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RNA-sequencing technologies allow us to peak behind the curtain of biomolecular 

mechanisms which drive all known life on earth. The process of RNA synthesis is 

influenced by many factors, both intrinsic and extrinsic, on both micro and macro 

scales. In most RNA-sequencing experiments a component of a genetic pathway is 

manipulated after which changes on RNA abundances are investigated. In this thesis 

we examplify multiple RNA-sequencing experiments and reveal the dynamic range of 

information which can be taken from different experimental conditions using a rich 

toolbox of analytical methods. 

In chapter 2 of this thesis we review the quantitative nature of RNA-sequencing data 

and the underlying factors which are known to influence the variation in gene 

expression. Due to the incomplete understanding that we currently have of 

transcriptome dynamics we emphasize the power of RNA-sequencing over other 

technologies, which include the discovery of new genes, the potential of combining 

these data with other omics layers such as proteomics, and the utilization of the 

variation in RNA read counts to unlock a new dimension of RNA-sequencing 

experiments. 

Many transcriptome profiling studies limit themselves to protein-coding genes, as 

their deregulation can more easily be interpreted in the context of their molecular 

function. However, beyond the expression of protein coding genes, the presence of 

non-coding RNA can contain valuable information on mechanisms underlying 

biomolecular function. In Chapter 3 we explored RNA-sequencing data taken from C. 

elegans, with and without the expression of a transgene containing an aggregation-

prone stretch of 40 glutamine residues (Q40), in combination with mutations to 

MOAG-2/LIR-3. Investigation of different types of RNA—snoRNAs, snRNAs, ncRNAs, 

and tRNAs— revealed MOAG-2/LIR-3 functions as a positive regulator of Pol III-

mediated transcription of small non-coding RNAs. The result exemplify that “answers” 

to transcripome alteration can be found outside of “protein coding domains”. 

It is important to have a good strategy to follow up the analysis of transcriptome data. 

Thus, identifying systemic changes from a list of differentially expressed genes can be 
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instrumental for deciding on the direction of further research. Chapter 4 explores a 

conventional differential expression analysis to find genes which are linearly changed 

in expression among mutants mimicking constitutively acetylated, wildtype, and 

constitutively not-acetylated C/EBPα. Differential expression and over-representation 

analysis revealed that the hypoacetylated mutant of C/EBPα induces the transcription 

of genes located on mitochondrial DNA, thus resulting in an increased mitochondrial 

respiration. This insight helped to formulate the next experiments to prove that this 

gene impacts mitochondrial function. 

As we get more affordable transcriptome profiling methods, we also extend our 

studies beyond simple two-group comparisons. This results in complex study designs 

that include multiple factors, such as intervention type, time after intervention, and 

cell type. Chapter 5 delves into tackling more complex experimental designs. Here we 

analyze RNA-seq data taken from proliferating cells and cells taken 2, 4, 10, and 20 

days after ionizing radiation from three different cell types: fibroblasts, keratinocytes, 

and melanocytes. Due to the large variation in transcriptional response dynamics after 

ionizing radiation among these three cell types, temporal patterns were used for the 

identification of genes that respond to ionizing radiation. 

To investigate potential causes that drive deterioration of transcriptional programs, 

we explored genome changes associated with advanced age. In chapter 6 we analyzed 

different hallmarks of ageing using whole-genome sequencing data. Telomere length, 

mitochondrial DNA content, somatic aneuploidy for sex chromosomes, relative T-cell 

content, and insertions of retro-transposable elements all are factors which change 

with time, and simultaniously, our biological age increases with these changes. We 

created an overview of these changes as well propose a method to explore hallmarks 

of ageing based on genome sequencing markers. 

The composition of nucleotide content around transcription start site can have a huge 

effect on a gene’s mode of expression. In chapter 7 we analyzed the mechanisms 

underlying variation in gene expression and show that the intrinsic variation lies with 

the underlying genetic sequence. The variation is then further modified by epigenetic 
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changes, dietary influences, and increases with age. Predictive models of the variation 

in gene expression allowed for the identification of genes which are generally robust, 

which genes are more variable in their expression, and which genes show the strongest 

response in variability upon exposure to external factors like changes in diet and age. 

Knowing determinants of robustness of gene expression can help in studies of disease-

and ageing.  

To further explore the effect of ageing on robustness of gene expression, we used 

transcriptome profiling in wildtype mice and compared it to one from a model that 

shows increase in lifespan. In chapter 8 we apply the calculation of variability in gene 

expression for samples of young and aged mice with a genetic modification which 

delays the development of age-associated phenotypes in mice. The reduced C/EBPβ-

LIP expression due to the genetic ablation of the uORF not only delays the 

development of age-associated phenotypes, but also decreases the overall inter-

individual variability in gene expression. 

In chapter 9 we discuss the merits of the findings made in this thesis and re-iterate 

the value of approaching RNA-sequencing experiments from multiple angles to gain 

more knowledge into transcriptional (dis)-regulation characteristic for ageing and 

disease.  
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ABSTRACT  

Transcriptome sequencing is a powerful technique to study molecular changes that 

underlie the differences in physiological conditions and disease progression. A typical 

question that is posed in such studies is finding genes with significant changes 

between sample groups. In this respect expression variability is regarded as a nuisance 

factor that is primarily of technical origin and complicates the data analysis. However, 

it is becoming apparent that the biological variation in gene expression is an important 

molecular phenotype that can affect physiological parameters. 

In this review we explore the recent literature on technical and biological variability 

in gene expression, sources of expression variability, (epi-) genetic hallmarks, and 

evolutionary constraints in genes with robust and variable gene expression. We 

provide an overview of recent findings on effects of external cues, such as diet and 

aging on expression variability and on other biological phenomena that can be linked 

to it. We discuss metrics and tools that were developed for quantification of 

expression variability and highlight the importance of future studies in this direction.  

In order to assist the adoption of expression variability analysis, we also provide a 

detailed description and computer code, which can easily be utilized by other 

researchers. We also provide a reanalysis of recently published data to highlight the 

value of the analysis method. 

MAIN TEXT 
Affordable sequencing has greatly advanced our understanding of changes in 

transcription programs and their relation to diseases. One of the sequencing-enabled 

technologies, transcriptome profiling by RNA-sequencing (RNA-seq), is becoming 

increasingly popular to study molecular phenotypes. The main advantages of this 

method, when compared to hybridization microarray-based approaches, include an 

increased sensitivity and larger dynamic range, its ability to detect unannotated 

transcripts and transcript isoforms and, importantly, it enables digital quantification 



Chapter 2 

 

15 

 

(counting) of RNA molecules. As a result, RNA-seq has the potential to quantify lowly 

expressed genes, to reveal subtle changes in gene expression (Zhao, Fung-Leung, 

Bittner, Ngo, & Liu, 2014), to discover new genes, transcript isoforms and allelic 

variants for proteogenomics analysis (Low et al., 2013), and, as will be discussed later, 

digital quantification of RNAs simplifies statistical analysis of gene expression and 

interpretation of its variability. 

The typical analysis of RNA-sequencing data focuses on the finding of genes that show 

differential expression between groups. Such analysis can be done with tools like 

edgeR (McCarthy, Chen, & Smyth, 2012) or DEseq2 (Love, Huber, & Anders, 2014). The 

results call attention to genes which significantly change with respect to an average 

RNA copy number between measurable factors like age, diet, the knock-down/-out/-

in of genes of interest, and so on. Unfortunately, in such analysis, variability in gene 

expression is often ignored as it is treated as a nuisance that only diminishes statistical 

power. At the same time, gene expression is naturally a stochastic process and in some 

cases its fluctuation, rather than the mean RNA copy number, could be significantly 

influenced by an experimental factor or a physiological state. Thus, while variations 

caused by technical factors can be considered as the true nuisance factor (Risso, Ngai, 

Speed, & Dudoit, 2014), differential variability in gene expression caused by biological 

factors might represent a layer of information on gene regulation just as important as 

changes in the mean expression levels (Wang & Zhang, 2011). In this review we discuss 

recent studies exploring gene expression fluctuations, their approach to quantification 

of expression variability, contribution to understanding of the principles underlying 

physiological homeostasis and potential to uncover additional molecular phenotypes 

associated with disease. 

Sources of variability in gene expression: Poisson - “intrinsic” vs non-

Poisson - “extrinsic” gene noise 

The inter-sample differences among transcriptome profiles originate from biological 

events as well as from experimental procedures. The latter represents a source of 

technical noise due to the collection and storage of samples, the isolation of RNA, 
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selection of RNA molecules, and the preparation of library (Sultan et al., 2014). Library 

amplification and sequencing might also introduce differences depending on 

instruments, read length, and mode of sequencing. All these factors have the potential 

to complicate the analysis of true biological variability in gene expression, especially 

for large (inter-) national and prospective projects in which data is being produced 

using different versions of instruments and/or kits (McCarthy et al., 2012). Thus, when 

studying variation in gene expression, it is important to estimate technical variability 

through comparison of technical replicates prepared from the same starting material 

(Yu et al., 2014) and compare it to the degree of variability seen among biologically 

different samples (McCarthy et al., 2012).  

Putting technical variability aside, variation in gene expression originates from the 

stochastic nature of chemical reactions driving RNA synthesis (birth) and degradation 

(death). In a stationary state and in the absence of upstream cellular drives, a process 

of RNA “birth-death” is expected to be a stochastic Poisson process (Dattani & 

Barahona, 2017; Thattai, 2016). This process is described by just two kinetic 

parameters, namely the synthesis () and degradation () rates. The expectation 

(mean) and variance of RNA copy number are given by the Poisson rate (𝐸[RNA] =

𝑉𝑎𝑟[𝑅𝑁𝐴] = 𝜇) represented by a constant ratio of synthesis to degradation rates: 𝜇 =

𝜆

𝛾
= �̂�. Gene expression noise, expressed through a squared coefficient of variation in 

RNA copy number, is reciprocal to the mean of RNA copy number: 𝑐𝑣2(RNA) =

𝑉𝑎𝑟[𝑅𝑁𝐴]

𝐸[RNA]2 = 𝜇−1 (Thattai, 2016). Here, we will refer to this as Poisson noise following 

(Dattani & Barahona, 2017; Park et al., 2018; Thattai, 2016). However, in reality gene 

synthesis is more complex as it is regulated by so-called upstream cellular drives 

(Dattani & Barahona, 2017). Because upstream cellular drives are stochastic 

themselves, the RNA “birth-death” becomes a doubly stochastic (mixed) Poisson 

process. Consequently, this increases the gene expression noise to the amount that is 

contributed by all upstream drives, which we will refer to as non-Poisson noise 

following (Dattani & Barahona, 2017; Park et al., 2018; Thattai, 2016). 
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For example, promoter switching between active (ON) and inactive (OFF) states acts 

as such a drive (Fig. 1). The probability of the promoter to be in ON state (pon) is a 

Beta-distributed random variable, which depends on RNA degradation rate 

normalized k̂on =
kon

𝛾
 and k̂off =

koff

𝛾
 rates of promoter switching: pon~𝐵𝑒𝑡𝑎(k̂on, k̂off). 

This, in turn, defines the distribution of otherwise constant Poisson rate (𝜇 = �̂�pon) as 

Beta-Poisson (Dattani & Barahona, 2017; Raj, Peskin, Tranchina, Vargas, & Tyagi, 2006). 

A convenient property of mixed Poisson distributed random variables is that they 

allow for simple derivation of their moments (expectation and variance) just from the 

moments of the mixing distribution (Karlis & Xekalaki, 2005). That is 𝐸[RNA] =

�̂�𝐸[pon] = 〈𝜇〉  and 𝑉𝑎𝑟[RNA] = 〈𝜇〉 + 𝑉𝑎𝑟[𝜇] = 〈𝜇〉 + 〈𝜇〉2𝑉𝑎𝑟[pon] , from where 

𝑐𝑣2(RNA) = 〈𝜇〉−1 + 𝑐𝑣2(𝜇) = 〈𝜇〉−1 + 𝑐𝑣2(pon)  (Fig. 1). Thus, the total gene noise 

sums from Poisson noise (〈𝜇〉−1) and non-Poisson noise caused by upstream cellular 

drives, namely promoter switching (𝑐𝑣2(𝜇) = 𝑐𝑣2(pon)). 

Under limiting conditions of �̂�off ≫ �̂�on and  �̂�off ≫ 1, i.e. when a gene is transcribed 

in short bursts, the pon distribution converges to gamma (pon~𝐺𝑎𝑚𝑚𝑎(k̂on, k̂off)) and 

the resulting distribution of RNA copy number is gamma-Poisson (also known as 

negative-binomial)(Raj et al., 2006). The Gamma-Poisson representation helps 

understanding of how Poisson and non-Poisson noise are related to often measured 

in single cell experiments parameters of transcription, namely the burst size (a 

number of molecules synthesized in a burst) and burst frequency (Suter et al., 2011). 

That is because Poisson noise equals to 〈𝜇〉−1 = (𝑏𝑓𝑏)−1  and non-Poisson noise is 

𝑐𝑣2(𝜇) = 𝑐𝑣2(pon) = 𝑓𝑏
−1 , where 𝑏 = 𝜆𝑘off

−1  is a burst size and 𝑓𝑏 = �̂�on  is a burst 

frequency (Dattani & Barahona, 2017; Raj et al., 2006). Thus, non-Poisson noise is 

inversely related to burst frequency, which implies that changes in burst frequency 

are indicative of changes in non-Poisson noise. For the detailed derivations of various 

stochastic gene expression models under a mixed Poisson framework and further 

theoretical insights we refer to a compelling work by Dattani and Barahona (Dattani 

& Barahona, 2017). 
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In essence, the partitioning of the total gene noise into Poisson and non-Poisson, 

immediately corresponds to a concept of “intrinsic” and “extrinsic” gene noise 

(Elowitz, Levine, Siggia, & Swain, 2002; Swain, Elowitz, & Siggia, 2002). Two-colour 

reporter gene assays allow for the separation of within cell variations from cell-to-cell 

variation in gene expression. In this assay two identical copies of a promoter drive the 

expression of reporters: yellow fluorescent protein (YFP) and green fluorescent 

protein (GFP).  The single-cell fluorescence readout will show different expression 

levels of YFP and GFP due to the intrinsically stochastic nature of gene expression. At 

the same time extrinsic noise will be related to covariance between expression levels 

of these two reporters. Hence, the within cell gene expression fluctuations have been 

coined as “intrinsic” gene noise, while cell-to-cell variations were referred to as 

“extrinsic” gene noise. A total gene noise sums, then, from “intrinsic” and “extrinsic” 

resulting in identical partitioning of noise as Poisson and non-Poisson. 

However, defining gene noise through a combination of “intrinsic” and “extrinsic” 

noise has been subjected to criticism. First, it is not clear relative to what within 

biological system gene noise is “intrinsic” or “extrinsic” (Paulsson, 2005). Second, they 

are conditioned on each other (Sherman, Lorenz, Lanier, & Cohen, 2015). Indeed, 

“intrinsic” gene noise, or Poisson noise for that matter, is reciprocal to the mean gene 

expression. For the two-state promoter model, i.e. in the presence of upstream cellular 

drive caused by promoter fluctuation, the mean gene expression depends on the 

probability of the promoter to be in the ON state. Thus, “intrinsic” gene noise is 

coupled to upstream cellular drives. Likewise, “extrinsic” gene noise depends on the 

RNA lifetime normalized rates of promoter switching between the ON and OFF states. 

Thus, “extrinsic” gene noise is conditioned on the characteristic gene state variables 

(Dattani & Barahona, 2017; Raj et al., 2006). 

Having this in mind and considering that RNA “birth-death” is a doubly stochastic 

Poisson process, it makes more sense to stay with Poisson and non-Poisson 

partitioning of gene expression noise (Dattani & Barahona, 2017). Accordingly, 

parameters affecting the gene expression variability and thus the gene expression 
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noise, could be classified into gene state variables (kinetic parameters of RNA 

synthesis/degradation), regulatory variables (concentration of transcription factors, 

chromatin accessibility, epigenetic state, etc.), and system state variables (aging, 

metabolism or other environmental factors acting on cells) (Fig. 1). 

 

Figure 1.  A model depicting factors influencing the gene express io n var iabil i ty/noise.  Key 
equations  depict ing the parti t ioning of var iance and squared coeff ic ient of var iations into 
Poisson (b lue,  Pois. )  and non -Poisson (red,  non-Pois .)  variabi l i ty/noise are shown.  Such 
parti tioning holds true for any mixed -Poisson dist ribution,  where the Poisson rate 𝝁 is  a  
random var iable  distributed with  expectation 〈𝝁〉 and variance 𝑽𝒂𝒓[𝝁].  Key equations  for the 
expectat ion ( 𝑬[𝑹𝑵𝑨]) ,  variance ( 𝑽𝒂𝒓[𝑹𝑵𝑨])  and noise (cv 2 (RNA)) for two-state promoter model 
are expressed in terms of  burst s ize ( 𝒃)  and burst frequency ( 𝒇𝒃) .  See text  for  further detai ls.  

 

Gene state determinants of expression variability. 

If the right conditions are met, RNA polymerase II (RNAP II or RNAP2) binds to a 

promoter region and initiates transcription of the gene (Sainsbury, Bernecky, & 

Cramer, 2015). Transcription happens in short bursts followed by a refractory period 

in which no transcription takes place (Zoller, Nicolas, Molina, & Naef, 2015). A 

simplified derivation of the two-state promoter model shows that non-Poisson noise 

depends inversely on the burst frequency, while Poisson noise is reciprocal of a 

product of burst size and burst frequency (Dattani & Barahona, 2017; Raj et al., 2006). 

Each gene has its own bursting dynamics which, in turn, determines its noise (Suter 

et al., 2011). Different factors can either influence the burst frequency, a frequency of 
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promoter activation within the mean lifetime of RNA, or the burst size, the amount of 

RNA produced per unit of time within a burst (Sanchez, Choubey, & Kondev, 2013). 

Thus, any factor interfering with promoter fluctuation, RNA synthesis, or degradation 

kinetics is expected to modulate the within-cell and cell-to-cell variability in RNA 

copy number and thus gene noise. 

In eukaryotes, the RNA “birth-death” rates are orchestrated by a complex regulatory 

system. With respect to the modulation of the synthesis rate, it is worth mentioning 

the RNA splicing process. The different proteins involved in splicing and accessibility 

of alternative donor/acceptor sites can modulate RNAP II elongation rate and, thus, 

the RNA synthesis rate. For instance, RNAP II elongation rates tend to increase 

throughout introns as compared to exons (Jonkers & Lis, 2015; Kwak & Lis, 2013). 

However, splice sites themselves, in mammals, but not in yeast, act as RNAP II pausing 

sites (Churchman & Weissman, 2011; Johnson & Ares, 2016). Such pausing can be 

bypassed by the inhibition of splicing mechanisms (Nojima et al., 2015). To that, co-

transcriptional checkpoints associated with splicing can further modulate the 

synthesis rates (Alexander, Innocente, David Barrass, & Beggs, 2010; Chathoth, David 

Barrass, Webb, & Beggs, 2014). Thus RNA splicing, being intimately linked with RNA 

elongation, is expected to contribute to Poisson noise by modulating RNA “birth” rate. 

The amount of RNA observed in a cell is the consequence of equilibrium between 

synthesis and degradation. This means not only fluctuations in the synthesis rate, but 

also variations in the degradation rate are likely to influence both the average 

expression as well as the variation in expression (McAdams & Arkin, 1997; Thattai & 

van Oudenaarden, 2001). The half-life of RNA molecules depends on the length of the 

3’-poly(A)-tail which is removed through deadenylation prior to degradation (Parker 

& Song, 2004; Yamashita et al., 2005). As a direct consequence of the two-state 

promoter model, the total gene expression noise (Poisson and non-Poisson) is directly 

proportional to the RNA degradation rate. This implies an increased noise level for 

RNA species with shorter half-life and a decreased noise for the stable RNA molecules. 

