
Data Augmentations
Purpose:

Simulates variations in 
different measurement 
conditions to generalize 
the model across 
different instruments.

Generates synthetic 
spectra from real data to 
enlarge the data pool

Augmentations including 
but not limited to:

Noise level
Baseline
Cosmic rays

Embedding space is clearly separated by 
sample type
Clusters of healthy VS. cancer is observed
Separation between different cancer stages 
is limited

Augmentation paremeters need to be tuned 
to make sure the synthetic spectra are close 
enough to the real spectra
Run inferences on raw spectra without 
preprocessing and augmentation

Convolutional Neural Network (CNN) extracts meaningful 
features from the spectra, representing each spectrum in 

a lower-dimensional space used as its embedding.

Conclusions
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Contrastive Model:

Utilizing unlabeled 
data pairs rather than 
explicit annotations[3].

Learning by clustering 
embedding of similar 
instances, and 
separating dissimilar 
ones[3].

Motivation
Raman-based Liquid Biopsy

Raman spectroscopy-based liquid biopsy platforms utilize 
circulating biomolecules in biofluids to detect various health 

conditions, offering a non-invasive optical cancer diagnosis method. 
Raman spectroscopy characterizes sample components through 
their vibrational and rotational modes without molecular labels, 

making it a powerful point-of-care diagnostic tool[1].

Goal
We aim to develop a robust Raman spectra encoder for 

ML models with improved generalizability.

 
Raman scattering is inherently weak, leading to challenges 
in distinguishing cancer VS. healthy samples.
Existing machine learning(ML) models are promising in 
classification but underperform across different 
measurement conditions and cancer types[2].

Challenges
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Total 116 patients in train and test sets
2 types of sample/patient

25 repeated mesurements/sample
Total: 5925 sprectra
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