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Abstract

The current diagnostic rate for patients with suspected Mendelian genetic disorders is only

25 to 58%, even though whole exome sequencing (WES) is part of the standard of care. One

reason for the low diagnostic rate is that traditional WES analysis methods struggle to detect

RNA splicing aberrations. It is estimated that 15-50% of human pathogenic variants alter

splicing, with numerous splice-altering variants being causal for known Mendelian disorders.

Developing reliable diagnostic tools to detect, quantify, prioritize, and visualize RNA splicing

aberrations from patient RNA sequencing is therefore crucial. We present MAJIQ-CLIN, a

method to address this need to augment clinical diagnostic using RNA-Seq and compare it
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to existing tools. We include the first systematic evaluation of the accuracy of such tools

using synthetic data across several aberration types and transcript inclusion levels; we also

evaluate accuracy on several datasets of biologically validated solved test cases. We show

that MAJIQ-CLIN compares favorably to existing tools in both accuracy and efficiency,

then use MAJIQ-CLIN to investigate several unsolved patient cases from the Undiagnosed

Diseases Network.

Introduction

Over 400 million people worldwide suffer from over 7000 rare diseases [1]. Approximately

80% of all rare disease cases are genetic in origin, and most are Mendelian [2] [3]. Whole

Exome Sequencing (WES) is the state-of-the-art genetic test for diagnosing patients with

suspected Mendelian disorders. Unfortunately, the diagnostic rate of WES is only 25 to 58%

[4] [5]. Whole Genome Sequencing (WGS) is able to improve that rate by another 34% [6],

yet millions of patients still lack diagnosis.

RNA-Seq is a promising diagnostic tool because it directly detects pathological changes

in a patient’s transcriptome. These pathological changes include intronic or synonymous

mutations, often overlooked by DNA sequencing methods. Recent works show that significant

improvement can be achieved by integrating RNA-Seq into existing WES or WGS pipelines:

Deelen et al. [7] identify likely causal genes for ten patients undiagnosed after WES using

RNA-Seq, and Deshwar et al. [8] and Riquin et al. [9] show how RNA-Seq can help interpret

the impact of variants in patients. In particular, a key process missed by WES/WGS is

aberrant alternative RNA splicing (AS), where ’incorrect’ exonic or intronic segments of a

pre-mRNA are spliced together to form the mRNA. Errors in alternative splicing can lead

to non-functional isoforms, early termination codons, or frameshift mutations, resulting in

nonsense-mediated decay and RNA degradation. Over 90% of the human genes naturally

undergo AS [10], yet approximately 35% of pathogenic variants alter splicing [11]. Thus,

detecting these deleterious variants is crucial for comprehensive genetic diagnostics.

Detecting splicing aberrations for the purpose of clinical diagnostics presents several challenges.

First, it may not be immediately clear which clinically accessible tissue should be sequenced.

An accessible tissue (e.g., blood) may not capture a patient’s expression or splicing aberrations

for a tissue of interest (e.g., brain), although tools do exist to detect which accessible tissue

is best for a particular case [12]. Still, the challenge of efficiently and accurately detecting

potentially causal splicing aberrations in the patient persists. This challenge is corroborated

by the fact that AS is a noisy process. Varying degrees of natural variability have been
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observed across individuals [13], and additional variability due to technical factors such as

batches is inevitable [14].

Several previous works have proposed tools to apply RNA-Seq to clinical diagnostics. Cum-

mings et al. [6] filtered patient RNA-Seq for splice junctions not found in controls, successfully

diagnosing 17 patients. Gonorazky et al ([15]) expanded upon this approach, allowing candi-

date splice junctions to be present in a few samples in their control dataset. Later works

looked for outlier splice variations across all genes using different models. LeafCutterMD [16]

provided a statistical framework that improves upon the previously published LeafCutter [17]

in detecting outlier splicing events. FRASER [18] is another alternative approach, recently

releasing a second iteration (FRASER2) [19]. These approaches served as a substantial

proof of concept and helped solve several clinical cases [20][21], but a systematic comparative

evaluation of analysis methods has not been performed.

To allow us to evaluate these tools, we defined several requirements that must be met by a

tool suitable for clinical diagnostics. First, it must accurately detect and quantify patients’

splicing aberrations, including unannotated and complex variants. Variants where splicing

differs significantly between the patient and a set of healthy controls should be prioritized into

a list for the clinician to inspect, with true causal variants highly ranked. It should also be

able to correct for known and unknown confounders (eg. batches) to minimize false positives.

The entire process should be highly efficient in time and memory, avoiding unnecessary

re-processing of data (e.g., control cohorts) when new patients are added. Finally, the tool

should include a user-friendly visualization to simplify the complexity of splicing variations.

We evaluated FRASER and LeafCutterMD on these criteria and also developed our own tool,

MAJIQ-CLIN. MAJIQ-CLIN is based on an updated (V3) version of the MAJIQ software

[22] [13] [23] for RNA splicing detection, quantification, and visualization. MAJIQ-CLIN is

able to capture non-annotated and/or patient-specific splicing events, formulated as Local

Splicing Variations (LSVs). LSVs are defined as a set of splice junctions coming either into

or from a single reference exon and a collection of LSVs for a gene forms a splicegraph. As

illustrated in Figure 1A, the LSV formulation allows MAJIQ-CLIN to detect and quantify not

only ’classical’ AS events such as cassette exons but also complex splicing events involving

more than one alternative RNA segment. MAJIQ quantifies the inclusion of each junction

in an LSV as Percent Spliced In (PSI, or Ψ). Since Ψ is not directly observable, MAJIQ

uses the observed read count and positions to estimate a posterior distribution of possible

Ψ values for a junction (see Methods). To detect outliers, MAJIQ-CLIN assesses the gap

between extreme quantiles of the Ψ distributions for the controls and an individual patient

(Figure 1B), called the Ψ-GAP. MAJIQ-CLIN then uses the Ψ-GAP to call two categories
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of junctions as outliers. The first are junctions that are unique or almost unique to the

patient, termed Private LSVs (pLSVs), hence their inclusion level in controls is zero. The

second category is those junctions that are observed in controls but with a large Ψ-GAP,

termed Outlier LSVs or oLSVs. MAJIQ-CLIN then ranks and prioritizes these variants for

the clinician based on their uniqueness to the patient and the Ψ-GAP. MAJIQ-CLIN also

incorporates MOCCASIN [14] to automatically detect and correct for known and unknown

confounders between samples, addressing within-sample covariation. Finally, CLIN adds new

components to the visualization package VOILA so users can easily inspect and analyze the

ranked pLSVs and oLSVs.

