofuscin 
content needed to be considered to reproduce the 
corrected μa(λ) that results from the ML-LOO method. 
By reaching these results with a limited number of 
experimental spectra, the LOO method can be considered 
a good option to recreated the μa spectrum, but with 
limited statistics, as explained in our previous study [2].   

When introducing artificially generated spectra with 
the objective of obtaining higher performance for the 
RFR algorithm, we see that by increasing the number of 
digital spectra from 10 to 50 and then to 100, all studies 
show absorption ratios in the same order of magnitude of 
the ones obtained in the direct calculation procedure. As 
the number of digital spectra increases from 10 to 50, we 
see that the absorption ratios become more approximated 
to the ones obtained through the direct calculation 
approach, but when considering 100 digital spectra, such 
approximation becomes worse. Such variation indicates 
that the GANs models used to generate digital spectra 
work to a certain point, and if the number of generated 
spectra increases above some limiting value, the 
generated spectra present features that differ from the real 
tissue under study. This occurs due to the fact that the 
GANs models learn the normal distribution of the 
experimental spectra. Consequently, when the number of 
artificially generated spectra is increased above a certain 
limit, the GANs models are more likely to generate low-
quality spectra that are located at the extremes of the 
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normal distribution. Considering the GANs models used 
in this study to generate both the Rd and μa spectra, the 
generated data seems to maintain the spectral quality up 
to a number of 50 digitally generated spectra. Such 
spectral quality is not maintained for a higher number of 
artificially generated spectra, as we observed in some 
trials that were performed. In future applications we plan 
to use different GANs models to generate spectra 
artificially and fine-tuning will be performed to obtain a 
significant number of artificial data. 

4 Conclusions  
The present study shows the possibility of using ML 
estimations to reconstruct the μa(λ) of a tissue from 
noninvasive or minimally invasive spectral 
measurements, but to obtain high accuracy in the 
estimated spectra, a large number of experimental spectra 
is necessary. When a large number of measured spectra 
is not available, which is the most common case in 
spectral biophotonics, and if the LOO approach is 
acceptable for a particular study, it can be used to recreate 
μa(λ) and obtain diagnostic information with good 
accuracy. In cases when the LOO method is not an 
option, and the artificial generation of spectra is a 
possibility, the RFR or other algorithms can be used to 
recreate μa(λ). In that case, the digital generation of 
spectra can be made using GANs, but this study shows 
that a small number of experimental spectra will not be 
sufficient to generate a large number of artificial spectra 
with good quality. To obtain such high numbers of good 
artificial spectra, a considerable number of experimental 
measurements must be provided. 

To evaluate the precision of the algorithms and 
models used in our study, the mean ED between the MES 
and MRS was calculated. Since the LOO method uses 
only experimental spectra, we considered its mean ED as 
a reference in the evaluation of the other methods 
accuracy. As reported in the graphs of Fig. 5, the LOO 
method had a mean ED of 0.628. 

Considering the different methods used with the SLP 
algorithm, and retrieving data from Fig. 5(a), for the 
studies, where 10, 50 and 100 digitally generated spectra 
were used, the mean ED values obtained were: 0.817, 
0.652 and 0.658 with the G/E method; 0.527, 0.404, and 
0.418 with the E/G method; and 0.474, 0.341, and 0.241 
with the AT method.  

In the studies performed with the KNN algorithm, the 
mean ED values obtained with 10, 50 and 100 digitally 
generated spectra were: 0.638, 0.647, and 0.625 with the 
G/E method; 0.352, 0.343, and 0.360 with the E/G 
method; and 0.206, 0.048, and 0.067 with the AT 
method.  

The last algorithm used in our study was the RFR. For 
the studies with this algorithm with 10, 50, and 100 
digitally generated spectra, the mean ED values obtained 
were: 0.701, 0.616, and 0.684 with the G/E method; 
0.357, 0.367, and 0.381 with the E/G method; and 0.092, 
0.052, and 0.066 with the AT method.  