For example, the presence of certain microRNAs have been shown to increase the rate 
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of RNA deadenylation (L. Wu, Fan, & Belasco, 2006) and one can predict that such a 

mechanism will turn up the gene noise. Strikingly, although RNA synthesis and 

degradation, at first glance, are two independent processes, the RNA degradation rate 

was found to be regulated by transcription (Braun & Young, 2014; Haimovich, Choder, 

Singer, & Trcek, 2013). In terms of gene noise, the existence of a coupling between 

synthesis and degradation rates has a profound consequence as it leads to non-Poisson 

RNA “birth-death” process even in the absence of upstream cellular drives (Thattai, 

2016). 

Finally, it is reasonable to assume that the kinetics of transcriptional bursts and as a 

result, gene noise is likely to be determined by the promoter sequence and the 

surrounding architecture. Indeed, the presence of a TATA-box within the promoter is 

known to increase not only the average expression of genes, but also its noise (Blake 

et al., 2006; Raser & O’Shea, 2004; Ravarani, Chalancon, Breker, Sanchez De Groot, & 

Madan Babu, 2015). TATA-box binding protein TBP associates with distinct co-

activator complexes, each of which competes for the binding to the promoter, as it 

also mediates re-initiation of transcription by RNAP I (Ravarani et al., 2015; Sainsbury 

et al., 2015). Consequently, this promotes fluctuations in promoter activity, i.e. 

increases cell-to-cell or temporal deviations in the probability of the promoter to be 

in ON state. This, in turn, increases the gene expression noise, as non-Poisson noise 

is directly related to the fluctuations in these upstream cellular drives (Dattani & 

Barahona, 2017). Likewise, the complexity of the promoter can further increase the 

competition between distinct transcription factors and the expression noise. A simple 

promoter architecture, in which the promoter region is free from secondary regulation 

tends to generate little noise (Hornung et al., 2012; Sharon et al., 2014). DNA variants 

in the promoter region can modulate the binding affinity of transcription factors, 

consequently changing both the average gene expression and expression noise 

(Hornung et al., 2012). Besides competition for transcription factor binding within a 

promoter, competition between distinct promoters might also increase the gene noise 

by lowering the promoter burst frequencies (Ravarani et al., 2015). Next to that, the 
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presence of a so called ‘speed bumps’ downstream of the transcription start site can 

cause RNAP2 stalling (Adelman & Henriques, 2018), which might be detrimental for 

determination of bursting kinetics and noise. Although, further mechanistic insights 

into impact of gene state variables on gene noise remain to be made, the logic of 

doubly stochastic Poisson “birth-death” process and the two-state promoter model 

provide valuable tools for the dissection of gene noise determinants through the 

modelling of RNA “birth-death” rates. 

Epigenetic determinants of expression variability. 

In eukaryotes, promoter accessibility and RNA synthesis are modulated by the 

epigenetic state of a gene, which sums from the DNA methylation status, nucleosome 

assembly and post-translational histone modifications. The epigenetic landscape is 

not static, as environmental cues such as diet, smoking, physical exercises and ageing 

can alter the epigenetic composition of the chromatin throughout organism’s lifetime 

(Bauer et al., 2016; Fraga et al., 2005; Hannum et al., 2013; Tan et al., 2017; Voisin, 

Eynon, Yan, & Bishop, 2015). Methylation patterns were shown to vary with circadian 

rhythm (Azzi et al., 2014). Methylation of CpG islands in promoter regions can alter 

transcription dynamics, resulting in the repression of transcription (Blackledge & 

Klose, 2011). In general, the presence of CpG islands in promoters lowers gene noise 

(Faure, Schmiedel, & Lehner, 2017; Morgan & Marioni, 2018). This might seem 

somewhat paradoxical, as increased CpG methylation is associated with increased 

nucleosome occupancy (Collings & Anderson, 2017) and, as result, it is expected to 

elevate gene noise because of the lower promoter accessibility for transcription factor 

binding. However, occurrence of CpG islands in promoters of robustly expressed 

genes, i.e. in genes with low transcriptional noise, does not imply an increased 

methylation of their promoters. At the same time, a long-standing hypothesis suggests 

that DNA methylation might suppress cryptic transcription initiation from within the 

body of a gene, thereby reducing transcriptional noise (Bird, 1995; Huh, Zeng, Park, & 

Yi, 2013). Thus, it will be important to address these factors in future research on how 
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DNA methylation partitions between promoter and gene body in genes with robust 

and noisy expression. 

Assembly of eukaryotic DNA into nucleosomes adds yet another layer of complexity 

to gene regulation and is likely to modulate gene expression noise (Chereji et al., 2016). 

Indeed, TATA-containing promoters favouring nucleosome assembly tend to further 

increase the noise due to a competition between TBP and nucleosomes (Choi & Kim, 

2009; Sanchez & Golding, 2013). Further, histones that constitute nucleosomes are 

subjected to a wide range of post-translational modifications, collectively known as a 

histone code (Allis & Jenuwein, 2016). Transcription co-activator or co-repressor 

complexes recognize particular combinations of histone modifications tuning both 

gene expression level and expression variability (Faure et al., 2017; S. Wu et al., 2017; 

Zaugg & Luscombe, 2012). Thus, it may not be surprising that the presence of 

conflicting histone marks, i.e. co-occurrence of histone modifications associated with 

gene activation and repression, leads to an increased expression variability (Faure et 

al., 2017). First, bivalent histone modifications are expected to create a competitive 

state at the promoter and as a result, increase noise in the promoter activation. 

Second, bivalent histone marks might interfere with transcription initiation and 

elongation causing RNAP II to pause (Liu, Wu, Zhang, Pfeifer, & Lu, 2017). In general, 

increased acetylation of histones and an overall “loose” chromatin structure at the 

promoter are associated with low expression noise, whilst a “closed” chromatin 

configuration and deficiency in active histone marks drive a higher noise (Brown, 

Mao, Falkovskaia, Jurica, & Boeger, 2013; Dey, Foley, Limsirichai, Schaffer, & Arkin, 

2015; Nicolas, Zoller, Suter, & Naef, 2018; Small, Xi, Wang, Widom, & Licht, 2014; 

Tirosh & Barkai, 2008). In conclusion, the stochastic nature of RNA synthesis is 

intimately modulated by the stochastic nature of chromatin and DNA methylation 

states acting as upstream cellular drives (Brown et al., 2013; Feinberg & Irizarry, 2010). 

System state determinants of expression variability. 

In general, the biological processes are affected by two time-dependent factors: the 

circadian clock and aging. Interestingly, gene expression variability is also linked to 
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these factors. For example, recently it has been shown that the circadian clock 

modulates burst frequency rather than burst size. Consequently, gene expression 

noise oscillates daily along with the average gene expression (Nicolas et al., 2018). 

Aging deteriorates many physiological parameters and their variability increases with 

time and a clear epigenetic drift between monozygotic twins arises during aging 

(Fraga et al., 2005). Thus, aging is expected to have a profound effect on gene 

expression variability (Martinez-Jimenez et al., 2017). In accordance with this, the 

expression of housekeeping genes was shown to be more robust in cardiomyocytes 

from young mice as compared to old mice (Bahar et al., 2006). To that, recent studies 

in mouse models provide evidence that inter-individual variability in gene expression 

tends to increase with age and can be reduced upon interventions aimed to slow 

ageing (Müller et al., 2018; White et al., 2015). Further, a lower variation in gene 

expression was observed to correlate with the presence of H3K36me3 (Faure et al., 

2017), a histone mark that was previously associated with increased longevity (Sen et 

al., 2015), although it is not known whether this epigenetic modification is a cause or 

consequence of the increased variation in gene expression. A recent study of gene 

expression in human skin, fat and blood samples from twin samples showed a general 

decrease of expression variability with age of individuals studied (Viñuela et al., 2018), 

This surprising and, perhaps, contradictory observation on linking aging and 

expression variability warrant further investigations of expression variability using 

other populations, tissue types as well as computational approaches for its 

quantification.Variability in gene expression might explain many biological 

phenomena. 

Variability determines plasticity, i.e. a degree to which a gene can change its 

expression in response to environmental fluctuations as a consequence of fluctuation-

response relationship (Lehner & Kaneko, 2011; Sato, Ito, Yomo, & Kaneko, 2003). 

Plasticity of expression can serve a cell to adapts to a new environment (Wolf, 

Silander, & van Nimwegen, 2015). At the population level, a more varied expression of 

certain genes can produce individuals that are better prepared for changing conditions 
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at the cost of reduced metabolic efficiency (Bódi et al., 2017). This was shown on a 

microscopic scale in yeast, in which a high variability in expression of yeast plasma-

membrane transporters enhanced their adaptive capabilities to a changing 

environment (Z. Zhang, Qian, & Zhang, 2009). Selection for the yeast TDH3 enzyme 

involved in the glucose metabolism was shown to have a greater impact on expression 

noise rather than on the average level of expression, showing an example of selection 

for higher variability as an adaptation mechanism (Metzger, Yuan, Gruber, Duveau, & 

Wittkopp, 2015). Overall, genes involved in environmental responses show more 

variation in expression, which can be beneficial for non-housekeeping functions such 

as coping with stress or reacting to environmental queues (Blake et al., 2006; Pedraza 

& van Oudenaarden, 2005). Genome wide analysis of transcriptional and epigenetic 

variability across human immune cell types showed that neutrophils, one of the first-

responder cells upon an infection, contained the largest variation in both methylation 

and expression and alluding that variability might be an important factor in immune 

response (Ecker et al., 2017). Also inter-population variability has shown that genes 

can have similar levels of expression variability across individuals and populations, 

with the largest differences observed among genes associated with immune response 

and disease susceptibility such as chemokine receptor CRCX4 that is important for 

HIV-1 infection, where variation in expression may underlie difference in disease 

susceptibility (Li, Liu, Kim, Min, & Zhang, 2010). In contrast, genes involved in growth 

and development (Sears et al., 2015), as well as genes which provide a universal 

function, such as protein synthesis or degradation generally (e.g. translation initiation 

and ribosomal proteins) show a relatively robust expression (Newman et al., 2006). 

Similarly, genes central in gene networks, like key pluripotency regulator Pou5f1 

(Mason et al., 2014) or encoding products that are critical to the survival of cells (also 

known as essential genes, since their deletion is lethal) and genes which code for 

multi-protein complexes have evolved to minimize their expression noise (Fraser, 

Hirsh, Giaever, Kumm, & Eisen, 2004; Lehner, 2008; MacNeil & Walhout, 2011). Finally, 

a recent study in humans showed that long non-coding RNAs, such as anti-sense 

transcripts from the genomic loci corresponding to known protein-coding genes, 
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display a higher inter-individual expression variability as compared to protein-coding 

genes (Kornienko et al., 2016) substantiating their role in adaptation. 

Another biological phenomenon where the expression variability might play an 

important role is incomplete penetrance (Raj, Rifkin, Andersen, & van Oudenaarden, 

2010; Raj & van Oudenaarden, 2008). The latter study shows that in C. elegans mutants 

with more stochastic expression of end-1 gene, a threshold for activating expression of 

elt-2, the master regulator of intestinal differentiation may or may not be reached, and 

hence only some of mutant embryos will develop intestine.  Different levels of 

expression in individuals with a similar or even isogenic genetic background can 

explain why some individuals develop severe disease while others have a mild or even 

wild-type phenotype. Even individuals which are genetically identical can show 

phenotypic differences and even personality traits, as recently reviewed in (Ecker, 

Pancaldi, Valencia, Beck, & Paul, 2018). Studying transcriptomes from the viewpoint 

of expression variability can provide new explanations for mechanisms of disease 

development. Prerequisites for analysis of differential variability in gene expression.  

Despite the high promises of differential variability analysis, several important factors 

should be taken into consideration when planning and performing this type of 

analysis. 

Sufficient number of samples. While some of the studies investigating expression 

variability used as few as 3 samples per group (White et al., 2015), technical biases in 

library preparation and sequencing can have profound effects on the differential 

variability estimates. For a reproducible analysis of differential variability, a larger 

sample size is required in contrast to studies where a differential mean expression is 

tested (Yip, Sham, & Wang, 2018). This is further exemplified below by means of power 

analysis in the section showcasing the differential variability analysis for mice. 

Avoiding batch effects. Since technical variation can mask the effects coming from 

biological differences, it is important to perform all technical procedures in a single 
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batch or, whenever that is not possible, randomly distribute samples from different 

groups among experiment batches. 

Accounting for variability in transcript structure. While most of current studies 

quantify variability using number of molecules or number of sequencing reads 

corresponding to the gene, the structure of the transcript is rarely taken into account. 

Yet, variability in pre-mRNA maturation is also observed (Wan & Larson, 2018). At the 

splicing level, statistical methods were developed to identify genes with condition-

specific splicing ratios (Gonzalez-Porta, Calvo, Sammeth, & Guigo, 2012), while 

variation in splicing can be defined and quantified using a recently suggested local 

splicing variation units (Vaquero-Garcia et al., 2016). Future methods for differential 

variability analysis, therefore, should consider not only quantitative, but also 

structural variability of gene products. 

The first two points are rather general experimental design considerations, while the 

latter is more specific for RNA-sequencing based profiling of gene expression.   

Statistical inference of gene expression variability 

Several metrics have been proposed to measure the variability of gene expression, such 

as variance (𝜎2), the (squared) coefficient of variation (𝑐𝑣, also known as signal to 

noise ratio), Fano factor (also known as noise strength), and their robust counterparts 

median absolute deviation from the median (MAD), (quartile) coefficient of 

dispersion (COD or QCOD), etc. (de Torrente et al., 2017; Ran & Daye, 2017; Sanchez 

& Golding, 2013) (Table 1). 

Applicability and interpretation of these metrics depend on how gene expression data 

was obtained and processed. For example, variance stabilizing transformations (VST, 

𝑓(𝑥)) of microarray hybridization intensities or normalized RNA counts (such as CPM 

- counts per million or FPKM – fragments per kilobase of transcript per million) 

transform mean and variance as 𝐸[𝑓(𝑋)] ≈ 𝑓(𝜇𝑋)  and 𝑉𝑎𝑟[𝑓(𝑋)] ≈ (𝑓′(𝜇𝑋))2𝜎𝑋
2 

respectively, following the 1st-order Taylor expansion, where 𝜇𝑋  and 𝜎𝑋
2  are original 

mean and variance respectively. Among commonly used VSTs are the logarithm 
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( 𝑙𝑜𝑔2(𝑋) ) and generalized logarithm ( 𝑔𝑙𝑜𝑔2(𝑋) = 𝑙𝑜𝑔2(𝑋 + √𝑋2 + 1) ) functions 

(Huber, von Heydebreck, Sultmann, Poustka, & Vingron, 2002). This implies that the 

variance of 𝑙𝑜𝑔2  or 𝑔𝑙𝑜𝑔2  transformed variables corresponds to the squared 

coefficient of variation of the original variable (𝑐𝑣𝑋
2) as 𝑉𝑎𝑟[𝑙𝑜𝑔2(𝑋)] ≈ log(2)−2 𝜎𝑋

2

𝜇𝑋
2 =

log(2)−2 𝑐𝑣𝑋
2 and 𝑉𝑎𝑟[𝑔𝑙𝑜𝑔2(𝑋)] ≈ log(2)−2 𝜎𝑋

2

𝜇𝑋
2 +1

≈ log(2)−2 𝑐𝑣𝑋
2 (for 𝜇𝑋

2 ≫ 1). Thus, it 

makes no sense to estimate neither 𝑐𝑣 nor Fano factor for VST transformed variables 

as their variance is already proportional to 𝑐𝑣𝑋
2 . Similar logic applies to robust 

measures of variability as 𝑀𝐴𝐷[𝑙𝑜𝑔2(𝑋)] ≈ 𝑚𝑒𝑑𝑖𝑎𝑛(|𝑙𝑜𝑔2(𝑋𝑖/�̃�)|)  and 

𝑀𝐴𝐷[𝑔𝑙𝑜𝑔2(𝑋)] ≈ 𝑚𝑒𝑑𝑖𝑎𝑛(|𝑙𝑜𝑔2(𝑋𝑖/�̃�)|)  (for 𝑋𝑖 ≫ 1), and additional normalization 

of 𝑀𝐴𝐷 to the median of VST transformed variable is unnecessary. 

In contrast, when dealing with untransformed variables emitted by Poisson or mixed-

Poisson processes (such as RNA-sequencing counts), normalization to the mean is 

required due to the presence of the mean-variance relationships. 𝑉𝑎𝑟[𝑋] = 𝜎𝑋
2 = 𝜇𝑋 

for Poisson and 𝑉𝑎𝑟[𝑋] = 𝜎𝑋
2 =  𝜇𝑋 + 𝛼𝑋𝜇𝑋

2  for mixed-Poisson distributed RNA 

counts, where 𝛼𝑋 > 0 is the overdispersion parameter (Karlis & Xekalaki, 2005). Then, 

Fano factor turns to be handy for estimation of deviation from Poisson process, as 𝐹 =

𝜎𝑋
2/𝜇𝑋 > 1 indicates overdispersion, while 𝑐𝑣𝑋

2 = 𝜇𝑋
−1 + 𝛼𝑋  partitions noise into two 

asymptotically orthogonal parameters of mixed-Poisson distributions, which we refer 

to as Poisson and non-Poisson noise. In the section showcasing the differential 

variability analysis for mice we demonstrate statistical inference of both 𝜇𝑋 and 𝛼𝑋 

parameters for genes’ RNA counts. 

So far, statistical inference of expression variability is limited to only a few tools. For 

instance, tools, such as AEGS and pathVar aim to discover biological pathways, for 

which the expression variability changes. AEGS is a webserver that uses case-control 

data and allows to identify which of pre-defined gene sets (e.g. genes belonging to the 

same gene ontology category) are more variable expressed and ranks variability of 

individual genes within each set (Guan, Chen, Ye, Cai, & Ji, 2018). The tool is also 

available as standalone program and can, in principle, be easily integrated into RNA-
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Seq analysis pipelines. PathVar enables case-control pathway-based interpretation of 

gene expression variability, but can also compare a single group of samples against a 

background distribution (de Torrente et al., 2017). This tool is available from 

Bioconductor collection of packages, provides a broad choice of variability measures 

and can also become part of routine transcriptome analysis. 

Another tool, MDseq employs a generalized linear model (GLM) to estimate 

statistically significant changes in both expression mean and variability in response to 

experimental factors (Ran & Daye, 2017). Although MDseq considerably expands the 

standard GLM approach employed in many tools for differential gene expression 

analysis, its current implementation seems to be limited to a fixed effect negative 

binomial (NB) model (Ran & Daye, 2017). To that, MDseq parametrization of the NB 

implies a linear mean-variance relationship for RNA counts: 𝑉𝑎𝑟(𝑋) = 𝜇𝜑 , while 

many RNA-seq studies suggest a quadratic relationship (McCarthy et al., 2012). In fact, 

a quadratic mean-variance relationship originates from the mixed-Poisson nature of a 

stochastic process driving the RNA synthesis and degradation (Dattani & Barahona, 

2017; Iyer-Biswas & Jayaprakash, 2014; Park et al., 2018; Raj et al., 2006). 

In brief, for a mixed-Poisson processes, the Poisson rate (𝜇), represented by a ratio of 

RNA synthesis to degradation rates, is assumed to be a random variable with 

expectation 𝐸(𝜇) =  𝜇 and the variance defined by an underlying mixing distribution 

𝑔𝜇(𝜇). The mixed Poisson distribution of RNA counts takes the following general 

form: 𝑃(𝑋 = 𝑥) = ∫
𝑒−𝜇𝜇𝑥

x!
𝑔𝜇(𝜇) 𝑑𝜇

∞

0
, where mixing distribution 𝑔𝜇(𝜇) can take on any 

parametric form depending on upstream cellular drives (Dattani & Barahona, 2017). 