Getting a precise assessment of how well MAJIQ-CLIN or other tools detect different types

of splicing events is challenging, since most applicable datasets are small. For this purpose,

we created the first of its kind large-scale "realistic" synthetic dataset to compare tools

with respect to the criteria described above. This dataset includes synthetic RNA-Seq

samples based on GTEX, with clean "control" samples and "patient" samples with artificially

introduced splicing aberrations (both pLSVs and oLSVs). Using this data, we compared

MAJIQ-CLIN, FRASER2, and LeafCutterMD. To the best of our knowledge, this analysis

is the first to assess the ability of such tools to detect splicing aberrations as a function of

the magnitude of change and the type of splicing variation (e.g. exon skipping or intron

retention).

In the following results, we first introduce MAJIQ-CLIN and describe its efficient use of

resources. We then compare its performance to that of its competitors with the aforemen-

tioned synthetic dataset, demonstrate its performance on real datasets of solved biological

cases, and discuss the effect of confounder correction and choice of control cohort. We find

that FRASER and LeafCutterMD fulfill some, but not all, of the requirements for a clinical

RNA-Seq splicing tool, with MAJIQ-CLIN filling that gap. Finally, we apply MAJIQ-CLIN

to unsolved cases from the Undiagnosed Diseases Network [20], showing its promise as a

clinical diagnostic tool.

Results

0.1 The MAJIQ-CLIN pipeline offers efficient integration of patient and

control samples

The MAJIQ-CLIN workflow is illustrated in Figure 1C. The pipeline takes as input BAM

files from patients, healthy controls, and a genome annotation in GFF3 format. The controls

are processed as a group by MAJIQ-BUILD, which outputs a set of LSVs as a splicegraph.
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Each patient sample is processed individually in the same way so that samples can be added

incrementally without re-processing previous samples. Optionally, the pipeline can combine

the LSVs across the controls and patients to correct confounding factors using MOCCASIN

[14]. MAJIQ-CLIN then builds the union set of LSVs between the controls and each patient

and applies MAJIQ-QUANT to quantify the read rate for each junction. Junctions’ read

rate are then used to calculate posterior probabilities for Percent Spliced In (PSI, or Ψ), an

estimate of junction inclusion. Consequently, MAJIQ-CLIN detects and reports two kinds of

potentially important LSVs: Private LSVs (pLSVs) that are present in the patient but are

very rare or nonexistent in the control population, and Outlier LSVs (oLSVs) where CLIN

detects junctions that are present in both the controls and the patient but with significantly

different inclusion levels. MAJIQ-CLIN then prioritizes the detected pLSVs and oLSVs by

their Ψ-GAP, but pLSVs are ranked first by default as they are more likely to be clinically

significant. A gene list is output to the clinician and can be visualized using our visualization

software [22].

To assess the efficiency of the MAJIQ-CLIN pipeline we analyzed it, along with previously

published tools, in terms of runtime and memory consumption. To create a realistic usage

scenario we ran groups of 10-90 samples as leave-one-out controls with 1, 10, and 50 threads

on a computational cluster. For LeafCutterMD, the runtime for the bamtojunc step was

estimated by multiplying the average runtime times the number of samples (see Methods).

Figure 1D shows the results. In terms of memory, MAJIQ-CLIN uses slightly more memory

than LeafCutterMD for all but the smallest sample sizes in a single-thread run. However, those

differences are arguably not significant. Specifically, using one or ten threads, MAJIQ-CLIN’s

memory usage remains manageable on an average desktop or even a laptop, without requiring

a computational cluster. However, users with access to more memory on a computational

cluster can take advantage of 50 threads as shown in the right panel. FRASER required

more memory than MAJIQ-CLIN for almost all numbers of samples tested.

While memory usage of CLIN and LeafCutterMD remains similar, MAJIQ-CLIN performs

significantly faster than its competitors, thus justifying the slightly higher memory use.

While FRASER is still slower than MAJIQ-CLIN, both are dwarfed by LeafCutterMD’s

runtime. Most of this runtime was due to the time taken by bamtojunc (estimated; see

Methods). We then parallelized the bamtojunc step for LeafCutterMD as suggested in the

documentation (1D, row 2). The runtime of this parallelized version remained significantly

slower than MAJIQ-CLIN. Thus, for larger sample sizes typical of a clinical diagnostics

pipeline, MAJIQ-CLIN delivers substantially faster results and more effectively utilizes

provided computational resources than both of its competitors.
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Figure 1: A: MAJIQ quantifies splicing using splicegraphs, made up of Local Splicing Variations
(LSV). An LSV is defined as a set of junctions coming into or out of a reference exon. For each
junction, MAJIQ estimates Percent Spliced In (PSI, or Ψ), a measure of junction usage. B: MAJIQ-
CLIN detects two types of outliers, outlier LSVs (oLSVs) and private LSVs (pLSVs). oLSVs are
outliers where the splicegraph between the patient and controls is the same, but PSI is different.
pLSVs are splicing variants unique to the patient, contained in at most min-experiments (user-
defined, default 1) cases in the control set.C: MAJIQ-CLIN takes as input RNA-Seq data from
patients and controls, as well as a GFF3 annotation. Then, MAJIQ-BUILD builds a splicegraph
for each gene and performs confounder correction. pLSVs are detected by comparing patient and
control splicegraphs. CLIN then creates combined splicegraphs for each patient and the control
set, quantifying LSVs using MAJIQ-QUANT. CLIN then outputs a list of candidate LSVs and
genes to the clinician, ordered by type (pLSV, oLSV) and Ψ-GAP. D: Runtime and memory usage
comparison with 1, 10, 50 threads. Top row: LeafCutterMD run with the default bam-to-junc
step (unparallelized). Middle row: Same as above but with in-house script added to parallelize
LeafCutterMD bam-to-junc (dashed line).
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0.2 MAJIQ-CLIN significantly improves detection of patient specific splicing

aberrations

After assessing the efficiency of MAJIQ-CLIN in terms of memory and runtime we turned to

perform a comprehensive assessment of its accuracy. We first evaluated detection of rare

variants unique to the patient (pLSVs), as these are more likely to be clinically significant

[24]. A tool aiming to detect aberrant splicing from patient RNA-Seq must be able to detect

and flag these variants across different levels of transcript inclusion and a variety of splicing

events, such as exon truncation or extension, exon skipping or addition, and intron retention.