Analyzing all these accuracy values, we see that the 
G/E method provides the worst results, always above the 
one obtained with the LOO method. Both the E/G and the 
AT methods provide better results than the LOO method 
in all algorithms, but considering all the studies 
performed, the AT method is the best. Considering this 
method, the mean ED values obtained both with the KNN 
and with the RFR algorithms can be considered the best 
of the whole study. 

After evaluating the limitations on the application of 
ML methods in spectral biophotonics to estimate tissue 
absorption, we intend to perform other studies in the 
future with a biological tissue where a large number of 
measurements is possible. We expect that by performing 
such studies and obtaining a significant number of Rd and 
μa spectra for a particular tissue, we can use GANs 
models to generate a high number of artificial spectra that 
will be added to the experimental data as input to the ML 
algorithms to recreate μa(λ) and obtain precise diagnostic 
information. We also plan to test different algorithms in 
the GANs models to check if they bring better accuracy 
in the generated spectra than the ones used in the present 
study. After performing such tests and if diseased brain 
tissues become available for study, we plan to perform 
similar studies with those tissues to retrieve the pigments, 
DNA and hemoglobin contents. By comparing those 
contents between healthy and diseased brain tissues, we 
can provide precise diagnostic information or even 
establish a relation between those contents and the 
progression of the disease for early detection procedures 
to be developed. 
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Abstract. Double-stage active laser drug delivery (DSLADD) of an aqueous 
solution of methylene blue using Er:YLF laser radiation experimentally was 
investigated. Model for describe of the delivery of local drugs under a 
microporated nail plate taking into account the peculiarities of laser radiation 
exposure, capillary effects in microholes and diffusion in the nail plate was 
developed. The phenomenon of spreading of the drug consisting in the fact that 
after laser action drug is distributed in the nail bed not only in the area of the nail 
bed located directly under the microhole, but also along the border of the nail 
plate and the nail bed around the microhole was observed for the first time. 
Calculations performed within the framework of the developed model showed 
that, taking into account spreading phenomenon, the density of filling the nail area 
with microholes can be significantly reduced, which can proportionally increase 
the productivity of laser delivery in general. © 2022 Journal of Biomedical 
Photonics & Engineering. 
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1 Introduction 
Diseases of the nails, especially fungal infections, are 
difficult to treat [1]. Peroral drug delivery remains the 
most popular delivery method due to its ease of 
implementation, but this delivery method can negatively 
affect the gastrointestinal tract and liver before the drug 
enters the systemic circulation. Local drug delivery 
largely avoids these problems, but has very low efficacy, 
primarily due to the extremely low permeability of drugs 
through the nail plate. In addition, drugs for local 
delivery, as a rule, quickly lose their molecular-diffusible 
form after application due to the rapid evaporation of the 
solvent, which prevents them from effectively 
penetrating the nail [2].  

High density and hardness of the nail plate provides 
excellent protection for sensitive fingertips. 
Unfortunately, these properties make local drug delivery 
extremely difficult. The penetration of the drug into the 
nail plate occurs due to passive diffusion and is limited 
by the strong cross-link’s characteristic of the plate 
structure. On the other hand, the physicochemical 
properties of drugs also determine the speed and depth of 
their penetration into the nail. The permeability of the 

nail plate is mainly influenced by the active molecular 
weight of the drug [3]. Currently, in the local treatment 
of fungal diseases of the nail, antifungal agents of  
the 2nd generation (imidazoles) and antimycotics of  
the 3rd generation (triazoles and allylamines) [4, 5], 
methylene blue (MB) [6] and chlorin-containing 
photodynamic drugs [7] are used. 

To increase the permeability and efficiency of 
delivery of local drugs, chemical (acids, alcohols, 
glycols, etc.), physical (microporation, ionophoresis, 
sonophoresis, electroporation, ultrasonic and laser drug 
delivery) and mechanical methods (injection, removal, 
grinding or mechanical perforation biological tissue) can 
be used [8–11]. Effective laser microporation of the nail 
is realized using CO2 and erbium lasers [12, 13]. The 
radiation of erbium lasers is effectively absorbed by 
water containing in nail plate and α-keratin which is the 
main component of the nail [14]. As a result of the 
transformation of absorbed laser energy to heat, a 
biological tissue is heated and ablated [13]. Compared to 
other methods of enhancing the drug penetration, 
including microneedling and microdermabrasion, laser 
drug delivery (LADD) through microporation of the nail 
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demonstrates greater safety, convenience, and 
effectiveness [15]. 