For example, promoter switching between active and inactive states (bursts) leads 

under limiting conditions to a gamma distribution of the Poisson rate (𝜇). As a result, 

the cell-to-cell distribution of the RNA copy number follows a gamma-Poisson 

distribution (also known as a negative binomial, NB) (Dattani & Barahona, 2017; Raj 

et al., 2006). Likewise, the NB distribution empirically fits well to RNA sequencing 

counts from both tissues and cell populations (McCarthy et al., 2012). 
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For any mixed-Poisson process, i.e. independent of a specific form of the 𝑔𝜇(𝜇), a total 

variance and noise (a squared coefficient of variation of RNA counts) sums from the 

Poisson (1st summand) and non-Poisson (2nd summand) parts as: 𝑉𝑎𝑟[𝑋] =  𝜇 + 𝛼𝜇2, 

𝑐𝑣2(𝑋) = 𝜇−1 + 𝛼  respectively (Karlis & Xekalaki, 2005; Rigby, Stasinopoulos, & 

Akantziliotou, 2008). Non-Poisson variation – 𝛼 is often referred to as the overdispersion 

parameter or the biological coefficient of variation (𝛼 = 𝑏𝑐𝑣2) (McCarthy et al., 2012). 

The Poisson and non-Poisson variation are also assigned as “intrinsic” and “extrinsic” 

respectively (Paulsson, 2005). Thus, the goal of differential gene expression analysis is 

to estimate the average RNA copy number - 𝜇, while that of differential gene noise 

analysis is to estimate overdispersion - 𝛼 from a distribution of RNA counts. 

 

A showcase for differential gene expression variability analysis using 

GAMLSS 

Here we propose to utilize GAMLSS to assess the effects of biological factors on a 

gene’s Poisson (𝜇−1) and non-Poisson (𝛼) variation. GAMLSS stands for Generalized 

Additive Model for Location, Scale, and Shape and offers immense flexibility for semi-

parametric mixed effect modelling of up to four distribution parameters (Rigby & 

Stasinopoulos, 2005; Stasinopoulos et al., 2017).  

The suggested analysis strategy has several advantages. First, GAMLSS comes with an 

extensive list of mixed-Poisson distributions along with their zero inflated/adjusted 

variants (Rigby et al., 2008). Second, GAMLSS allows for the fitting of mixed effect 

models to RNA counts. And third, smoothing terms (splines) can also be used to 

model non-linear relations of mixed-Poisson distribution parameters with continuous 

experimental variables such as age. These factors combined give it a much better 

control in the modelling of differential gene expression and variability. 

To demonstrate GAMLSS at work, we provide a brief re-analysis of age-dependent 

changes in the overdispersion (non-Poisson variation) for genes expressed in liver 

samples taken from young and old C57BL/6J mice (Müller et al., 2018). All computer 
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programs used here and description of the analysis are available as GitHub repository 

(https://github.com/Vityay/ExpVarQuant). 

We modeled genes’ RNA counts using the 𝑁𝐵(𝜇, 𝛼) distribution parametrized with 

respect to the mean (𝜇) and non-Poisson variation (𝛼) in such a way that the quadratic 

mean-variance relationship holds. The probability mass function for independent and 

identically distributed RNA counts (𝑋) for a given gene: 𝑋 ~
ind

𝑁𝐵(𝜇, 𝛼) is defined as: 

 𝑃(𝑋 = 𝑥) =
Γ(

1

𝛼
+𝑥)

Γ(
1

𝛼
)Γ(𝑥+1)

(
1

1+𝛼𝜇
)

1

𝛼
(

𝛼𝜇

1+𝛼𝜇
)

𝑥

, 

with expectation (mean) and variance of RNA counts: 𝐸[𝑋] = 𝜇, 𝑉𝑎𝑟[𝑋] = 𝜇 + 𝛼𝜇2, 

and 𝑐𝑣2(𝑋) = 𝜇−1 + 𝛼. 

Then, we specified a GAMLSS model to account for the age (young = 5 months; old = 

20 months old mice) effect on both the mean RNA counts and the overdispersion: 

log(𝑋𝑖) ~𝑎𝑔𝑒𝑗𝛽𝜇𝑗
+ 𝑙𝑜𝑔(𝑁𝑖), 

log(𝛼) ~𝑎𝑔𝑒𝑗𝛽𝛼𝑗
, 

where 𝑖 = 1, … , 𝑛  is 𝑖𝑡ℎ  observation of gene’s mRNA counts ( 𝑋𝑖 ); 𝑗 = 1, … , 𝑝  is 𝑗𝑡ℎ 

factor level (young – 5 weeks, old – 20 weeks); and 𝑙𝑜𝑔(𝑁𝑖) is offset vector represented 

by library sizes. The first equation of GAMLSS specifies a model of a factor effect, 

namely 𝑎𝑔𝑒𝑗, on library size (𝑁𝑖) normalized mean mRNA counts (𝜇𝑗 = 𝑒
𝛽𝜇𝑗 , 𝑐𝑝𝑚𝑗 =

106𝜇𝑗). Essentially, this part of the model corresponds to a GLM model of differential 

gene expression (McCarthy et al., 2012), however, GAMLSS allows for more flexibility 

as random effects and smoothing terms can also be included (Stasinopoulos et al., 

2017). The second equation of GAMLSS models a factor effect on non-Poisson noise 

(𝛼), where 𝛽𝛼𝑗
 is a maximum-likelihood estimation of overdispersion parameter (𝛼𝑗 =

𝑒
𝛽𝛼𝑗). 

Significance values of age-mediated changes in 𝜇 and 𝛼 parameters of the 𝑁𝐵(𝜇, 𝛼) 

were assessed for each gene with likelihood ratio tests (LR). For a given gene, LR test 

https://github.com/Vityay/ExpVarQuant
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statistic for changes in mean RNA counts between old and young mice was calculated 

as following: 

𝐷𝜇 = −2𝑙𝑜𝑔
likelihood for reduced model

likelihood for GAMLSS model
= −2𝑙𝑜𝑔

ℒ(𝜇0,𝛼𝑗 | 𝑋𝑖)

ℒ(𝜇𝑗,𝛼𝑗 | 𝑋𝑖)
, 

Where the reduced model omits factor effect (age) from the model of 𝜇 : 

log(𝑋𝑖) ~𝛽𝜇0
+ 𝑙𝑜𝑔(𝑁𝑖), while the age effect on non-Poisson noise was still accounted 

for. It can be readily noted that the estimation of differential gene expression by 

GAMLSS differs from that by classical GLM as the latter estimates only the shared 

overdispersion (McCarthy et al., 2012). In brief, the GLM model is specified as: 

log(𝑋𝑖) ~𝑎𝑔𝑒𝑗𝛽𝜇𝑗
+ 𝑙𝑜𝑔(𝑁𝑖), 

log(𝛼) ~𝛽𝛼0
  

in GAMLSS notation and the LR test statistic is calculated as: 

𝐷𝜇𝐺𝐿𝑀
= −2𝑙𝑜𝑔

likelihood for null model

likelihood for GLM model
= −2𝑙𝑜𝑔

ℒ(𝜇0,𝛼0 | 𝑋𝑖)

ℒ(𝜇𝑗,𝛼0 | 𝑋𝑖)
, 

where null model omits factor effect on both 𝜇 and 𝛼. Finally, LR test statistic for 

changes in non-Poisson noise was calculated by comparing GLM model (as reduced 

model for 𝛼) with full GAMLSS model: 

𝐷𝛼 = −2𝑙𝑜𝑔
likelihood for GLM model

likelihood for GAMLSS model
= −2𝑙𝑜𝑔

ℒ(𝜇𝑗,𝛼0 | 𝑋𝑖)

ℒ(𝜇𝑗,𝛼𝑗 | 𝑋𝑖)
. 

𝐷𝜇, 𝐷𝜇𝐺𝐿𝑀
 and 𝐷𝛼  are asymptotically 𝜒2-distributed with degrees of freedom equal to 

a difference between the number of compared models’ parameters. Thus, from this 

example it is clear that GAMLSS is an extension of a GLM model allowing for the 

estimation of factor effects on both parameters of the distribution of RNA counts, 

namely mean and overdispersion (non-Poisson noise). 

We excluded transcripts with zero counts in any of the samples from the analysis as 

this might bias the estimation of non-Poisson variation. In fact, an excess of zeros in 

RNA-seq data imposes a certain problem for statistical inference of the distribution 

parameters for RNA counts. Indeed, in many cases it is impossible to discriminate 
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whether observing a zero is the result of a gene being silenced or whether it is observed 

due to an insufficient sequencing depth causing dropouts of the lowly expressed 

genes. In principle, the former case corresponds to a zero-adjusted model, while the 

latter – to a zero-inflated model, and both could be fitted by GAMLSS. However, 

neither of these assumptions alone resolves the uncertainty that zero values introduce 

to transcriptome analysis. 

Having estimated the parameters 𝜇 and 𝛼 for liver genes expressed in young and old 

mice, we noted that their absolute values were practically uncorrelated (𝜌(𝜇, 𝛼) → 0). 

This could be attributed directly to the given parametrization of the 𝑁𝐵(𝜇, 𝛼), which 

implies an asymptotic independence of the estimated parameters. It follows from the 

Fisher information matrix as its element 𝐼𝜇𝛼 = −𝐸
𝜕2

𝜕𝜇𝜕𝛼
log(𝑃(𝑋| 𝜇, 𝛼)) = 0. To that, 

changes in the mean gene expression and the non-Poisson variation occurring with 

age were also almost uncorrelated (𝜌(∆𝜇, ∆𝛼) → 0). Testing under the assumption that 

the cellular RNA concentration (total number of RNA molecules per cell) is the same 

for the samples taken from young and old mice, we scored about a comparable 

number of genes for which the mean RNA counts either increased or decreased 

significantly with age (Fig. 2A, 3A). Estimation of the mean also yielded the estimation 

of the Poisson variation as they are reciprocal to each other (Poisson variation = 𝜇−1). 

In contrast to the Poisson variation, non-Poisson variation increased with age (Fig. 

2B). Importantly, applying the GAMLSS model enabled for the identification of genes 

for which the non-Poisson variation, but not the mean, changed significantly with age 

(Fig. 2B, 3B). 

However, it must be noted that the relative standard errors of overdispersion 

estimates tend to be larger than that of mean estimates. As a result, this lowers the 

statistical power of likelihood ratio test for factor effects on non-Poisson variation. 

This is evident from the power analysis of LR tests for fold changes in mean and 

overdispersion (Fig. 2C, D). 

 



 

34 

 

 

Figure 2 .  A GAMLSS analys is of age -mediated changes in gene expression and non-Poisson 
noise.  
A)  Boxplots of a  GAMLSS est imations of the mean mRNAs copy numbers (counts per mi l l ion 
mapped reads,  cpm) for  genes  expressed in the l iver  of young (5  months,  n  =  6) and old  (20 
months,  n = 6) C57BL/6J mice ( left panel) .  Scatter plot of genes’  mean mRNA copy number in 
young and old  mice (middle panel)  and a boxplot of log 2  fold changes in express ion between 
old and young mice (right panel).  S ignificantly up -  and down-regulated genes ( fa lse d iscovery 
rate,  FDR ≤ 0.05)  are indicated in red and blue respectively .  In  boxplots,  the box spans the 
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interquart i le range (IQR) from 25% (Q1)  to 75% (Q3)  and the middle l ine indicates  50% 
(median).  Whiskers  span to 1 .5 IQR from the lower (Q1)  and upper (Q3)  quarti les or are 
truncated to the min or  max v alues,  if  those are within  1.5 IQR.  
B)  GAMLSS est imation of non -Poisson variabi l i ty in mRNAs copy numbers ( left panel).  A 
scatter  plot  of  genes’  est imates of  non -Poisson var iabil ity in young and old mice (middle 
panel)  and a  boxplot of  log 2  fold  changes  in  non-Poisson variabi l i ty  with  age (r ight panel).  
Genes for which the non-Poisson noise increased or  decreased signif icant ly  with age are 
marked in red or  b lue respectively.  
C)  Heatmap depict ing a  power analys is of  the l ikel ihood ratio  (LR)  test for  fold ch anges (𝜹)  in 
𝝁𝟎 (mean counts).  For each power analysis  (1000) pa irs of samples from reference 𝑵𝑩(𝝁𝟎, 𝜶𝟎) 
and test  𝑵𝑩(𝜹𝝁𝟎, 𝜶𝟎) distr ibut ions were simulated with 𝝁𝟎 ∈ {𝟏𝟎, 𝟏𝟎𝟎, 𝟏𝟎𝟎𝟎},  𝜶𝟎 ∈ {𝟎. 𝟏, 𝟎. 𝟐𝟓, 𝟎. 𝟓} 

and 𝜹 ∈ {
𝟏

𝟒
,

𝟏

𝟑
, … , 𝟑, 𝟒}.  Sample sizes were {𝟓, 𝟏𝟎, … , 𝟏𝟎𝟎, 𝟏𝟎𝟎𝟎}.  Null  hypothes is:  𝑯𝟎: 𝝁𝟎 = 𝜹𝝁𝟎 were 

rejected at  signif icance level  of 0.05 and power was calculated as the probabil i ty  of re ject ing 
𝑯𝟎.  Red indicates h igh power,  white - low.  
D)  Heatmap depicting a power analys is of the l ikel ihood rat io (LR) test for fold change ( 𝜹)  in 
𝜶𝟎 (non-Poisson noise).  

Although a derivation of the analytical form for the power of LR tests for complex 

models deems impossible, this can be circumvented by a simulation method. To this 

end, a thousand pairs of samples of NB distributed random variables were generated 

with the given parameters 𝜇0  (counts) and 𝛼0  (non-Poisson noise) for reference 

samples and fold changes (𝛿) in one of the NB parameters for test samples. Then, LR 

tests were applied comparing simulated reference samples 𝑁𝐵(𝜇0, 𝛼0)  with test 

samples 𝑁𝐵(𝛿𝜇0, 𝛼0) and 𝑁𝐵(𝜇0, 𝛿𝛼0). The power of LR tests for 𝜇0 ≠ 𝛿𝜇0 (Fig. 2C) 

and 𝛼0 ≠ 𝛿𝛼0  (Fig. 2D) was then estimated as proportion of true positives at 

significance level of < 0.05. Obviously for all tested configurations of NB ( 𝜇0 : 

{10, 100,1000}  and 𝛼0 : {0.1, 0.25,0.5} ) the power of LR tests for mean and 

overdispersion increased with an increasing sample size. To that, the power of LR tests 

for fold changes in mean counts (Fig. 2C) is higher than that of non-Poisson noise (Fig. 

2D). Unexpectedly though, the power of LR tests tends to increase, especially for the 

tests comparing overdispersion, with increasing 𝜇0 irrespectively of the presence or 

absence of an offset parameter, which simulates library size. This suggests that an 

increase of sample size and sequencing depth (library size) will eventually increase 

the statistical power of tests aimed at comparing changes in mean expression and non-

Poisson noise. 



 

 

 F igure 3.  Examples  of d if ferentia l ly expressed genes ( A) and genes showing increase in  non -Poisson var iabil ity with  age (B).  



 

 

Figure 3 continued.  Upper panel,  boxplots of  se lected l iver genes’  mRNAs copy numbers 
(expressed as log 2 (cpm)) for  young (green,  n  =  6)  and old (red,  n = 6)  C57BL/6J mice.  Whiskers 
extend to minimum and maximum values.  Middle panel,  boxplots  of log 2(cpm) res idual values 
corrected for  genes’  grand mean express ion for young and old mice (~ gene) .  Lower panel ,  
boxplots of log 2 (cpm) residuals corrected for genes’  g roup -wise mean express ion in young 
and old  mice (~gene:age).  The middle panel  serves  to  i l lustrate d if ferent ial  gene express ion,  
while the lower panel  shows whether  the gene expression var iabil ity is  affected by age.  Genes  
were selected based on signif icance of  the age -mediated changes  in  mean mRNA counts  (A, 
FDR c p m  ≤ 0.05)  or changes in  non-Poisson var iabil ity (B,  FDR n o n - P o i s .  v a r i a b i l i t y  ≤ 0 .05).  For  (B) ,  
note an increase in log 2 (cpm) variabi l i ty  for  se lected genes  in  populat ion of  20 weeks old 
mice due to an increase in non-Poisson var iabil ity with age as  compared to 5  weeks  mice.  Left  
panel in (B)  shows genes associated with complement and coagulat ion cascades  according to 
KEGG annotat ion,  the right panel  shows a  select ion of  30  genes  with  the highest statist ical ly 
s igni ficant ga in in non-Poisson var iabil i ty.  

The expression variability analysis provides additional insights into 

dataset 

To identify biological pathways associated with the age-mediated increase in non-

Poisson variation, we fitted a ridge regression model to the log2 fold change in 

overdispersion using KEGG annotations of genes as a model matrix (Fig. 4A) (Hastie, 

Tibshirani, & Friedman, 2009; Kanehisa, Sato, Kawashima, Furumichi, & Tanabe, 

2016). Such an approach circumvents the problem of pathways overrepresentation 

analysis associated with the necessity to select a threshold for statistical significance. 

It is also well suited for the analysis of non-Poisson variation when a common trend 

for genes is to increase in variability with age. As a result, the KEGG-pathway ridge 

regression model revealed several pathways, such as the complement and coagulation 

cascades, amino acid (Val, Leu, Ile) degradation, chemokine signaling, and others for 

which non-Poisson variation increased in aged mice (Fig. 3B, 4B). 

luctuation-response relationship for RNA counts 

Gene expression noise is thought to drive gene expression plasticity due to a 

fluctuation-response relationship (Lehner & Kaneko, 2011; Sato et al., 2003). This 

implies that an absolute change in the expectation (µ) of some measurable quantity 

(X) in response to an influence is proportional to its initial variance: |𝜇1 − 𝜇0|~𝑉𝑎𝑟(𝑋). 

However, this relationship holds only true for Gaussian-like distributed quantities 

under the assumption of a fixed variance: 𝑉𝑎𝑟(𝑋1)~𝑉𝑎𝑟(𝑋0) . Nonetheless, if log 

transformed RNA counts approximate a Gaussian-like distribution, then the 
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fluctuation-response relationship takes on the following form: |log (𝜇1/𝜇0)|~𝛼 =

𝑏𝑐𝑣2, as a result of the Taylor expansions for the moments for genes expressed at large 

copy number ( 𝜇 ≫ 1 ). We noted a modest, but significant, positive correlation 

between absolute log2 fold changes in the mean gene expression for old and young 

mice with non-Poisson variation for young mice (Fig. 5A). A lack of a stronger 

correlation could be due to the violation of the fluctuation-response assumption of a 

fixed variance or overdispersion for log-transformed variables. In general, this 

substantiates the fluctuation-response relationship for the RNA copy number.  

 

Figure 4.  Pathway analys is  of  age -mediated changes in non -Poisson variabi li ty.  
A) Ridge regression model predicting age -mediated changes in non-Poisson var iabil i ty based 
on the genes’  KEGG pathway annotat ions.  
B) Top 20 KEGG pathways associated with age -mediated increase in  non -Poisson var iabil ity.  
Pathways were selected based on the ranking of  model coeff ic ients.  

Estimates of gene variation from tissues retain information on gene state 

determinants of non-Poisson noise. 

Finally, we wondered if the estimate of non-Poisson variation from RNA-sequencing 

data of cell populations contain information on gene state determinants. To this end, 

we compared the genes’ non-Poisson variation estimates with their promoter DNA-
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sequence composition. First, we noted that on average, that the non-Poisson variation 

was higher for genes that were regulated by TATA-containing promoters (Fig. 5B).  

