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▪ Master's students in Data Science

▪ EPFL, Switzerland

▪ CS-433 Machine Learning course project by Prof. Martin Jaggi

▪ Supervised by Prof. Jasmina Bogojeska (ZHAW) 
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Dataset curation and models

O U T L I N E
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Data Processing : Possibilities and Limitations

Cancer genomic data for Erlotinib

Train data
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19 920 features

Test data
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Gene expression level

RNA sequence

Phenotype data

▪ Single cell foundation models

▪ GenePT

▪ Graph models with prior knowledge

[2], [3], [4],[5], [6]

Specific to Erlotinib

AAC as a label

Gene alignment

Data augmentation

CCLE dataset [1]

Train data
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1460 features
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AAC a continuous metric

Skewed data

High dimensional 

Specificity Limitations Inheritent Characteristics

Target categorization

Dimensionality reduction

▪ PCA at the rescue ?

▪ Chi-square or ANOVA F-test

https://www.biorxiv.org/content/10.1101/2023.10.16.562533v1
https://academic.oup.com/bioinformatics/article/36/Supplement_2/i573/6055930?login=false
https://ieeexplore.ieee.org/document/9325518
https://www.frontiersin.org/journals/genetics/articles/10.3389/fgene.2018.00682/full
https://pmc.ncbi.nlm.nih.gov/articles/PMC10713675/
https://zenodo.org/records/6972738
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Models

Augmented 

dataset

Categorized 

targets and 

reduced dataset
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Models

Augmented 

dataset
Categorized 

targets and 

reduced dataset

▪ Linear regression

▪ Ridge / Lasso regression

▪ Elastic Net

Baselines

Linear models
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Models Linear models

Support Vector Regressors (SVR) models

▪ Linear SVR 

▪ Sigmoïd SVR

▪ Polynomial / RBF SVR

Kernel methods for 

regression tasks

Tuned with grid search and cross validation 

Base datasetAugmented 

dataset
Categorized 

targets and 

reduced dataset
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Models Linear models

Support Vector Regressors (SVR) models

Neural Networks

▪ Neural networks

▪ Encoder Decoder models

▪ WPFS

▪ Stronger models that need more data

▪ How many layers for our small data?

▪ Data augmentation with noisy samples

Base datasetAugmented 

dataset
Categorized 

targets and 

reduced dataset
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Models Linear models

Support Vector Regressors (SVR) models

Neural Networks

Output LayerHidden LayerInput Layer

weight

height

h 
1

h 
2

o 
1

gender

▪ Stronger models that need more data

▪ How many layers for our small data?

▪ Data augmentation with noisy samples

▪ Neural networks

▪ Encoder Decoder models

▪ WPFS

Base datasetAugmented 

dataset
Categorized 

targets and 

reduced dataset
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Models Linear models

Support Vector Regressors (SVR) models

Neural Networks

Output LayerHidden LayerInput Layer

weight

height

h 
1

h 
2

o 
1

gender

▪ Stronger models that need more data

▪ How many layers for our small data?

▪ Data augmentation with noisy samples

▪ Neural networks

▪ Encoder Decoder models

▪ WPFS

Base datasetAugmented 

dataset
Categorized 

targets and 

reduced dataset
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Models Linear models

Support Vector Regressors (SVR) models

Neural Networks

Let’s see how the 

models performed !

Base datasetAugmented 

dataset
Categorized 

targets and 

reduced dataset
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Results

O U T L I N E



Results Table
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Results: Linear Models
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0.45

Kaggle Spearman's 𝜎_k Test Spearman's 𝜎_t

Linear Regression Elastic Net

▪ Regularization effective for 
noisy data.

▪ Baseline with simple 
architecture.



Results: Neural Networks
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0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Kaggle Spearman's 𝜎_k Test Spearman's 𝜎_t

Neural Network Encoder-Decoder WPFS

▪ Fast overfitting tendency.

▪ Deep models struggle with 
HDFS data.



Results: Support Vector Regressors
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0
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0.6

0.7

Kaggle Spearman's 𝜎_k Test Spearman's 𝜎_t

Linear SVR, 𝜖 = 0.18 Sigmoid SVR⋆,  𝜖 = 0.23

Linear SVR, 𝜖 = 0.28, k = 500

▪ Kernel-based methods are 
well suited for complex 
small-sized dataset. 

▪ Data augmentation showed 
limited success.



Results: Summary
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Results: Best Models
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Explainability

O U T L I N E



Two Approaches
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More info available at : https://shap.readthedocs.io/en/latest/index.html

https://github.com/marcotcr/lime/tree/master

Model Output

Model Output LIME

Local Focus Limitation

https://shap.readthedocs.io/en/latest/index.html
https://github.com/marcotcr/lime/tree/master


Why SHAP?
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Final Automated Pipeline and Example
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Model Output Llama 3.1 (8B)

System Prompt

User Prompt

Interpretable 

Output



Concrete Example : TS28
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f(x) = Model Output : AAC

System Prompt:

- Behave like a medical expert

- Use complex and specialized vocabulary

- Formal and precise answers required

User Prompt : 

- Task : explain significance of top features

- Prediction : {AAC}

- Output formatting

- Example of output to follow (CoT manner)

Output Generation :

- AC011473.4  (SHAP:  0.0906273):  Strong  positive contribution,  suggesting  its  high  expression  (80.8526)  plays  a  key  role in  

drug  sensitivity,  potentially indicating a favorable response to erlotinib.

- KLK7  (SHAP:  0.0345304): Moderate  positive  effect,  with  elevated  expression  (22.0465)  potentially  influencing tumor  

response,  suggesting  a  possible synergistic interaction with erlotinib. […]

- DPYSL2  (SHAP:  -0.00215705):  Slight  negative  influence,  suggesting  reduced  expression  (5.8528)  marginally  lowers the  AAC,  

indicating  a  potential antagonist effect on erlotinib response. […]
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Challenges and future work

O U T L I N E



Challenges Faced
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Challenges 

Faced

High-

Dimensional, 

Small Dataset: 

With 19,920 

features but only 

743 samples, the 

model architecture 

choice and feature 

selection were 

critical.

Severe Class Imbalance: Most 

AAC values < 0.2, none above 

0.7, limiting generalization.

Limited 

Generalization:

Models struggled to 

generalize, with larger 

networks overfitting and 

even the best SVR 

model performing 

poorly on the private 

leaderboard.

Ineffective Data Augmentation: 

External datasets and added Gaussian 

noise had small impact.

Explainability: SHAP Kernel Explainer 

required excessive memory & time (even on 

384 GB RAM).



▪ Expert validation: Work with clinicians and biologists to demonstrate the trustworthyness of 
the automatic tools (SHAP/LLaMA).

▪ Curate more data to improve model performances.

▪ LLM Fine-Tuning & Alignment: Improve SHAP result interpretation by fine-tuning on 
medical data (SFT) for greater domain knowledge, while applying preference alignment 
techniques (RLHF, DPO) to ensure results are presented in a user-preferred format.

Future Work
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Thank you 

Questions
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