The delivery of drugs to the microporated nail plate 
can be passive or active, that is, it can occur without or as 
a result of any external influence. With passive delivery, 
water-based drugs do not penetrate through the 
microporated nail plate to the nail bed due to the high 
coefficient of surface tension [16]. With active delivery, 
external influences, for example, laser-induced 
hydrodynamic processes, can stimulate delivery and 
increase the rate of drug penetration [17]. The choice of 
a laser source for delivery is essential. It is important to 
exclude the possibility of changing the properties of the 
drug under the action of laser radiation. In this regard 
optimal is the impact not on the drug itself, but on the 
substance in which it is dissolved. It is known that the 
Er:YLF laser has a wavelength of 2.81 μm and is very 
effectively absorbed by water [18]. The high value of 
Er:YLF laser radiation absorption in water provides 
effective heating and transformation of the laser energy 
into mechanical energy, which is expressed in the 
generation of acoustic waves leading to the delivery of 
drug dissolved in water. In this case, the laser radiation 
acts on water and not on the drug, excluding the 
transformation of the latter as a result of the direct action 
of light. Active laser delivery methods are constantly 
being improved, for example, in articles [19–21], the 
capabilities of a new double-stage active laser drug 
delivery (DSLADD) method are discussed and 
demonstrated in vitro for the first time. DSLADD 
includes nail microporation using Er:YLF laser radiation 
through the layer of drug applied to the nail surface and 
subsequent exposure of this layer to the radiation of the 
same laser to deliver the drug under the already 
microporated nail plate. It is obvious that in vivo the 
effectiveness of DSLADD may differ from that in vitro 
due to the anatomically tighter connection of the nail to 
the underlying tissues in vivo. Thus, testing DSLADDs 
in vivo is an actual task. 

The peculiarity of the current level of development of 
technologies for the drug delivery through a 
microporated nail is that its rate is difficult to predict. 
This is a serious limitation for the widespread use of the 
microporation method in clinical practice. An important 
characteristic that determines the drug delivery after nail 
microporation is the coefficient of drug penetration 
through such a nail plate. Obviously, the coefficient of 
drug penetration when using microporation to improve 
local drug delivery depends on both the properties of the 
nail plate and the filling density and the dimensions of 
the microholes (micropores).  

There is a known mathematical model that makes it 
possible to estimate the rate of drug delivery through 
microporated skin [22]. This model leads to a relatively 
simple equation of skin resistance and demonstrates that 
the approach based on the calculation of the flow 
proportional to the total perimeter of the microhole 
predicts significantly higher flows than the approach 
based on the calculation of the flow proportional to the 
area of a microhole. The results of calculations based on 

this model were in good agreement with the experimental 
data on drug delivery to the skin presented in the 
literature [23–25]. However, the model assumes that the 
drug instantly penetrates into the microhole, which is not 
entirely true for microholes with small dimensions 
(radius) where capillary effects are present. In addition, 
this model assumes that the stratum corneum of the skin 
is completely impervious to topical drugs and thus does 
not take into account the diffusion of the drug in the skin. 
Thus, for an adequate description and optimization of the 
process of local drugs delivery under the nail plate, it is 
relevant to create a mathematical model to assess the rate 
of drug penetration through a microporated nail plate, 
which takes into account the contribution of capillary 
effects and drug diffusion in the nail plate. 

The aim of this study was (1) to investigate of 
DSLADD of an aqueous solution of methylene blue 
using Er:YLF laser radiation experimentally, (2) to 
develop a model for the delivery of local drugs under a 
microporated nail plate taking into account laser 
radiation influence on the process of the drug delivery 
through the micropores in the nail plate created by the 
laser radiation, capillary effects in microholes and 
diffusion in the nail plate, (3) to estimate the coefficient 
permeability of a microporated nail plate for an aqueous 
solution of methylene blue using this model, and (4) to 
compare the simulation and experimental results. 

