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1. Background-Aim

 Raman spectroscopy (RS) has emerged as a powerful
tool in medicine with high specificity, sensitivity,
spatial and temporal resolution. G
* Advanced portable Raman systems have been

developed which allow the collection of spectral
fingerprints of biostructures in vivo.

Raman Probe

Optical fiber excitation | Optical fiber collection

Laser Spectrometer
(785nm) W T TEREET 4
' )

 The integration of artificial intelligence (Al)
algorithms with RS has significantly enhanced its -~ . , .
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ability to accurately classify spectral data in real [— TSR TN S I
time. |

Data processing

* However, the application of RS as a clinical diagnostic
tool in vivo remains a challenge.

* This study aims to compare ex vivo spectral
fingerprints of colorectal cancer tissues with
spectral fingerprints which were recorded in vivo, in
mice.




2. Materials & Methods

20 immunocompromised SCID mice were used. The
animals were divided in two groups. Group C, where
no cancer cells were injected and Group Ca, where
HCT cancer cells were injected.
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* When the tumors approached the size of 100 mm?3, a PROBE

surgical incision was made at the site of tumor growth

and Raman spectra were recorded in vivo using a M\Aﬂ
portable Raman system with a fiber-optic probe. '”"“&{'*M:{}: AR E

* Then, the tumors were surgically excised and divided
into two pieces: ex vivo spectra were recorded from
one piece, while histological analysis was performed
on the other.

* Ex vivo spectra were compared with in vivo spectra
using Al algorithms trained by spectral libraries
created by ex vivo colorectal spectra.




2. Materials & Methods

* The acquired Raman spectra were preprocessed
following three steps: (1) removal of spectral regions
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that are dominated by parasitic signals, (2) e I

background subtraction and (3) normalization. RTM \
* Two spectra region alternations were selected: the [T l

medium region where the frequencies was ranging 783 Lo | | Syeckcnct
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from 1400-1700 cm™ and the high region where the
frequencies from 2800-3100 cm™*-

e An 1D-CNN model with transfer learning technique
was employed to classify the Raman spectra.

- In the pretraining phase, we employed an extended
dataset from our previous work of 442 Raman spectra
in human tissues, 221 from healthy and 221 from , 3001700 e 2800-3100 em™
cancerous colorectal tissue samples
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3. Results
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Classification results for ex vivo spectra data
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3. Results

Transfer learning model
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4. Conclusions

 The models overcome the Ilimitations of the large data
collection and demonstrate their effectiveness in ex-vivo and
IN-VIVvo settings.

* The 1D-CNN deep learning model demonstrated high
percentages of accuracy for both ex vivo and in vivo spectra in
distinguishing cancerous tissues from normal ones. B

* However, 1D-CNN deep learning model exhibited higher
accuracy, the precision and the recall for in vivo spectral data
highlighting the potential of the Al model and the portable
Raman system in case of a colorectal open surgery.

« Overall, all results brought RS one step closer to clinical
application as an auxiliary tool for real-time biopsy and so
surgical guidance.
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