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Abstract—Recent years have seen rapid growth in high-
dimensional datasets. Most existing machine learning (ML) al-
gorithms fail in high-dimensional settings where many features
could be redundant. A critical process of feature selection is thus
applied in such a setting that helps in identifying the most relevant
features while removing redundant ones. With the increase in high
dimensionality, one is also faced with problems of efficiency and
interpretation in performing such selection methods. Therefore,
this paper proposes a ‘“novel” feature selection framework that
uses an ensemble of interpretable ML algorithms to perform
feature selection and the ranking of final features. Finally, this
framework is applied to a gene expression dataset obtained
through collaboration with the National Aeronautics and Space
Administration (NASA)’s Biological and Physical Sciences (BPS)
team and helps identify important and relevant genes contributing
to specific target attributes through classification tasks.

I. INTRODUCTION

In recent years, there has been a tremendous increase in data
in various domains such as 10T, genomics and bioinformatics,
NLP, etc, which have led to the advent of high-dimensional
datasets. This growth in dimensionality poses significant chal-
lenges to traditional machine learning and predictive modeling
techniques, which often suffer from the curse of dimensionality
[1]. This affects not only the predictive power of such models
but also the space and time complexity of algorithms to
build such models. To address this issue, feature selection
has emerged as a crucial step in preprocessing such high-
dimensional data.

Feature selection is an important preprocessing step in
machine learning to build predictive models. It is essential to
identify and select a subset of relevant features from a larger
set of features that are used to build predictive models. The
presence of irrelevant features and the absence of relevant
ones can significantly hamper the performance of such models.
It alleviates the curse of dimensionality, improves model in-
terpretability, reduces overfitting, and decreases computational
costs. For decades, the field of feature selection has flourished,
driven by the increasing popularity of various machine learning
algorithms. These algorithms encompass tree-based models
[2] such as decision trees and random forests [3] as well as
gradient-boosted methods [4] like Extreme Gradient Boosting
(XGBoost) [5]. Furthermore, transformation-based techniques

such as Principal Component Analysis (PCA) [6] and SVD [7]
has also played a significant role in this domain.

Feature selection methods are pivotal in machine learning
for improving model performance and interpretability, and a
multitude of such methods have been developed, each falling
into one of several broad categories. Filter methods, for in-
stance, assess the relevance of each feature independently using
statistical measures like Pearson’s Correlation, ANOVA [8],
and LDA [9], and are prized for their simplicity and universality
across different machine learning algorithms. On the other
hand, wrapper methods take a more computational approach,
utilizing search algorithms to determine the optimal subset of
features by evaluating numerous combinations based on model
performance, techniques such as Recursive Feature Elimination
[10] and Forward Feature Selection [11] are notable examples.
Embedded methods like LASSO [12] and Ridge regression [13]
integrate feature selection as part of the model training process,
thereby combining the advantages of both filter and wrapper
methods. Lastly, dimensionality reduction techniques such as
PCA [6] and SVD [7] transform the feature space into a new
set of variables that retain the most significant data attributes,
although this can make the interpretation of these features more
challenging. Each of these methods plays a crucial role in
tackling the challenges posed by high-dimensional datasets in
predictive modeling.

We present a machine learning framework that integrates
tree-based and gradient-boosted methods for feature selection
and ranking in high-dimensional datasets, capitalizing on the
interpretability of tree-based approaches like Random Forest
[3] and the sequential refinement of models such as XGBoost.
This framework, which blends wrapper and embedded method
advantages, conducts a thorough parameter search, model
training across various data splits, and feature aggregation
to establish final rankings—essentially framing training as a
supervised learning challenge aimed at multi-class classifica-
tion. Tested on high-dimensional liver RNA sequencing data
in collaboration with NASA’s Bio-Physical Science team, our
framework effectively identifies feature subsets significantly
associated with target classification attributes, with detailed
insights and results expounded in subsequent chapters.