  
F igure 5.  A) Relat ionships between the in it ia l  non -Poisson variabi l i ty in young mice and the 
age-mediated responses in the mean mRNAs counts.  Gene expression responses are 
represented as absolute log 2  ratios  ( top panel)  of mean mRNA counts in  o ld  and young  mice.  
GAMLSS est imates of genes’  non -Poisson variabi l i ty  in young  mice are g iven as  ranked valu es 
ranging from lowest (1)  to  h ighest (10).  Spearman correlat ion coeff ic ients  are shown.  Trend 
l ines were generated by LOESS local  regression.   
B-C)  TATA-box associated with  increased non -Poisson variabi l i ty  and age -mediated response 
in mean expression lev els .  (B) Boxplots show the in it ia l  non -Poisson variabi l i ty in 5 months 
old  mice (young,  upper  panel)  and absolute changes in the mean gene express ion ( lower 
panel)  for mouse genes class i f ied according to a ll  possible combinat ions of four promoter 
moti fs:  the TATA-box,  Initiator  ( Inr),  CCAAT -box and GC-box.  A group of genes lacking any of 
those is  label led as  “none”.  (C)  Scatterplot  of genes’  group -wise medians  in the in it ia l  non -
Poisson var iabil ity at  age of 5 months and the absolute changes in mean gene ex pression 
levels between old and young mice.  Genes conta in ing a TATA -box in any of  these combinat ions  
in their promoters tend to have a higher non -Poisson var iabi l ity and respond stronger to age 
with respect to the changes in mean express ion levels.  The Pea rson correlat ion coeff ic ient 
and s ignif icance are indicated.  
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Second, in accordance with the fluctuation-response relationship (Fig. 5A), aging 

induced more pronounced changes in the mean expression of genes with TATA-

containing promoters (Fig. 5B, C). Overall, this result is in agreement with the TATA-

mediated promoter fluctuation caused by a competition between distinct TBP-co-

activator complexes (Ravarani et al., 2015; Sanchez et al., 2013; Sharon et al., 2014) and 

it substantiates that gene state signals are retained in cell population estimates of non-

Poisson variation. 

To conclude this brief showcase of GAMLSS, we advocate for the use of this framework 

to dissect the determinants of both the mean RNA counts and the non-Poisson 

variation as two independent parameters of gene expression network. 

Combining other -omics data with RNA-seq can lead to new discoveries.  

A connection between the gene expression variability measured on different levels: 

cell-to-cell, inter-individual and inter-population has been suggested previously 

(Dong, Shao, Deng, & Zhang, 2011; Ecker et al., 2018). The rapid development of 

accessible and cost-efficient methods for single-cell RNA-seq (scRNA-seq) will 

provide us with improved estimates of cell-to-cell variability in gene expression 

(Potter, 2018). Flow cytometry techniques can help in the further separation into (so 

called / the suggested) macro-heterogeneity, which is the variability that encompasses 

both the on- and off- state of genes, as well as the micro-heterogeneity, which 

represents the variability in gene expression of genes in different (Huang, 2009). 

Further, recently generated large transcriptome datasets for hundreds of individuals 

(Aguet et al., 2017; Lappalainen et al., 2013) should increase our understanding of 

transcriptome variability at population level. 

Apart from transcriptomics data, large sets of epigenetics data will be of great value. 

For example, the changing landscape of histone modifications with age has been 

established (Slieker et al., 2016), as has the property of histone modifications to be 

associated with the average gene expression and variation in gene expression (S. Wu 

et al., 2017). Similarly, the beneficial effects of alterations in diet have been shown to 
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extend the lifespan of mice (Barrington et al., 2018), as has the methylation of genes 

and the consequent variation in expression been shown to contribute to the 

pathophysiology of mice on a high fat diet (H.-M. Zhang, Diaz, Walsh, & Zhang, 2017). 

In line with these two observations, it has been shown that the suppression of inter-

individual variation has positive effects on the lifespans of C. elegans (Rangaraju et al., 

2015). 

Finally, when speaking of gene expression variability, it is important to consider how 

the variability in RNA copy number translates to variability at a protein level. Often 

there seems to be a discrepancy between the amount of RNA transcribed and the 

amount of the matching protein being produced within samples (Nie, Wu, Culley, 

Scholten, & Zhang, 2007). Yet, many principles of gene noise have been derived by 

quantifying reporter genes expression on protein level, such as two-color reporter 

assay (Elowitz et al., 2002; Swain et al., 2002). To that, derivations of protein 

fluctuations from theoretical models of stochastic gene expression highlight the 

contribution of RNA-level noise to protein-level noise (Paulsson, 2005). Thus, it makes 

it reasonable to propose that gene expression variability might propagate from RNA 

to protein, from protein to cell, from cell to tissue and from tissue to organism. 

To conclude, the analysis of differential transcriptome variability complements the 

standard analysis of differential gene expression and reveals another dimension of 

expression analysis. With the further development of tools and with a wider 

acceptance of these methods, we will advance our understanding of the mechanisms 

underlying the regulation of transcription, common physiological traits and disease 

predispositions. 
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SUMMARY 

Protein aggregation is associated with age-related neurodegenerative disorders, such 

as Alzheimer's and polyglutamine diseases. As a causal relationship between protein 

aggregation and neurodegeneration remains elusive, understanding the cellular 

mechanisms regulating protein aggregation will help develop future treatments. To 

identify such mechanisms, we conducted a forward genetic screen in a C. elegans 

model of polyglutamine aggregation and identified MOAG-2/LIR-3 as a driver of 

protein aggregation. In absence of polyglutamine, MOAG-2/LIR-3 regulates the RNA 

polymerase III-associated transcription of small non-coding RNAs. This regulation is 

lost in presence of polyglutamine, which mis localizes MOAG-2/LIR-3 from the 

nucleus to the cytosol. We show biochemically that MOAG-2/LIR-3 can catalyze the 

aggregation of polyglutamine-expanded huntingtin. These results suggest that 

polyglutamine induces the aggregation-promoting activity of MOAG-2/LIR-3 in the 

cytosol. The concept that aggregation-prone proteins convert endogenous proteins to 

drivers of aggregation and toxicity adds to the understanding of how cellular 

homeostasis is progressively deteriorated in age-related diseases.  
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INTRODUCTION 

Neurodegenerative disorders such as Alzheimer's, Parkinson's or Huntington’s 

diseases represent a major health problem and demand a better understanding of 

the molecular mechanisms of pathogenesis in order to make disease-modifying 

treatments available. The hallmark of many neurodegenerative diseases is the 

presence of protein aggregates in different brain areas of affected patients (Soto, 

2003). These insoluble macromolecular structures are enriched in aggregation-prone 

proteins which – by exposing certain regions of their amino acid sequence –self-

associate in an aberrant manner with other cellular proteins, thereby hampering 

normal cellular function ((Eisenberg and Jucker, 2012; Olzscha et al., 2011), also 

reviewed in (Chiti and Dobson, 2009; Sin and Nollen, 2015)). It is not yet clear, 

however, whether these protein aggregates are actually a cause or a consequence of 

the disease. The current view is that the soluble precursors of these aggregates – in 

particular the oligomeric forms –are the cytotoxic species, and that at least in some 

cases the aggregation process can represent a protective measure to sequester these 

smaller harmful species (Arrasate et al., 2004; Bolognesi et al., 2010; Kayed et al., 

2003; Miller et al., 2011).  

These observations focus the attention on the cellular factors that can drive protein 

aggregation, which are currently poorly understood. In some cases, direct 

aggregation-promoting factors have been identified, both in humans and in animal 

models, and include SH3GL3 (Davranche et al., 2011; Sittler et al., 1998), MOAG-

4/SERF (Falsone et al., 2012; van Ham et al., 2010) and UNC-30 (Garcia et al., 2007). 

More studies, however, are needed to acquire a more comprehensive understanding 

of this phenomenon. 

In this context, the roundworm C. elegans is a much used animal model for 

neurodegenerative diseases and is proving very useful in providing a basic 

understanding of protein aggregation. If we can use this model organism to identify 

genetic modifiers of protein aggregation, then we can also characterise the cellular 
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pathways that are dysregulated in the pathogenesis of human protein misfolding 

diseases and target them for pharmacological intervention. Indeed, a wide variety of 

genetic screens have already been performed in C. elegans to find genes that regulate 

protein aggregation and its associated toxicity (Hamamichi et al., 2008; Kuwahara et 

al., 2008; Lejeune et al., 2012; Nollen et al., 2004; Silva et al., 2011; van der Goot et al., 

2012; van Ham et al., 2010). The aim of the current study is to identify genes that drive 

protein aggregation, to discover the function of such genes and to understand how 

they are related to protein aggregation. We identified the MOAG-2/LIR-3 as a modifier 

of aggregation that in the presence of polyglutamine shifts its role from a 

transcriptional regulator of small ncRNAs to an aggregation and toxicity promoting 

factor.  

RESULTS 

Inactivation of MOAG-2/LIR-3 reduces polyglutamine aggregation 

To identify genes whose products are capable of driving protein aggregation, we 

performed a forward genetic screen in a C. elegans model in which the body-wall 

muscle cells express a transgene consisting of an aggregation-prone polyglutamine 

stretch of 40 residues fused to YFP (Q40-YFP) (van Ham et al., 2010). We screened for 

mutants with reduced polyglutamine aggregation, which we named ‘modifiers of 

aggregation’ (moag) (van Ham et al., 2010). At the fourth larval stage (L4), moag-

2(pk2183) (hereafter designated as moag-2/lir-3(pk2183)) showed an about 50% 

reduction in the number of aggregates relative to the wild type Q40 worms (Figure 1A, 

B, S1A).  Single nucleotide polymorphism (SNP) mapping and genome sequencing 

allowed us to fine-map the causal mutation and revealed six genes as putative 

candidates for moag-2 (Figure S1B). For one of these, which mapped to lir-3 (lin-26 

related; sequence: F37H8.1; accession number: NC_003280), the causative mutation 

was in the start codon, replacing the first methionine with an isoleucine (Met1Ile) 

(Figures 1C and S1B). 
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Figure 1:  Identif icat ion of moag-2/l ir -3  as  an aggregation-promoting factor .   
(A) Number of aggregates  in Q40 worms and Q40; moag-2(pk2183)  worms.   
(B)  Representative images  of Q40 worms and Q40; moag-2(pk2183)  worms. Scale  bar,  75  μm. 
See a lso Figure S1A.  
(C)  Chromosomal locat ion of l ir -3  (F37H8.1,  Chromosome I I ,  reverse strand of assembly;  
http://www.wormbase.org,  WS248),  showing the point mutat ion in  the start  codon (red 
arrow),  the part ia l  delet ion (red bar) and the rescue fragment (green).  See also F igur e S1B 
and S1C.  
(D)  Number of aggregates in Q40 worms with e ither  wi ld type al le les,  or heterozygous or 
homozygous deletion for the l i r -3(tm813)  a l le le.  
(E)  Number of aggregates in  Q40 worms and Q40; l ir -3(tm813 )  worms,  with and without  
transgenic  overexpres sion of  an injected l ir -3 rescue fragment inc luding i ts endogenous 
promoter.  See a lso Figure S1D.  
(F)  Fil ter retardat ion assay with five -fold ser ial  d i lut ions of crude protein  extract  from Q40 
worms and Q40;moag-2/ lir -3  mutant worms. The results shown are from a representative 
experiment of three biologica l replicates.  Q40 -YFP and α - tubulin express ion were included as 
controls .  See a lso Figure S1E.  
(G) Q40-YFP transcr ipt  expression detected by RNA seq in L4 -stage worms and protein 
express ion detected in ure a- treated L4-stage worms and day 1 adult worms.  
In al l  panels,  aggregate counting,  representat ive images and f i l ter retardat ion assay were 
performed at the L4  stage and the average of three biological  repl icates is  represented.  Data 
are represented as mean  ± SEM and significance was calculated us ing a  one -ta iled unpaired 
Student’s t - test.  **p<0.01;  ***p<0.001  
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The lir-3 gene encodes a LIN-26-like zinc finger protein of unknown function 

(http://wormbase.org, June 2016). It is predicted to have two zinc finger domains of 

the C2H2 type (residues 191-214 and 224-247) at the carboxyl terminus and a nuclear 

localization signal spanning amino acid residues 132 to 141 (http://nls-

mapper.iab.keio.ac.jp/, June 2016) (Figure S1C). LIR-3 shares two non-canonical C2H2 

zinc finger motifs with three other C. elegans proteins: LIN-26 (31 to 35% similarity), 

LIR-1 (20 to 31% similarity) and LIR-2 (25% similarity) (Dufourcq et al., 1999). 

To assess whether moag-2 was lir-3, we used a lir-3(tm813) deletion mutant (hereafter 

designated as "moag-2/lir-3(tm813)") and crossed it with the polyglutamine (Q40) 

worm model. This strain has a 795 base-pair (bp) deletion spanning residues 276 to 

1070 of the F37H8.1 sequence that also causes a premature stop codon (Figures 1C and 

S1C). This partial deletion of lir-3 caused a 35% reduction of aggregates relative to the 

numbers seen in wild type worms (Figure 1D). Worms heterozygous for lir-3 deletion 

allele had aggregate numbers similar to those seen in the wild type, suggesting that 

the reduction of aggregation was recessive and due to the loss of function of lir-3 

(Figure 1D). We next asked whether overexpression of lir-3 could restore the 

aggregation phenotype. To this end, we injected worms with a rescue fragment, 

consisting of full-length lir-3 including a 1.5 kb sequence upstream of the start codon 

to include its endogenous promoter as well as 330 bp downstream to include the 3' 

UTR (Figure 1C). Expression of the lir-3 rescue fragment in Q40; lir-3(tm813) worms 

was able to restore the aggregation phenotype by 2-fold (p<0.001), confirming lir-3 as 

a gene responsible for driving aggregation in the polyglutamine model (Figures 1E and 

S1D). Taken together, these results demonstrate that lir-3 is the moag-2 gene. 

A specific property of protein aggregates in the brains of neurodegenerative disease 

patients that is also captured by the C. elegans polyglutamine model is that they are 

typically insoluble in strong detergents such as sodium dodecyl sulfate (SDS) (Lee et 

al., 1999; Shankar et al., 2008; Yanamandra et al., 2015). To establish whether MOAG-

2/LIR-3 promoted aggregation of SDS-insoluble polyglutamine aggregates, we 

performed a filter retardation assay on lysates of wild type and moag-2/lir-3 mutant 
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polyglutamine worms (Scherzinger et al., 1997; Wanker et al., 1999). This assay enables 

the detection of SDS-insoluble protein aggregates while, soluble species are not 

captured. Both Q40;moag-2/lir-3(pk2183) and Q40;moag-2/lir-3(tm813) mutants had 

fewer SDS-insoluble aggregates than their corresponding Q40 controls (Figure 1F). 

The reduction of SDS-insoluble aggregates was more pronounced in the point mutant 

(43%; p=0.05) than in the deletion mutant (26%; p=0.18) (Figure S1E). Mutation or 

partial deletion of moag-2/lir-3 did not cause a discernible reduction in the 

transcription or the protein expression level of Q40-YFP, indicating that moag-2/lir-3 

does not reduce aggregation by reducing expression levels of the Q40-YFP protein 

(Figure 1F,G). Together, these results indicate that moag-2/lir-3 drives the formation 

of SDS-insoluble polyglutamine aggregates.  

MOAG-2/LIR-3 is a C2H2-domain protein associated with RNA polymerase 

III promoters  

Having established that mutation of moag-2/lir-3 reduces polyglutamine aggregation, 

we next determined the endogenous function of the protein. C2H2 zinc finger 

domains are predominantly associated with DNA-binding transcription factors but 

may also have other functions such as mediating protein-protein interactions or 

binding to RNA (Brown, 2005; Hall, 2005; Krishna et al., 2003). Bioinformatics analysis 

combined with manual curation predicted MOAG-2/LIR-3 to be a transcription factor 

(Reece-Hoyes et al., 2005; 2007). To explore this possibility, we determined the 

subcellular localization of FLAG-tagged MOAG-2/LIR-3 protein in wild type N2 

worms. Indirect immunofluorescence using an anti-FLAG antibody revealed that 

MOAG/LIR-3 is localized in the nucleus (Figure 2A, S2A). 

Next, we performed chromatin immunoprecipitation followed by deep sequencing 

(ChIP seq) in L4-staged worms that expressed an integrated construct of lir-3 fused to 

FLAG and GFP  (Sarov et al., 2012; Zhong et al., 2010). This analysis yielded a total of 

678 unique MOAG-2/LIR-3 binding sites, 404 of which overlapped with 813 C. elegans 

genes.  
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Figure 2.  MOAG-2/LIR-3 preferentia lly  b inds to promoters of small  ncRNAs.  
(A) Subcellular local izat ion of MOAG -2/LIR-3 in wild type N2 worms. Sca le  bar,  50 μm. 
Arrowheads point at nucle i;  asterisk is  non -speci fic sta in ing.  See a lso Figure S2A.  
(B)  Enrichment of  b inding of  MOAG-2/LIR-3 to  d if ferent  gene b iotypes  (1kb 
upstream/downstream of  TSS)  re lative to genes  d istr ibuted genome -wide.  See a lso Figure 
S2B.  
(C)  MOAG-2/LIR-3 b inding  s ites with in  -1000 and +1000 bp of TSS  for  protein -coding,  ncRNA, 
tRNA and snoRNA genes.  
(D) Enriched consensus DNA motifs  for  MOAG -2/LIR-3 with  p value.   
(E)  Number of MOAG-2/LIR-3 b inding s ites conta in ing Box A and Box B.   
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(F)  Heat map showing the binding of d if ferent transcript ion factors to C. e legans  promoters 
of  protein-coding,  snoRNA and tRNA genes.  The h ierarchica l cluster ing was  generated using 
the average l inkage cluster  method with  a b inary  metric d istance.  

Further analyses of these genes revealed that MOAG-2/LIR-3 binding was enriched in 

the transcription start sites (TSS) of tRNA genes (35.7%, p<0.001), snoRNA genes 

(6.3%, p<0.001), rRNA genes (2.5%, p<0.001) and snRNA genes (2.2%, p<0.002) 

(Figures 2B and S2B). While MOAG-2/LIR-3 was also found in the vicinity of protein-

coding and other ncRNA genes, this binding was not significantly enriched (Figure 

2B,C and Figure S2B). 

We then asked whether the binding sites were enriched in any consensus sequence 

motif that could be recognized by MOAG-2/LIR-3. Of the 678 binding sites initially 

identified in our ChIP seq data, more than half of the sites contained Box A and Box B 

sequence motifs, 301 of which contained both motifs (Figure 2D,E). Box A and Box B 

constitute the canonical type 2 promoter site recognized by the RNA polymerase (Pol) 

III complex (Ikegami and Lieb, 2013; Schramm and Hernandez, 2002). Pol III is 

responsible for the transcription of structural or catalytic small nuclear RNAs 

(snRNAs), of tRNAs and of snoRNAs, which mediate chemical modifications of other 

RNA molecules (Bratkovič and Rogelj, 2014; Guthrie and Patterson, 1988; Schramm 

and Hernandez, 2002; White, 2011). These findings led us to hypothesize that MOAG-

2/LIR-3 may bind to the same target promoters as Pol III. Binding in the proximity of 

non-coding genes has been shown on occasion for several C. elegans transcription 

factors, including PHA-4, PQM-1 and GEI-11 (Niu et al., 2011). These observations 

prompted us to ask whether the association between MOAG-2/LIR-3 and the Pol III 

complex resembled the binding of these transcription factors to the promoters of non-

coding genes. To answer this question, we collected publicly available ChIP-seq data 

for known C. elegans transcription factors (http://www.modencode.org; September 

2014) and analysed binding to the promoters of protein-coding genes, snoRNA genes 

and tRNA genes (Figure 2F). While there is little association between MOAG-2/LIR-3 

and the promoters of protein-coding genes, the MOAG-2/LIR-3 binding profile is very 

similar to that of a group of clustered factors that contain representative components 
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of the Pol III complex. These factors include Pol III, TATA binding protein (TBP-1), 

two subunits of the transcription factor for Pol III C (TFC-1 and TFC-4) and the nuclear 

pore proteins NPP-3 and NPP-13, which have recently been shown to associate with 

the Pol III complex to regulate tRNA and snoRNA splicing (Ikegami and Lieb, 2013). 

In contrast to the majority of the other transcription factors, the binding of these 

factors is very abundant in the promoters of snoRNAs and of tRNAs (Figure 2F). 

Therefore, the binding of MOAG-2/LIR-3 to the promoters of small ncRNA genes 

suggests that MOAG-2/LIR-3 is associated with Pol III transcription. 

