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Abstract

Motivation: The assessment of aberrant transcription events in rare disease patients holds great promise for enhancing
the prioritization of causative genes—a strategy already widely adopted in clinical settings to improve diagnostic accu-
racy. Nevertheless, the accurate identification of causal genes remains a substantial challenge.

Results: We propose AXOLOTL, a novel ensemble method for identifying aberrant gene expression events in RNA expres-
sion matrices. AXOLOTL effectively accounts for gene correlation by incorporating coexpression constraints. We demon-
strated the superior performance of AXOLOTL on representative RNA-seq datasets, including those from the GTEx healthy
cohort, mitochondrial disease cohorts, and collagen Vi-related dystrophy cohorts. Furthermore, we applied AXOLOTL to
real-world cases of neurological disorders and demonstrated its ability to accurately identify aberrant gene expression
and facilitate the prioritization of pathogenic variants.

Availability and implementation: AXOLOTL is freely available on GitHub (https://github.com/xuwenjian85/axolotl) and

Zenodo (https://doi.org/10.5281/zenodo.17940844).

1 Introduction

RNA-seq is an indispensable tool for identifying pathogenic DNA
variants and increasing the diagnostic rate of rare disease
cohorts (Cummings et al. 2017, Kremer et al. 2017, Frésard et al.
2019, Murdock et al. 2021, Yépez et al. 2022). For undiagnosed
patients, causative genes can be further prioritized if both DNA
and RNA supporting evidence are considered. Three types of ex-
treme transcription events (abnormal gene expression, alterna-
tive splicing, and allele-specific expression) are detectable in
RNA-seq data (Brechtmann et al. 2018, Jenkinson et al. 2020,
Mertes et al. 2021, Yepez et al. 2021, Dekker et al. 2023). Given
the high diversity of rare diseases, cohorts often consist of indi-
viduals with distinct disorders. However, classical differential
analysis is not suitable for accurately detecting abnormal gene
expression in patients with rare diseases (Love, Huber, and
Anders 2014, Cummings et al. 2017, Kremer et al. 2017).

Specialized computational methods have been developed to de-
tect aberrant gene expression (Brechtmann et al. 2018, Salkovic
et al. 2020, Labory et al. 2022, Salkovic et al. 2023).

Aberrant gene expression in an RNA expression matrix is an
outlier detection problem. The existing methods measure the
abnormalities of matrix elements in different ways. OUTRIDER
uses a denoising autoencoder to control unwanted covariations
in the gene expression profile, after which the autoencoder-
normalized counts are statistically modeled with gene-specific
negative binomial distributions (Brechtmann et al. 2018).
ABEILLE uses a variational autoencoder to compute reconstruc-
tion errors, classifies normal and abnormal genes with a deci-
sion tree model in a supervised setting and quantifies anomality
with an isolation forest model in an unsupervised setting
(Labory et al. 2022). The OutSingle models expression matrix
with log-normal distributions, controlled for confounders with
an SVD-based model, and estimates P values for genes (Salkovic
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et al. 2023). OutPyR yields a novel Bayesian outlier score without
controlling for confounders, but its performance is not superior
to that of OUTRIDER (Salkovic et al. 2020, Salkovic and Bensmail
2021). Although recent methods are capable of controlling hid-
den confounders (Brechtmann et al. 2018, Salkovic et al. 2023),
whether they can fully eliminate these confounders—and fur-
ther, whether gene coregulation remains a potential influence—
would require additional investigation.

Genome-wide coregulation can be viewed as a coexpression
network of many interconnected gene modules (Langfelder and
Horvath 2008, Saelens et al. 2018, Raina et al. 2023). Inspired by
that, we regard the coexpression relationship as an inherent bio-
logical constraint of an individual transcriptome. A group of
coexpressing genes function like a loosely connected module,
exhibiting coordinated up and down fluctuations across sam-
ples. Individual genes fluctuate within the normal variational
range that is determined by the coexpressing gene module
across samples. For a given sample, this means the range
reflects the typical expression variation of the coregulated genes
in that sample context. Thus, the more a gene deviates beyond
this normal variational range in a specific sample—i.e. deviates
from the typical expression of other coregulated genes in that
sample—the more aberrant it is in the transcription profile.