2 Materials and Methods 

2.1 Experimental Setup for Investigate of 
DSLADD of a Methylene Blue Aqueous 
Solution Using Er:YLF Laser Radiation 

In an in vivo experiment, the distribution of methylene 
blue (MB) under the nail plate after DSLADD was 
investigated. For active delivery of MB, an Er:YLF laser 
radiation (λ = 2.81 µm) was used. The study used a 
healthy nail of finger of one volunteer, which was 
mechanically cleaned of dirt and washed with distilled 
water before the experiments. The average thickness of 
the nail plate measured along the free edge of the nail was 
365 ± 20 µm. The scheme of experimental setup and the 
appearance of the experiment are shown in Fig. 1. 

First, according to recommendation of Ref. [19] a 
microhole was created in the nail plate as a result of 
in vivo exposure the volunteer’s nail to ten Er:YLF laser 
pulses through a layer of aqueous MB solution 
(C = 0.001%) with a thickness of h = 100 ± 10 µm 
applied to the nail surface. Laser pulse energy was 
E = 4 ± 0.1 mJ, and the pulse repetition rate was 
f = 30 Hz. Then, active laser delivery of MB was carried 
out as a result of exposure the same MB layer to four 
Er:YLF laser pulses with the same radiation parameters 
as for microporation. Thus, 14 laser pulses were used for 
DSLADD through a single microhole. In total, in the 
experiment, ten microholes located at a distance of about 
1 mm from each other were created and analyzed. 

After DSLAAD, the appearance of the nail with the 
results of active laser delivery was recorded using a 
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microscope “Axio Scope A1” (“Carl Zeiss”, Germany) 
with a camera “Axiocam ERc 5s” (“Carl Zeiss”, 
Germany). 

 

	
(a) 

 

 
(b) 

Fig. 1 Scheme of experimental setup (а) and appearance 
of the in vivo experiment (b) on DSLADD of MB 
solution using Er:YLF radiation: 1 – Er:YLF laser; 
2 – collecting lens (F = 50 mm), 3 – injection needle with 
MB solution; 4 – volunteer’s finger; 5 – finger fixing 
device, 6 – focal plane fixator, 7 – XYZ-translator. 

In the course of the study, it was found that with 
in vivo active Er:YLF laser delivery of MB, the effect of 
laser radiation on the drug leads to its spreading along the 
surface of the nail bed, i.e. to the fact that it is distributed 
in the nail bed not only in the area of the nail bed located 
under the microhole, but also along the border of the nail 
plate and the nail bed around the microhole. To assess 
this phenomenon from photographs, the diameter dMB of 
the area of the nail bed containing MB and the diameter 
d of the microhole in the nail plate were measured in the 
“CorelDRAW Graphics Suite” (“Corel”, Canada) 
software. 

2.2 Theoretical Model for the Delivery of 
Local Drugs under a Microporated Nail 
Plate 

When creating a model describing the process of drug 
(MB) penetration under a micropore nail, it was assumed 
that after laser microporation, cylindrical microholes 

(with a radius of r) are formed in the nail plate, which 
reach the nail bed. The structural model of a 
microporated nail illustrating its state before and after 
drug (MB) penetration into the nail bed is shown in 
Fig. 2. It is assumed that the microholes are located at 
equal distances from each other and form a certain 
density of filling the area of the nail with microholes np 
(number of microholes per cm2). The concentration of the 
applied drug (MB) is kept constant and equal to 100 % at 
a distance of hMB_1 = 100 μm above the nail plate. The 
penetration of the drug to a depth of hMB_2 = 100 μm is 
determined by the diffusion of the drug into the nail bed 
(nail epidermis). After diffusion, the concentration of 
drug (MB) in the aqueous solution becomes 0.001%. 

	
(a) 

	
(b) 

Fig. 2 Structural model of a microporated nail to describe 
passive drug (MB) delivery through the nail plate – 
before (a) and after (b) delivery of drug (MB) through 
microholes. 