MOAG-2/LIR-3 is a positive regulator of Pol III-mediated transcription of 

small ncRNAs  

Because we found MOAG-2/LIR-3 to bind to the promoters of small ncRNA genes, we 

next asked what consequences this binding had for the transcription of Pol III 

downstream targets. We therefore used transcriptome profiling to compare RNA 

expression in wild type worms with that in moag-2/lir-3 mutant worms. In line with 

the absence of MOAG-2/LIR-3 at RNA Pol II promoter sites, we did not find any 

protein-coding genes that were differentially expressed between the mutants and wild 

type N2 worms, thereby excluding MOAG-2/LIR-3 as a transcriptional regulator of 

protein-coding genes (Figures 3A and S3A). Mutations in moag-2/lir-3, however, did 

result in the downregulation of snRNAs (p<0.001), snoRNAs (p<0.001) and tRNAs 

(p<0.001) in both mutants, demonstrating that MOAG-2/LIR-3 regulates Pol III-

mediated transcription of these small ncRNAs (Figures 3A and S3A). 

We next asked where in the TSS region MOAG-2/LIR-3 was positioned relative to the 

Pol III complex. To this end, we compared the positions of the ChIP-seq signals of 

MOAG-2/LIR-3 with those of the different components of the Pol III complex. For 

both the tRNA and snoRNA genes, all factors localized to the Box A and Box B-

containing promoter region, consistent with previous reports (Figure 3B,C, S3B) 

(Ikegami and Lieb, 2013). MOAG-2/LIR-3 was also positioned at these same sites 

(Figure 3B,C). 
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Figure 3.  MOAG-2/LIR-3 regulates transcr ipt ion of  smal l ncRNAs.  
(A) Boxplot showing the relative expression of d if ferent  gene biotypes in  moag-2/l i r -
3(pk2183)  worms relative to the wi ld  type N2 background.  TPM: transcr ipts per k i lobase 
mil l ion;  Coding:  protein-coding genes;  ncRNA:  non -coding RNA; Pseudo: pseudogenes;  snRNA: 
small  nuclear  RNA; snlRNA: snRNA -l ike RNA; snoRNA:  smal l  nucleolar RNA; tRNA: transfer 
RNA. The average of three biological repl icates is  represented.  ***p<0.001.  See a lso Figure 
S3A.  
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(B) Positions  of ChIP seq s ignal  maxima relat ive to TSS (r ight  y  axis)  with maximum normalized 
read count ( left y  axis)  for the 51 snoRNA genes  and the 290 tRNA  genes picked in th is study.  
Bottom box represents  the motif  position of Box  A  and Box B relat ive to  snoRNA and tRNA 
genes.  See also F igure S3B and S3C.  
(C)  Diagram showing the positions of  the Pol  I I I  factors and that of  MOAG -2/LIR-3 as  est imated 
from the data  presented in panel  (B).   
(D) Co-immunoprecip itat ion of FLAG -tagged MOAG-2/LIR-3 protein  by α -Pol I I  and  
α-Pol I I I  protein  ant ibodies.  IP:  immunoprecipitation;  WT: wi ld  type;  OE:  MOAG -2/LIR-3 
overexpress ion.  
 

Next, we tested whether MOAG-2/LIR-3 interacts physically with the Pol III complex 

by means of immunoprecipitation experiments. We found that FLAG-tagged MOAG-

2/LIR-3 protein co-immunoprecipitated with Pol III, but not detectably with Pol II, 

confirming that MOAG-2/LIR-3 cooperates with the Pol III machinery to drive 

transcription of small non-coding RNAs (Figure 3D and Figure S3C). The fact that 

MOAG-2/LIR-3 did not detectably co-immunoprecipitate with Pol II further supports 

the notion that MOAG-2/LIR-3 is not directly involved in the transcription of protein-

coding genes (Figure 3D). 

Together these results indicate that MOAG-2/LIR-3 functions as a positive regulator 

of the Pol III-mediated transcription of small ncRNAs in C. elegans.  

Regulation of protein aggregation by MOAG-2/LIR-3 is independent of its 

role as a transcriptional regulator 

Next, we asked whether MOAG-2/LIR-3 regulated protein aggregation via the Pol III-

mediated transcription of small ncRNAs. We therefore used RNAi to knock down, 

one-by-one, the individual components of the Pol III complex in both wild type worms 

and moag-2/lir-3(pk2183) mutants. To confirm RNAi knockdown, we also looked for 

RNAi-associated phenotypes other than aggregation. If Pol III-mediated transcription 

were involved in promoting protein aggregation, this would result in a reduction in 

the amount of aggregates in the wild type Q40 worms but not in the moag-2/lir-3 

mutants.  
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Figure 4:  Polyglutamine proteins reduce transcr ipt ion of small  ncRNAs .  
(A )  Number of aggregates measured in  Q40 and Q40; moag-2/lir -3(pk2183)  worms after  RNAi  
knockdown of indiv idual components of the Pol I I I  complex.  As an internal qual ity control for 
RNAi,  squares  indicate penetrance (50% [half -open]  and 0% [open])  of  al l  associated v is ib le 
RNAi phenotypes other than aggregation.  See a ls o F igure S4A and S4B.  
(B) Number of aggregates  measured in  Q40 and Q40; moag-2/ lir -3(pk2183)  worms upon RNAi 
knockdown of  tRNA process ing enzymes.  See also Figure S4C.  
(C-D) Boxplot showing the relative expression of d if ferent gene biotypes in Q40 and 
Q40;moag-2/l ir -3(pk2183)  worms  (C)  and in N2 and Q40 wi ld type worms (Q40 wi ld type 
outcrossed from pk2183 )  (D) .  TPM: transcr ipts  per  k i lobase mil l ion;  Coding:  protein -coding 
genes;  ncRNA: non-coding RNA; Pseudo: pseudogenes;  snRNA: small  nuclear RNA; snlRNA: 
snRNA-l ike RNA;  snoRNA:  smal l  nucleolar RNA; tRNA: transfer RNA. See also F igure S4D,  E) .  
In panels A  and B,  aggregate counting was performed at  the L4 stage and the average of  three 
biologica l replicates  is  represented.  Data  are represented as  mean ± SEM.  In  panels C  and D,  
the average of  three biologica l replicates  is  represented.  ***p<0.001; ns is  not  signif icant.  
See a lso Figure S4D and S4E.  
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However, knockdown of Pol III, TBP-1 or TFC-1 did not alter aggregation in the Q40 

worms, nor in the Q40;moag-2/lir-3 mutant strains, indicating that – in the absence of 

moag-2/lir-3 – it is not the resulting lack of Pol III-mediated transcription that is 

responsible for the reduction in aggregation (Figures 4A and S4A,B). 

The nuclear pore protein npp-13 has been shown to interact with the Pol III complex 

and regulate the processing of small non-coding RNAs (Ikegami and Lieb, 2013). The 

aggregation phenotype was not altered by knock down of npp-13 or of tRNA-

processing enzymes, indicating that neither small RNA processing nor the availability 

of mature tRNAs is involved in reducing aggregation (Figures 4A,B and S4A-C). These 

results indicate that the regulation of protein aggregation by MOAG-2/LIR-3 is 

separate from its involvement in RNA transcription together with the Pol III complex.  

Polyglutamine suppresses transcription of small ncRNAs 

We next addressed why the MOAG-2/LIR-3’s involvement in driving protein 

aggregation was independent of its role as a transcriptional regulator. We therefore 

first compared the RNA expression profiles of wild type Q40 worms with those of 

moag-2/lir-3 mutant Q40 worms. In contrast to wild type N2 worms, there was no 

longer a reduction in the relative expression levels of the small ncRNAs in the presence 

of polyglutamine (Figures 4C and S4D). When we then measured the absolute levels 

of all RNAs, we found that – in contrast to the protein-coding RNAs, pseudogenes and 

other ncRNAs – the expression of snRNAs, snoRNAs and tRNAs was already strongly 

reduced in wild type Q40 worms (p<0.001; Figure 4D, S4E). This finding explained 

why mutations in moag-2/lir-3 could no longer reduce expression in these Q40 worms 

(Figures 4C and S4D) and indicated that presence of polyglutamine results in 

downregulation of small ncRNA expression. 

MOAG-2/LIR-3 increases polyglutamine toxicity 

Having identified MOAG-2/LIR-3 as a regulator polyglutamine aggregation we asked 

whether it regulates the toxicity of polyglutamine as well. For this we compared the 

motilities of animals with or without overexpression of FLAG-tagged MOAG-2/LIR-3 
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in absence or presence of polyglutamine over de course of 12 days. In absence of 

polyglutamine, FLAG-tagged MOAG-2/LIR-3 had no effect on the motility in young 

adults but improved the motility of old adult animals (Figure 5A). In contrast, in 

worms expressing polyglutamine, overexpression of MOAG-2/LIR-3 accelerated the 

age-dependent decline in motility (Figure 5B). To note, a deletion in moag-2/lir-3 had 

no significant effect on the motility of polyglutamine worms up to 13 days of adulthood 

(Figure S5A). Our results with the MOAG-2/LIR-3 overexpressing worms imply that 

the effect of a deletion may not have been strong enough to be detected in our assays, 

because they indicate that the increasing the levels of MOAG-2/LIR-3 increases the 

toxicity of polyglutamine.  

MOAG-2/LIR-3 can directly drive polyglutamine aggregation 

Our results indicate that MOAG-2/LIR-3 regulates protein aggregation independently 

of its role in small ncRNA transcription and processing. A possible mechanism by 

which loss of MOAG-2/LIR-3 could suppress aggregation indirectly could be by 

increasing the cellular folding capacity. The transcription of protein-coding genes was 

not affected, however, indicating that increased transcription of folding genes was not 

involved (Table S3). Alternatively, MOAG-2/LIR-3 may normally sequester folding 

factors, which then may be released in the Q40;moag-2/lir-3 mutants, a mechanism 

that has been previously proposed for an increase in protein aggregation by 

temperature sensitive mutant proteins (Gidalevitz et al., 2006).  If such a mechanism 

would be responsible for the suppression of aggregation in the Q40;moag-2/lir-3 

mutants, knockdown of folding factors in these animals would increase aggregation 

again. To test this possibility, we knocked down by RNAi several folding factors, which 

have been previously shown to regulate polyglutamine aggregation (Hsu et al., 2003; 

Nillegoda et al., 2015; Nollen et al., 2004; Rampelt et al., 2012). The depletion of these 

factors could not revert the aggregation phenotype in the Q40;moag-2/lir-3 mutants 

(Figure S5B). These results suggest that suppression of protein aggregation by 

inactivation of MOAG-2/LIR-3 is not caused by an increase in the expression nor a 

release of folding factors.  
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Another possibility is that MOAG-2/LIR-3 drives aggregation directly. Precedents for 

aggregation-promoting factors include MOAG-4/SERF, which can drive aggregation 

of a variety of disease proteins via a transient direct interaction with early aggregation 

intermediates (Davranche et al., 2011; Falsone et al., 2012; Sittler et al., 1998; van Ham 

et al., 2010). 

To determine whether MOAG-2/LIR-3 can drive aggregation directly, we incubated 

GST-tagged huntingtin exon 1 containing 48 CAG repeats (HttQ48) with purified 

MOAG-2/LIR-3 protein and monitored amyloid formation by measuring thioflavin T 

(ThT) fluorescence in vitro. Our kinetic data revealed that the presence of an 

equimolar concentration of MOAG-2/LIR-3 accelerated the aggregation of HttQ48, 

but not of the non-pathogenic form HttQ23, similarly to what observed in the case of 

MOAG-4, the C. elegans ortholog of SERF1A (Figure 5C). These results indicate that 

MOAG-2/LIR-3 can catalyse amyloid formation of aggregation-prone proteins 

directly. 

The presence of polyglutamine mislocalizes MOAG-2/LIR-3 from the 

nucleus to the cytosol  

For lack of an aggregation-catalysing effect to explain the reduction of protein 

aggregation in Q40;moag-2/lir-3 mutants, MOAG-2/LIR-3 and polyglutamine would, 

in the wild type animals, have to localize in the same cellular compartment. Thus, to 

determine their localization, we performed subcellular fractionations with wild type 

and Q40 worms with or without the expression of FLAG-tagged MOAG-2/LIR-3. We 

found that in absence of polyglutamine, MOAG-2/LIR-3::FLAG was primarily located 

in the nucleus (Figure 5D, OE, Figure S5C). Polyglutamine was mostly localised in the 

cytosol, which was independent of the presence of MOAG-2/LIR-3::FLAG (Figure 5D, 

Q40 and Q40;OE, Figure S5C). In Q40 worms, however, MOAG-2/LIR-3::FLAG was 

enriched in the cytosol (Figure 5D, OE and Q40;OE, Figure S5C), which suggests that 

the presence of polyglutamine altered the localization of MOAG-2/LIR-3. Their joint 

presence in the cytosol supports a direct interaction between the proteins to drive 

protein aggregation.  
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Figure 5.  Polyglutamine moves MOAG -2/LIR-3 cytosol where it  turns  into a pos it ive 
regulator of prote in aggregat ion.  
(A-B) Number of body bends in N2 wild type worms and worms overexpressing MOAG -2/LIR-
3 (OE)  (A)  and Q40 wi ld type and Q40 worms overexpress ing MOAG -2/LIR-3 (Q40;OE) (B).  The 
average of three biologica l replicates  is  represented.  Data  are represented as  mean ± SEM 
and s ignif icance was ca lculated using a two -ta iled unpaired Student’s t - test.  **p<0.01; 
***p<0.001 See also Figure S5A.   
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(C)  Thiof lav in T react ion prof i les of 4 μM HttQ48 or HttQ23  so lut ions in the absence or 
presence of equimolar  concentrat ions of  MOAG -2/LIR-3  (b lack)  or the modif ier  of aggregat ion 
MOAG-4 (b lue).  The concentration of  MOAG -2/LIR-3 in  whole organism lysates  has  been 
determined to be between 0.3  and 8 .5 ppm (http://pa x-db.org).  The average of  four repl icates 
is  represented and error  bars indicate mean ± SD.  
(D)  Western b lot of  subcel lular fract ionat ion of MOAG -3/LIR-3,  which was detected us ing α -
FLAG ant ibody.  Q40-YFP,  LMN-1 (nuclear marker) and α - tubul in (cytosol ic ma rker) were used 
as controls.  See Figure S5C.   
(E)  Western b lot analysis of MOAG -2/LIR-3 SDS-solubi l i ty from wild type (WT) and MOAG -
2/LIR-3-overexpress ing (OE) worms in N2 and polyglutamine worms (Q40).  Q40 -YFP and β -
act in expression were included as contr ols.  In panels B and C,  the results were generated 
from L4-staged animals and a representat ive exper iment of three b iological  replicates  is  
shown.  
(F)  Model proposing how MOAG-2/LIR-3 dr ives polyglutamine aggregation.  MOAG -2/LIR-3 
normal ly  regulates  the transcription of  smal l  ncRNAs in the nucleus.  In  the presence of 
polyglutamine,  MOAG-2/LIR-3  is  moved to the cytosol where i t  exposes an ectopic 
aggregation-promoting act iv ity.   

 

Proteins involved in RNA metabolism have been described to co-aggregate with 

polyglutamine (Doi et al., 2010; 2008; Schwab et al., 2008), which could explain the 

retention of MOAG-2/LIR-3 in the cytosol. We therefore fractionated SDS-soluble and 

insoluble material to determine whether MOAG-2/LIR-3 co-aggregated with 

polyglutamine. Q40-YFP was detected as low molecular weight monomers and as 

SDS-resistant species retained in the stacking gel (Figure 5D). The solubility of 

MOAG-2/LIR-3::FLAG was not altered in the presence of polyglutamine (Figure 5D), 

suggesting that MOAG-2/LIR-3 is not recruited to SDS-resistant aggregates, but may 

be associated with the soluble species. 

Together, these data suggest that the presence of polyglutamine moves MOAG-2/LIR-

3 from the nucleus to the cytosol where it turns into a positive regulator of protein 

aggregation, which is at the expense of its function as a transcriptional regulator 

(Figure 5F).  

  



Chapter 3 

 

71 

 

DISCUSSION 

We have used a genetic screen in a C. elegans model of protein aggregation disease to 

identify MOAG-2/LIR-3 as a regulator of Pol III transcription in the nucleus that – in 

the presence of polyglutamine – switches into a positive regulator of polyglutamine 

aggregation in the cytosol.  

Our finding that MOAG-2/LIR-3 is a regulator of transcription confirms predictions 

about to the LIR-3 gene. Its role as a transcriptional regulator has been suggested on 

basis of its structural similarity to the C2H2 zinc fingers of LIN-26, a fate regulator 

responsible for the differentiation of non-neuronal ectodermal cells and somatic 

gonad epithelium (Boer et al., 1998; Dufourcq et al., 1999; Labouesse et al., 1996). We 

showed that MOAG-2/LIR-3 is required for the transcription of snRNA, snoRNA and 

tRNA genes and – unlike other transcription factors that have on occasion been found 

to bind to the promoters of small ncRNAs – that MOAG-2/LIR-3 was associated with 

the same target genes as the Pol III complex (Niu et al., 2011). 

MOAG-2/LIR-3 is known to be expressed in the nuclei of a subset of cell types of C. 

elegans, namely body wall muscle cells, the vulval muscles, the spermatheca, the head 

and tail ganglia, and the ventral nerve cord, from embryogenesis throughout 

adulthood (www.transgeneome.mpi-cbg.de, March 2014 and (Reece-Hoyes et al., 

2005; 2007)). A microarray performed in two distinct mechanosensory neurons – the 

touch receptor neurons and the FLP neurons – revealed that moag-2/lir-3 is 

upregulated in the FLP sensory neurons, suggesting that moag-2/lir-3 is required for 

FLP differentiation (Topalidou and Chalfie, 2011). Because the expression of MOAG-

2/LIR-3 is limited to a subset of cell types, this suggests that MOAG-2/LIR-3 could be 

a tissue-specific regulator of transcription rather than a core component of the Pol III 

machinery. Such cell type-specific regulators of Pol III have been described for human 

cells and proposed to accommodate cell-specific needs for small non-coding RNAs 

((Alla and Cairns, 2014; Oler et al., 2010), also reviewed in (Marshall and White, 2008; 

White, 2011)). Whether MOAG-2/LIR-3 has a similar role remains to be established, 
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but it could explain why mutations in the moag-2/lir-3 gene do not result in any 

obvious abnormalities in terms of growth or viability. 

In C. elegans, the nuclear pore protein NPP-13 has been described to associate with 

the Pol III complex, which regulates the efficient processing of snoRNA and tRNA 

transcripts (Ikegami and Lieb, 2013). Knockdown of NPP-13 results in abnormally long 

snoRNA and tRNA transcripts that cannot be processed into their mature form 

(Ikegami and Lieb, 2013). In moag-2/lir-3 mutant worms we did not find unprocessed 

transcripts for snoRNA nor for tRNAs (data not shown), which excludes the possibility 

that MOAG-2/LIR-3 is required for Pol III transcript processing. Moreover, 

knockdown of NPP-13 did not alter aggregation, which suggests that mutations in 

moag-2/lir-3 do not alter aggregation by interfering with the nuclear pore complex. 

Polyglutamine proteins can undergo post-translational modifications, including 

acetylation, phosphorylation, ubiquitation and sumoylation (reviewed in (Ehrnhoefer 

et al., 2011; Pennuto et al., 2009)). These post-translational modifications have been 

shown to modulate polyglutamine toxicity and aggregation (Gu et al., 2009; Jana et 

al., 2005; Matsumoto et al., 2004; Steffan et al., 2004; Thomas et al., 2004). One 

possibility that could explain the reduction of aggregation observed in the 

polyglutamine model is that mutations in moag-2/lir-3 alter the post-translational 

status of polyglutamine. Although with our present results we cannot exclude this 

possibility, our in vitro data show that MOAG-2/LIR-3 is able to drive polyglutamine 

aggregation directly in conditions where post-translational modifications do not 

occur, supporting a functional interaction between MOAG-2/LIR-3 and 

polyglutamine. 