Here, we propose AXOLOTL (Aberrant gene eXpression as
OutLier detectiOn using deviaTion from normaL coexpression),
an unsupervised machine learning method to detect aberrant
gene expression events in RNA expression matrix. AXOLOTL
extends post-OUTRIDER and post-OutSingle outputs as features
and formulates a multivariate, non-parametric outlier detection
problem that removes residual gene-gene correlations the
autoencoder could not capture. We benchmarked the AXOLOTL
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and existing methods using publicly available RNA-seq datasets
containing aberrantly expressed genes, which included GTEx
dataset of 49 tissues (GTEx Consortium 2017, Ferraro et al.
2020), a mitochondrial disease (n=423) dataset of fibroblast
samples (Yépez et al. 2022) and a Collagen Vli-related dystrophy
(COL6-RD, n=36) dataset of muscle samples (Guadagnin et al.
2021). We also validated AXOLOTL’s superior performance in
aberrant-expression detection on our in-house dataset of 111
blood RNA-seq samples, which included 65 controls and 46 neu-
rological patients who had candidate splice variants.

2 Materials and methods

2.1 Overview of axolotl

AXOLOTL is an ensemble method integrating OUTRIDER,
OutSingle, and the unsupervised model LOF. Its core innovation
lies in extending post-OUTRIDER/OutSingle features (osg_p from
OutSingle’s log-transformed P-value and ord_p_devi from
OUTRIDER-derived log-transformed P-value and z-score) via fea-
ture engineering to formulate a multivariate non-parametric
outlier detection problem.

2.2 Datasets

2.2.1 Real datasets

Both rare disease cohorts and healthy individual cohorts were
included in this study (Fig. 1A). GTEx dataset was used for model
development and optimization. The mitochondrial disease data-
set (Yépez et al. 2022) and Collagen VI-related dystrophy dataset
(Guadagnin et al. 2021) were used for model evaluation in the
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Figure 1 Workflow and method overview of AXOLOTL. (A) Datasets. Schematic of cohorts, tissues, RNA-seq datasets, and their roles in different
stages of this study. Human shaped icons represent controls (blue) and rare disease patients (yellow). For each dataset, the samples represent the
number of RNA-seq data and the outliers represent the number of sample-gene pairs with potential aberrant gene expression events. (B) AXOLOTL
architecture. Input is an RNA-seq read count matrix. Rows represent samples; columns represent genes. Gene read counts are processed by baseline
models, used to generate our customized features, which characterize how far each gene-sample pair deviates from its normal range. Genes
correspond to columns of individual feature table (sample by gene); two features are reorganized together as gene-specific feature matrix (sample by
feature). Unsupervised outlier detection model (LocalOutlierFactor) fit for one gene at a time and outputs anomaly score. Aberrant expression events

are highlighted in red.
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rare disease cohort. In real case studies, inherited nervous sys-
tem disorders dataset were used to highlight the practical value
of AXOLOTL.

2.2.1.1 GTEx cohort

We processed 49 GTEx tissue RNA-seq count matrices and utilized
publicly available stop-gain NMD variants from Teran et al. (2021).
We identified 1782 unique predicted NMD genes, resulting in an
average of 584.7 outliers per tissue and 36.3 per individual (Table
1, available as supplementary data at Bioinformatics online, en-
rich aberrant expression shown in Fig. 1A and B, available as sup-
plementary data at Bioinformatics online).

2.2.1.2 Rare disease cohort Kremer119

The cohort is an RNA-seq dataset of skin-derived fibroblasts
from 119 patients with mitochondrial disease.

A set of 22 potential NMD expression outliers was derived from
Kremer et al. (2017). Specifically, variants were annotated as
“NMD” if the DNA VARIANT_EFFECT field contained “stop” or
“frame-shift” terms. We then extracted entries with predicted
“NMD” effect. We included six RNA-seg-validated outliers previ-
ously used in the studies (Brechtmann et al. 2018, Labory et al.
2022). In total, the Kremer119 dataset contained 28 outliers (Table
2, available as supplementary data at Bioinformatics online).

2.2.1.3 Rare disease cohorts Pfibns154 and Pfibss269

Yépez et al. dataset, the largest publicly available rare disease
RNA-seq cohort to date, is a dataset of skin-derived fibroblasts
from 423 patients (including the Kremerl19 dataset) suffering
from mitochondrial disease or other Mendelian diseases (Yépez
et al. 2022).

