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Abstract 
Studies of the pathological features of Amyotrophic Lateral Sclerosis (ALS) implicate 
anomalous RNA misprocessing with the disease. Here, we investigate motor cortex RNA 
stability and its genetic underpinning in a cohort of ALS patients. RNA stability captures 
information about RNA misprocessing and is estimated using total RNA sequencing data. 
Analyses of RNA stability estimates show that outliers occur disproportionally in neuronal 
pathways relevant to ALS such as synaptic vesicle recycling and neuron projection 
regeneration. The genetics underlying RNA stability are studied firstly by relating the most 
common mutation underlying ALS, C9orf72 expansions, to RNA stability. We find that C9orf72 
positive samples generally have lower RNA stabilities. Next, evolutionary scores as well as 
scores for impact on RNA-binding affinity are calculated for genetic variants. However, 
relating these scores with RNA stabilities did not yield any significant results. Overall, we 
demonstrate the importance of using RNA stability for studying ALS and recommend several 
improvements to the methodology, including the incorporation of micro-RNAs and transcript 
features into the statistical models, to capitalize on its potential for further discoveries in ALS 
and other phenotypes. 

Layman’s summary 
Amyotrophic Lateral Sclerosis (ALS) is a disease that is characterized by the degradation of 
neurons. One possible cause of this degradation is mistakes during the processing of RNA 
transcripts. In this report, we investigated whether there was a link between misprocessed 
RNA and ALS by estimating the stability of RNA transcripts. Using this approach, we show 
several links between RNA stability and biological mechanisms relevant to ALS. Overall, we 
demonstrate that there is potential for future discoveries in ALS by using RNA stability 
estimates and making several adjustments to our methods. 

Introduction 
Amyotrophic Lateral Sclerosis (ALS) is a fatal neurodegenerative disease characterized by 
progressive degeneration of motor neurons in the brain and spinal cord (Rowland and 
Shneider, 2001). Symptoms include muscle atrophy, spasticity, and dysphagia, with patients 
typically dying from neuromuscular respiratory failure 2-5 years after symptoms onset. ALS is 
the third most common neurodegenerative disease in humans, with a cumulative lifetime risk 
of ~1 in 300-400 (Brown and Al-Chalabi, 2017; Johnston et al., 2006). ALS can affect people of 
all ages, although the age of onset peaks at 65 years in Europe (Logroscino et al., 2010). 
 
Heritability analyses have indicated that individual risk for ALS includes a substantial genetic 
component of ~50-60% (Al-Chalabi et al., 2010; Ryan et al., 2019). For 10-15% of ALS patients, 
genetic risk factors have now been identified and this has led to clinical trials involving gene 
therapy that show some clinical promise (Miller et al., 2020). The identification of additional 
genetic risk factors could help further elucidate the mechanisms causing ALS and provide new 
opportunities for treatment and genetic counseling. 
 

Genetics of ALS 
Around 10% of ALS patients have a positive family history of ALS (Talbott et al., 2016). Major 
progress has been made in discovering risk genes for familial ALS (fALS), with four genes 
(C9orf72, TARDBP, SOD1, FUS) accounting for over two-thirds of all familial cases (Chia et al., 



2018; Hardiman et al., 2017). The remaining 90% of ALS cases have no known affected family 
members and are classified as sporadic ALS (sALS). Despite the substantial implied genetic 
component for individual ALS risk, only about 15% of sALS cases can be explained by risk genes 
identified thus far (Chia et al., 2018). The most common cause of ALS is a C9orf72 repeat 
expansion that is found in at least 8% of sALS cases and over 40% of familial ALS cases. 
(Donnelly et al., 2013; Majounie et al., 2012). 
 
Genome-wide association studies (GWAS) of sALS suggest that rare variants underpin the 
genetic architecture of the disease (Hardiman et al., 2017; Van Rheenen et al., 2016). The 
genetics of ALS are complex as oligogenic inheritance, pleiotropy, and gene-environment 
interactions obscure links between variants and phenotype.  
 