In this study, expression of polyglutamine downregulated the levels of snRNAs, 

snoRNAs and tRNAs, demonstrating that aggregation-prone proteins can affect small 

non-coding RNA homeostasis. A possible explanation for this downregulation is that 

the aggregation-prone proteins blocked the nuclear localization of MOAG-2/LIR-3 

and perhaps also components of the Pol III complex. Indeed, our data suggest that 

polyglutamine retains MOAG-2/LIR-3 in the cytosol, which is consistent with the 
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recent finding that aggregation-prone proteins block trafficking in and out of the 

nucleus (Woerner et al., 2016). Several intrinsically disordered proteins – which 

include proteins involved in transcriptional regulation – are known to be sequestered 

by aggregation-prone proteins (Iakoucheva et al., 2002; Liu et al., 2006; Minezaki et 

al., 2006; Olzscha et al., 2011; Walther et al., 2015). One example is Sp1, which can no 

longer bind to its DNA targets due to sequestration by mutant huntingtin (Dunah et 

al., 2002; Li et al., 2002). We found that MOAG-2/LIR-3 is not sequestered in the 

polyglutamine aggregates. The concentration of MOAG-2/LIR-3 in whole worm 

lysates has been determined to be between 0.3 and 8.5 ppm (http://pax-db.org). 

Although these concentrations do not take into account cell- or stage specific 

differences in protein expression, its relatively low abundance would support a model 

in which MOAG-2/LIR-3 drives aggregation via transient interactions with rare SDS 

soluble polyglutamine species.  

In summary, this work has revealed that protein aggregation can affect the non-coding 

genome by altering the expression of ncRNA genes. This work also opens up another 

potential perspective on how aggregation-prone proteins can impair cellular 

homeostasis – these proteins can convert from their normal functions into 

aggregation-promoting factors by relocation. These results imply a cellular 

mechanism whereby aggregation-prone disease proteins inactivate, recruit and use 

endogenous proteins that promote their own aggregation and toxicity, which would 

resemble viral self-catalysis of pathogenesis. We anticipate that interfering with this 

class of gene products that promote aggregation-prone interactions can be explored 

for the development of therapies to slow down progression of age-related protein 

aggregation diseases.  
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C. elegans 

The strains used in this study are listed in Table S1. Standard methods were used for 

culturing C. elegans at 20ºC (Brenner, 1974). The LIR-3 overexpression strain (OP312) 
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was generated by biolistic transformation to produce an integrated, low-copy 

transgene of the WRM0637aB05 fosmid, recombined with GFP::3xFLAG in frame at 

the carboxy terminus of the lir-3 locus (Sarov et al., 2012). To synchronize animals, 

eggs were collected from gravid hermaphrodites by hypochlorite bleaching and 

hatched overnight in M9 buffer. The desired numbers of L1 animals were subsequently 

cultured on nematode growth medium (NGM) agar plates seeded with OP50 bacteria. 

METHODS 

EMS mutagenesis and mapping  

Mutagenesis was performed using standard C. elegans ethyl methanesulfonate (EMS) 

methodology (Jorgensen and Mango, 2002). 8000 mutagenized genomes were 

screened for suppressors of aggregation. moag-2(pk2183) was identified by single-

nucleotide polymorphism mapping to a region between base 9,400,743 and 11,827,697 

on linkage group II (Wicks et al., 2001). Next generation sequencing was performed in 

that region to identify candidate genes for moag-2. CLC Bio and MAQGene software 

were utilized for mapping the mutation in F37H8.1 (listed in Key Resources Table). 

RNA interference 

RNAi experiments were performed on NGM agar plates containing 1 mM IPTG and  

50 mg/ml ampicillin and seeded with RNAi bacteria induced with IPTG to produce 

dsRNA. Worms were synchronized by hypochlorite bleaching; L1 worms were grown 

on RNAi plates and used for the experiments at L4 stage, unless stated otherwise. 

Plates were coded so that the experimenter was blind to the genotype of the animal. 

Motility assay 

At day 1, 4, 8 and 12 of adulthood, animals were placed in a drop of M9 and were 

allowed to recover for 30 seconds after which the number of body bends was counted 

for 30 seconds. Fifteen animals were counted per experiment and the data from three 

biological replicates was combined. Plates were coded so that the experimenter was 

blind to the genotype of the animal. The experiments with the N2 worms and the Q40 
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animals were performed independently due to growth differences between the strains. 

In our laboratory conditions, N2 worms take approximately 72 hours to reach L4 stage 

after hypochlorite treatment, whereas Q40 take approximately 96 hours. 

Generation of transgenic strains 

For the rescue experiment, a genomic construct of lir-3 spanning 1500 bp upstream to 

330 bp downstream of F37H8.1 was amplified from N2 genomic DNA by nested PCR 

using primers F1; R1; F2 and R2 (primer sequences listed in the Key Resources Table). 

The resulting PCR fragment was cloned into the pGEM-T Easy Vector (#A1380, 

Promega) and sequenced. Transgenic lines were made by injecting ~20 ng/µl of 

construct along with ~10 ng/µl of pPD136.61 [P(unc-54::CFP)] into N2 animals. Two 

independent lines were obtained for each transgene of interest. 

Quantitative PCR 

Total RNA was extracted from synchronized populations in L4 stage using Trizol 

(#15596-018, Life Technologies) according to the manufacturer’s description. Total 

RNA quality and concentration were assessed using a NanoDrop 2000 

spectrophotometer (Thermo Scientific). cDNA was made from 2 µg total C. elegans 

RNA with a RevertAid H Minus First Strand cDNA Synthesis kit (#K1632, Life 

Technologies) using random hexamer primers. Quantitative real-time PCR was 

performed using a Roche LightCycler 480 Instrument II (Roche Diagnostics) with 

SYBR green dye (#172-5125, Bio-Rad) to detect DNA amplification. The following cycle 

conditions were used: 50 °C for 10 minutes, 95 °C for 10 minutes, followed by 40 cycles 

at 95 °C for 15 seconds and 57 °C for 30 seconds. Relative transcript levels were 

quantitated using a standard curve of pooled cDNA solutions. Expression levels were 

normalized against the endogenous reference gene cdc-42. The following primers were 

used: cdc-42_F3; cdc-42_R3; lir-3_F4 and lir-3_R4 (primer sequences listed in the Key 

Resources Table). 

To measure the efficiency of Pol III knockdown by RNAi, total RNA from 20 L4 animals 

was extracted using Trizol (Life Technologies). As a quality control step, total RNA 
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was measured using Qubit RNA HS Assay Kit (#Q32852, Thermo Fisher). Following 

DNAse I digestion (#EN0521, Fermentas), total RNA was purified with Trizol (Life 

Technologies). First strand synthesis was carried out using Superscript II (Invitrogen) 

using random hexamer primers. Expression levels were normalized to the expression 

of rps-21 following the 2-ΔΔCT method (Livak and Schmittgen, 2001). The primers used 

were rpc-1_F1; rpc1_R1; rps-21_F1 and rps-21_R1 (primer sequences listed in the Key 

Resources Table). 

Chromatin immunoprecipitation sequencing 

ChIP assays were conducted as previously described (Niu et al., 2011; Zhong et al., 

2010). Worm staging was achieved by bleaching and L1 starvation. Arrested L1 worms 

were plated on peptone-enriched NGM plates seeded with OP50 bacteria and grown 

for 48 hours for L4 collection at 20°C. Samples were cross-linked with 2% 

formaldehyde for 30 minutes at room temperature and then quenched with 1 M Tris 

pH 7.5. The pelleted worms were subsequently flash frozen in liquid nitrogen and 

stored at -80°C. Samples were sonicated using a microtip to obtain DNA fragments 

mostly 200 to 800 bp in length. For each sample, 2.2 or 4.4 mg of cell extract was 

immunoprecipitated using a goat α-GFP antibody, GoatV (gift from Kevin White). 

For library preparation and sequencing we used the enriched DNA fragments and 

input control (genomic DNA from the same sample) for two biological replicates as 

previously described (Kasper et al., 2014). Briefly, samples were multiplexed using the 

Ovation Ultralow DR Multiplex Systems 1-8 and 9-16 (NuGEN Technologies) following 

the manufacturer’s protocol, with the exception that Qiagen MinElute PCR 

purification kits were used to isolate the DNA. Library size selection in the 200-800 

bp range was achieved using the SPRIselect reagent kit (Beckman Coulter) and 

sequencing was performed on the Illumina HiSeq 2000 platform. To search for 

MOAG-2/LIR-3-specific binding sites, we only considered binding sites consistent 

across both replicates and within a range of -400 bp to +100 bp relative to the TSS. In 

addition, to avoid false positives in our analysis we excluded highly occupied target 

regions (Gerstein et al., 2010). The ChIP seq data used was obtained from 
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modENCODE DCC (http://www.modencode.org; September 2014). All ChIP seq data 

were deposited in the ENCODE database, under ID code ENCSR408FDZ and in 

ArrayExpress, under accession number E-MTAB-4174. 

RNA sequencing 

Worms were grown to L4 stage and total RNA was extracted using Trizol (Life 

Technologies) according to the manufacturer’s description. For polyA RNA 

sequencing, the TruSeq Sample Preparation V2 Kit was used (Illumina). For RNA 

sequencing (mRNA, snoRNA, tRNA and large ncRNA), a protocol has been described 

previously (Ikegami and Lieb, 2013). Briefly, total RNA was treated with DNAseI and 

depleted from rRNA with the Ribominus Eukaryote Kit (#A10837-08, Invitrogen). 

Fragmentation of RNA was performed using Fragmentation Buffer (#AM8740, 

Ambion) and cDNA was generated using the Superscript II Kit (Invitrogen). cDNA 

libraries were subjected to high-throughput single-end sequencing (50 bp) in an 

Illumina HiSeq 2500 instrument. RNA sequencing data was mapped to the WS220 

genome reference using the TopHat 2.0.9 program (Kim et al., 2013) and gene 

annotation was derived from Ensembl release 66. All RNA sequencing has been 

submitted to ArrayExpress, under accession number E-MTAB-4172. 

Immunofluorescence 

Indirect immunofluorescence was performed using the “freeze-cracking” method 

(Duerr, 2006). Briefly, synchronized worms at L4 stage were fixed in 4% 

paraformaldehyde in 100 mM sodium phosphate buffer for 1 hour. Samples were 

washed three times with TBS-T for 10 minutes and blocked in 10% goat serum in 

antibody buffer (PBS, 0.5% Triton X-100, 1mM EDTA, 0.1% BSA, 0.05% sodium azide, 

pH 7.2) for 1 hour. Anti-FLAG primary antibody (#F3165, Sigma-Aldrich) was applied 

at a 1:100 dilution overnight at 4ºC. The next day, samples were washed three times in 

antibody buffer for 20 minutes and incubated with the secondary antibody Cy5-

labeled goat anti-mouse IgG (#A10524, Thermo Fisher) at a 1:500 dilution for 4 hours 

at room temperature. After washing with antibody buffer three times, samples were 
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mounted in Vectashield mounting medium with DAPI (#H-1200, Vector Labs) and 

analysed on a TCS SP8 laser scanning confocal microscope with a 40x/1.30 NA 

objective lens (Leica). 

Filter retardation assay  

The protocol was adapted from Wanker et al (Scherzinger et al., 1997; Wanker et al., 

1999). Briefly, crude worm lysates from synchronized L4 animals were resuspended in 

FTA sample buffer (10 mM Tris-Cl pH 8.0, 150 mM NaCl, 2% SDS) with protease 

inhibitors (Complete, Roche) and disrupted using a bead beater (FastPrep 24, MP 

Biomedicals) for 7 cycles of 20 seconds with 5 minutes rest in between cycles. 

Supernatants were transferred to new 1.5 ml tubes, and protein concentration was 

determined. To detect SDS-insoluble aggregates, 100 µg of total protein was mixed 

with 1 M DTT and FTA sample buffer (final concentration 40 µg/100 µl) and heated at 

98 ºC for 5 minutes. Samples were filtered through a 0.22 micron cellulose acetate 

membrane using a 48-well Bio-Dot microfiltration system (Bio-Rad) and 100 µg of 

total protein was used for the assay plus two five-fold serial dilutions. Proteins were 

blocked for 30 minutes with 5% milk in TBS-T. Membranes were incubated with the 

primary antibodies α-GFP (#632381, Clontech Laboratories) or α-tubulin (#T6074, 

Sigma-Aldrich) at a 1:5000 dilution overnight at 4 ºC. Incubation with the secondary 

α-mouse antibody was at a 1:10 000 dilution for 1 hour at room temperature. Antibody 

binding was visualized with an ECL kit (#RPN2232, Amersham). 

Co-immunoprecipitation 

The protocol was adapted from (Ikegami et al., 2010). Briefly, crude worm lysates from 

synchronized L4 animals were resuspended in FA buffer (50 mM HEPES/KOH pH 7.5, 

1 mM EDTA, 1% Triton X-100, 0.1 % sodium deoxycholate, 150 mM NaCl) 

supplemented with protease inhibitors (Complete, Roche) and 1% sodium lauroyl 

sarcosinate (sarkosyl). Samples were cross-linked with formaldehyde for 30 minutes 

and 2.5 M glycine for 5 minutes. Worms were disrupted using a bead beater (FastPrep 

24, MP Biomedicals) for 7 cycles of 20 seconds with 5 minutes rest in between cycles. 
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Supernatants were transferred to new 1.5 ml tubes and protein concentration was 

determined. Lysates were pre-cleared for 30 minutes with Protein G-Sepharose beads 

(Amersham) and incubated with primary antibodies α-Pol II (#38520002, Novus 

Biologicals) or α-Pol III (#53330002, Novus Biologicals) at a dilution of 1:100 overnight 

at 4 °C. Lysates were coupled to Protein G-Sepharose beads (Amersham) for 1 hour 

and washed five times for 5 minutes with FA buffer supplemented with 1 mM PMSF 

and protease inhibitor cocktail (Complete, Roche). Proteins were eluted by boiling the 

beads in SDS sample buffer and analysed by western blotting. 

Protein insolubility assay  

Synchronized worms at L4 stage animals were resuspended in FA buffer and disrupted 

using a bead beater (FastPrep 24, MP Biomedicals) for 7 cycles of 20 seconds with 5 

minutes rest in between cycles, followed by 15 sonication steps of 30 seconds with 30 

seconds rest between cycles. Protein concentration was determined and equal 

amounts of lysates were incubated with 2% SDS for 1 hour at room temperature. The 

lysates were centrifuged at 13 300 rpm for 30 minutes and the supernatant (soluble 

fraction) was collected. The pellet (insoluble fraction) was washed two times with FA 

buffer and resuspended in urea buffer (8M urea, 2% SDS, 50 mM DTT, 50 mM Tris pH 

8) for 1 hour. The samples were subsequently analyzed by western blotting. 

Protein purification 

Recombinant moag-2/lir-3 was expressed and purified fused to the glutathione S-

transferase (GST) from the pGEX-6-P1 vector in E. coli BL21 (DE) gold strain 

(Stratagene). Cells were grown in Overnight Express Instant TB Medium (Merck 

Millipore) supplemented with ampicillin (100 μg/ml) overnight at 30 °C under 

constant shaking at 250 rpm. The cells were harvested by centrifugation, resuspended 

in lysis buffer (50 mM Tris pH 7.4, 150 mM NaCl, 1 mM EDTA and EDTA-Free protease 

inhibitor cocktail (Complete, Roche) and lysed by sonication. The cell debris was 

removed by centrifugation at 18 000 rpm (JA-25.50 rotor, Beckman Coulter). The 

supernatant was loaded onto a column containing Glutathione Sepharose 4 Fast Flow 
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resin (GE Healthcare LifeSciences) and equilibrated with lysis buffer. The column was 

washed with 40 CV of lysis buffer and the protein was eluted in 50 mM Tris pH 8, 10 

mM reduced glutathione and dialyzed in 50 mM Tris pH 7.4, 150 mM NaCl for the 

aggregation experiments. 

Aggregation kinetics 

4 μM solutions of GST-HttQ48 or GST-HttQ23 alone or with an equimolar 

concentration of moag-2/lir-3 or moag-4 were incubated in the presence of 7U of 

PreScission protease (GE Healthcare LifeSciences) per nmol of Htt protein in 50 mM 

Tris pH 7.4, 150 mM NaCl, 20 μM Thioflavin T at 37 °C. The aggregation reactions were 

performed under constant linear shaking at 500 rpm and the ThT fluorescence was 

monitored in low-binding, clear-bottomed half-area 96-well plates. Emissions at 480 

nm were recorded every 300 seconds with excitation at 440 nm, using a CLARIOstar 

plate reader (BMG Labtech). Fluorescence values were analysed with the following 

sigmoidal equation: 

𝑦 = 𝐴0 +
𝐴 − 𝐴0

1 + exp(−(𝑡 − 𝑡50%) ∗ Kagg)
 

Where A0 and A are the values at the beginning and the end of the aggregation, mA0 

and mA are the slopes of the lag phase and the plateau, assuming for them a linear 

dependency of normalized fluorescence values with the incubation time, t50% is the 

midpoint of aggregation and kagg is the apparent aggregation rate constant. 

Subcellular fractionation 

The protocol was adapted from (Chen et al., 2000). Briefly, crude worms lysates from 

synchronized L4 animals were resuspended in hypotonic buffer (15 mM HEPES KOH 

pH 7.6, 10 mM KCl, 5 mM MgCl2, 0.1 mM EDTA, 350 mM Sucrose, 1 mM PMSF, 1 mM 

DTT, supplemented with protease inhibitors cocktail (Complete, Roche). Animals 

were homogenised using microtube pestle rods and motor (Kontes) by applying 10 

strokes of 1 minute followed by 1 minute rest in between strokes. Worm debris was 

removed by centrifugation at 500 g for 5 minutes at 4 °C. The pellet was discarded and 
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the supernatant was used as input of the cell fractionation. Nuclei were pelleted at 

4000 g for 5 minutes at 4 °C. The supernatant containing the cytosolic fraction was 

centrifuged at 17 000 g for 30 minutes at 4 °C to remove membrane fraction and 

contaminants. The nuclear fraction was washed two times with hypotonic buffer and 

resuspended in hypertonic buffer (15 mM Hepes KOH pH 7.6, 400 mM KCl, 5 mM 

MgCl2, 0.1 mM EDTA, 0.1% Tween 20, 10% Glycerol, 1 mM PMSF, 1 mM DTT, 

supplemented with protease inhibitors cocktail (Complete, Roche)). The nuclear 

fraction was homogenized using 29G ½ inch needle insulin syringe (Terumo) and 

treated with 25 U/µl Benzonase (Millipore) for 30 minutes at 4 °C. Ten µg of each 

fraction was loaded on a 12% SDS-PAGE. Gels were transferred to nitrocellulose 

membranes (Brunschwig Chemie) and incubated with the primary antibodies α-FLAG 

(#F3165, Sigma-Aldrich) at a 1:1000 dilution; α-LMN-1 (#38530002, Novus Biologicals) 

at a 1:1000 dilution; α-GFP (#632381, Clontech Laboratories) and α-tubulin (#T6074-

200UL, Sigma-Aldrich) at a 1:5000 dilution overnight at 4 ºC. Incubation with the 

secondary antibody was at a 1:10 000 dilution for 1 hour at room temperature. Antibody 

binding was visualized with an ECL kit (#RPN2232, Amersham).  

Bioinformatic analysis  

Conserved domains were identified using SMART (Simple Modular Architecture 

Research Tool) (Letunic et al., 2012; Schultz et al., 1998). Nuclear signal localization 

was predicted using NLS Mapper (Kosugi et al., 2009). Protein folding was predicted 

using FoldIndex (Prilusky et al., 2005). The algorithm used for motif discovery was the 

MEME Suite (Bailey et al., 2009). Orthologues were identified using protein BLAST 

search (https://blast.ncbi.nlm.nih.gov/Blast.cgi) and aligned with T-Coffee multiple 

sequence alignment tool (Notredame et al., 2000). Amino acid predictions were 

performed using ORF Finder (http://www.ncbi.nlm.nih.gov/gorf/orfig.cgi). 
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QUANTIFICATION AND STATISTICAL ANALYSIS 

Quantification of aggregates and motility assay 

The number of aggregates present in whole worms was counted using a fluorescence 

dissection microscope (Leica). A minimum of 20 worms was counted and the data 

from three or four biological replicates were combined. For the motility assay, 15 

animals were counted per experiment and the data from three biological replicates 

was combined. 