To assess pLSV detection we thus created an extensive synthetic dataset with "patients"

and "controls." Briefly, [13] 300 cerebellum and skeletal muscle tissue samples from the

Genotype-Tissue Expression (GTEx) Portal served as the basis for 300 matching simulated

samples. Each biological sample was quantified by RSEM (which is unrelated to MAJIQ

or MAJIQ-CLIN) and then those quantifications were used by the BEERS simulator [25]

to create a matching ’realistic’ synthetic sample. (See Methods). In the same way, four

additional samples served as the base for the "patients." For the patient samples, we generated

five types of splicing aberrations not found in the controls: new exons, exon skipping, intron

retention, and changes to 3’ or 5’ splice sites. We then randomly sampled from this list to

create 100 synthetic "patients," containing 5-100 aberrant transcripts at varying levels of Ψ

from 0.05 to 0.5 (See Methods). We note this setting with limited number of aberrations per

sample was chosen to accommodate for the FRASER model. Specifically, since FRASER’s

confounder correction is built into its autoencoder including many aberrations in a sample

led to aberrant genes filtered out and low performance.

Panels A and B of Figure 2 show the pLSV precision-recall curves based on this synthetic

data for MAJIQ-CLIN, FRASER and LeafCutterMD. MAJIQ-CLIN consistently shows

higher precision and recall than FRASER and LeafCutterMD at more stringent thresholds,

performing reliably across different types of splicing aberrations and levels of variant inclusion

(Ψ). LeafCutterMD also struggles with intron retention — a splicing event increasingly

recognized for its role in gene expression regulation. Many retained introns contain premature

stop codons that trigger nonsense-mediated decay (NMD) pathways [26] [27], but some

bypass NMD and have been associated with 16 types of cancer [28] and Alzheimer’s disease

[29]. MAJIQ-CLIN demonstrates high precision across this and other events, making it

a robust tool for detecting clinically significant splicing variants. Notably, the ability to

prioritize pLSVs significantly boosts MAJIQ-CLIN’s performance though even when this flag

is removed (dashed line) it still performs well in pLSV detection compared to the other tools.
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Figure 2: A: Comparison of pLSVs detection in synthetic data across different splicing aberration
types. Dotted line shows results when positives are not restricted to pLSVs identified at the
splicegraph stage. B: Same data as in A but broken down by levels of variant inclusion (Percent
Spliced in, or PSI). C: Comparison of oLSVs detection from synthetic data based on tissue-specific
splicing differences from GTEx for different. Three levels of Ψ-GAP were tested (G ∈ {0.1, 0.2, 0.3}).
FRASER was not included as it failed to run on this data (see Methods).

Next, we turned to evaluate MAJIQ-CLIN and its competitors on variants shared between

the patient and the controls but with significantly different junction usage (Ψ) in the patient,

or oLSVs. As AS varies across tissues, GTEx already contains oLSVs when comparing

samples from different tissues. Thus, we randomly selected 20 cerebellum and 20 skeletal

muscle synthetic samples from the dataset described above to serve as the "patients" for this

analysis. We then compared each such "patient" to the "controls" from the other tissue - i.e.,

each skeletal muscle "patient" was compared with the 150 cerebellum "controls." Then, for

each ’patient’ sample we defined as ground truth labels splicing variations with a known

distance larger than a defined threshold ΨGAP > G between the distribution of Ψ estimates

for the ’patient’ and ’control’ (see Methods). We tested three values for the threshold

G ∈ {0.1, 0.2, 0.3}, generating precision-recall curves for each. The results of this analysis,

shown in panel C of 2, show MAJIQ-CLIN outperforms LeafCutterMD significantly and

demonstrates high performance on oLSVs across all G thresholds used. FRASER was not

included in this evaluation as we observed that including too many splicing variations in a
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Figure 3: Confounder correction decreases length of list returned to clinician, dependent on batch
size and choice of control set. A: The total number of outliers identified when running MAJIQ-CLIN
on three batches of varying sizes from Baralle et al., with different choices of controls (2024), with
different control sets and numbers of unknown confounders corrected. B: Sub-sampling from batch
4 exhibits a similar trend, further demonstrating the influence of batch size. C: The number of
outliers detected when analyzing cases with previously identified splicing variants from Cummings
et al. (2017), alongside the ranking of causative genes in the resulting list.

single sample caused FRASER to auto-correct it as an outlier, therefore failing to report the

expected splicing aberrations.

0.3 Confounder corrections, control set choice and size can significantly affect

outlier detection

To make RNA-Seq usable for clinical diagnostics it is important that a tool for detecting

aberrant splicing should return a short list of candidate genes, with the true causal variant

ranked highly on the list. A tool’s ability to do so depends significantly on the dataset used,

particularly on the choice of control dataset. A larger control set improves the ability to

detect pLSVs and reduces false positives, while a smaller set may not adequately represent

the population. On the other hand, including many control samples that are too dissimilar

to the patient sample can introduce confounding factors into the analysis and inflate the

number of reported aberrations. Correcting for confounders is therefore important to reduce

false positives. To control for potential confounders MAJIQ-CLIN integrates MOCCASIN

[14], which can be run with varying number of unknown confounders to detect and correct

in the data. We therefore sought to assess how the choice of control set and the number of

confounders corrected on may affect real dataset analysis with MAJIQ-CLIN.
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First, we assessed the effect of confounder correction and control set definition using 55

whole blood RNA-Seq samples from patients with suspected rare Mendelian disorders [21].

Notably, this data is composed of three batches of varying sizes. We ran MAJIQ-CLIN

on the patients in each batch with three choices of controls: the remainder of the same

batch, the remainder of the batch and the other batches in the dataset, and a set comprising

the remainder of the batch and the other batches augmented with GTEx blood samples.

The results are shown in Figure 3A. As expected, we find that the number of identified

aberrations depends strongly on the choice of controls. For instance, when the batch is

small (n=7) more outliers are reported, especially when using the same small batch as

the only control, and adding the other batches to the control set helps shorten the list of

reported aberrations. This effect is smaller when the batch is of size 16 but when the batch

is over 30 it seems that using only the same batch as a control set results in the shortest

splicing aberrations list. In all cases adding samples that are significantly different (GTEx)

increases the number of reported aberrations. Conversely, increasing the number of unknown

confounders significantly decreases the number of reported aberrations. We note that while

the above results were derived from the three different batches in the data similar results

are observed when down-sampling the large batch (3B). We also do not suggest using solely

external controls without using the remainder of the same batch as a leave-one-out control,

as this significantly increased the length of the outlier list.

One caveat with the above analysis is that we can not assess the effect on true casual variants

as those are generally unknown. To assess effects on casual variants detection and ranking we

thus turned to a second dataset from Cummings et al. [6]. This dataset contains RNA-Seq

samples from 53 patients, of which 16 are identified splicing variants. For each of these 16

patients, the remaining samples were used for controls. The results are shown in Figure 3C.

MAJIQ-CLIN successfully identifies the causal genes in all cases and ranks them close to the

top of the list. Similar to the Baralle dataset, the use of MOCCASIN reduces the length of

the list returned for many cases (disease-associated outliers are shown for scale), but does

not significantly affect the ranking of causal variants.