II. RELATED WORKS

This section reviews research on high-dimensional data
feature selection, focusing on universal techniques and those
specific to genomics and transcriptomics.

A. General Feature Selection Survey

We discuss feature selection in high-dimensional data,
highlighting filter, wrapper, and embedded methods. Mutual
information-based filter methods, like those reviewed by Ver-
gara and Estévez [14], are significant. Yu and Liu [15] enhance
this with their Correlation-based Feature Selection (CFS).
Regularization techniques (Lasso, Ridge, Elastic Net), covered
by Haghighi et al. [16], address multicollinearity in predictive
models. Fan and Li [17] provide an overview of these methods,
emphasizing the need for feature validation.

Ensemble-based feature selection methods, as outlined by
Seijo-Pardo et al. [18] and Ali et al. [19], offer advantages
in machine learning models. They propose homogeneous and
heterogeneous strategies for feature ranking, which show im-
proved classification accuracy and predictive performance.
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Fig. 1: Comparison between the homogenous and heteroge-
neous ensembles in terms of average test error by Seijo-Pardo,
et al. [18].
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Fig. 2: UFS Algorithm proposed by Ali, et al. [19].

B. Gene Expression Feature Selection Survey

Gene expression datasets require specialized feature selec-
tion approaches due to their high dimensionality and complex

gene interactions. Saeys et al. [20] discuss methods specific to
bioinformatics, emphasizing the need for incorporating biolog-
ical knowledge.
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Fig. 3: Stages of ensemble method for feature selection and
ranking proposed by Johnsen et al. [21].

Addressing challenges like multicollinearity in gene expres-
sion data, ensemble methods like those proposed by Johnsen
et al. [21] using XGBoost with SHAP values, provide in-
sights into gene interactions. Chen et al. [22] demonstrate
the effectiveness of ANN methods in uncovering deeper gene
interactions. Guo et al. [23] introduce DeepMetabolism, a deep
learning system for phenotype prediction from transcriptomics
data, notable for its accuracy and speed.

Our method applies an ensemble-based approach to gene
expression datasets, specifically using a ranking framework
validated on a dataset from National Aeronautics and Space
Administration (NASA)’s Biological and Physical Sciences
(BPS) team as explained in the next section.

III. DATASET

The dataset for our experiments, obtained in collaboration
with NASA’s BPS division, consists of a nucleic acid se-
quencing (Ribonucleic acid (RNA)-sequencing) dataset from
liver samples of space-flown mice. Despite its small sample
size (n = 112), it contains a large number of genes, which
makes it challenging to identify genes linked to specific traits
such as gender, strain, and age. The proposed feature ranking
framework is applied to this dataset for identifying important
genes. This dataset is part of a larger initiative in space
biology—a field focusing on the impacts of spaceflight on
living systems, including studying health risks like cancer and
immune system issues due to altered gravity and increased
radiation.

Space biology experiments [24] often utilize model species
and simulators to understand space conditions, with initiatives
like NASA GeneLab and the Ames Life Sciences Data Archive
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Fig. 4: DeepMetabolism proposed in Guo et al. [23].

(ALSDA) supporting open-source and FAIR data sharing from
these investigations. These efforts prioritize machine learning
readiness of datasets, despite challenges like small sample
sizes and heterogeneous data. The goal is to develop algo-
rithms suited for small-scale computing or out-of-distribution
environments and transfer learning across different organisms
and environments. The RNA-sequencing dataset is a key con-
tribution from GeneLab and ALSDA, aiming to standardize
benchmarking methods for identifying relevant gene features.

A. RNA Sequencing Dataset

Microarrays and RNA-seq technology measure the expres-
sion level of thousands of genes from a biological sample.
Microarrays measure specific gene activity by matching them
with known gene sequences, while RNA sequencing reads all
the gene messages in a sample, providing a more detailed view
of what’s happening in the cells. NASA Genelab has gen-
erated transcriptomic datasets using next-gen high-throughput
sequencing technology. However, variations in the samples
like age, strain, sex, and library preparation could potentially
complicate the downstream analysis, including determining the
differences in gene expressions. The metadata for this dataset
is shown in the table L.