We compiled 49 aberrant expression events (Table 3, available
as supplementary data at Bioinformatics online). All the outliers
were reported in the aberrant expression analysis and verified
by WES/WGS in original publication.

We prepared stranded and non-stranded samples separately
to Pfibns154 and Pfibss269 datasets.

2.2.1.4 Rare disease cohort Pmuscle36

Pmuscle36 is an RNA-seq dataset of skeletal muscle biopsies
from 22 COL6-RD patients and 14 age-matched controls
(Guadagnin et al. 2021).

COL6-RD is a form of congenital muscular dystrophy charac-
terized by muscle weakness and joint defects. Pathogenic var-
iants in collagen VI genes (COL6A1, COL6A2, and COL6A3) were
found in 22 patients. Immunostaining assays indicated that
COL6A proteins were aberrantly expressed or mislocalized
(Guadagnin et al. 2021). We defined the COL6A genes of these
patients as expression outliers (Table 4, available as supplemen-
tary data at Bioinformatics online). Gene read counts were pro-
duced using our in-house pipeline (Xu et al. 2022) from the RNA-
seq data GSE103975.

2.2.1.5 Rare disease cohort Ly111

Sixty-five controls and 46 probands suffering from inherited ner-
vous system disorders were retrospectively enrolled. The sam-
ples were accepted and evaluated by a genetic laboratory
(Supplementary Material, available as supplementary data at
Bioinformatics online). All probands had DNA variants predicted

to cause RNA alternative splicing (AS) of clinically suspected
pathogenic genes (Table 5, available as supplementary data at
Bioinformatics online). The control group consisted of 65 miscel-
laneous samples, including (i) unaffected parental samples of
some probands and (ii) probands and parents not suitable for
blood specimen-based aberrant expression analysis. All the
samples were subjected to blood RNA-seq and sequenced on
the same platform. Gene read counts were generated with an in-
house pipeline.

To validate the splicing effect of the candidate variants, alter-
native splicing events proximal to the variants were manually
inspected. Variants validated by aberrant splicing were consid-
ered pathogenic. Variants that were not validated were identi-
fied as VUS. After RNA-seq alternative splicing analysis, 30 cases
were resolved, and 16 cases were undiagnosed. Suspected path-
ogenic genes in probands are considered as true outliers.
Variant consequences were annotated via Ensembl VEP v115.2
LOFTEE plugin (Karczewski et al. 2020). Four hundred and fifty
stop-gain predicted NMD triggering genes are considered as ad-
ditional true outliers (Table 6, available as supplementary data
at Bioinformatics online).

See the Supplementary Material (available as supplementary
data at Bioinformatics online) for full details about dataset
preprocessing.

2.2.2 Semi-synthetic dataset for robustness tests

We analyzed the robustness of AXOLOTL with Kremerl19,
Pfibns154, and Pfibss269. Robustness refers to the ability of a
method to consistently outperform other methods across multi-
ple dataset settings, including varying sample sizes (10~100)
and percentages (4~40%) of samples with aberrant gene ex-
pression. The raw dataset was randomly subsampled for the de-
sired settings to obtain the simulated dataset. The performance
of each setting was averaged across 10 simulations with differ-
ent random seeds.

2.3 AXOLOTL method

AXOLOTL generates two features by feature engineering. One is
0sg_p, the log-transformed P-value from OutSingle. The other is
ord_p_devi, a customized sample-specific deviation value de-
rived from the logP and z-score of OUTRIDER. An overview of the
method is shown in Fig. 1B. We next describe the implementa-
tion of feature construction and machine learning model.

2.3.1 Constructing new features from OUTRIDER

and OutSingle

2.3.1.1 Feature 1. 0sg_p

We obtained the P-value statistic of OutSingle method. This sta-
tistic aims to quantify whether the gene expression level follows
a negative binomial distribution from a statistical perspective
(Salkovic et al. 2023). The P-value matrix is negative-
logarithmically transformed and denoted as feature ma-
trix 0sg_p.

2.3.1.2 Feature 2. ord_p_devi
We quantified the extent to which a gene’s expression deviates
from its coexpression partners’ collective pattern (hereafter
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“coexpression constraint”) as ord_p_devi. The newly customized
feature ord_p_devi is based on OUTRIDER predictions.