0.4 MAJIQ-CLIN offers improved interpretability and visualization that aid in

analyzing patient data

Beyond detection and high ranking of causal splicing aberrations, a tool that aids in clinical

diagnostic must support easy to interpret visualization of the aberrations it detects. For this,

MAJIQ-CLIN incorporates new features into the VOILA visualization package to allow direct

visualization of junctions and LSVs which differ between cases and controls. Specifically, all
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MAJIQ-CLIN: VOILA v3 variant view

Outlier variant highlighted

Gene information

Outlier variant details

Figure 4: The VOILA visualization of MAJIQ-CLIN results highlights LSVs found in the annotation
in gray, those identified exclusively in the RNA-Seq data in green, and pLSVs in blue, which are
also emphasized in the individual pLSV view.

junctions and LSVs found in the patient or case group (see Methods) but not the controls can

be highlighted in the gene’s splicegraph. These aberrations are also indexed and searchable

within VOILA. To showcase this new visualization and MAJIQ-CLIN’s utility in a real-life

clinical setting, we applied it to undiagnosed patient cases from the Undiagnosed Diseases

Network (UDN) [20]. We used fibroblast RNA-Seq data from the patients with other cases

as controls. To focus our search we filtered the results to consider only genes associated with

disease by OMIM and containing a pLSV variant.

0.5 Case studies using MAJIQ-CLIN

Here, we highlight several patient cases where MAJIQ-CLIN identified variants of potential

clinical significance missed/not reported in previous publications. These cases were chosen

to show different use cases for MAJIQ-CLIN. FRASER was previously used in this set to

detect splicing aberrations, leading to the diagnosis of several new cases [20]. We filtered

for genes containing pLSVs and associated with a Mendelian disease in OMIM [3], which

resulted in lists of up to 2 genes per case.

Case 1 - MAJIQ-CLIN finds unknown diagnosis

The first case we highlight involves a male patient age 11-15. The UDN phenotype record

includes vision-related problems (astigmatism, myopia), cerebellum ataxia and hypoplasia,

delayed speech and language development, gait abnormalities, low muscle tone, and distinctive
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Figure 5: A: Splicing variant skipping exon 23 (exon 20 in the reference transcript
ENST00000228347) of POLR3B found by MAJIQ-CLIN. B: PSI distributions of novel and wildtype
junctions in the proband. C: Paternally and maternally inherited alleles in the proband as shown
by optical genome mapping. D: Usage of novel junction in proband compared to controls (shaded
area: 5th to 95th percentile; mean and standard deviation shown for proband).

dysmorphic features. MAJIQ-CLIN finds a pLSV variant in POLR3B, a gene responsible for

building a subunit of RNA Polymerase III. MAJIQ-CLIN showed that this variant causes

the skipping of exon 20 in the reference transcript. As MAJIQ-CLIN cannot distinguish

between an alternatively spliced junction with Ψ = 0.5 and a constitutively spliced but

heterozygous variant, it was necessary in this case to look at the proband’s parentage. As

shown in Figure 5, the proband does indeed have a paternally inherited heterozygous exon 20

deletion. A copy number variant was also found in this gene using optical genome mapping.

Recessive mutations in this gene have been associated with Pol-III-related leukodystrophy

[3], typically presenting with ataxia, broad unsteady gait, vision problems such as restricted

eye movement, nearsightedness, and cataracts, as well as intellectual disability and delayed

speech development. These symptoms are consistent with the symptoms reported for this

patient by UDN. Although hypomyelination is not explicitly listed as a symptom, the patient

exhibits symptoms that could be consistent with hypomyelination, such as cerebellar ataxia

and hypoplasia. The patient also lacks a common symptom of hypodontia; however, several

documented cases do not present with this symptom [30]. Importantly, upon contacting

the UDN researchers about this finding we learned they confirmed the heterozygous exon

20 POLR3B deletion using optical genome mapping and genome sequencing. This deletion

was inherited in trans with a likely pathogenic POLR3B missense variant from the mother.

We note that MAJIQ-CLIN detected this variant independently using RNA-Seq without

any DNA-based sequencing. This case demonstrates the value of MAJIQ-CLIN in a clinical

setting.
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Case 2 - MAJIQ-CLIN finds unknown diagnosis

This case involves a female patient with symptom onset at birth. The UDN phenotype

record lists a number of symptoms including some physical traits (high palate, pes planus,

coxa valga), vision-related issues (esotropia, anomalies of visually evoked potentials, and

astigmatism), global developmental delay, and specifically issues related to the acquisition of

gross motor development (general delays, broad gait, involuntary movements, and reduced

tendon reflexes).

This patient has a complex pLSV variant in the gene MCOLN1. Mutations in MCOLN1 are

associated with Mucolipidosis IV, a disease involving severe impairment in the acquisition

of psychomotor skills, visual impairment stemming from clouding of the cornea and retinal

degeneration, and hypotonia (affecting tendon reflexes). However, as this is an autosomal

recessive gene, this diagnosis is less definite than in Case 1 described above.

Case 3 - MAJIQ-CLIN finds additional diagnosis

This case involves a female patient age 1-5. She had been diagnosed with Long-chain

3-hydroxyacyl-CoA dehydrogenase deficiency (LCHAD), which was linked to a number of her

symptoms, such as heart issues, structural and functional abnormalities, ophthalmic issues,

and problems with metabolism. However, this patient also had a number of kidney-related

symptoms: nephrotic syndrome, focal segmental glomerulosclerosis, and elevated creatinine

levels - unexplained by her LCHAD diagnosis.

MAJIQ-CLIN analysis revealed a complex pLSV variant in the ARGHDIA gene, associated

with nephrotic syndrome type 8, suggesting a potential root cause for the nephrosis. This

secondary diagnosis would explain the remainder of the patient’s symptoms, and this case

shows the potential of MAJIQ-CLIN to resolve finer details of a diagnosis.

Case 4 - MAJIQ-CLIN Suggests Novel Disease Mechanism

The patient in this case presents as tall, with an oval face, high forehead, prominent nose, and

macrocephaly. Additional phenotypes included myopia, striae distensae, joint hypermobility,

mitral valve prolapse, pes planus, and pneumothorax.

MAJIQ-CLIN analysis revealed a splicing aberration in Microcephalin 1 (MCPH1), resulting

in the creation of a new splice site at position 6621691. MCPH1 typically regulates the G2

phase of the cell cycle, influencing the differentiation of neuronal progenitor cells. Mutations

in MCPH1 are known to cause premature chromosome condensation in early G2, leading

cells to enter prophase prematurely. Germline mutations typically result in cell cycle arrest,
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reduced proliferation, and impaired neurogenesis, while somatic mutations act as tumor

suppressors, leading to increased cell proliferation.