The target metadata represents the target class (Y) in our
downstream methods which would be fundamental in solving
the supervised classification problem while performing the
feature ranking. Some of the initial preparation methods for

TABLE I: Target metadata description for gene expression
dataset by BPS

Target Metadata
Age at launch (in weeks)
Animal Return

Possible Values

9, 10, 12, 16, 32

LAR, ISST

(LAR: live animal return, ISST: ISS terminal)
13, 21, 29, 33, 37, 42, 54

male, female

Ribo-depleted, polyA

Carcass, immediate

Condition duration (in days)
Gender

Library Preparation
Dissection Method

Strain C57BL6T, C57BL6J, BALBcT
expand generate
expanded
Gene samples Fake
[—r GAN Samples
Samples

zero-mean gaussian noise

Fig. 5: Data synthesis pipeline for gene expression data.

this dataset can be grouped into the following sections based
on the sources in the GeneLab:

e OSD-47 [25]: Study on microgravity’s effect on muscle
loss, involving transcriptomic liver data from mice (Ro-
dent Research (RR)-1).

e OSD-48 [26]: Evaluation of Rodent Research Project’s
capabilities on the International Space Station (ISS) with
liver samples sequenced from mice (RR-1).

o OSD-137 [27]: Investigation of a treatment for muscle and
bone mass loss in space (RR-3 mission), using BALB/c
strain mice.

¢ OSD-168 [28]: Study using External RNA Control Con-
sortium (ERCC)-developed RNA transcripts to address
RNA sequencing data variability in liver samples (RR and
RR3).

o OSD-173 [29]: RNA-Seq analysis of liver samples from
mice flown on STS-135, with ERCC control spike-ins.

e OSD-242 [30]: RR-9 mission focused on the molecular
basis of visual impairment and joint tissue degradation in
spaceflight, using male mice.

o OSD-245 [31]: RR-6 study on a novel drug’s efficacy in
mitigating muscle atrophy in mice during spaceflight.

B. Synthetic RNA Transcriptomic Data

The total number of samples in the dataset was low along
with very high dimensionality consisting of thousands of gene
expression features. This makes it almost impossible to work on
downstream tasks for computing feature selection, feature rank-
ing, and finding gene-target relationships. As a result, synthetic
data generation is necessary to upscale the sample size. That
is to say, synthetic data is generated that closely matches the
original sample distribution while gaining a reasonable amount
of samples. The synthesis along with preprocessing happens in
the stages shown in 5.



1) Sample Amplification and Expansion: This is the first
stage where zero-mean Gaussian noise is added to the original
sample to artificially expand the gene expression sample size.
This is done in a way the metadata target such as gender, age,
etc. remains preserved during the amplification. For instance,
to double the size of a dataset with n = 112, one can perform
the procedure once per sample, generating 112 new samples
for a combined data set size of 224. Different noises should be
sampled for each gene. In the case of a sample’s expression
vector containing 20,000 genes, this would involve sampling
20,000 times from a 0O-mean Gaussian distribution. These
amplified samples would later be used for training Generative
Adpversarial Networks (GANs) [32] to further generate new fake
samples that closely match the original data distribution.

Additionally, a balanced version of the dataset is also ob-
tained by balancing the class distribution between male and
female for gender during the zero-mean Gaussian expansion
process. We refer to this dataset as balanced_expanded. Sim-
ilarly, we refer to other non-balanced datasets prefixed with
“unbalanced_".

2) Dimensionality Reduction: The original data samples
have a very high number of gene expressions (input feature
sets), including genes that may not be statistically significant.
Hence, dimensionality reduction has to be performed to re-
duce the input feature space. To reduce dimensionality in the
dataset, genes with near-zero expressions or similar expressions
across all samples are removed. This is achieved by using
parameterized thresholds to evaluate the percentage of zero-
expression samples, the sum of expression across samples, the
difference between maximum and minimum expression values,
and the variance of expression across samples. Genes that do
not meet these criteria are removed from the dataset. The final
result is a dataset with 25000 gene expression input features
with phenotype metadata targets such as gender, age, libPrep,
condition, etc.