(a) Standardization of gene expression matrix

The expression matrix Co of G genes (in row) and S samples (in
column), where Co(g, ) represents a gene-sample pair. First, the
matrix was preprocessed through OUTRIDER autoencoder nor-
malization. The autoencoder learns latent low-dimensional
encodings from raw expression profiles, and regenerates nor-
malized gene expression profiles from latent encodings. The
confounding factors (batch effect, technical variation, sequenc-
ing depth, etc.) in Cy were controlled by the denoising autoen-
coder to create a normalized matrix C. The matrix C corresponds
to the expected counts generated by OUTRIDER. Compared to
the original count matrix Co, the gene expression levels in C are
more comparable across samples. The optimal latent encoding
dimension of the autoencoder is searched within integers rang-
ing from 1S ~ 1S. Second, the z scores-based features were com-
puted. The expression matrix C is standardized across all
samples to construct the z-score matrix Z.

(b) Identification of gene coexpression partners

To determine the coexpression partners of each gene, we first
computed Pearson’s correlation coefficient (PCC) matrix R for all
pairs of G genes using the z-score matrix Z. The value R(g,9;)
represents the coexpression strength between focal gene g and
another gene g;. The closer R(g, gi) is to 1, the stronger the linear
correlation between the two genes. For each g, the top p% of
genes with the largest R(g, g;) are defined as most strongly coex-
pressing partners, denoted as G¢(g). The optimal percentage p
is searched in range of 0.05~4.

(c) Measurement of deviation from coexpression constraints

We first obtained the adjusted P-value statistic of OUTRIDER
method. The P-value matrix is negative-logarithmically trans-
formed and denoted as feature matrix P,ry. Then we obtained
Pora(g,s) of the focal gene g in sample s, then computed the av-
erage of Porg(gi,s) of its coexpression partners (g; € Geo(g)) in
the same sample. The difference between Pora(g,s) and the av-
erage of Por4(gi,s) was denoted as ord_p_devi of (g,s).

2.3.2 Outlier detection model

AXOLOTL employs the Local Outlier Factor (LOF) algorithm for
aberrant gene expression detection. The unsupervised machine
learning model uses two key features:

1) osg_p derived from OutSingle, and
2) ord_p_devi derived from OUTRIDER.

The LOF model is fitted independently to the data of each
gene. For a specific gene, the input feature matrix is of dimen-
sion S$x 2, with samples as rows and the osg_p and ord_p_devi
features as columns. The model’s goal is to identify samples
with aberrant expression of the specific gene. It is iteratively fit-
ted to each gene and assigns anomaly scores to all genes across
all samples. Outputs are in the same shape as the expres-
sion matrix.

LOF estimates the local density of each sample by considering
the distance between its k-nearest neighbors. Samples with

substantially lower local density than other samples are classi-
fied as outliers, indicating aberrant gene expression. The opti-
mal k is searched in range of 10~30.

2.3.3 Alternative models

Two alternative outlier detection models—Isolation Forest (IF)
and One-Class Support Vector Machine (OC-SVM)—were selected
to verify the suitability of LOF for AXOLOTL. To conduct this vali-
dation, we replaced LOF with IF or OC-SVM in the AXOLOTL and
compared their performance.

2.4 Performance evaluation

AXOLOTL hyper-parameters are optimized on GTEx dataset.
Evaluations were conducted on both GTEx datasets and rare dis-
ease datasets. Representative baseline models OUTRIDER
(Brechtmann et al. 2018), ABEILLE (Labory et al. 2022), and
OutSingle (Salkovic et al. 2023) are used in performance com-
parisons. Genes are ranked by anomality score. Ideally, aber-
rantly expressed genes rank top in this list to reduce genetic
counselors’ manual check workload. Model performance was
evaluated via the Precision-Recall (PR) curve, the area under the
PR curve (AUPRC), and the top-k hit recall. The AUPRC places
significant emphasis on the model’s ability to prioritize positives
in imbalanced datasets. Top-k hit recall is the proportion of out-
lier genes among the top k genes per proband sample. To do
this, genes were ranked within each sample and compute recall
at predefined top-k threshold.

