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Introduction

Data Analysis

Gene Ranking MethodNASA’s Biological and Physical Sciences division has generated a nucleic acid 

sequencing (RNA-sequencing) dataset from liver samples from space-flown 

mice. The dataset is low in sample size but has a large number of genes 

contributing to the characteristics of the samples. This makes it difficult to 

identify the genes contributing to specific attributes such as gender, strain, age, 

etc. Our work is to leverage machine learning algorithms to help identify 

important feature genes that are contributing to such characteristics.

- Use zero-mean Gaussian noise to artificially expand the gene expression 

sample size.

- Train a Generative Adversarial Model (GAN) using expanded samples  to 

generate new fake samples that closely match the original data distribution.

- Balance the class distribution between male and female for gender attribute 

giving the balanced_expanded and balanced_fake datasets.
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- Resulting dataset has 25000 gene expression feature columns which are 

highly correlated with each other.

- Perform hierarchical clustering based on absolute correlation and analyze the 

cluster formation across expanded and fake datasets.

- The data has a high level of redundant gene expressions, and only a subset of 

these gene expressions contribute to the target attributes.

We develop an ensemble-based gene-ranking pipeline, GeneRanker,  that uses eXtreme Gradient Boosting (XGboost) based 

models to identify the top important genes contributing to the attribute.
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Perform initial XGboost parameter search (Bayesian) to find the best parameters for 

classifying a given target attribute.  These parameters are used in phase (C).

Create N different variations of train/test split. Also, shuffle the 25k genes 

column order for each split.

Train N independent XGboost models using the best parameters found in (A)

for classifying the given attribute.

i) Extract top-k (k=500 in all the experiments) gene features from each XGboost model.

ii) Remove all the features with zero scores

iii) Normalize feature scores in the [0, 1] range

iv) Apply ranking algorithms to compute the final top important genes. This could be 

either of:

1. Finding the common (intersection) genes across all the trained models

2. Computing the Mean Reciprocal Rank (MRR) of each gene

v) Finally, get the ranked genes sorted by their scores

Model performances on balanced_expanded using top feature 

subsets (brown and blue) vs all 25k features (green)  for gender
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Conclusion 
We developed an ensemble-based feature ranking framework 

that takes into consideration the high-dimensionality nature of 

gene expressions. We used this framework to find the topmost 

relevant genes for some notable phenotype attributes such as 

gender, age, and strain, as well as on external factors such as 

condition. We also evaluate the performance of models on these 

attributes using the ranked features.
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We compare the relevancy of top-ranked feature sets by 

comparing the model classification performances when using 

ranked feature sets versus the model that utilizes all the features.  

We use 3 gene feature sets for comparative analysis:

I. intersection-based genes (features_ranked)

II. MRR-based genes (features_mrr)

III. full 25k gene features (features_25k).

We train the models using the fake dataset and evaluate them on 

the completely held-out expanded dataset.

We find that using the topmost ranked features has comparable 

performance w.r.t original 25k feature sets.

PCA plots (n_components=2) of balanced_expanded dataset using ranked 

feature subsets and full 25k features for gender.

total explained_variance_ratio = 0.446

total explained_variance_ratio = 0.945

total explained_variance_ratio = 0.972
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