As MCPH1 mutations are generally associated with microcephaly and short stature, this

case is unusual and warrants further investigation. We hypothesize that a gain-of-function

germline mutation in MCPH1 may be responsible for the patient’s condition. This would be

a novel mechanism for disease associated with this gene, which shows exciting applications

for MAJIQ-CLIN in mechanistic studies.

Discussion

Clinical diagnostics of rare disease using RNA-Seq is a promising avenue to improve diagnostic

rates. In this study we set out to develop a tool, MAJIQ CLIN, to aid in this clinical diagnostic

task, and offer comprehensive benchmarking data to assess CLIN and similar tools. A usable

clinical tool for RNA-Seq should handle complex splicing events, varying numbers of aberrant

genes, and different levels of variant inclusion (PSI). It should also be user-friendly, efficient,

and excel at detecting both pLSVs and oLSVs while producing a concise list with the causal

gene ranked highly. With these criteria in mind, we developed MAJIQ-CLIN and evaluated it

alongside tools previously proposed for this task by a variety of metrics using both synthetic

and real data.

In terms of efficiency, we found MAJIQ-CLIN uses slightly more memory than LeafCutterMD

and less than FRASER, but runs faster than both, dramatically so in the case of LeafCut-

terMD. Furthermore, MAJIQ-CLIN is also able to reuse control quantifications between

runs, allowing for dynamic sample addition saving additional time and resources. In order

to assess accuracy, we created the first of its kind ’realistic’ synthetic samples and evaluated

MAJIQ-CLIN, FRASER, and LeafCutterMD. Each tool was evaluated for its ability to

detect pLSVs and oLSVs across various splicing events and levels of variant inclusion. Across

all settings, we found MAJIQ-CLIN demonstrates high precision, significantly improving

detection compared to existing tools. Notably, we found LeafCutterMD was unable to detect

splicing aberrations involving intron retention. We also discovered that FRASER fails on

samples that suffer from a high number of splicing aberrations, where its auto-encoder

corrects those as outliers. Turning to real data, we found that using a similar batch of 30 or

more samples is preferable. Our results also indicate that even if the same batch is used as the

control set, including confounder correction is key for a more concise list of candidate variants.

Additionally, MAJIQ-CLIN successfully solved all cases from Cummings et al. [6], and the

impact of confounder correction on variant ranking was minimal. These findings highlight
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the importance of carefully selecting controls and set size to ensure clinically meaningful

results with any diagnostic tool. Finally, we applied MAJIQ-CLIN to previously undiagnosed

patients from the Undiagnosed Diseases Network. This effort led to one confirmed diagnosis

and several unpublished hypothesized variants still awaiting biological validation. These

cases illustrate the clinical utility of MAJIQ-CLIN and its potential to improve molecular

diagnosis rates.

Beyond the quantitative assessment of the various tools, we tried to highlight the importance

of easily interpretable visualization for downstream analysis of aberrant splicing. For this, the

VOILA visualization package helps MAJIQ-CLIN highlight and search splicing aberrations

using the LSV formulation. The LSV formulation allows MAJIQ-CLIN to detect, quantify,

and visualize complex splicing events involving many exons and junctions, while remaining

easy to understand. In comparison, LeafCutterMD uses intron clusters to analyze splicing,

which can be challenging to interpret. On the other hand, FRASER provides exon coordinates

and identifies the type of aberration detected, facilitating downstream analysis.

Despite all these demonstrated strengths of MAJIQ-CLIN, both the tool itself and the study

presented here suffer from several limitations. First, MAJIQ-CLIN is not able to detect

the actual genomic mutations responsible for the splicing aberrations, complicating the

validation of function or tracing inheritance. This is a challenging issue because variants

may not always be in cis. Additionally, MAJIQ-CLIN does not provide information on allele

specificity, which hinders the validation of variants in genes with specific inheritance patterns.

One solution for this may be in integrating long-read sequencing to capture more distant

SNPs and allow for allele specific splicing analysis. Another potential enhancement is to

incorporate deep learning models, or splicing codes, that predict the effect of mutations to

help in identifying casual variants [31][32][33][34]. The prioritization system in MAJIQ-CLIN

is also relatively simple, focusing on pLSVs and large-magnitude changes. However, changes

with a larger ∆Ψ are not always more biologically significant. Although users can filter

based on genes associated with Mendelian disease, MAJIQ-CLIN does not evaluate the

biological properties of the variant itself. Future integration with a tool that predicts variant

pathogenicity, such as Garcia et al. [35], could offer a more comprehensive prioritization

metric. Our study itself also suffers from several notable limitations. Diagnosing splicing

aberrations in patients is inherently challenging, leading to a scarcity of datasets with

confidently identified causal genes. Consequently, we tested MAJIQ-CLIN on a limited

number of datasets, with a significant portion being synthetic. Additionally, there is inherent

limitation in comparing Ψ-GAP detection as done in the oLSV comparative analysis (Figure

2C). While we used GTEX expression data quantified by RSEM and then simulated by
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BEERS, both of which are unrelated to MAJIQ, the event definition for each junction’s

Ψ value was based on MAJIQ’s LSV formulation over splice graphs. While such analysis

is fine to assess MAJIQ-CLIN, the LSV based definition of the Ψ-GAP may negatively

affect the performance of other algorithms not using the LSV formulation to call outliers.

Finally, we did not compare MAJIQ-CLIN’s results to those of DNA-first methods. Despite

these limitations, the available data and methods clearly demonstrate the usefulness and

performance of MAJIQ-CLIN.

In conclusion, we developed MAJIQ-CLIN to aid the medical community as a practical and

effective solution for RNA-Seq clinical diagnostics tool. With the significant performance

improvements it offers, we hope clinical diagnostic labs will be able to now incorporate

RNA-Seq into their analysis pipelines, ultimately enhancing molecular diagnosis rates for

patients and their families.
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Methods

This subsection outlines the details of the MAJIQ-CLIN pipeline, followed by a description

of the synthetic and biological RNA-Seq datasets used for comparison against FRASER and

LeafCutterMD. We then discuss the parameters and considerations applied to each tool to

ensure a fair comparison. Lastly, we explain how the evaluations presented in the Results

section were designed and executed.

0.6 Pipeline

MAJIQ-CLIN leverages the MAJIQ framework for splicing quantification to detect RNA

splicing outliers in patients with suspected Mendelian disorders using RNA-Seq. It identifies

novel and significantly altered usage of junctions and retained introns by comparing the

patient’s data to a user-submitted cohort of healthy controls. After processing, MAJIQ-CLIN

provides clinicians with a list of outlier genes for further investigation.