We assume that the flow of the drug through the 
microporated nail plate will be equal to the sum of the 
flow through the microholes and the flow through the 
intact nail plate. In addition, the model takes into account 
the spreading mentioned above (see Section 2.1) of the 
MB under the nail plate caused by hydrodynamic 
processes during DSLADD. In this regard, we believe 
that with such spreading of the drug, the complete filling 
of the area under the nail plate with the drug, which is 
obviously necessary for the effective treatment of fungal 
disease, can be achieved with a smaller number of 
microholes in the nail plate than without spreading. 
However, this assumption has not been previously 
investigated.  

According to Ref. [22], for an intact nail plate, the 
coefficient of drug penetration through the nail bed is 
defined as: 

,	 (1) _
0

1 0p oK
R

= =
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where R0 is the diffusion resistance to the drug 
penetration through the intact nail plate and the nail bed. 

In the absence of a nail plate, the permeability 
coefficient of the drug through the nail bed is determined 
as [22]:  

 

(2) 

where DMB is a coefficient of drug (MB) diffusion in a 
layer of water with a thickness of 100 µm located on the 
surface of the nail, Dnail-bed is a coefficient of drug 
diffusion in the nail bed, Ks is distribution coefficient 
characterizing the change in the concentration of the drug 
at the border between the nail bed and water, Rno_nail is 
diffusion resistance to the penetration of the drug through 
the nail bed, hMB_1 is the thickness of the applied drug 
(methylene blue) in the form of an aqueous solution over 
the nail plate, hMB_2 is the depth of the drug penetration 
into the nail bed. 

Considering the model developed for the skin and 
presented in Ref. [22], under the assumption that the 
delivered drug (MB) instantly penetrates into the 
microhole, and the stratum corneum is completely 
impervious to local drugs, and replacing the skin model 
with a nail model (see Fig. 2), we find that the coefficient 
of drug permeability through the microporated nail and 
nail bed can be determined as:  

 

(3) 

where Ddrug is a coefficient of drug (MB) diffusion in a 
layer of water with a thickness of 100 µm located on the 
surface of the nail and in a microhole initially filled with 
water, Dnail-bed is a coefficient of drug diffusion in the nail 
bed, Ks is distribution coefficient characterizing the 
change in the concentration of the drug at the border 
between the nail bed and water in microhole, Rno_tr is 
diffusion resistance to the penetration of the drug through 
the microporated nail and the nail bed, on the assumption 
that the aqueous solution of drug (MB) instantly 
penetrates into the microhole and the nail is completely 
impervious to local drugs, hn is the thickness of the nail 
plate, r is the microhole radius, np is the density of filling 
the nail area with microholes.  

Considering the model presented in Ref. [22], in the 
case of the skin, it is assumed that the water into which 
the drug diffuses instantly penetrates the micropore, and 
also that the stratum corneum is completely impervious 
to topical drugs. Therefore, in case of the nail, diffusion 
of the drugs in the nail plate also is not taken into account. 
At the same time, the coefficient of permeability of the 
drug through the nail plate kp_nail depends on the 
molecular weight MW of the drug as follows [4]:  

 
(4) 

In case of MB molecular weight MW = 319 Da [26] and 
 = 3.224×10–8 cm/s. 

In addition, in Ref. [22], it is assumed that initially the 
microholes are filled with water and not air, as is usually 
the case after microporation. Consequently, capillary 
effects arising at the interface between the solid (nail 
plate), liquid (water) and gaseous (air in the microholes 
in the nail plate) phases are not taken into account. At the 
same time, the movement of liquid in micro-holes with a 
small radius depends on the surface tension force. With a 
high coefficient of surface tension, water-based drugs do 
not penetrate into microholes due to the resistance caused 

by surface tension forces Dpσ, which can be estimated by 
the formula [27]:  

 
(5) 

where σ is the coefficient of surface tension, d = 2r is the 
diameter of microhole. 

Taking to account the Eq. (5), speed of steady liquid 

flow   [28] and nail plate thickness hn, the 

resistance RCE, caused by only the forces of the surface 
tension can be defined as 

 

(6) 

Since the studied MB aqueous solution has a low 
concentration (С = 0.001%), in calculations it can be 
assumed that the surface tension of the MB solution at 
the interface with air in microholes is equal to the surface 
tension of water at the interface with air in microholes: 
σ = 72.86×10–3 N/m (at temperature T = 20 °С) [29], and 
the density of aqueous solution of MB is assumed to be 
equal to density of water ρ = 997 kg/m3. 