Nevertheless, over 40 genes have now been associated with ALS (Gregory et al., 2020). 
Studying the putative function of these genes may give insights to the mechanisms underlying 
the disease. Studies following this approach identified three major types of upstream 
mechanisms that converge to the pathway of neuron degeneration characteristic to the 
disease. These processes are 1) impaired protein homeostasis 2) RNA misprocessing, and 3) 
disruptions in axonal transport (Barmada, 2015; Ghasemi and Brown, 2018; Masrori and 
Damme, 2020). The focus of this research will be on the second. 
 

RNA processing 
Between DNA transcription and fulfilling its final function, RNA is subject to several regulatory 
processes, including pre-mRNA processing, nuclear export, localization, and decay (Figure 1; 
Alberts et al., 2014). RNA-binding proteins (RBPs) and micro-RNAs (miRNAs) that interact with 
the transcript control many of these processes. Loss of function of the FUS and TDP-43 RBPs 
have often been associated with ALS (Da Cruz and Cleveland, 2011; Ishigaki and Sobue, 2018; 
Paez-Colasante et al., 2015). Specifically, FUS and TDP-43 regulate the transcription, splicing 
and transport of many mRNAs. (Buratti, 2008; Ishigaki and Sobue, 2018). Collectively, these 
observations underscore the importance of RNA misprocessing in ALS. The aggregate effects 
of RNA misprocessing can be studied using a proxy metric: the stability of RNA transcripts. 
Indeed, Alkallas et al. (2017) showed that the number of RBP and miRNA binding sites in 3’ 
UTRs in a regulatory model consisting of the RBFOX1 and ZFP36 RBP families together with 
four miRNAs was significantly predictive of brain mRNA stability.  
 



 
Figure 1: Post-transcriptional controls on gene regulation. Taken from Alberts et al. (2014; Figure 7-54, pg. 413). 

RNA stability 
The stability of an RNA transcript is a key determinant of its abundance. Generally, exonic 
read abundance is assumed to be a proxy purely for transcriptional activity. However, this is 
a simplification that fails to account for differences in stability between transcripts (Furlan et 
al., 2021). For instance, lowly expressed genes with highly stable transcripts may have the 
same exonic read abundance as highly expressed genes with low stability transcripts. While 
the consequences of post-transcriptional regulation are captured by exonic read abundance, 
it is hard to distinguish it from transcriptional regulation. Gaidatzis et al. (2015) showed that 
measuring changes in both exonic and intronic read abundance enables the separation of 
transcriptional and post-transcriptional regulation. This approach seems especially suited for 
the brain, where intronic reads are relatively abundant, unlike in other tissues (Ameur et al., 
2011). However, one caveat of this approach is that it assumes that intronic read abundance 
is solely influenced by transcription rate, thereby neglecting the RNA processing rate. 
Nevertheless, transcription rate and splicing rate seem strongly linked, possibly through co-
transcriptional splicing (Ameur et al., 2011).  
 
The stability of a transcript is primarily determined by its sequence. Transcript features such 
as transcript length, number of miRNA targets, and UTR-lengths are negatively correlated 
with RNA stability (Duan et al., 2013). GC-content is weakly positively correlated with stability. 
Additionally, the sequence will affect the ability of RBPs and miRNAs to bind, and thereby 
impact processes such as localization and degradation. 



Project outline 
In this project we aim to answer the following research questions: 

- Can total RNA sequencing be used to identify anomalous RNA stability in ALS patients? 
- Can individual estimates of RNA stability be related to individual whole genome 

sequencing data to identify relevant variants for follow up gene discovery analyses? 
To answer these questions, we first estimate RNA stability from total RNAseq. Subsequently, 
we investigate the RNA stability outliers and test for enrichment in genes or pathways. Lastly, 
we investigate the genetic underpinning of RNA stability by pairing the estimates with whole 
genome sequencing (WGS) data. 

Methods 
Data description 
RNAseq and WGS data used in this study were from New York Genome Center (NYGC, 
https://www.nygenome.org/als-consortium/) and Answer ALS (AALS, 
https://www.answerals.org/). The NYGC dataset comprises 178 ALS patients and 62 controls, 
of which 29 patients had other neurological disorders. The data were derived from post-
mortem motor cortex tissue samples. The AALS dataset contains 121 patients and 24 controls 
motor neurons samples derived from induced pluripotent stem cells. WGS data was available 
only for the NYGC dataset. Given the difference in the type of samples between the two 
datasets, each of the following processing and analyses steps were performed separately for 
the two datasets. 
 