A biological replicate was defined as an independently grown worm population, before 

extraction of embryos from gravid adult hermaphrodites to obtain synchronized 

populations (see EXPERIMENTAL MODEL AND SUBJECT DETAILS). The exact 

number of biological replicates is indicated in the figure legends. Data are represented 

as mean ± SEM and significance was calculated using a one-tailed or two-tailed 

unpaired Student’s t-test. The exact type of Student’s t-test is indicated in the figure 

legend. *p<0.05 **p<0.01; ***p<0.001 

RNA sequencing data analysis 

All RNA seq are represented as the mean of n=3 biological replicates, with error bars 

representing mean ± SEM. A generalized linear model was used to identify differential 

gene expression between the Q40 wild type and the Q40 mutants with EdgeR 

(Robinson et al., 2010, McCarthy et al., 2012).  Replicates 1-3 were introduced as a 

technical factor to correct for batch effect. Genes with average expression level below 

1 fragment per million (FPM) were excluded from the analysis. The library 

normalization was left at the standard setting (trimmed mean of M-values, TMM). 

The resulting p values were corrected for multiple testing using the Benjamini-

Hochberg procedure.  Per gene expression data was normalized as FPM. Data 

visualization and statistical tests were conducted using R scripts (available upon 

request). 
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Quantitative PCR analysis 

All quantitative PCR are represented as the mean of n=3 biological replicates, with 

error bars representing mean ± SEM. To measure the relative lir-3 mRNA expression, 

lir-3 transcript levels were quantitated using a standard curve of pooled cDNA 

solutions and expression levels were normalized against the endogenous reference 

gene cdc-42. To measure the relative Pol II or Pol III mRNA expression, the 

corresponding transcript levels were normalized to the expression of rps-21 following 

the 2-ΔΔCT method (Livak and Schmittgen, 2001) (see METHOD DETAILS). 

Filter retardation assay  

Immunoblots were quantified by densitometry using ImageJ (listed in Key Resources 

Table). To quantify the relative amount of SDS-insoluble protein, a ratio (fold change) 

was calculated by dividing the values of Q40;moag-2/lir-3 mutants by their 

corresponding wild types (corrected to α-tubulin as a loading control). 

DATA AND SOFTWARE AVAILABILITY 
All ChIP seq data generated in this study have been deposited in the ENCODE 

database, under ID code ENCSR408FDZ and in the ArrayExpress database, under ID 

code E-MTAB-4174.  

All RNA seq data generated in this study have been deposited in the ArrayExpress 

database, under ID code E-MTAB-4172. 

Full images used in this study have been deposited in the Mendeley database under: 

https://data.mendeley.com/datasets/knzkvgbf6x/draft?a=f246576a-2cc7-44c2-b9c4-

37de8d6fe98a   

https://data.mendeley.com/datasets/knzkvgbf6x/draft?a=f246576a-2cc7-44c2-b9c4-37de8d6fe98a
https://data.mendeley.com/datasets/knzkvgbf6x/draft?a=f246576a-2cc7-44c2-b9c4-37de8d6fe98a
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SUPPLEMENTARY MATERIAL 
In order to reduce the size of this thesis, so it will not take up too much shelf space, 

all supplemental material of this thesis has been moved online.  For additional 

reading, please see the following link: 

 

https://drive.google.com/open?id=1skLP9E2hT0DLGgkNrmCoWcTVeBmiZX1-  

If you might encounter a broken link, please contact me: 

Tristan_dejong@hotmail.com 

 

 

https://drive.google.com/open?id=1skLP9E2hT0DLGgkNrmCoWcTVeBmiZX1-
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SUMMARY 

Cellular metabolism is a tightly controlled process in which the cell adapts fluxes 

through metabolic pathways in response to changes in nutrient supply. Among the 

transcription factors that regulate gene expression and thereby cause changes in 

cellular metabolism is the basic leucine-zipper (bZIP) transcription factor 

CCAAT/enhancer-binding protein alpha (C/EBPα). Protein lysine acetylation is a key 

post-translational modification (PTM) that integrates cellular metabolic cues with 

other physiological processes. Here we show that C/EBPα is acetylated by the lysine 

acetyl transferase (KAT) p300 and deacetylated by the lysine deacetylase (KDAC) 

Sirtuin1 (SIRT1). SIRT1 is activated in times of energy demand by high levels of 

nicotinamide adenine dinucleotide (NAD+) and controls mitochondrial biogenesis 

and function. A hypoacetylated mutant of C/EBPα induces the transcription of 

mitochondrial genes and results in increased mitochondrial respiration. Our study 

identifies C/EBPα as a key mediator of SIRT1-controlled adaption of energy 

homeostasis to changes in nutrient supply. 
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INTRODUCTION 

Studies in cell culture and with mouse models have demonstrated a key role for 

C/EBPα in regulating the transcription of metabolic genes. C/EBPα deficiency in mice 

results in severe metabolic phenotypes, particularly affecting the liver tissue structure 

and its functions in gluconeogenesis, glycogen synthesis and bilirubin clearance as 

well as its deficiency affects fat storage in white adipose tissue (WAT) (Wang et al., 

1995; Darlington et al., 1995; Croniger et al., 1997; Inoue et al., 2004; Lee et al., 1997; 

Yang et al., 2005). In addition, C/EBPα together with PPARγ are key factors in the 

transcriptional network controlling adipocyte differentiation (Lefterova et al., 2008; 

Rosen et al., 2002; Siersbaek and Mandrup, 2011), and mutations of phosphorylation 

sites in regulatory domains of C/EBPα results in dysregulated transcription of genes 

involved in glucose and lipid metabolism in vivo (Pedersen et al., 2007; Lefterova et 

al., 2008). Hence, C/EBPα is a key factor for the differentiation and function of 

hepatocytes and adipocytes and plays an essential role in the regulation of energy 

homeostasis.  

Protein lysine acetylation is a key post-translational modification (PTM) that 

integrates cellular metabolic cues with other physiological processes, including cell 

growth and proliferation, circadian rhythm and energy homeostasis (Menzies et al., 

2016; Choudhary et al., 2014; Xiong and Guan, 2012). Acetylation may regulate various 

functions of the acetylated proteins including changes in DNA binding, protein 

stability, enzymatic activity, protein-protein interactions and subcellular localization. 

Protein acetylation is a reversible process in which an acetyl group is transferred from 

an acetyl coenzyme A (acetyl-CoA) to the target lysine residue by lysine acetyl 

transferases (KATs) and is removed by lysine deacetylases (KDACs). The KATs and 

KDACs consist of a large group of enzymes originally identified to acetylate histones 

as part of epigenetic mechanisms. Later also non-histone proteins were identified as 

KAT targets (Menzies et al., 2016). Sirtuins (class III KDACs) are lysine deacetylases 

that require nicotinamide adenine dinucleotide (NAD+) as co-factor for their 
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enzymatic activity and therefore are activated in times of energy demand when NAD+ 

levels are high (high NAD+/NADH ratio)(Houtkooper et al., 2012).   

Involvement of KATs in C/EBPα mediated transcription has been reported in the past 

(Bararia et al., 2008; Erickson et al., 2001; Jurado et al., 2002; Yoshida et al., 2006), 

however, the role C/EBPα protein lysine acetylation in the transcriptional regulation 

of metabolic genes has not been addressed. Since C/EBPα is a key regulator of 

metabolism we hypothesized that reversible acetylation of C/EBPα is decisively 

involved in regulating metabolic homeostasis. Here we show that C/EBPα is acetylated 

on lysines K159 and K298 by the KAT p300, which modulates the transcriptional 

activity of C/EBPα. We show that acetylation of C/EBPα is dependent on glucose 

availability and we identify SIRT1 as the sole sirtuin that mediates NAD+-dependent 

deacetylation of C/EBPα. A hypoacetylated mutant of C/EBPα induces the expression 

of genes involved in the function of the mitochondrion and oxidation-reduction 

processes, which is accompanied by an increase in mitochondrial mass and cellular 

oxygen consumption rates. Our study shows that reversible acetylation of C/EBPα in 

response to changed metabolic conditions alters its transcriptional function to adapt 

metabolic gene expression and plays an important role in SIRT1-controlled cellular 

metabolic homeostasis.  

RESULTS 

Acetylation of C/EBPα by p300 enhances its transactivation activity 

The presence of fifteen conserved lysines in sequences of vertebrate C/EBPα orthologs 

suggests that C/EBPα is a potential target for lysine acetylation (Figure S1). Glucose-

rich cell culture conditions are known to increase protein-acetylation through 

increased availability of acetyl-CoA as substrate for KATs to donate an acyl group to 

the target lysine (Shi and Tu, 2015). Acetylation of endogenous C/EBPα in lysates from 

the Fao rat hepatoma cell line was detected using an anti-acetylated lysine (anti-Ac-

K) antibody following immunoprecipitation (IP) of C/EBPα under high glucose (25 

mM) conditions, which was reduced under low glucose (5 mM) conditions (Figure 1A). 
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Acetylation of immunoprecipitated C/EBPα was also detected in HEK293T cells 

lacking endogenous C/EBPα that were transfected with a C/EBPα expression vector 

(Figure 1B). Next we investigated whether co-expression of the four major KATs, p300, 

P/CAF, GCN5 or Tip60 alter the transcriptional activity of C/EBPα using a luciferase-

based reporter solely containing two natural C/EBP-binding sites of the cMGF 

promoter (Sterneck et al., 1992). Co-transfection with p300 resulted in an increase in 

C/EBPα-induced promoter activity in a dose dependent manner whereas co-

transfection with the other KATs had no significant effect (Figures 1C, D and S2A). To 

investigate a direct interaction between C/EBPα and p300 as well as three additional 

major KATs we co-expressed C/EBPα with p300-HA, P/CAF-FLAG, GCN5-FLAG or 

Tip60 in HEK293T cells and performed co-immunoprecipitation experiments using 

anti-C/EBPα antibodies. C/EBPα co-precipitated with p300, P/CAF, GCN5, but not 

with Tip60 (Figure S2B), which was confirmed by reciprocal, co-immunoprecipitation 

of the C/EBPα with the same KATs (Figures 1E and S2C). To examine whether the 

intrinsic KAT function of p300 is involved in C/EBPα acetylation and transactivation 

potential, we co-expressed C/EBPα with either p300 or p300 with its KAT-domain 

deleted (p300ΔKAT-HA) and analyzed C/EBPα acetylation and p300 binding by 

C/EBPα co-immunoprecipitation. C/EBPα acetylation was abolished by expression of 

p300ΔKAT-HA (Figure 1F). In addition, the p300 dependent C/EBPα transactivation 

activity is abrogated by deletion of the p300-KAT (Figure 1D). In addition, p300-

mediated acetylation of C/EBPα in HEK293 cells is strongly reduced under low glucose 

conditions (5 mM), confirming that protein acetylation is facilitated under conditions 

of high acetyl-CoA availability (Figure 1G). Moreover, in Fao cells acetylation of 

endogenous C/EBPα was abolished by treatment with the p300 inhibitor C646 (Figure 

1H). Therefore, we propose that p300 catalyzes the acetylation of C/EBPα and thereby 

alters its transcriptional function.   
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Figure 1.  Acetylation of  C/EBP α  by p300 enhances i ts  transactivat ion act ivity.  
(A) Immunoblot  analysis of  immunoprecipitated (IP) C/EBPα a nd tota l lysates  (Input)  of Fao 
cel ls  cu ltured overnight in either h igh (25 mM) or low (5 mM) glucose medium. Antibody 
sta ining as  indicated.   
 (B)  Immunoblot analys is  of  immunoprecip itated (IP)  C/EBPα and total  lysates  (Input)  of  
HEK293T cells  ectopica lly  express ing C/EBPα or empty vector (E.V.)  control.  Ant ibody sta in ing 
as indicated.   
(C)  HEK293T cells  were trans iently  transfected with  C/EBP -responsive f iref ly-reporter vector,  
a reni l la expression vector for normal izat ion,  C/EBPα and/or one of the lys ine s acetyl 
transferases (KATs)  express ing vector  as  indicated.   Luci ferase activi ty  was  measured 48 h 
later  (n=4).   
(D) HEK293T cells  were transient ly  transfected with luci ferase C/EBP -responsive f iref ly -
reporter vector,  reni l la expression vector  for  normal izat ion,  C/EBPα and increased amounts 
of  e ither wt p300-HA or  ΔKATp300 -HA (p300 with  i ts  lys ine acetyl  transferase doma in deleted)  
express ion vectors.  Luci ferase act iv ity was  measured 48 h later (n=4).  
(E)  Immunoblot  analysis of  HA - immunoprecipitated (IP ) p300 -HA and tota l lysates  (Input) of 
HEK293T cel ls  ectopica lly expressing  C/EBPα and p300 -HA or  empty vector  (EV) contr ol .  
Antibody sta ining as  indicated.  
(F)  Immunoblot analys is  of immunoprecip itated (IP) C/EBPα and total  lysates (Input)  of  
HEK293T cel ls  ectopical ly  express ing C/EBPα and p300 -HA or  ΔKATp300 -HA. Antibody stain ing 
as indicated.  
(G) Immunoblot analys is of im munoprecip itated (IP) C/EBPα and total  lysates  (Input) of  
HEK293T cel ls  ectopica lly  express ing C/EBPα and p300 -HA or  empty vector (E.V.)  control,  and 
cultured overnight in e ither high (25 mM) or low (5 mM) glucose medium. Antibody staining 
as indicated.  
(H) Immunoblot analys is of  immunoprecipitated ( IP) C/EBPα and tota l lysates (Input) of  Fao 
cel ls   cel ls  treated overnight with either DMSO or p300 inhib itor (C646,  10 μM). Ant ibody 
sta ining as indicated.  Statist ical di fferences  were analyzed by Student’s t - tests.  Error  bars 
represent ±SD,  ***P<0. 001,  NS:  not s igni ficant.  

Lysine (K) 298 of C/EBPα was recently identified as an acetylation site using the anti-

Ac-K298-C/EBPα antibody (Bararia et al., 2016). Using this antibody, a co-expression 

experiment with p300 in HEK293T cells showed that K298 of C/EBPα is also acetylated 

by p300 (Figure S2D). In addition, both the endogenously expressed C/EBPα isoforms 

p42 and p30 (Calkhoven et al., 2000) in Fao cells are acetylated at K298, which is 

dependent on high glucose conditions (Figure S2E). Changes in nutrient and calorie 

intake can influence acetylation of regulatory proteins through changes in cellular 

concentrations of Acetyl-CoA and NAD+ (Houtkooper et al., 2012; Verdin and Ott, 

2015). To examine C/EBPα acetylation under different metabolic conditions in vivo we 

analyzed livers from mice that were either subject of calorie restriction (CR; 4 weeks) 

or high fat diet (HFD; 20 weeks). By using anti-Ac-K298-C/EBPα we found a decrease 

in C/EBPα K298-acetylation in livers of CR mice and an increase of its acetylation in 

livers of HFD mice (Figure S2F and S2G; shown is the p30-C/EBPα). Taken together, 

our data show that C/EBPα acetylation changes with nutritional status in vivo. 
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The immunoprecipitation experiments described above do not reveal to what extend 

or which of the lysines in C/EBPα are acetylated by p300 beyond K298. To examine 

the distribution of lysine-acetylation, we purified acetylated C/EBPα protein derived 

from HEK293T cells co-expressing C/EBPα and p300 and examined protein acetylation 

by mass-spectrometric analysis (Figure 2). Of the fifteen lysines in C/EBPα, eleven 

were covered by the analyzed peptides of which five (K159, K250, K273, K275, K276) 

were found acetylated and six (K92, K169, K280, K304, K313, K352) not acetylated 

(Figure 2). Taken together, our analyses suggest that C/EBPα is subject of extensive 

acetylation mediated by p300 and that acetylation enhances its transactivation 

activity. 

 

Figure 2.  C/EBPα is  acetylated by p300 at mult i ple lys ines.  
Mass spectrometry analyses  ident ify the C/EBPα acetylation s ites in HEK293T cells  transfected 
with expression plasmids for C/EBPα  and p300-HA. Mascot scores  (upper panel)  > 40 were 
most confident for the true detect ion of acetylat ion.  The lowe r graph represents  the C/EBPα 
protein  with the acetylation status  of its  15  lys ines and locations  of the transact ivation 
domains (TAD),  DNA-binding domain (DBD)  and Leucine -z ipper dimerizat ion domain (LZIP).  

C/EBPα binds to and is deacetylated by SIRT1 

Lysine acetylation is a reversible PTM, which implies that specific lysine deacetylases 

(KDACs) may be responsible for C/EBPα deacetylation. The dependence of C/EBPα 

acetylation on glucose (Figure 1A and 1G) and the fact that C/EBPα and sirtuins both 

regulate glucose and fatty acid metabolism suggested that the NAD+-dependent 

sirtuin deacetylases (SIRTs) could be involved. We examined the potential 
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involvement of the four cytoplasmic and nuclear sirtuins, SIRT1, -2, -6 and -7 as well 

as SIRT3 that is mainly mitochondrial, however, may have nuclear functions in 

addition (Houtkooper et al., 2012). The mitochondrial SIRT4 and SIRT5 that can act 

both in the mitochondria and cytosol (Nishida et al., 2015; Park et al., 2013) were not 

tested. To examine possible C/EBPα-sirtuin interactions C/EBPα was co-expressed 

together with one of the FLAG-tagged sirtuins in HEK293T cells. Co-

immunoprecipitation using an anti-C/EBPα antibody followed by immunoblotting 

with an anti-FLAG antibody revealed that only SIRT1 interacts with C/EBPα (Figure 

3A). The interaction between C/EBPα and SIRT1 was confirmed by reciprocal co-

immunoprecipitation using an anti-FLAG antibody (Figure 3B). Next we examined the 

capacity of SIRT1 to deacetylate C/EBPα. HEK293T cells were co-transfected by 

C/EBPα and p300 expression plasmids to obtain acetylated C/EBPα in the presence of 

either SIRT1 or SIRT2 expression plasmids or empty vector control. Following C/EBPα 

immunoprecipitation, immunoblotting with an anti-HA or anti-Ac-K antibody 

showed binding to p300 and high level of C/EBPα acetylation, respectively, which are 

abrogated by co-expression of SIRT1 (Figure 3C). Co-expression of SIRT2, which does 

not interact with C/EBPα, has no effect on C/EBPα acetylation (Figure 3C). In addition, 

the ASEB computer algorithm (http://bioinfo.bjmu.edu.cn/huac/) (Wang et al., 2012) 

for prediction of SIRT1-mediated deacetylation lists all the mass-spectrometric 

identified lysines and K298 as potential SIRT1 deacetylation sites (Table S1). 