3) Generative Adversarial Networks: Once expanded sam-
ples are generated with a decent number of dimensions —
25000 input gene features after the reduction — GANs [32]
are trained to further generate new fake samples that closely
match the original data distribution. GANs consists of two
competing neural networks, a generator, and a discrimina-
tor. The generator creates fake data while the discriminator
evaluates their authenticity, and through their comparison, the
generator learns to produce increasingly realistic data, ulti-
mately improving the overall performance of the model. Since,
GANSs are known to require rigorous sample size, the sample
expansion/amplification is a necessary prerequisite to having a
robust generative network. The objective loss during training
the generator uses a correlation-based measure that optimizes
the correlation between the real (expanded) samples and the
GANs-generated fake samples.

C. Exploratory Data Analysis

The final dataset can be primarily broken down into:

o expanded: Gaussian-noise added, amplified samples

o fake: GAN-generated

o balanced: Gender-balanced dataset where class distribu-
tion for male, female is balanced

1) Data Distribution: Each sample consists of 25,000 gene
expression features per sample used for conditional feature
ranking. This balanced dataset is used for ranking genes for
gender. All other ranking is done using the unbalanced dataset.

2) Gene Expressions Clustering: It is observed that gene
expressions are highly correlated with each other and thus
exhibit multicollinearity. This causes a major issue with any
machine learning algorithm that uses such features because
permuting one gene feature will have very little effect on the
algorithm’s performance. In such a situation, the algorithm can
get the same information from any of the correlated genes.
One way to handle the multicollinear gene features is to
perform agglomerative hierarchical clustering [33] [34] based
on correlation distance. The resulting hierarchical relationships
are represented by dendrograms. Cutting these dendrograms at
specific threshold results in the formation of distinct clusters
where each cluster consists of many correlated gene features.
To mitigate the multicollinearity nature of the dataset, we select
a single representative gene feature from each cluster, which
can then be used for downstream tasks.

For the clustering process, we use the expanded dataset as
well as the GAN-generated fake dataset to analyze the clusters
at different parameters. We primarily use absolute Spearman
and Pearson correlation coefficients to compute the distance
metric. We also analyze the effect of linkage types “average”
and “ward” [35] [36] [34] in the formation of clusters (see
figures 6 and 7).

Pearson’s Correlation coefficient is defined as:

cov(X,Y)

0X0y

PX)Y

where

e cov(X,Y) is the covariance between X and Y

e ox is the standard deviation of X and

e oy is the standard deviation of Y.

Spearman’s rank correlation coefficient is calculated as a
Pearson correlation coefficient applied to the rank variables of
the input samples:

_ _ cov(R(X), R(Y)
Vs = PROOEY) = R R e R(Y))

where

o p denotes the Pearson correlation coefficient and
e R(X) and R(Y') denotes the rank variables of X and Y.

Finally, we use silhouette score [37] [38] to compute the
goodness of cluster fit. The silhouette score is a widely used
metric for evaluating the quality of clustering algorithms. It
measures how similar an object is to its cluster (cohesion)
compared to other clusters (separation). The silhouette score
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ranges from —1 to 1, where a higher value indicates better
clustering. The score is calculated for each sample in the dataset
and then averaged to obtain a single value. Mathematically, the
silhouette score (s) for a sample i is defined as:

)= ) —a(d)
s(i) = maz(a(i),b(i))’

where a(i) represents the average distance between sample
¢ and all other samples within the same cluster, indicating
cohesion. b() represents the smallest average distance between
sample 7 and all samples in any other cluster (excluding the one
to which 7 belongs), reflecting the separation. The silhouette
score for the entire dataset is then the mean of the silhouette
scores for all samples. A score close to 1 suggests good
clustering with well-separated clusters, whereas a score close
to —1 indicates poor clustering with overlapping clusters.