Estimating RNA stability 
RNA stability was estimated by leveraging both intronic and exonic read counts derived from 
RNAseq data. Exonic and intronic segment coordinates were extracted from ENSEMBL 
annotation file release 99 (ENSEMBL, 2021). HTSeq-count (Anders et al., 2015) was then used 
to count the number of reads that were mapped to exonic and intronic segments of the 
human reference genome, respectively.  
 
The exonic and intronic read counts form the input for Rembrandts (REMoving Bias from Rna-
seq ANalysis of Differential Transcript Stability; Alkallas et al., 2017), a software package for 
estimating RNA stability. Rembrandts is based on a simple model for gene expression 
consisting of RNA transcription, processing, and decay. Each of these processes is assumed to 
be at steady state, which makes it possible to separate transcriptional and post-
transcriptional processes as described below. 
 
The Rembrandts RNA stability estimates are made with the assumption that intronic read 
abundances solely reflect transcriptional controls on gene expression. Exonic read 
abundances, on the other hand, reflect both transcriptional and post-transcriptional 
processes. By subtracting the logarithm of the fold-change of intronic reads (Δintron) from 
the logarithm of the fold-change in exonic reads (Δexon), the post-transcriptional component 
can be isolated. The aggregate effects of post-transcriptional regulation manifest in the 
degradation rate. Δexon – Δintron is therefore a proxy for mRNA stability: Δstability. It is 
important to note that Δstability is only a relative measure of changes in stability between 
different steady state conditions. 
 



Extending this approach for estimating RNA stability, Alkallas et al. (2017) show that using 
Δexon – Δintron gives a highly biased measure of Δstability. The bias arises due to the limited 
availability of RNA processing machinery. If there are more unprocessed pre-mRNA molecules 
present than can be handled at a given moment, then the intronic read abundance will be 
relatively higher. This gives a higher weight to transcriptional processes (Δintron) over post-
transcriptional (Δexon- Δintron), leading to an overestimation of stability. This bias is 
regressed out in Rembrandts. The final measure for RNA stability is given by Δstability = Δexon 
– Δintron - bias. Larger differences between Δexon and Δintron indicate that there was a likely 
large post-transcriptional component in the differential gene regulation. 
 
To calculate RNA stability, generally sufficient read coverage across the samples in a gene is 
needed. Rembrandts estimates a minimum read cutoff threshold that nearly maximizes the 
correlation between Δexon and Δintron. This correlation is present because both metrics are 
a function of changes in transcriptional rate. Maximizing this correlation minimizes the effects 
of noise due to low read coverage. If the read coverage is below this threshold, no stability 
value is calculated for that gene.  
 
The stability estimates made by Rembrandts were subsequently corrected for confounders. 
BRETIGEA (McKenzie et al., 2018) was used to correct for heterogeneity of brain cell types in 
the samples. BRETIGEA uses a validated set of brain cell type-specific marker genes to 
estimate the relative proportion of six major brain cell types, i.e., astrocytes, endothelial cells, 
microglia, neurons, oligodendrocytes, and oligodendrocyte precursor cells. For the NYGC 
dataset, extensive metadata were available and corrections for sequencing platform, sex, and 
RNA integrity number (RIN) were made. The AALS data was also corrected for sex. 
 

WGS data 
WGS data from NYGC were mapped to genome hg38 using Burrows-Wheeler alignment  
(BWA; Li and Durbin, 2009) following the protocols laid out by Regier et al. (2018). For variant 
calling, a joint callset was generated using GATK v4.1.0 (Auwera and O’Connor, 2020). 
 

RNA stability in ALS patients 
We performed several statistical tests to investigate anomalous RNA stability in ALS patients. 
In these analyses we used measured stability values to identify outlier genes or pathways.  
 