This section provides a detailed overview of the pipeline. We begin with the workflow of

MAJIQ, explaining how it constructs splicegraphs and LSVs and quantifies LSVs in terms of

PSI using Bayesian inference. We then discuss the process of outlier detection, confounder

correction using MOCCASIN, and prioritization of novel changes.
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0.7 MAJIQ-CLIN Workflow

0.7.1 Splicing Modeling and Quantification

Splicegraphs

MAJIQ-CLIN is based on the MAJIQ framework for RNA splicing modeling [22][13], hence

it represents splicing changes as Local Splicing Variations (LSVs). An LSV is defined as a set

of splice junctions, or "edges" in a gene’s splice graph, connecting to or from a reference exon.

A set of LSVs forms a splicegraph, a graphical representation of a gene’s splicing decisions,

with exons as vertices and junctions and retained introns as distinct edges (Fig. 1A). This

splicegraph is constructed by combining a GFF3 annotation with RNA-Seq data.

For MAJIQ-CLIN, the final set of patient LSVs for quantification is determined by combining

a patient-only build group with build groups over controls. The build groups over controls

include retained introns and junctions if they are found in a minimum number of control

samples.

Often, the control build groups will include the patient itself. When this is the case, MAJIQ-

CLIN builds a second patient-specific splicegraph explicitly excluding the patient from its

component build groups. This splicegraph is used to identify retained introns, junctions, and

LSVs that are structurally novel for the patient.

Additionally, users can specify a ’case group’ instead of an individual case in the configuration.

This feature is particularly useful when studying a patient with close relatives, as it excludes

any familial variants from the ’healthy control set’.

MAJIQ-CLIN can be configured to compare many patient cases each against a common

collection of controls. In order to calculate the splicegraph and Ψ coverage for each case-

controls comparison without redundant calculations for the shared control LSVs, MAJIQ-

CLIN takes an optimized compute path. First, the splicegraph for each case-control analysis

is calculated by combining two component splicegraphs, one from the case and one from all

the controls. Next, PSI coverage is calculated in two passes: a first pass for the control LSVs

over all samples, and a second to capture the LSVs distinct to each case-control comparison.

The splicegraph operations and two-pass psi coverage workflow are generally-usable features

of MAJIQ V3[23].

Splicing Quantifications

To quantify splicing decisions, MAJIQ calculates Percent Spliced In, a measure of junction

usage, (PSI, or Ψ) for each junction in an LSV. Rather than calculate Ψ as a simple ratio

of reads, MAJIQ estimates a Ψ distribution for each event. Specifically, MAJIQ reports a
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beta distribution for Ψ calculated from a binomial likelihood and generalized Jeffrey’s prior.

The variance of the Ψ distribution reflects the level of certainty in MAJIQ’s estimate of PSI

based on the number of RNA-Seq reads and PSI variation over bootstrap samples from the

positions spanning the splice junctions (see MAJIQ [22] for details). MAJIQ-CLIN extracts

the mean and variance of the resulting mixture of these β distributions, and matches a

new β distribution to that mean and variance for a smooth approximation of the mixture

of bootstrapped posteriors. For the patient sample, this smoothed distribution is used in

downstream calculations. For the controls, the final distribution of Ψ for a junction is given

by a distribution over the empirical means of the distributions for each sample.

0.7.2 Outlier Detection

Confounder Correction

MAJIQ-CLIN first produces uncorrected Ψ coverage for each patient and the controls to which

they will be compared (which may be different than the controls used to build the splicegraph).

Then, MAJIQ-CLIN allows users to correct for known confounders (eg. sequencing lane) and

unknown confounders (ex. a diet change never recorded) using an integrated implementation

of MOCCASIN[14]. MAJIQ-CLIN’s new MOCCASIN implementation, integrated via the

new MAJIQ V3 engine, also includes updates to MOCCASIN such as vectorization over

junctions and bootstrap replicates, removal of unnecessary steps, multi-threading and/or

distributed parallelism. These enhancements significantly improve the efficiency of CLIN.

Outlier Detection using Ψ-GAP

As described above, MAJIQ-CLIN detects outliers of two types: pLSVs and oLSVs. pLSVs

are splicing junctions unique to the patient, detected based on whether their inclusion changes

the structure of an LSV. They are permitted in at most min experiments individuals in

the control distribution (with a default value of 1). oLSVs, splicing junctions not unique

but used significantly more/less in the patient, are detected by a gap between the extreme

quantiles of the controls (from empirical distribution of Ψ posterior means) and the patient

(from posterior distribution of Ψ) called the Ψ-GAP.

The Ψ-GAP is parameterized by a parameter α. α is used similarly to a "significance level"

from two-sided null hypothesis tests. Specifically, we calculate the quantiles corresponding

to α
2 and 1 − α

2 for each distribution described above. When the intervals defined by these

quantiles overlap, the ψgap is 0; otherwise, the ψgap is quantified as the difference between

the closest quantiles. That is, if ψ{controls,patient}(q) is the q-th quantile from the controls or

patient distribution, we define
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ψgap(α)(=


ψcontrols( α

2 ) − ψpatient(1 − α
2 ) if ψcontrols( α

2 ) > ψpatient(1 − α
2 ),

ψpatient( α
2 ) − ψcontrols(1 − α

2 ) if ψpatient( α
2 ) > ψcontrols(1 − α

2 ),

0, otherwise.

Figure 1 provides a graphical illustration.

If Ψ-GAP is sufficiently large (with a default threshold of 0.1), we identify the junction as

an outlier. We only identify outliers for events which are quantifiable in the patient and over

controls (quantifiable in some minimum number of experiments in controls, default 75%).

We also ignore gaps where the difference in Ψ between the median of controls and patient

posterior mean is less than some minimum threshold (default 10%).

It’s crucial for likely causal variants to be prioritized at the top of the list returned to

the clinician. MAJIQ-CLIN lists pLSVs first, followed by oLSVs, and ranked in order of

decreasing Ψ-GAP. Additionally, CLIN offers the option to filter based on a list of known

protein-coding genes, known disease-causing genes from OMIM, or another user-submitted

list, enabling the selection of variants of particular interest.

0.8 Datasets

0.8.1 Simulated Datasets

We created a comprehensive synthetic dataset to evaluate MAJIQ-CLIN, LeafCutterMD,

and FRASER in terms of their ability to detect oLSVs and pLSVs. This synthetic approach

provided a known ground truth and a large number of samples often lacking in biological

splicing datasets. It also allowed us to evaluate tool performance on different splicing

aberrations and levels of junction inclusion. These synthetic datasets were generated using

the BEERS [25] simulator.