The coefficient of drug permeability through a 
microporated nail plate and nail bed, taking into account 
Rno_tr (3) and RCE (6) is determined as: 

 

(7) 

where r is the radius of the microhole, Rwith_CE is the 
diffusion resistance to the penetration of the drug through 
the microporated nail and the nail bed considering 
capillary effects.  
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The permeability coefficient of the drug through the 
microporated nail plate and the nail bed considering 
capillary effects and the coefficient nail plate 
permeability is determined as: 

 

(8) 

The coefficient 1 − !!"#2 allows to consider the 
diffusion only through the part of the nail plate, which 
does not have micropores. In the absence of micropores 

(!! = 0), this coefficient is equal to 1, and the 
permeability coefficient kp = kp_nail. With the maximum 
possible density of filling the surface of the nail plate 

with micropores without overlapping, !! = 

= !!  max = 1/(2r)2, and kp reaches the maximum value in 
this case. 

 
(a) 

 
(b) 

Fig. 3 Structural model of a microporated nail to describe 
active drug delivery (MB) through the nail plate – 
before (a) and after (b) delivery of drug (MB) through 
microholes.  

To overcome the resistance caused by the forces of 
surface tension, laser radiation can be used. It stimulates 
the acoustic waves and pressure, which can be much 
greater than the forces of hydraulic resistance. As noted 
above (see Section 2.1), during in vivo active Er:YLF 
laser delivery of MB, the action of laser radiation on the 
drug leads to spreading of the drug, i.e. it is distributed in 
the nail bed not only in the area of the nail bed located 

directly under the microhole, but also along the border of 
the nail plate and the nail bed around the microhole (see 
Fig. 3 (a, b)). To take into account the contribution of this 
phenomenon to the area from which diffusion into the 
nail bed occurs, we used the drug distribution coefficient 
kd, which is defined as the ratio of the diameter 
dMB = 2rMB (where rMB is the radius of the nail bed area 
under the nail plate containing the delivered drug) to the 
diameter of microhole in the nail plate d = 2r (see 
Fig. 3b).  

The spreading effect of is associated with the action 
of laser radiation only on the drug in the microholes and 
therefore does not affect the drug diffusion through the 
part of the nail plate, which does not have micropores. In 
this regard, the contribution of the drug distribution 
coefficient kd should be taken into account only in the 
first term of Eq. (8) associated with kp_with_CE. 

Based on the foregoing, the coefficient of the drug 
permeability through the laser-microporated nail plate 
into the nail bed, taking into account capillary effects, the 
permeability coefficient of the nail plate kp_nail and the 
drug distribution coefficient kd, is determined as:  

 

(9) 

where RS is the diffusion resistance to the penetration of 
the drug through the microporated nail and the nail bed, 
taking into account capillary effects, the coefficient of 
permeability of the nail plate and the coefficient of 
distribution of the drug.  

For the subsequent modeling, the following 
coefficients were taken: DMB = 0.38∙10-5 cm2/s [41], 
diffusion coefficient of the drug (MB) in the nail bed 
Dnail-bed = 1.98∙10-6 cm2/s [30], coefficient Ks = 5.58 [31]. 

3 Results and Discussion  

3.1 Experimental Study of DSLADD of an 
Aqueous Solution of Methylene Blue Using 
Er:YLF Laser Radiation. Estimation of the 
Coefficient of Drug Distribution under the 
Nail Plate kd. 