The first analysis was aimed at identifying outlier genes. Measured stability values were 
compared to simulated values using a permutation approach. This analysis works by 
calculating a likelihood of the stability values occurring in a gene. This likelihood is calculated 
by converting stability values to z-scores and subsequently calculating the probability of a z-
score of that magnitude occurring in a normal distribution. The resulting p-value of each gene 
is then multiplied to calculate a final likelihood for the entire gene (Figure 2a). The likelihoods 
of the observed stability values are subsequently compared to those of 1 million simulated 
likelihoods. The simulated likelihoods are calculated by taking one p-value from each sample 
(Figure 2b). If the likelihood score for a gene is more extreme than many of the 1 million 
simulations, it may indicate that this gene is characterized by anomalous RNA stability. 



 
Figure 2: Visualization of the permutation test methodology: a) A likelihood score is calculated for each gene by taking the 
product of all values of that gene, b) simulated likelihoods are calculated by taking one value from each sample and 
calculating the product of those values. 

Next, we used the p-values resulting from the permutation approach to identify pathways 
enriched in RNA stability outliers. To do this, we performed a gene set analysis using gene 
ontology (GO) terms. Gene ontology terms represent biologically relevant groups of genes. 
The GO-terms were taken from the Molecular Signature Database (MSigDb; Liberzon et al., 
2015; Subramanian et al., 2005). The gene set analysis involves correlating gene set 
membership (true/false) with the p-value of each gene. This enables us to identify pathways 
influenced by anomalous RNA stability.  
 
To further investigate the role of RNA stability in ALS, we performed two statistical tests 
linking stability values and case-control status. These two tests are a logistic regression and 
an odds ratio test. The former tests for general association between RNA stability values and 
case-control status. The latter test is focused on outliers specifically and investigates whether 
the number of outliers among all samples in a gene is related to case-control status. The 
chosen threshold for outlier stability is 1.96 standard deviations from the mean, which 
corresponds to 5% of the area of a normal distribution. The odds ratio test compares the 
fraction of samples that are outliers among cases with the fraction of outliers of controls. If 
outliers occur disproportionally in either group, the gene may be predictive of case-control 
status. 
 
We also performed replication analyses for each test. Such analyses can be performed to 
combine the results of multiple statistical tests with the same null hypothesis. In this way, we 
can combine the results of the statistical tests performed on the two different datasets for all 
genes that occur in both datasets. An important caveat here is that the data are derived from 
different sources (post-mortem samples and iPSC). However, results with a strong effect may 
still replicate in both datasets. The replication analyses were done using Fisher’s method, 
which involves taking the sum of the log of the p-values as denoted in Equation 1, with k = 
2014, the number of overlapping genes. 
 

∑−2 ∗ log(𝑝𝑖)

𝑘

𝑖=1

 

 
 

(1) 



The genetics of RNA stability 
To investigate the link between genetic variants and RNA stability, we first performed a 
logistic regression to test for association between the most common cause of ALS: C9orf72 
repeat expansions, and RNA stability values.  
 
Next, we used two different metrics that aggregate information about the downstream 
effects of the variants. If links between a metric and RNA stability are found, individual 
variants can then be investigated further. The two metrics are Combined Annotation 
Dependent Depletion (CADD) and DeepClip scores. CADD scores inform about the relative 
pathogenicity of a variant (Kircher et al., 2014), while DeepClip scores (Grønning et al., 2020) 
represent the relative effect a variant has on the binding of a specific RNA-binding protein. 
The genetic variants in the dataset were annotated using reference genome 
BSgenome.Hsapiens.UCSC.hg38. 
 
CADD scores are calculated by support vector machines that were trained on evolutionarily 
conserved and simulated single-nucleotide variants. The higher the CADD score, the more 
likely the variant is simulated, and therefore the more likely to have deleterious effects. 
 