We observe that the best clusters are formed at earlier
thresholds in the range of 0.2 to 0.3. Using Spearman, we
get optimal thresholds at 0.2 and 0.3 using average and ward
linkages respectively. This suggests that the gene feature space
has a lot of redundancy, and thus we can apply our ranking
methodologies to gain insights into relevant gene features.

IV. METHOD AND IMPLEMENTATION

We develop an ensemble-based feature selection and rank-
ing framework that works on high-dimensional datasets such
as gene expression data used for the experiment, but the
framework is generic enough to be applied to any broader

Bayesian Search

A) Perform initial XGBoost parameter
search (Bayesian) to find the best param-
eters for classifying a given target class.
These parameters are used in phase C).
B) Create N different variations of train/test
split. Also, shuffle the input features col-
umn order for each split.
C) Train N independent XGBoost models
using the best parameters found in A) for
classifying the given class.
D) i)
1) Extract top-k (k = 500 in all ex-
periments) features from each XG-
Boost model.
2) Remove all features with zero
scores.

feature ‘ 3) Normalize feature scores in the [0,
aggregation 1] range.
4) Apply the ranking algorithms

(intersection-based or MRR-based)
to compute the final top important
features.

Finally, get the ranked features
sorted by their scores.

feature
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] 5)

Fig. 8: Proposed ensemble-based feature ranking framework.

domain. The primary objective is to identify the most pertinent
features that correlate to a specified target characteristic (y-
value) present in the dataset (in the case of the provided gene
dataset: gender, strain, etc.). To achieve this, we employ a
combination of tree-based machine learning algorithms, specif-
ically, Extreme Gradient Boosting (XGBoost). The issue is
framed as a supervised multi-class classification task. Various
independent XGBoost models are trained on distinct train-test
data splits for the target class. Additionally, we randomly shuf-
fle the input column order for each of these models (governed
by the shuf fle_columns parameter in the pipeline). This
approach compels individual models to learn the same data
in a uniquely distinct manner based on input column order.
Lastly, we aggregate the top-k significant features from all
these models to rank the features of interest.

A. eXTreme Gradient Boosting (XGBoost)

Gradient boosting is a supervised machine learning
technique that creates a predictive model in the form of an
ensemble of weak models (called weak learners) [4] [5],
typically decision trees, to create a strong learner that can
make accurate predictions. Weak learners are models that
perform slightly better than random predictions The idea is to
iteratively/sequentially train new models to correct the errors
made by the existing/previous ensemble learners. The trees are
constructed greedily, focusing on the features that provide the
best split at each step.

B. Bayesian Search

Bayesian search is a probabilistic approach to search
and optimization problems, based on the principles of Bayesian
inference. This method combines prior information with new



evidence to update the probabilities of potential solutions.
Bayesian search can be used in various applications, such as
parameter estimation, model selection, and optimization, pro-
viding a flexible and robust framework for handling uncertainty
and complex problem spaces.

The Bayesian inference approach uses Baye’s theorem
which relates the conditional probabilities of two events, say
A and B as:

P(A|B) = P(B|;12;)P(A).

The Bayesian parameter search is the first phase
(phase A) in our proposed framework that is performed before
training the ensemble of the XGBoost model in phase B. We
search for the best parameters for the model trained to classify
the given target class in the multi-class classification setting.
We tune the following different parameters for methodology:

o subsample ratio of columns when constructing each tree

o learning rate and step size shrinkage used in the update
to prevent overfitting

o maximum depth of a tree, the higher the value more
complex the model

o L1 and L2 regularization parameters

« minimum sum of instance weight needed in a child

« parameter to control the balance of positive and negative
weights, useful for unbalanced classes

C. Ensemble Model Training

After determining optimal parameters, we train several
XGBoost models, each on a different train/test split to bol-
ster noise resistance, resulting in NN models with individual
train and test scores. Scores are utilized to discard underper-
forming models for specific classification tasks. To enhance
generalization, models are trained with shuffled input feature
orders—mitigating sensitivity to feature sequence in tree-based
models, a phenomenon noted in multicollinearity scenarios
[39]—governed by the shuf fle_columns parameter.