BEERS Simulation

We used publicly-available expression quantification data from GTEx v8 as the basis for

our simulations. We note that these quantifications are based on RSEM [36] and are

unrelated to MAJIQ, FRASER, or LeafCutterMD. We used the GRCh38 reference genome

and GENCODE v26 annotation across all simulated samples.

To simulated strand-specific reads with uniform coverage with no errors, substitutions, or

intron retention events, we ran the BEERS simulator using the following command-line op-

tions: -strandspecific -outputfq -error 0 -subfreq 0 -indelfreq 0 -intronfreq

0 -palt 0 -fraglength 100,250,500
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pLSV set

Four samples across two tissues (GTEX-1KWVE-2226-SM-CXZKN, GTEX-15E06-2926-SM-

6M48D, GTEX-18QFQ-0326-SM-731C3 and GTEX-1LG7Z-2126-SM-CXKYU) were selected

from GTEx to serve as the basis for simulated samples. Selected samples were downloaded

as FASTQ files using SRA Tools (v2.9.6). Each GTEx sample provided the gene expression

distributions underlying a set of simulated samples.

Using GENCODE, we obtained a list of constitutive transcript features: junctions, exons,

5’ and 3’ splice sites. Splice sites at the start or end of transcripts, as well as overlapping

genes, were excluded. We then selected genes containing at least one constitutive feature

and introduced splicing aberrations across all transcripts containing it as per Table 1.

Table 1: Mapping between constitutive features and their corresponding splicing aberrations.

Constitutive Feature Splicing Aberration
Junction New exon, IR
Exon Exon skipping
5’ Splice Site 5’ exon extension/shortening
3’ Splice Site 3’ exon extension/shortening

Originally, we planned to use the above data generation scheme to test all algorithms on

synthetic “patient” samples that contained thousands of these aberrations such that we

could get robust assessment of each algorithm performance across the various aberrations

types and levels of inclusion levels. However, such a testing scheme could not be used with

FRASER as its internal confounder correction flagged the “patient” sample as an outlier

due to the thousands of splicing changes and corrected it.

Given the above testing limitation we resorted to the data generation scheme described next

where each sample was introduced with only 5-100 aberrant genes such that FRASER will

not correct it. Using this list of features and the transcript quantifications of the original

GTEx samples, we generated 100 synthetic experiments. For each, we randomly chose genes

for which to replace transcripts with the aberrant ones generated above, such that each

sample would fulfill the coverage requirements outlined in Table 2. The aberrant transcripts

were introduced at one of five levels of Ψ (0.05, 0.1, 0.2 or 0.5). We then generated coverage

distributions from these transcript quantifications and sampled reads from them, all using

BEERS.
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Table 2: Minimum TPM requirements for aberrant genes in each synthetic sample.

Level Num. Aberrant Genes Min. TPM Requirements
1 5 100
2 10 5 with min. 100, 5 with min. 10
3 25 5 with min. 100, 15 with min. 10, 5 with min. 1
4 50 10 with min. 100, 30 with min. 10, 10 with min. 1
5 100 10 with min. 100, 70 with min. 10, 20 with min. 1

oLSV set

We selected 300 samples from GTEx (150 Cerebellum, 150 Muscle-Skeletal) to create

simulated samples, with each GTEx sample providing the gene expression distributions for

one simulated sample. This dataset was previously used to validate MAJIQ V2 [13]. We

randomly selected 20 cerebellum and 20 skeletal muscle RNA-Seq experiments to use as the

evaluation “cases” for all tools, with the samples from the other tissue serving as controls.

The BEERS simulation output provided transcript-level TPM quantifications for each sample,

serving as the TPM ground truth. We used MAJIQ V3 to define the LSVs in the data

and then quantified the ground truth for those LSVs and associated splice junctions using

the aforementioned BEERS TPMs. These values then served as ground truths to compare

Ψ-GAP (G) detection at one of three thresholds (G ∈ {0.1, 0.2, 0.3}).

The above oLSV data generation enabled us to reuse previously generated data efficiently

and create “natural” splice variations in terms of both coverage and occurrence across human

donor tissues. However, given the many hundreds of splicing variations per “case” created this

way we were unable to test FRASER on this data, as its algorithm seems to automatically

“corrects” the case sample.

0.8.2 Patient Datasets

We analyzed patient RNA-Seq samples from three different datasets: (1) the Cummings

dataset [6], (2) the Baralle dataset [21], and (3) the UDN dataset [20]. The Cummings

and UDN datasets were downloaded from dbGaP, while the Baralle dataset is available at

https://github.com/carojoquendo/RNA_splicing_and_disease.

The Cummings dataset is composed of 53 RNA-Seq samples from muscle biopsies of patients

with previously genetically undiagnosed rare muscle disorders. From these data and matched

exome or genome sequencing, Cummings et al. (2017) identified molecular diagnoses in 25

patients. Of these, we determined that 16 patients were candidates for RNA-first detection
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as splicing outliers (the others: 4 allele-specific expression, 2 large structural variants, and 3

core-splice site variants identified from genetic sequencing but with insufficient coverage for

detection from RNA-Seq). All samples were sequenced at the same site, so we treated these

data as if there were no confounders.

The Baralle dataset is composed of 55 RNA-Seq samples from globin-depleted whole blood

from patients with suspected Mendelian disorders with diverse phenotypes. These data were

sequenced in three batches with 7, 16, and 32 samples each, so we used batch identity as a

confounder in our analyses.

The UDN dataset is composed of 400 RNA-Seq samples from fibroblasts from patients

with suspected Mendelian disorders with diverse phenotypes and their affected/unaffected

relatives. These data were sequenced with four different sequencing instruments, so we

included sequencing instrument as a known confounder.

While batch correction and detection of outliers were limited to samples from within each

individual dataset, we included samples with RIN score greater than 6 from GTEx v8 as

additional build groups for constructing splicegraphs. For the Cummings dataset, we included

all skeletal muscle samples as a build group. For the Baralle dataset, we included all GTEx

whole blood and EBV-transformed lymphocytes samples as build groups. For the UDN

dataset, we included all GTEx cultured fibroblasts as a build group.

0.9 Evaluations

0.9.1 Pre-processing

All data was originally in the FASTQ format. We performed quality and adapter trimming

on each sample using TrimGalore (v0.4.5). We used STAR (v2.5.3a) to perform a two-step

gapped alignment of the trimmed reads to the GRCh38 primary assembly with annotations

from Ensembl release 94.

0.9.2 Tool Setup

LeafCutterMD

LeafCutterMD was run with default parameters. We removed any filtering of results based on

padj_threshold so that we could manually adjust padj_threshold when analyzing results.