DeepClip is a deep learning-based tool that predict scores of RNA-binding proteins binding to 
a specific sequence. DeepClip is trained to work on relatively short sequences (maximum 75 
basepairs), and we therefore cut the genome into 75 basepair long contigs surrounding a 
mutation. The effects of long-range interactions are thus not captured. DeepClip scores were 
calculated for nine RBPs: AGO1-4, ALKBH5, CAPRIN1, ELAVL1, FUS, PUM2, TDP-43, hnRNPC, 
and RBFOX1. Loss of function of two of these RBPs has often been associated with ALS: FUS 
and TDP-43 (Da Cruz and Cleveland, 2011; Ishigaki and Sobue, 2018; Paez-Colasante et al., 
2015). The other seven RBPs serve as controls, potentially enabling the isolation of ALS-
specific effects. For each specific RBP, the parameters of the deep learning model were taken 
from the DeepClip database. DeepClip scores inform about the binding affinity of a specific 
RBP to a particular sequence. By calculating the difference between DeepClip score of the 
reference sequence and that of the sequence containing the variant (ΔDC_score), we can 
estimate the effects of that variant on binding. Given the importance of RBPs in post-
transcriptional regulatory processes, mutations that disrupt such processes may lead to large 
ΔDC_scores. These ΔDC_scores may therefore have predictive power regarding RNA stability.  
 
We also used CADD scores and ΔDC_scores of variants on the 3’ UTR and 5’ UTRs. These two 
regions of the mRNA are heavily involved in many post-transcriptional processes such as 
localization and repression (Araujo et al., 2012; Mayr, 2019). Focusing on genetic variants in 
these regions may therefore provide a clearer signal of mutations that disrupt post-
transcriptional processes. Lastly, we performed odds ratio tests to test whether outlier 
stabilities are more likely if a sample contains variants with high CADD or ΔDC_scores. 

Results 
RNA stability estimates in ALS patients 
RNA stability estimates made by Rembrandts are variance stabilized after which the average 
value of all samples is subtracted. This yields RNA stability values centered around zero. Figure 
3 depicts the resulting RNA stability values for five example genes. Positive values imply that 
the sample had a relatively high transcript stability for that specific gene, as compared to 



other samples. Values departed from zero indicate post-transcriptional regulation was likely 
more important. 
 

 
Figure 3 Box-and-whisker plot of RNA stability values for five example genes to illustrate Rembrandts output visually. Positive 
values imply transcripts were relatively stable. The further values depart from zero, the more likely post-transcriptional 
regulation was important. 

2061 genes passed the read count cut-off threshold for the NYGC dataset, and 11441 for the 
AALS dataset. The large difference in the number of genes passing the threshold is due to a 
large difference in read coverage. The read coverage of the AALS dataset is generally much 
higher. 
 
The permutation test compared the stability values obtained by Rembrandts with permuted 
values to identify outlier genes. The results of these tests indicate that stability outliers did 
not occur disproportionally in any gene (Figure 4a and 4b). After false discovery correction, 
no p-values were smaller than 1. 
 



 
Figure 4: Distribution of permutation test -log10 gene p-value for the a) NYGC and b) AALS datasets. Red dashed line denotes 
threshold of p < 0.01 after FDR-correction. No p-values were significant after FDR-correction 

The next analysis was the gene set analysis, and it was aimed at identifying pathways that 
were enriched in stability outliers. These tests yielded a significant result at p < 0.05 for each 
dataset. Namely, regulation of synaptic vesicle recycling (p = 0.02) was significant for the 
NYGC dataset and neuron projection regeneration for the AALS dataset (p = 0.042) at p < 0.05.  

Figure 5 depicts the range of p-values of the gene set and the background. The top three 
pathways for each dataset in terms of lowest p-values are listed in Table 1. Additionally, the 
combined p-value, based on the Fisher’s exact test, is listed in the table. Both pathways have 
a combined p-value of 0.19. One caveat regarding these results is that the difference in source 
from which the samples were derived, i.e., post-mortem brain tissue and iPSCs, the 
replication test invalidates the assumption of a shared null hypothesis.  

Table 1: Top pathways in terms of significance from the GSEA analysis. 

Pathway NYGC p-value AALS p-value Combined p-value 

Neuron projection regeneration 1 0.042 0.19 
Postexertional Malaise NA 0.089 NA 
Negative regulation of activin 
receptor signaling pathway 

NA 0.10 NA 

Regulation of synaptic vesicle 
recycling 

0.020 1 0.19 

Spinal rigidity 0.18 1 1 
Limb girdle muscle weakness 0.59 1 1 



 
Figure 5: Box-and-whisker plot of gene set and background p-values for the a) regulation of synaptic vesicle recycling pathway 
in the NYGC dataset and b) the neuron projection regeneration pathway in the AALS dataset. 