D. Feature Aggregation

Post ensemble training, we consolidate and rank the
top — k features from each XGBoost model to form the
final feature list. XGBoost offers feature importance scores
using methods like frequency, gain, or SHAP values, each
indicating a feature’s contribution to model predictions. Our
approach predominantly employs Gain for determining feature
importance, specifically focusing on the top 500 features. Since
models are independently trained, their feature scores differ in
range. To rectify this, we normalize the top — k features using
min-max normalization to a [0, 1] scale, eliminating features
with zero scores. This results in /N normalized feature subsets
that are subsequently ranked in the final stage.

E. Feature Ranking

Once we compute the feature subset from each model
from the ensemble+aggregation phase, we apply two primary
ranking methods to generate the final list of features.

1) Intersection-based Ranking: In this method, we se-
lect all those features that are common across all the N feature
subsets (each subset is contributed by an individual model from
ensemble training). The final score for an individual feature is
the average of all the scores observed in each subset.

2) Mean Reciprocal Ranking: Here, we compute the
Mean Reciprocal Rank (MRR) of each feature. MRR is gener-
ally used in information retrieval particularly used for ranking
search results. It is calculated as the average of the reciprocal
ranks of the first relevant item across all the queries in the IR
system. The reciprocal rank for a query is defined as the inverse
of the rank of the first relevant item retrieved by the system.
We apply this idea to the ranking step where we treat each
feature subset analogous to a document for which a search is
to be made. We treat each feature (overall unified feature) as a
query and compute the mean reciprocal rank for each of them.

Algorithm 1 Mean Reciprocal Ranking [MRR]

1: function COMPUTE_RANKS(feature)

2: rank_list < ]

3: for iteration = 1,2,..., N do

4: rank < 0

5: if feature exists in current_feature_list then
6: rank < index + 1

7: else if feature does not exist in current_feature_list then
8: rank < 0

9: end if

10: rank_list.append(rank)

11: end for

12: return rank_list

13: end function

15: mrr_map «+ empty_dict ({})

16: for feature; € {featurey, features, ..., featuren} do

17: ranks; <— COMPUTE_RANKS(feature;)

18: MIT 4 me 711 > ;5 is the jth rank of ith feature
19: mrr_map|feature;] < mrr

20: end for

21: Sort mrr_map in descending order based on rank cut-off value

V. EXPERIMENTS AND RESULTS

The ranking framework is applied to the gene expres-
sion dataset described in previous sections.

For the experiment, the ranking is applied for the
target attributes of Gender, Strain, Condition, and Age. An en-
semble of 100 XGBoost models is used for all the experiments
(controlled by n_runs parameter to the pipeline). Some models
are filtered out based on the downstream model selection using
train and test score comparisons that are computed using the
train and test data sets. 90% of the dataset is used for training
and the remaining 10% as the test set for each individual model.
(It is also to be noted that each model sees a slightly different
train-test view of the dataset and order of input gene features.)

We use 3 gene feature sets for comparative analysis:

1) intersection-based genes (features_intersection)
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Fig. 9: MRR-aggregated Gender genes from an ensemble of
100 XGBoost models.

2) MRR-based (features_mrr)
3) full 25k gene features (features_25k)

To assess the efficacy of our top-ranked feature sets,
we compare the classification performance of models using
these sets against a model employing all the features. We
train three distinct models, each with a different feature set:
features_mrr, features_intersection, and features_25k. These
models are trained on the fake dataset and evaluated on a
separate, expanded dataset. We find that models using the
highest-ranked features perform comparably to those with the
original 25k feature set. Additionally, for our final analysis,
we exclude genes that rank lower in the top-k (k = 500),
applying a threshold that varies based on the type of attributes
being examined.