2.5 Model explanation by feature
attribution

Feature attributions are analyzed by the model-agnostic expla-
nation methods SHAP (SHapley Additive exPlanations; Lundberg
and Lee 2017) and LIME (Local Interpretable Model-Agnostic
Explanations; Ribeiro et al. 2016). Feature attributions indicate
how much each feature contributed to AXOLOTL’s output for
samples of a given dataset.

The rare disease datasets Pmuscle36, Kremer119, Pfibns154,
and Pfibss269 were used. Gene-specific models of disease-
causative and random genes were analyzed (Table 7, available
as supplementary data at Bioinformatics online). For Pmuscle36,
the gene-specific models of disease genes (COL6A1, COL6A2,
and COL6A3) of COL6-RD, causative genes of other phenotypi-
cally similar diseases (COL6A6, CAPN3, DYSF, TTN, TCAP, and
LMNA), and 100 other random genes were included.

2.6 Implementation

The LOF, IF, and OC-SVM models were implemented using
scikit-learn v1.4.2 neighbors.LocalOutlierFactor, ensemble.
IsolationForest and svm.OneClassSVM with default parameters
unless otherwise specified.

The search space for hyperparameter tuning was set as fol-
lows: [10, 40] for LOF’s n_neighbors, [linear, poly, rbf] for
OneClassSVM’s kernel, and [50, 200] for IsolationForest’s n_esti-
mators. PCC was calculated with scipy.stats from scipy v1.13.1.
Feature importance analysis of SHAP and LIME was performed
with scikit-explain v0.1.4. The plots were drawn using Matplotlib
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and Seaborn in Python-3.12. OUTRIDER v1.24.0 and ABEILLE
v1.0.0 were implemented on R-4.4 and R-4.0. RNA AS was visual-
ized using an Integrative Genomics Viewer (Robinson
etal.2011).

3 Results
3.1 Overview of the AXOLOTL method

AXOLOTL detects aberrant gene expression using RNA-seq read
count data (Methods and Fig. 1B). The input of AXOLOTL is solely
an RNA-seq read count N_gene X N_sample matrix. The output
of AXOLOTL is an anomaly score matrix with the same shape as
the input. Two features osg_p and ord_p_devi were constructed
to measure the deviation of gene expression from the coexpres-
sion constraint. Using these features, an unsupervised outlier
detection model was fit to detect rare aberrant gene expres-
sion events.

Aberrant gene expression identification of each gene is an
anomaly detection task. The workflow consists of three steps.
First, we normalize the gene expression matrix by OUTRIDER’s
autoencoder component. The normalized gene expression level
was more comparable across samples than was the raw read
count. Second, we constructed ord_p_devi feature capturing the
deviation of a gene from its normal expression range. By com-
paring one gene across many samples, the feature ord_p_devi
based on OUTRIDER p values are used to quantify how aberrant
it is in each sample. For one gene, other genes among the top
0.1% largest Pearson’s correlation coefficient were defined as
coexpression partners. The coexpression partner relationships
serve as constraints on gene expression variations in normal
samples. The negative log-transformed P-value difference be-
tween this gene and coexpression genes measure how much a
gene deviates from its coexpression partners in the profile. The
feature osg_p is the negative log-transformed OutSingle p value.
Third, for each gene, we fit an unsupervised outlier detection
model using a gene-specific matrix of N_sample rows and two
columns. Genes were looped through iteratively to detect aber-
rant gene expression.

3.2 AXOLOTL detects healthy individuals’
gene expression outliers

Healthy individuals in the GTEx database exhibit extreme outlier
gene expression due to rare genetic variations (Ferraro et al.
2020). Since gene expression outliers are caused by rare genetic
variations in the healthy population as well as rare disease
patients, the gene expression dataset of GTEx donors is suitable
for unbiased benchmarking of aberrant gene expression detec-
tion methods. From the GTEx database, we processed 49 GTEx
tissue RNA-seq count matrices and utilized publicly available
1782 unique stop-gain NMD variants, resulting in an average of
584.7 outliers per tissue and 36.3 per individual (Fig. 1A). We
split the outliers at an 8:2 ratio for training and testing datasets.
To develop AXOLOTL, we used the training split to optimize
hyperparameters, including the hidden dimension of OUTRIDER,
coexpression threshold, and number of neighbors for the LOF
model (Figs 1 and 2, available as supplementary data at

Bioinformatics online). Based on these findings, we concluded
that AXOLOTL is the optimal choice for its intended purpose.
Two alternative outlier detection models—Isolation Forest (IF)
and One-Class Support Vector Machine (OC-SVM)—were selected
to verify the suitability of LOF for AXOLOTL (Fig. 2, available as
supplementary data at Bioinformatics online). A full account of
these analyses is provided in the Supplementary Methods (avail-
able as supplementary data at Bioinformatics online). When
evaluated on the independent test split, AXOLOTL exhibited su-
perior performance to three baseline models in detecting out-
liers in healthy individuals (Fig. 2A and B).