Investigating the relationship between RNA stability and ALS further, we find that individual 
gene RNA stabilities are generally not strong predictors of case-control status in our datasets. 
After false discovery rate (FDR) correction, the GDA gene (p = 0.036), is significant at a p < 
0.05 level for the NYGC dataset, and no genes are significant for AALS. The logistic regression 
for GDA is plotted in Figure 6. Combining the adjusted p-values of the two datasets did not 
yield significant results. 

 
Figure 6: Logistic regression of stability and case-control status for GDA, the gene with the lowest p-value. The blue line 
denotes the best-fit curve for predicting case-control status based on stability values. Shading denotes the 95% confidence 
interval. 



Next, the odds ratio tested whether RNA stability outliers occurred disproportionally among 
cases or controls. The results indicate that the number of outliers in a gene is not significantly 
different between cases or controls. This is visualized in Figure 7, where p-values are plotted 
against the odds ratio. The distribution of values is skewed towards positive odds ratios (>1) 
which indicates that outliers were generally more likely to occur in cases than controls.  

  
Figure 7: Odds ratios versus FDR-corrected p-values for the a) NYGC and b) AALS datasets. Red dashed line denotes threshold 
of p < 0.01 after FDR-correction. 

Linking genetic variants and RNA stability 
Firstly, as a common cause of ALS, it is worthwhile to investigate the correlation between 
C9orf72 repeat expansions and RNA stability estimates. Figure 8 indicates that samples with 
the C9orf72 expansion generally have lower RNA stabilities (R=0.18, p < 2.2e-16). 
 



 
Figure 8: Samples with C9orf72 expansion generally have lower RNA stabilities (p < 2.2e-16). Box-and-whisker plot of RNA 
stabilities for samples with (positive) and without (negative) C9orf72 expansions. 

Next, we related CADD scores and RNA stability through a gene burden test counting the 
number of mutations with a score of >15 per sample. This threshold was chosen because 
missense variants have a median CADD score of around 15 (Kircher et al., 2014). The test was 
performed in several different configurations: all mutations, 3’ UTR mutations only, and 5’ 
UTR mutations only. However, no significant links were found between CADD and RNA 
stability for any genes after FDR-correction.  
 
To test for a relationship between ΔDC_scores and RNA stability, we used several summary 
statistics made up out of the scores of all samples in a gene. The first of these metrics was a 
gene burden test consisting of the number of mutations per sample that were among the top 
10% most impacting for RBP binding. We then performed linear regressions to test how 
predictive this summary statistic was for RNA stability. The FGF12 and ABLIM3 genes were 
the only genes for which multiple RBPs returned p-values under 1 after FDR-correction (Table 
2). Their combined p-values were 0.98 and 0.89, respectively. The lowest p-value, 0.04, is 
observed for the gene burden test of top 10% mutations for the ELAVL1 RBP predicting the 
RNA stability of ABLIM3. Largely, the number of top mutations in a sample is not a great 
predictor of RNA stability for any genes. 
 
Table 2: P-values of linear models consisting of the number of mutations in a sample that are among the top 10% most 
impacting for RBP binding and RNA stability. The most significant result for each RBP was listed in this table. 

Genes AGO1-4 ALKBH5 CAPRIN1 ELAVL1 FUS PUM2 TDP43 hnRNPC RBFOX1 Combined 

FGF12 0.12 1 1 0.28 0.53 1 1 1 1 0.98 
ABLIM3 1 0.09 0.9 0.04 1 1 1 1 1 0.89 
EPAS1 1 0.17 1 1 1 1 1 1 1 1 



SCAF8 1 1 0.22 1 1 1 1 1 1 1 
EPAS1 1 0.18 1 1 1 1 1 1 1 1 
RAB3C 1 1 1 1 1 0.06 1 1 1 1 
FAM219A 1 1 1 1 1 1 1 1 0.09 1 

 
We also tested whether significance would increase if the sum of ΔDC_scores or the most 
impacting mutation were related to RNA stability. Additionally, we performed an ordinal 
regression by converting the stability values into three discrete categories consisting of z-
scores smaller than -1, -1 to 1, and larger than 1. None of these changes to the method lead 
to increases in significance. Overall, these results indicate that CADD scores and ΔDC_scores 
generally lack predictive power for RNA stability in the current set-up. 