A. Gender

We use the balanced gender dataset for ranking genes
attributing to Gender. The train/test scores from the models
are used to filter the models during the final ranking. For
Gender, no models are removed even after applying the filter
of trainscore = 1.0 and testscore = 1.0. This gives us all
100 models for the final ranking.

We observe that all the 3 feature sets — features_mrr,
features_intersection and features_25k — demonstrate equiva-
lent predictive performance for gender classification. This also
suggests that there could be a relatively smaller number of
Gender genes that impact the model’s outcome.

B. Strain

We use the unbalanced dataset for ranking genes
attributing to Strain. While we utilize the full 100 models for
intersection-based ranking, for MRR-based ranking we take
those models whose evaluation performance scores on the train
and test sets are 1.0 respectively. This gives 76 out of 100
models used for computing the features_mrr feature subset.
The MRR-based final ranked list has a cutoff threshold of 0.1.

features_intersection for gender
ENSMUSG00000108431 0198232
ENSMUSG00000056673
ENSMUSG00000066071
ENSMUSG00000024694
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Fig. 10: Gender genes that are common across the ensemble
of 100 XGBoost models.
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Fig. 11: Performance of a new XGBoost model per Gender
class using the ranked genes w.r.t the original 25k genes.

C. Condition

We use the unbalanced dataset for ranking genes
attributing to condition. We use all 100 models for both
intersection-based and MRR-based ranking. We observe that
only a single gene consistently emerges within the top — 500
features across all the 100 models. Also, the MRR-based
final ranked list has a cutoff threshold of 0.1. Additionally,
we observe that there’s only a single gene feature ENS-
MUSG00000020766 for an intersection-based feature set.

D. Age

We use the unbalanced dataset for ranking genes
attributing to age. We use all 100 models for both intersection-
based and MRR-based ranking. We also treat this target at-
tribute as a classification problem because the rodents are
observed under discrete age (in week) conditions as mentioned
in the GeneLab RNA sequencing datasets section.

In conclusion, we observe that the ranked gene fea-
tures have comparable performance in predictive modeling as
compared to the original 25000 genes.
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Fig. 12: PCA plots (n_components=2) of
balanced_expanded dataset using ranked
and and full 25k features for Gender.

VI. CONCLUSION

We propose a novel ranking framework for feature
selection and ranking in high-dimensional datasets. It is specif-
ically tailored to use tree-based ensemble models (such as
XGBoost). By applying this framework to gene expression
data provided by NASA’s Bio-Physical Science team, it is
shown that the framework is effective in computing relevant
features for target metadata features such as gender, condition,
strain and age. By selecting a subset of ranked features, it is
demonstrated that the ranked features can achieve comparable
performance in predictive models w.r.t the original full 25000
feature set. This also reduces the computational complexity and
enhances the interpretability of the model. This finding high-
lights the efficiency of this ranking framework in identifying the
most important features for prediction tasks while minimizing
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Fig. 13: MRR-aggregated Strain genes from the ensemble of
76 XGBoost models.
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100 XGBoost models.
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Fig. 15: Performance of a new XGBoost model per Strain class
using the ranked genes w.r.t the original 25k genes.

the risk of overfitting.

Furthermore, we foresee the ranking results from the
experiments to create, release and publish a benchmark dataset
in collaboration with NASA’s BPS team. This framework’s ap-
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Fig. 16: MRR-aggregated Condition genes from the ensemble
of XGBoost models.
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Fig. 17: Performance of a new XGBoost model per Condition
class using the ranked genes w.r.t the original 25k genes.

plication to gene expression data has the potential to contribute
to the advancement of personalized medicine and biomarker
discovery, as it allows for a more efficient analysis of complex
biological data. By identifying the most relevant features for a
specific metadata attribute, researchers and clinicians can gain
valuable insights into the underlying molecular mechanisms
and develop targeted therapeutic interventions.
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