In our study, methylene blue was used as the topical drug 
to be delivered under the nail plate. Methylene blue is a 
well-known antiseptic, has disinfecting and analgesic 
effect. The choice of this drug is also often due to the fact 
that it has a deep blue color and is well visualized. 
Usually in clinical practice, an aqueous or alcoholic 
solution of MB with a concentration of C = 1–3 % is 
used [32]. In some cases, including during photodynamic 
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therapy (PDT), the concentration of MB can be 
reduced [33]. Methylene blue is a widely used 
photosensitizer for PDT of fungal diseases [34]. It has a 
high redox potential and has an absorption maximum in 
the spectral range 550–700 nm [33]. In photodynamic 
therapy using MB, radiation is used that corresponds to 
its maximum absorption. It is known that the 
concentration of MB in water from the range 
C = 0.001 ± 0.01% is most effective for the generation of 
singlet oxygen 1O2 during antimicrobial photodynamic 
therapy with a diode laser with a wavelength of 
660 nm [33]. At С = 0.001% in water, methylene blue is 
in the monomeric form [35]. It is known that the 
combined effect of an aqueous solution of MB with 
C = 0.001% and laser radiation with a wavelength of 
662 nm on lactobacilli, Candida Albicans fungus, and 
Staphylococcus Aureus bacteria significantly reduces 
their colonies [36]. In our study, the concentration of MB 
in an aqueous solution is C = 0.001%. 

A typical appearance of the dorsal surface of the nail 
after an in vivo DSLAAD of methylene blue through a 
single microhole as a result of exposure to 14 pulses of 
Er:YLF laser radiation with an energy of 4 ± 0.1 mJ is 
shown in Fig. 4. 

 

  
(a) (b) 

 
(c) 

Fig. 4 (a) Typical color photo of a nail plate after an in 
vivo DSLAAD, (b) converted Gray image of the color 
photo shown in Fig. 4aб and (c) the Gray intensity 
distribution along the diameter of the microhole shown 
in Fig. 4b. 

During image processing, a color photograph of the 
nail plate (Fig. 4a) was converted into a Gray image 
(Fig. 4b). To estimate the diameter of the MB-containing 
area under the nail plate in this image, the Gray intensity 

(GI) distribution along the diameter of the microhole was 
analyzed (Fig. 4c). Gray intensity analysis was carried 
out using the “Mathсad 14” (PTC, Inc., Canada) software 
package, where intensity “0” is black and “255” is white. 
Gray intensity was measured in two mutually orthogonal 
directions and averaged over 10 photographs of the nail 
plate obtained after DSLAAD.  

As a result of processing the entire array of 
photographs after DSLAAD, it was found that the image 
of a microhole in the nail plate corresponds to Gray 
intensity GI = 32 ± 11. Thus, the average microhole 
diameter is 220 ± 10 µm, which coincides with the values 
presented earlier in Ref. [19]. The image of the intact nail 
plate has GI = 160 ± 10, and the image of the area around 
the microhole containing the MB has GI = 76 ± 16. Thus, 
the average diameter of the area of the nail bed under the 
nail plate containing the delivered drug (MB) is 
312 ± 32 µm. Thus, in in vivo DSLAAD with Er:YLF 
laser radiation, the drug distribution coefficient is 
kd = 1.42 ± 0.22. 

3.2 Theoretical Study of the Delivery of Local 
Drugs under Microporated Nail Plate  

The results of modeling the coefficient of MB 
permeability through a laser-microporated nail plate into 
the nail bed depending on the area of microholes formed 
in the nail plate, obtained at various approximations 
described above for microhole diameter 220 µm and 
kd = 1.42 are shown in Fig. 5.  

 
Fig. 5 Dependence of the permeability coefficient kp on 
the density of filling the nail area with microholes np. 

It can be seen that an intact nail plate has a minimum 
permeability coefficient, according to Eq. (4) (green line) 
kp_nail = 3.224×10–8 cm/s. In the absence of a nail plate, 
the permeability coefficient, according to Eq. (2) (black 
line), is maximum and corresponds to 
kp_no_nail = 28.61×10–5 cm/s.  