3.3 AXOLOTL outperforms existing
methods on rare disease cohorts

We next evaluated the performance of the AXOLOTL in public
rare disease cohorts.

The Kremer119 (Kremer et al. 2017), Pfibns154, and Pfibss269
(Yépez et al. 2022) datasets are cohorts of skin-derived fibro-
blasts from patients with mitochondrial disease or other
Mendelian diseases. Twenty-two candidate NMD-associated out-
liers and six RNA-seq-validated outliers were designated as out-
liers in the Kremerll9 dataset. A total of 49 patients were
successfully diagnosed, with their causative genes confirmed via
aberrant gene expression analysis (Yépez et al. 2022). These 49
sample-gene pairs were labeled as outliers in the Pfibns154 and
Pfibss269 datasets. For a rigorous comparison, each dataset was
subsampled to generate additional simulated datasets with
varying sample sizes (Supplementary Methods, available as sup-
plementary data at Bioinformatics online). The PR curves, top-k
hit recall curves, and AUPRC values of different methods are pre-
sented for the Kremer119 dataset (Fig. 2C-E, Figs 3A and 5A,
available as supplementary data at Bioinformatics online),
Pfibns154 dataset (Fig. 2F-H, Figs 3B and 5B, available as sup-
plementary data at Bioinformatics online), and Pfibss269 dataset
(Figs 3C, E, F and 5C, available as supplementary data at
Bioinformatics online).

AXOLOTL outperformed other methods at sample sizes of 30/
60/100 in the Kremerl119 dataset and 60/100 in the Pfibns154
dataset. OutSingle and AXOLOTL performed equivalently (both
optimal) at a sample size of 30 in the Pfibns154 dataset.
OUTRIDER ranked second at sample sizes of 60/100 in both the
Kremer119 and Pfibns154 datasets. For the stranded Pfibss269
dataset, AXOLOTL was optimal at a sample size of 30, whereas
OUTRIDER performed best at subsample sizes of 60/100.
Notably, all reported outliers were originally identified by
OUTRIDER using RNA-seq data, introducing a potential bias fa-
voring OUTRIDER in these benchmarks.

AXOLOTL emerged as the most competitive method for non-
stranded RNA-seq datasets—particularly at medium and large
sample sizes. Despite this, OutSingle was the best at a sample
size of 10 across all three datasets. The relative advantage of
AXOLOTL demonstrates that the multivariate non-parametric
approach successfully raises the upper limit of outlier detection
performance relative to OUTRIDER and OutSingle. Collectively,
these results confirm the superiority of AXOLOTL over other
baseline methods for detecting aberrant gene expression in
large cohorts.
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Small cohorts of tens of patients’ RNA-seq data are more
readily available than large cohorts. The performance of
AXOLOTL on small datasets thus reflects its general reliability in
diagnostic settings. The Pmuscle36 dataset comprises 22
patients with COL6-RDs and 14 controls (Guadagnin et al. 2021).
Pathogenic variants in COL6A1, COL6A2, or COL6A3 were identi-
fied in all COL6-RD patients and validated via collagen immu-
nostaining. Reduced COL6 protein and mRNA levels were
observed in five patients. Known pathogenic genes were desig-
nated as true outliers in the simulated Pmuscle36 dataset
through gene subsampling (Methods). We found that AXOLOTL
outperformed other methods in terms of PR curves and AUPRC
(Fig. 21 and J and Fig. 3D, available as supplementary data at
Bioinformatics online). AXOLOTL detected more known outliers
among the top 10 most aberrantly expressed genes in patients,
while OutSingle did so among the top 30-50 (Fig. 2K).

Taken together, AXOLOTL outperforms other baseline meth-
ods in detecting expression outliers in representative rare dis-
ease datasets.