Unadjusted (raw) p-values were used for ROC/PR curves, as lossy p-value adjustment can

push insignificant p-values to 1.
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For analyses excluding runtime and efficiency, some adjustments were made to the LeafCut-

terMD pipeline to speed up the pre-analysis steps. By default, the LeafCutterMD provided

“bam2junc” program does not allow parallel processing, overwriting junc files in the event of

two runs using the same bam file. We overcame this bottleneck by setting up a Snakemake

pipeline to run LeafCutterMD and replacing the default bam2junc program with one which

used junc files from a cached location. We also added another program to collectively evaluate

all required bamfiles for all experiments prior to starting a run of LeafCutterMD.

FRASER

For FRASER the FRASER2 [19] version was used for all evaluations. While no further

versions have been released, the FRASER2 GitHub has been updated with bug fixes. All

analyses use the latest version of the software available at the time of running.

FRASER was run with default parameters. We encountered an issue with the final step

in the FRASER pipeline, where the results are converted to HTML output. As such, our

FRASER runs complete at 95% without the html generation (we considered "completeness"

being the generation of results_gene_all.tsv). This is the case in the runtime and memory

analysis.

MAJIQ-CLIN

We used GENCODE V26 with the Ensembl.94.GRCh38 annotation. Each run had

controls_min_experiments set to 1 and case_min_experiments set to 0.75. The build

flag –simplify was used, activating the MAJIQ simplifier [13]. α was set to 0.1. Unless

noted otherwise, no confounders were modeled with MOCCASIN, and leave-one-out controls

were not used.

0.9.3 Analysis

Runtime and Efficiency

We compared MAJIQ-CLIN to its competitors on wall-clock run time and memory usage.

We ran each tool on the same subsets of samples from the pLSV set, in groups of 10, 20, 30,

etc., on the Children’s Hospital of Philadelphia High Performance Cluster. Runtime and

memory use were reported by SLURM [37], starting each time with fresh BAM input files.

It is notable that as these tests were run on a shared cluster environment, available resources

may have varied slightly, which accounts for some variance. One outlier point (1 threads, 50

samples) was removed from the FRASER runs due to a run error.
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Both LeafCutterMD and MAJIQ-CLIN convert BAM files to pipeline-specific intermediates

for downstream processing (bam-to-junc for LeafCutterMD, bam-to-sj for MAJIQ-CLIN).

These steps only need to be run once for each sample. LeafCutterMD takes an average of 37

minutes and 42 seconds to convert a BAM to a junc file, and MAJIQ-CLIN takes an average

of 5 minutes 33 seconds to convert a BAM to an intermediate SJ file. For MAJIQ-CLIN,

this is part of the pipeline, and done in parallel; for LeafCutterMD, the user must run

an external script. LeafCutterMD run times are therefore estimated by adding the time

for the bam-to-junc conversion of the files (extrapolated from an average runtime) to the

runtime of the steps of LeafCutterMD post- bamtojunc. A Snakemake wrapper was used for

LeafCutterMD functions to allow batch runs.

pLSV Analysis

We compared MAJIQ-CLIN, LeafCutterMD, and FRASER on the pLSV set, with oLSV

samples from appropriate tissues serving as controls. Samples derived from the same original

GTEx data were excluded from the control set to avoid bias. Sensitivity, specificity, and

precision were quantified using the set of transcripts initially defined for BEERS as the ground

truth. Results were aggregated at the gene level to ensure an equivalent comparison across

tools. Specifically, a gene was considered an expected positive if it had an aberrant transcript

added in a sample and an expected negative if it only retained its original transcripts.

In the MAJIQ-CLIN results, a gene was considered a positive hit if any junction within it

had a quantile gap of at least the quantile gap threshold (varying from -1 to 1) and had at

least 10 reads, and a negative otherwise. For LeafCutterMD, a gene was considered a positive

hit if any intron cluster within the gene was identified as an outlier with a p-value less than

the p-value threshold (varying 1 from to 1 exp −20), as well as having an absolute dPSI of at

least 0.1, and a negative otherwise. For FRASER, a gene was considered a positive hit if it

had a dPSI of at least 0.1 and a p-value less than the p-value threshold (varying from 1 to

1 exp −20) and negative otherwise.

oLSV analysis

To evaluate the ability of the tools to detect oLSVs, we took advantage of the natural splicing

variation between tissues. We randomly selected 20 Cerebellum and 20 Skeletal Muscle

RNA-Seq experiments to use as "cases" from the oLSV set described above. We then executed

MAJIQ-CLIN in one run containing two analyses, one with the 150 cerebellum samples each

run against 150 muscle skeletal controls, and the second with the tissues swapped. (The

results for only 20 cases for each tissue were ultimately used.)
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To establish the ground truth outliers for this analysis, we ran MAJIQ V2 with the 20 ’cases’

and 150 ’controls’ for each tissue. To constrain the evaluation to oLSVs, only LSVs quantified

in the case and at least one control were considered. For each of these shared LSVs, the

5th (p5) and 95th (p95) percentile E[Ψ] values were calculated across all control samples.

The ΨGAP is defined as the greater of (p5 - E[Ψ]) and (E[Ψ] - p95). This captures any

arrangement of the case and control Ψ distributions.

ΨGAP threshold G is the threshold that an LSV must pass to be called as an outlier by

MAJIQ-CLIN. In the subsequent analysis, this threshold was varied from 0 to 1. For a fixed

value of ΨGAP threshold G∗, an LSV is a "ground truth outlier" if at least one of its junctions

has ΨGAP > G∗. This compares the mean of the ground-truth Ψ distribution to the control

quantiles, as compared with MAJIQ-CLIN, which compares the extreme quantiles for the

case distribution to the control quantiles as described above. A gene is an expected positive

if it contains at least one "ground truth outlier" LSV.

As before, a gene was considered a positive hit for LeafCutterMD if any intron cluster

was identified as an outlier with a p-value below a threshold varied from 1 to 10−20. For

MAJIQ-CLIN, outliers are also called similarly to the pLSV analysis. A gene is considered a

positive if any LSV within it has a ΨGAP greater than G∗ threshold, ranging from 0 to 1,

with the pLSV flag not being considered. FRASER was not included in this evaluation due

to breaking changes in its code and dependencies that prevented it from running successfully

at the time.

Confounder Correction and Ranking

Controls were used for the Baralle samples as described in Results, with default settings.

The GTEx Muscle-Skeletal set was used as the control set for the Cummings samples. Rank

was determined by first occurrence in the list of a gene whose HGNC ID matched the solved

gene from Cummings et al. Two samples had two runs associated with them, C1 and N32.

SRR5034830 was used for C1, and SRR5020918 was used for N32. No known confounders

were specified.
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