With a microhole diameter of 220 μm, the maximum 
possible density of filling the nail area with microholes 
without overlapping of microholes corresponds to 
2066 microholes/cm2. It can be seen that, without taking 
into account capillary effects and the coefficient of 
permeability of the nail plate, the coefficient of 
permeability of the drug through the microporated nail 
plate and the nail bed, according to Eq. (3) (blue curve) 
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kp_no_tr = 6.15×10–5 cm/s. The results of calculation the 
permeability coefficient of the drug taking into account 
capillary effects, according to Eq. (7), very close to 
results of calculation taking into account capillary effects 
and the coefficient nail plate permeability according to 
Eq. (8) (gray line). The value of the drug permeability 
coefficient, when taking into account capillary effects 
and the permeability coefficient of the nail plate, 
obtained according to Eq. (8) (gray curve) is 
kp = 3.506×10–5 cm/s, which is 1.75 times less than the 
value of permeability coefficient obtained according to 
the Eq. (3). Obviously, this result is related to the 
resistance to the penetration of liquid into the microhole 
in the nail plate caused by the forces of surface tension 
and diffusion resistance to the penetration of the drug 
through the nail plate. In this case, the contribution of 
diffusion resistance to the penetration of the drug through 
the nail plate is insignificant in comparison with the 
contribution of the resistance to penetration of liquid into 
the microhole in the nail plate caused by surface tension 
forces.  

The model, which takes into account the coefficient 
of distribution of the drug kd in addition to capillary 
effects and the coefficient of permeability of the nail 
plate kp_nail, increases the coefficient of permeability of 
the drug through the microporated nail plate and the nail 
bed by increasing the area on which the MB solution 
diffuses into the nail bed. In this case, with a filling 
density of 2066 microholes/cm2 and kd = 1.42, according 
to Eq. (9) (red curve), the permeability coefficient of the 
drug through the microporated nail plate and the nail bed 
increases by 1.42 times relative to the model that takes 
into account only capillary effects and the coefficient of 
permeability of the nail plates, and reaches 
kp_6 = 4.978×10–5 cm/s. This can be explained by the fact 
that since in this case the second term (1 − 𝑛𝑝𝜋𝑟2)∙kp_nail 
in Eq. (9) is negligible, then the change in kp_6  is mainly 
determined by the drug distribution coefficient kd.That is, 
due to the effect of drug spreading along the surface of 
the nail bed associated with the action of laser radiation 
during DSLAAD the density of filling the nail area with 
microholes can be significantly reduced (in this case, 
1.42 times) without change in kp_6, which can 
proportionally increase the productivity of laser delivery 
in general.  

It should be noted that the values 
kp_nail = 3.224×10– 8 cm/s and kp_6 = 4.978×10–5 cm/s 
obtained in this work allow to conclude that the effect of 
Er:YLF laser radiation increases the permeability of the 
drug (MB) under the nail proportion to the ratio of these 

coefficients, i.e. 1544 times. It is known [37] that an 
effective photodynamic therapy of onychomycosis when 
applying the MB to the surface of a nail plate, which does 
not contain micropores, takes 8 sessions, separated by 
interval in 2 weeks (the duration of each session is 480 s 
including 180 s for drug application and 300 s for 
photodynamic irradiation). As a result, a significant 
reduction in the Onychomycosis Severity Index (OSI) 
was observed, and 70% of patients reached complete cure 
12 weeks after the end of therapy. Thus, the laser 
microporation and delivery of MB under the nail plate by 
radiation of Er:YLF laser, taking into account the 
spreading effect, may allow to achieve a similar 
treatment effect, significantly reducing the duration of 
drug application to 0.12 s.  

4 Conclusion 
For the first time, the possibility of a two-stage active 
laser delivery of a photodynamic drug (MB) under the 
nail plate by Er:YLF laser radiation has been investigated 
and demonstrated in vivo. The distribution coefficient of 
the drug kd was experimentally estimated, which is 
defined as the ratio of the diameter of the nail bed area 
under the nail plate containing the delivered drug to the 
diameter of the microhole in the nail plate. An original, 
relatively simple analytical model was developed to 
assess the permeability of a drug through a laser-
microporated nail plate. The model considers the 
contribution of the drug spreading effect under the nail 
plate caused by effect of laser radiation on the drug 
during DSLADD and the resistance caused by surface 
tension forces. As a result of calculations within the 
framework of the developed model, it was found that for 
DSLAAD of an aqueous solution of MB with Er:YLF 
laser radiation with a laser pulse energy of 4 ± 0.1 mJ, the 
distribution coefficient is kd = 1.42 ± 0.22, and the 
density of filling the nail area with microholes is 
np = 2066 microholes/cm2, and the permeability 
coefficient MB through the microporated nail plate and 
the nail bed reaches kp_6 = 4.978×10 5 cm/s. 
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