Discussion 
Using total RNAseq data to estimate RNA stability provided us with a novel perspective for 
studying ALS. The data indicated clear RNA stability outliers that could be studied further 
using statistical tests to identify links with ALS. These tests, namely the permutation test, 
logistic regression, odds ratio test, and gene set analysis, showed that while individual genes 
could generally not be linked to ALS based on stability outliers, several pathways could. 
The general lack of correlation between gene RNA stability and ALS, even for known ALS 
genes, may signify that anomalous stability in single genes is not a prominent feature of ALS. 
However, it may also be explained by the relatively small size of the datasets. Given the size 
of the datasets (260 and 145 samples, respectively) and the complexity of the ALS phenotype, 
it is plausible that the study is underpowered with regards to the effect sizes of individual 
genes. The specific method of estimating RNA stability employed by Rembrandts may be 
another explanation for the lack of correlation. Indeed, Furlan et al. (2020) developed 
INSPEcT, a software tool to estimate RNA stability from total RNAseq, which used a different 
method for estimating RNA stability. This method was based on a global power law 
relationship between pre-mRNA and mature mRNA. Using INSPEcT, they did find a signature 
of brain genes involved in post-transcriptional regulation. Notably, they found that these 
genes were enriched in FUS and TARDBP binding motifs, for which loss of function has often 
been implicated with ALS (Da Cruz and Cleveland, 2011; Ishigaki and Sobue, 2018; Paez-
Colasante et al., 2015).  
 
A quantitative comparison of RNA stability estimations made by Rembrandts, INSPEcT and 
EISA (Gaidatzis et al., 2015) that was performed in the same study may explain these 
contrasting results. Comparing estimated RNA stabilities to empirically measured RNA 
degradation showed Rembrandts and EISA returning stability changes opposite to those 
measured. Conversely, INSPEcT did corroborate the experimental measurements. These 
contrasting results can be explained by the different assumptions underlying the RNA stability 
estimates. Degradation was artificially suppressed in the experiment providing the RNAseq 
data. The drug responsible for this suppressed degradation is thought to also have impacted 
the RNA processing machinery negatively. Given that Rembrandts assumes changes in 
processing rates opposite to changes in synthesis rates, these processing rates were now 
overestimated. By extension, the degradation rate is then overestimated and stability, which 
is inversely proportional to degradation, underestimated. INSPEcT does not distinguish 
between processing and synthesis rates, and is therefore not susceptible to this particular 
kind of error. Collectively, these findings show that the stability estimates made by 



Rembrandts can be invalidated by factors affecting RNA processing machinery, such as 
genetic variants that affect splicing or mRNA export.  
 
Performing the analyses described in this report using INSPEcT could help strengthen 
conclusions or help identify the limitations of Rembrandts in our study. Moreover, unlike 
Rembrandts, INSPEcT provides estimates of absolute stability values and these could be used 
to compare and rank genes which opens up new possibilities for analyses. Finally, the results 
could be corroborated or challenged through replicating the analysis using larger datasets, 
which is especially relevant here given the relatively small number of samples. 
 
The gene set analyses indicated that RNA stability outliers may occur disproportionally in 
certain neuronal pathways. None of the individual genes in these pathways had a particularly 
high significance, but their aggregate effect is significantly different than the background set. 
These pathways, regulation of synaptic vesicle recycling and neuron projection regeneration 
pathways, are highly relevant to ALS. Highlighting the crucial role of vesicle function in ALS 
are findings that vesicle associated membrane protein B (VAPB; no stability estimate 
available) mRNA levels are suppressed in the spinal cords of ALS patients (Anagnostou et al., 
2010) and that a missense mutation in this gene causes ALS (Nishimura et al., 2004). Impaired 
regeneration of neurons has also been implicated with ALS (Kang et al., 2013). Important to 
note is that the causation of the relationship between RNA stability outliers and these 
pathways is unclear. It is both possible that anomalous stabilities of the transcripts in this 
pathway cause ALS or that the neuron degeneration characteristic to ALS affects the stability 
of transcripts. 
 