3.4 AXOLOTL is robust across various
dataset compositions

To further evaluate the robustness of our AXOLOTL method, we
generated a series of simulated datasets from Kremerl19,
Pfibns154, and Pfibss269 to represent more diverse cohort com-
positions (Methods). Given that these disease cohorts contain
10%-20% known outlier samples, we simulated datasets with

even lower or higher proportions of positive samples at fixed co-
hort sizes to assess the performance robustness of AXOLOTL. We
thus benchmarked AXOLOTL across positive sample proportions
of 4%-40% and cohort sizes of 50/100.

We first assessed performance using AUPRC values. PR curves,
top-k hit recall curves, and AUPRC values for different methods
are presented for the Kremer119 dataset (Fig. 3A-C, Figs 4A and
6A, available as supplementary data at Bioinformatics online),
Pfibns154 dataset (Fig. 3D-F, Figs 4B and 6B, available as sup-
plementary data at Bioinformatics online), and Pfibss269 dataset
(Figs 4C-F and 6C, available as supplementary data at
Bioinformatics online). For the Kremer119 dataset, AXOLOTL out-
performed other methods at positive sample proportions of
16%-24% across both cohort sizes of 50 and 100. At a sample
size of 50 and positive sample proportion of 8%, AXOLOTL per-
formed equivalently to OutSingle. In contrast, OUTRIDER
achieved the best performance at a sample size of 100 and posi-
tive sample proportion of 8%. For the Pfibnsl54 dataset,
AXOLOTL performed the best at a sample size of 50 (proportions
of 24% and 40%) and a sample size of 100 (proportions of 16%
and 24%); OUTRIDER, OutSingle, and AXOLOTL performed
equivalently under all other settings. For the Pfibss269 dataset,
OUTRIDER exhibited the best performance across all
tested settings.

These results further confirm that AXOLOTL is the most com-
petitive method for non-stranded RNA-seq datasets, and dem-
onstrate its robustness to variations in cohort size and positive
sample proportion.
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3.5 Feature distribution and model
explanation

To facilitate a comprehensive understanding of the relative im-
portance of the two customized features, we next interpreted
the AXOLOTL model via feature attribution-based explanations.
Feature attributions reflect the relative importance of each

feature in explaining AXOLOTL’s output. For every feature, aber-
rantly expressed gene-sample pairs exhibited larger absolute at-
tribution values than normal pairs (Fig. 4A).

We assessed feature importance using two model-agnostic
methods: the game theory-based SHAP and the linear model-
based LIME. These analyses were performed on the Pmuscle36,
Kremerl119, Pfibns154, and Pfibss269 datasets (Fig. 4B and C).
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SHAP and LIME attribution values showed wide variability across
the selected sample-gene pairs (Fig. 4B); however, the relative
ranking of feature attributions remained highly stable for each
sample-gene pair (Fig. 4C). Feature importance derived from
SHAP and LIME values indicated that osg_p and ord_p_devi are
equally important overall. Interestingly, osg_p contributed more
significantly in the Pmuscle36 dataset. Collectively, these results
suggest that coexpression features provide valuable information
for outlier detection in large cohorts.

3.6 Real case study

We next aimed to explore its potential in facilitating the filtering
and interpretation of results derived from a blood-based RNA-
seq cohort of rare disease samples.

We applied the AXOLOTL method to the in-house Ly111 data-
set to identify aberrant gene expression from blood RNA-seq
profiles. This dataset comprises 65 control samples and 46 pro-
bands predominantly diagnosed with neurological disorders
(Table 5, available as supplementary data at Bioinformatics on-
line). Most probands presented phenotypes linked to causal
DNA variants that SpliceAl predicted to impair splicing
(Supplementary Methods, available as supplementary data at
Bioinformatics online). We first manually inspected the genomic
regions flanking these variants for evidence of aberrant splicing
events. Integrating DNA-level pathogenicity evidence and RNA
alternative splicing (AS) signatures adjacent to these variants,
we resolved 30 cases, with 16 remaining undiagnosed.
Subsequently, we used AXOLOTL to independently detect aber-
rant expression events, and we sought supporting molecular evi-
dence for both diagnosed and undiagnosed cases. Additionally,
stop-gain variants predicted to trigger nonsense-mediated de-
cay (NMD) were included as benchmark data (Table 6, available
as supplementary data at Bioinformatics online).