Furthermore, we studied whether RNA stability estimates could be related to WGS data. The 
finding that samples with C9orf72 expansions generally have lower RNA stability estimates 
highlights the potential RNA stability has for new discoveries in ALS. It is unclear how C9orf72 
expansion cause neurodegeneration, with both loss-of-function and gain-of-function 
mechanisms being proposed (Rohrer et al., 2015). Research into the consequences of lower 
RNA stabilities for C9orf72 may help shed light on this issue. 
 
Next, no significant links were established between CADD scores or ΔDC_scores and RNA 
stability. This lack of correlation between variants and RNA stability may be attributed simply 
to the limited size of the dataset, but also to the fact that RNA stability is affected by many 
factors, including environment, transcript attributes such as GC content and transcript length, 
miRNAs and RBPs. CADD scores inform primarily about the deleteriousness of a variant and 
its effects do not necessarily manifest in RNA stability. Similarly, disrupted RBP binding, to the 
extent that it is captured by ΔDC_scores, is only one factor affecting RNA stability. Extending 
the model to include both genetic and non-genetic factors may aid in establishing 
relationships between variants and RNA stability. 
 
Additionally, ΔDC_scores may not accurately represent disrupted RBP binding due to several 
caveats in their calculation. First, DeepClip takes sequences as its only input, and therefore 
does not incorporate any structural information. However, structural changes in mRNA can 
affect RBP binding (Soemedi et al., 2017). Second, due to the sequence length limitation of 
DeepClip (max 75 bp), the long-range effects of variants are not captured in the ΔDC_scores. 
Additionally, computation and time constraints as well as the limited availability of RBP 



models greatly limited the number of RBPs for which we could obtain results. Ideally, 
simulations would be run for the RBFOX1 and ZFP36 (no model available) RBP families, which 
were found to be significantly predictive of brain mRNA stability together with four other 
miRNAs by Alkallas et al. (2017). Notably, our results do not show RBFOX1 ΔDC_scores to be 
significantly predictive of mRNA stability. The incorporation of the ZFP36 RBP family as well 
as the miRNAs into the regulatory model should shed more light on if this failure to replicate 
is due to our specific method for using variants that affect RBP binding to predict RNA stability. 
Replication testing using different software tools for estimating RNA stability, such as 
INSPEcT, could provide great information into the reliability of the Rembrandts stability 
estimates. 
 
The statistical power of models relating variants to RNA stability could be increased by 
incorporating the quantified effects of disrupted miRNA binding, for example by recording 
the number of matches of seed sequences in the 3’ UTR (Alkallas et al., 2017). The 
incorporation of known stability confounders such as GC-content and transcript length (Duan 
et al., 2013) can also help to reduce noise. If relevant loci for ALS patient RNA stability are 
identified they can be replicated in larger whole genome sequencing datasets, including a 
larger dataset collected by Project MinE (Project MinE ALS Sequencing Consortium, 2018s) 
comprising over 10000 ALS patients and controls. 
  
Overall, the strengths of this research include devising methodologies for the study of RNA 
stability in ALS patients and studying the genetic basis of RNA stability. These analyses 
investigating the genetics of RNA stability could have resulted in the identification of relevant 
loci for ALS, as well as other phenotypes affected by disrupted RNA stability. The 
methodologies described in this report may lead to such discoveries if they are improved in 
several aspects. This is highlighted by the GSEA and C9orf72 expansion analyses results which 
indicate that RNA stability may capture some of the signal for ALS. The results of this study do 
come with several caveats due to limited data availability and possible flaws in the RNA 
stability estimates. Additionally, the statistical models linking genetic variants and RNA 
stability were limited in scope, and the ΔDC_score estimates had several flaws, as described 
above. Ultimately, our findings highlight the importance of RNA stability in ALS and the many 
possible improvements in the methods applied here for studying it, the potential for new 
discoveries using RNA stability remains promising. 
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