The aberrant genes of these cases and predicted NMD genes
were ranked higher by AXOLOTL than by other methods (Fig. 5A
and B). The advantages in giving high rank for causal genes of
AXOLOTL method are illustrated with one case AS35814. In the
male proband (HP: 0001263: global developmental delay; HP:
0001274: agenesis of corpus callosum; HP: 0001513: obesity)
with dominant X-linked intellectual developmental disorder,
HUWEL variant (chrX: 53630324, c.2876 +5G>C) caused alterna-
tive splicing via exon skipping (Fig. 5C). Aberrant ranking of the
causal gene HUWEL in the proband was 8 for AXOLOTL, which
was higher than 194, 4000, and 28 for OutSingle, ABEILLE, and
OUTRIDER, respectively (Fig. 5D). The example shows that
AXOLOTL can prioritize aberrant expression events that are less
distinguishable via other methods.

4 Conclusion and discussion

AXOLOTL provides a powerful approach for prioritizing aberrant
gene expression. This study validates the effectiveness of
AXOLOTL, as evidenced by its successful recovery of known
cases from publicly available datasets as well as our in-house
dataset. In general, AXOLOTL assigned higher rank to genes
exhibiting aberrant expression in both the healthy and rare dis-
ease cohorts. Crucially, AXOLOTL exhibits robust performance

and high sensitivity even in the small Pmuscle36 cohort, making
it an attractive tool for a broad range of users. The performance
gains of AXOLOTL are modest in certain contexts (Fig. 2A and 1).
Additionally, OUTRIDER outperforms it in the Pfibss269 stranded
dataset, and OutSingle excels at very small sample sizes. We rec-
ognize that no single method is universally optimal. Regarding
computational cost and scalability, runtime and peak memory
usage of AXOLOTL increase linearly with sample size (Fig. 7,
available as supplementary data at Bioinformatics online).

The approach of AXOLOTL to extend post-OUTRIDER/
OutSingle features is informative and significantly enhances the
accuracy of outlier detection. We also proposed the use of coex-
pression constraints as a metric for gene correlation. AXOLOTL
leverages sample-specific variability to detect gene aberrations.
Model explainability analysis suggests that the two features pro-
vide complementary insights.

In the performance evaluation of AXOLOTL, no artificial cor-
ruption was employed. This approach contrasts with prior stud-
ies, which incorporated read count fold-change corruption into
random sample-gene pairs while leaving the remaining genes
unchanged (Brechtmann et al. 2018, Labory et al. 2022). While
the introduction of artificial corruptions can facilitate method
development, fold-change corruption does not accurately reca-
pitulate any rare disease. In contrast, pathogenic genes result in
transcriptional changes across many genes. Given that aberrant
gene expression events naturally occur in GTEx individuals
(Ferraro et al. 2020), the NMD-triggering events in GTEx are suit-
able as benchmark outlier data for performance evaluation.

The AXOLOTL score can be incorporated as RNA-seq-based
supporting evidence for the prioritization of pathogenic genes—
a key challenge in rare disease diagnosis. In diagnostic pipelines,
when DNA sequencing identifies a candidate variant, AXOLOTL
scores are queried to assess RNA-level functional impact, pro-
viding ACMG—aligned PS3/BS3 evidence for classifying VUS.

This study has three limitations. First, all methods demon-
strated low precision beyond a recall of 0.8, indicating that de-
fining a clean set of true outliers is challenging. In such cases,
pathogenic genes with splicing or protein function defects may
not exhibit extreme gene expression levels, which limits clinical
utility in its current form. Second, the AXOLOTL method is
designed to improve the accuracy of detecting aberrations in
probands rather than directly evaluating pathogenicity. Third,
we acknowledge that while NMD variants enhance the orthogo-
nality of our study, not all NMD variants result in detectable ab-
errant expression, and certain pathogenic mechanisms (e.g.
missense, regulatory variants) do not trigger NMD. This means
the ground truth used in our evaluation remains imperfect.

In summary, AXOLOTL enhances the detection of aberrant
gene expression, demonstrating its advantages in real-world co-
hort studies. By highlighting the importance of coexpression as
an essential biological constraint, we hope this work will ulti-
mately empower data-driven rare disease diagnosis and inspire
methodological innovations from new perspectives.
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