Furthermore, a progressive increase in expression levels of SIRT1 resulted in a 

progressive decrease in the acetylation level of C/EBPα (Figure 3D), which is 

accompanied by a progressive decrease in p300-dependent C/EBPα transactivation 

potential (Figure 3E).  

http://bioinfo.bjmu.edu.cn/huac/
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Figure 3.  C/EBPα binds to and is  deacety lated by SIRT1.  
(A) Immunoblot analys is  of immunoprecip itated (IP)  C/EBPα and to ta l  lysates (Input) of 
HEK293T cells  ectopical ly express ing C/EBPα and one of the FLAG - tagged s irtuins.  Antibody 
sta ining as  indicated.  
(B)  Immunoblot  analysis of  FLAG -immunoprecipitated (IP) SIRT1 and tota l lysates  (Input)  of  
HEK293T cel ls  ectopical ly exp ressing C/EBPα and SIRT1 -FLAG or empty vector (EV)  control.  
Antibody sta ining as  indicated.  
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(C)  Immunoblot analys is of immunoprecip itated (IP ) C/EBPα and tota l lysates (Input) of  
HEK293T cel ls  ectopical ly  expressing C/EBPα and p300 -HA,  and SIRT1-FLAG or SIRT2-FLAG. 
Antibody sta ining as  indicated.   
(D) Immunoblot  analysis of immunoprecip itated (IP) C/EBPα and total  lysates  (Input) of  
HEK293T cel ls  ectopica lly express ing C/EBPα and p300 -HA,  and increased amounts of SIRT1 -
FLAG. Ant ibody staining as indicated.  
(E)  HEK293T cel ls  transfected with luc iferase C/EBPα responsive promoter  vector,  reni l la 
express ion vector  for  normal ization,  C/EBPα, p300 -HA and increased amounts  of SIRT1 
express ion vectors as indicated.  Luci ferase activi ty was measured 48 h later (n=3).  S tat istical 
dif ferences were analyzed by Student’s t - tests.  Error bars represent ±SD,  *P<0.05,  **P<0.01,  
***P<0. 001.  NS:  not  s igni ficant.  
(F)  In  vi tro  S IRT1-deacetylation assay for  C/EBPα. C/EBPα -FLAG and SIRT1-FLAG proteins  were 
pur if ied from HEK293 cel ls  by immunoprecip itation with  ant i -FLAG M2 beads.  The indicated 
proteins  were incubated at 30 °C for 1  h with NAD +  or NAM where indicated,  fo llowed by 
immunoblotting with ant i -acetylated lys ine,  anti -C/EBPα and ant i -FLAG antibodies.   
 

To examine whether C/EBPα-deacetylation by SIRT1 is attributed to the enzymatic 

activity of SIRT1 we set up an in vitro deacetylation assay. Purified FLAG-tagged 

acetylated C/EBPα was obtained by anti-FLAG-IP from HEK293T cells that were co-

transfected with C/EBPα-FLAG and p300 expression plasmids. Purified FLAG-tagged 

SIRT1 was obtained separately by anti-FLAG-IP from HEK293T cells transfected with 

a SIRT1-FLAG expression plasmid. The deacetylation reaction assay revealed that 

SIRT1 efficiently deacetylates C/EBPα in the presence of NAD+ in vitro (Figure 3F). 

Moreover, the deacetylation of C/EBPα by SIRT1 was inhibited in the presence of the 

sirtuin inhibitor nicotinamide (NAM). Taken together, our data show that lysine 

residues in C/EBPα can be deacetylated by SIRT1. 

Acetylation of C/EBPα does not alter its subcellular localization or DNA-

binding 

Lysine acetylation of a transcription factor may serve to alter its transcriptional 

function, its DNA-binding properties or its subcellular localization (Choudhary et al., 

2014). We first examined whether the presence of either p300 or SIRT1 alters the 

subcellular localization of C/EBPα. Immunofluorescent staining of C/EBPα in 

HEK293T cells showed no difference in its nuclear localization between 

hyperacetylated C/EBPα derived from cells co-expressing p300 or hypoacetylated 

C/EBPα derived from cells co-expressing SIRT1 (Figure 4A and S3A). To determine 

whether co-expression of p300 or SIRT1 alters the binding of C/EBPα to a DNA 
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recognition sequence purified (IP) FLAG-tagged C/EBPα wt was incubated with DNA 

oligonucleotide probes of either a C/EBP-consensus sequence or a mutated sequence 

and DNA-protein complexes were analyzed in an electrophoretic mobility shift 

analyses (EMSAs). SYBR Green DNA and SYPRO Ruby protein staining revealed that 

there is no difference in the DNA binding of C/EBPα between cells co-expressing p300 

or co-expressing SIRT1 (Figure 4B). No DNA binding was detected with the C/EBPα-

mutated binding sites. These data show that acetylation status of C/EBPα does not 

affect DNA binding in a significant way.  

To examine the involvement of acetylation of individual C/EBPα lysines on the 

transactivation activity of C/EBPα we generated mutations that either mimic 

acetylation (Lysine (K) to Glutamine (Q)) or non-acetylation (Lysine (K) to Arginine 

(R)) at the acetylated lysines identified by mass spectrometry, K159, K250, K273, K275, 

K276 and the established acetylation site K298.  

Figure 4C shows that only the single K159Q or K298Q acetylation mimicking 

mutations in C/EBPα result in enhanced C/EBPα transactivation capacity compared 

to the wt C/EBPα, using the C/EBP-binding site reporter. None of the K-to-R 

acetylation preventing mutations altered the reporter activity (Figure 4D).  

Next we examine subcellular localization of the dual K159Q/K298Q acetylation 

mimicking and K159R/K298R non-acetylation mutants of C/EBPα. Neither mutation 

affected the subcellular localization (Figure 4E). In addition, the mutations do not 

affect DNA binding in an EMSA (Figure 4F). Furthermore binding to the C/EBP-

binding site in the reporter was not altered by the lysine mutations as was measured 

by C/EBPα-immunoprecipitation and qRT-PCR quantification of bound DNA (Figure 

4G and S2B). Finally, chromatin-immunoprecipitation (ChIP) experiments showed 

that there is no difference in binding between wt C/EBPα, the K159Q/K298Q C/EBPα 

mutant or K159R/K298R C/EBPα mutant to natural C/EBP binding sites in promoters 

of the endogenous genes G-CSFR and PEPCK1 (Figures 4H and Figure S3B). 
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Figure 4.  Acetylation of  C/EBPα does not a lter its  subcellu lar  local ization or DNA -binding  
(A) HEK293T cells  transfected w ith C/EBPα alone,  C/EBPα with p300 -HA or C/EBPα with SIRT1 -
FLAG express ion vectors.  Immunohistochemistry  was  performed us ing ant i -C/EBPα, anti -HA 
and ant i-FLAG antibodies.  DNA was stained with  DAPI to  v isualize  the nucleus.  Scale  bars  s ize 
is  10  μm. See F igure S2A for acetylation status of C/EBPα.  
(B) HEK293T cells  transfected with  C/EBPα -FLAG alone,  C/EBPα -FLAG with p300-HA or C/EBPα -
FLAG with  SIRT1 express ion vectors.  C/EBPα -FLAG protein was  pur if ied by 
immunoprecip itation with ant i -FLAG M2 beads.   EMSA w as performed us ing a  double -stranded 
ol igonucleotides conta in ing e ither wt or mutated (mt)  C/EBPα binding si te.  
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(C)  and (D) HEK293T cells  were transiently transfected with  C/EBP -responsive luc i ferase 
reporter,  reni l la expression vector for normal ization,  w t C/EBPα or either (C) lys ine to 
g lutamine (KQ) or  (D)  lys ine to argin ine (KR) mutated C/EBPα express ion vectors.  Luciferase 
act iv ity was measured 48 h later (n=3).  Stat istical  d if ferences were analyzed by Student’s t -
tests.  Error  bars represent ±SD,  *P<0. 05,  **P<0.01,  ***P<0.  001.  NS:  not s igni f icant.  
(E )  HEK293T cel ls  were trans ient ly  transfected with  wt,  K159/298Q or K159/298R mutated 
C/EBPα -FLAG express ion vectors.  Immunohistochemistry was performed using ant i -FLAG 
ant ibody.  DNA was sta ined with DAPI to  v isual ize the nucleus.   Sca le  bars s ize is  10 μm. 
(F)  HEK293T cells  were trans ient ly  transfected with  wt,  K159/298Q or  K159/298R mutated 
C/EBPα -FLAG expression vectors.  C/EBPα proteins were pur if ied by immunoprecip itat ion with 
anti-FLAG M2 beads.   EMSA wa s performed using a double -stranded ol igonucleotides 
containing either  wt or  mutated (mt) C/EBPα binding si te.  
(G) Fold  enrichment of C/EBP binding s i te DNA used in  the C/EBP -responsive f i refly -reporter 
by DNA immunoprecipitation with  wt - ,  K159/298Q-  or K159/298R-C/EBPα -FLAG, us ing  mouse 
ant i-FLAG ant ibody versus non-speci fic mouse IgG. The exper iment was performed in HEK293T 
cel ls,  analyzed by quantitat ive rea l -t ime PCR. Mean ± s.d.  (n=3).  
(H) Fold enr ichment of DNA from endogenous C/EBPα target genes G -CSFR and PEPCK1 
obta ined by chromatin immunoprecip itat ion (ChIP) with wt - ,  K159/298Q- or K159/298R-
C/EBPα -FLAG, using mouse ant i -FLAG antibody versus  non-speci fic mouse IgG. The experiment 
was performed in HEK293T cel ls,  analyzed by quantitative real -t ime PCR. Mean ± s.d.  (n=3) .  

Therefore we conclude that acetylation of the lysines K159/K298 enhanced C/EBPα 

transactivation without affecting subcellular localization or DNA-binding.  

Acetylation of Lysine 298 of C/EBPα stimulates acetylation of subsequent 

lysines  

Next we asked whether prevention of acetylation of either K159, K298 or of all six 

lysines by K-to-R mutations affects p300-binding and acetylation or the 

transactivation potential of C/EBPα. K-to-R mutated C/EBPα mutants were co-

expressed with p300 in HEK293T cells and p300-binding and C/EBPα-acetylation was 

analyzed after C/EBPα immunoprecipitation. Notably, the mutation K298R strongly 

reduced binding to p300 associated with a strong reduction in C/EBPα acetylation 

(Figure 5A). The K159R single mutation had no effect on p300-binding and C/EBPα-

acetylation, although in the double mutant K159/298R the level of C/EBPα-acetylation 

is further decreased (Figure 5A). As expected, mutation of all six lysines 

(K159/250/273/275/276/298) in the K6R mutant reduces C/EBPα acetylation by p300 

to very low levels. In accordance, the transactivation of the C/EBP-reporter is similar 

for co-expression of wt- or K159R-C/EBPα, decreased for K298R-C/EBPα and further 

decreased for K159/298R- and K6R-C/EBPα (Figure 5B).  

 



Chapter 4 

 

107 

 

 

Figure 5.  Acetylation of  Lysine  298 of  C/EBP α stimulates  acetylat ion of subsequent lysines .  
(A) Immunoblot analys is  of immunoprecip itated (IP)  C/EBPα and tota l lysates (Input) of 
HEK293T cel ls  ectopica lly express ing wt or  one of  the KR -C/EBPα mutants C/EBPα and p300 -
HA. Antibody sta ining as  indicated.  
(B)  HEK293T cells  were transient ly transfected wi th luc iferase C/EBP-responsive f iref ly 
reporter,  reni l la express ion vector for  normal ization,  p300 -HA and either wt or one of the KR -
C/EBPα mutant express ion vectors.  Luciferase activi ty  was measured 48 h  later (n=3).   
(C)  Immunoblot analys is of immunoprec ip i tated (IP ) C/EBPα and tota l lysates (Input) of  
HEK293T cells  ectopical ly express ing wt or one of the KQ -C/EBPα mutants C/EBPα and p300 -
HA. Antibody sta ining as  indicated.  
(D) HEK293T cells  were transient ly  transfected with luc i ferase C/EBP -responsive f iref ly 
reporter,  reni l la express ion vector for  normal ization,  p300 -HA and either wt or one of the KR -
C/EBPα mutant express ion vectors.  Luciferase activi ty  was measured after 48  h (n=3).  
Stat istical  d if ferences were analyzed by Student’s t - tests.  Error bars represent ±SD,  *P<0.05,  
**P<0.01,  ***P<0. 001.  NS:  not s igni ficant.  K6  = K159/250/273/275/276/298.  
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Complementary results were obtained with the opposite lysine-acetylation mimicking 

K-to-Q mutations. The K159Q mutant did not significantly improve binding of 

C/EBPα to p300 or C/EBPα-acetylation while with the K298Q mutant p300-binding 

and C/EBPα-acetylation is strongly increased, and there is a further increase for the 

double mutant K159/298Q (Figure 5C). The K6Q mutation also results in enhanced 

binding of p300 and a stronger acetylation signal although the anti-L-Ac antibody 

does not recognize the KQ mutations. This suggests that in the K6Q mutant, 

acetylation of other lysines increases that normally are not efficiently acetylated. Co-

expression of the K-to-Q C/EBPα mutants, p300 and the luciferase C/EBP-reporter 

resulted in a gradual increase in reporter activity from K159Q- to K298Q- to 

K159/298Q- and K6Q- C/EBPα (Figure 5D). Finally, increasing amounts of SIRT1 co-

expression does not reduce the transactivation potential through deacetylation of 

either K159/298Q- or K6Q-C/EBPα (Figure S4). Together, these results suggest that 

K298-acetylation is a priming acetylation event stimulating the recruitment of p300, 

acetylation of K159 and further acetylation of C/EBPα.   

C/EBPα acetylation status determines the C/EBPα-regulated 

transcriptome 

To investigate the consequences of C/EBPα-acetylation on global C/EBPα-controlled 

gene transcription we generated Hepa1-6 mouse hepatoma cell lines with cumate-

inducible expression of wt-, K159Q/K298Q- or K159R/K298R-C/EBPα-FLAG proteins 

(Figure 6A). Comparative transcriptome analysis identified 110 upregulated transcripts 

and 122 downregulated transcripts in the hypoacetylation K159R/K298R-C/EBPα 

mutant versus hyperacetylation K159Q/K298Q-C/EBPα mutant expressing cells 

(Figure 6B). We only considered genes to be differential regulated between the hypo- 

versus hyperacetylation C/EBPα mutants if their expression levels are intermediate in 

the wt C/EBPα expressing cells.  Ten of each up- or downregulation genes were re-

analyzed by qRT-PCR confirming their regulation shown by the transcriptome 

analysis (Figure 6C). Gene ontology (GO) analysis using the DAVID database (Huang 

da et al., 2009) revealed that the upregulated transcripts in the K159R/K298R-C/EBPα 
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mutant expressing cells are enriched for genes in oxidation-reduction processes and 

mitochondrial biology, while the downregulated transcripts are enriched for 

glycoprotein genes (Figure 6D and Table S2). Most of the regulated genes have 

C/EBPβ-associated DNA fragments in the ENCODE database 

(http://genome.ucsc.edu/ENCODE/) (Table S2). C/EBPβ is closely related to C/EBPα 

and since they bind to the same recognition sequences C/EBPβ may substitute for 

C/EBPα for which data are not available. In the metabolic context these results suggest 

that deacetylation of C/EBPα is involved in the SIRT1 controlled increase in 

mitochondrial biogenesis and function under conditions of low glucose / low energy.  

Hypoacetylated C/EBPα enhances mitochondrial function 

In line with a role of hypoacetylated C/EBPα in mitochondrial regulation we found 

that cumate-induction of the K159R/K298R-C/EBPα mutant in Hepa 1-6 cells that are 

cultured in acetylation-favoring high glucose medium results in increased 

accumulation of MitoTracker fluorescent dye as a measure for mitochondrial mass, 

compared to the hyperacetylation K159Q/K298Q- or wt-C/EBPα (Figures 7A and S5A).  

In addition, under low glucose deacetylation-favoring conditions (2.5 mM) wt reaches 

similar mitochondrial mass compared to hypoacetylation K159R/K298R-C/EBPα, 

while the acetylation mimicking K159Q/K298Q-C/EBPα fails to increase 

mitochondrial mass (Figure 7A).  The relative mitochondrial DNA (mtDNA) copy 

number did not changes upon expression of the C/EBPα variants (Figure S5B). To 

examine whether C/EBPα is required for SIRT1-dependent induction of mitochondrial 

mass we stimulated SIRT1 activity by treatment with SIRT1 activator II and compared 

mitochondrial mass of cells with sh-C/EBPα knockdown to control sh-RNA. 

Treatment with SIRT1 activator II resulted in a clear increase in mitochondrial mass 

in control cells that was almost completely abrogated in C/EBPα knockdown cells 

(Figure 7B). Taken together these data show that deacetylation of C/EBPα is required 

for the SIRT1 induced increase in mitochondrial mass. 

http://genome.ucsc.edu/ENCODE/
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Figure 6.  C/EBPα  acetylat ion status determines t he C/EBPα -regulated transcr iptome.  
(A) Immunoblot  analysis  of  C/EBPα -FLAG and total  lysates (Input) of  Hepa1 -6  cel ls  expressing 
wt- ,  K159/298Q-,  K159/298R-C/EBPα -FLAG cumate- inducible constructs or empty vector (EV) 
control.  Ant ibody stain ing as indicated.  
(B)  Heat map of 232 d if ferent ial ly expressed genes (DEGs) in  cumate - induced Hepa1-6 cells  
express ing K159/298R-C/EBPα -FLAG compared to the cel ls  express ing K159/298Q -C/EBPα -
FLAG as measured by RNA -seq.  Low express ion is  shown in cyan,  and high expression is  in 
yel low. (FDR adjusted p va lue <  0.01 and the medians in the wt condit ion are located between 
the medians  of K159/298Q and K159/298R).  See Supplementary Table S2 for a complete l ist 
of DEGs.   
(C)  Relative mRNA expression levels (qRT -PCR) of 10 upregul ated ( left)  and 10 downregulated 
(r ight) genes in cumate- induced Hepa1-6 cel ls  express ing K159/298R -C/EBPα -FLAG compared 
to the cel ls  expressing K159/298Q -C/EBPα -FLAG (n=3).  Corresponding P -values are depicted 
as determined with Student’s t - test.  Error bars  represent  ±SD.   
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To investigate whether mitochondrial function is affected by the C/EBPα acetylation 

we measured using the Seahorse XF extracellular flux analyzer basal oxygen 

consumption rate (OCR), maximal OCR (treatment with mitochondrial uncoupler 

2,4-dinitrophenol (DNP)) and spare respiratory capacity (SRC) as indicators of 

mitochondrial respiration. In addition, we measured extracellular acidification rate 

(ECAR) and maximal ECAR (treatment with oligomycin) as measurement of 

glycolysis. Under high glucose (25 mM) acetylation-favoring conditions, expression of 

the hypoacetylation K159/298R-C/EBPα mutant results in an increase in basal OCR, 

maximal OCR and SRC (Figure 7C and S5C). This indicates that the hypoacetylated 

C/EBPα induces mitochondrial respiration. In addition, the hypoacetylation 

K159/298R-C/EBPα mutant increases basal and maximal ECAR (Figure 7D and S5D). 

Under low glucose (2.5 mM) deacetylation-favoring conditions, expression of wt 

C/EBPα increased mitochondrial respiration (basal OCR, maximal OCR and SRC) to 

similar extends as the hypoacetylation K159/298R-C/EBPα mutant. Expression of the 

hyperacetylation K159/298Q-C/EBPα mutant did not result in a comparable increase 

in respiration (Figure 7E and S5E). Induction of the hypoacetylation K159/298R-

C/EBPα did not increase ECAR compared to wt C/EBPα, while the K159/298Q-C/EBPα 

mutant mildly decreased the maximal ECAR (Figure 7F and S5F). 

These data indicate that induction of respiration by C/EBPα requires its lysine residues 

either to be available for deacetylation or being mutated to mimic hypoacetylation. 

To test whether SIRT1 activation is required for the induction of respiration by wt 

C/EBPα under low glucose conditions the cells were treated with the SIRT1 inhibitor 

Ex-527 (Selisistat), which completely inhibited the wt C/EBPα-induced basal OCR, 

maximal OCR and SRC under the low (2.5 mM) glucose deacetylation-favoring 

condition (Figures 7G and S5G).  

Taken together, our data suggest that deacetylation of C/EBPα is part of the SIRT1-

controlled increase in mitochondrial biogenesis and function.  
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Figure 7.  Hypoacetylated C/EBP α  enhances mitochondrial function.  
(A) Cumate- induced Hepa1-6 cel ls  expressing wt- ,  K159/298Q- or K159/298R-C/EBPα -FLAG 
were cultured in either high (25 mM) or low (2.5 mM) glucose medium then mitochondrial  
mass was measured with MitoTracker  f luorescent  dye.  
(B)  Hepa1-6 cel ls  with  C/EBPα knockdown (shC/EBPα)  or  control  cel ls  (shCTRL) were treated 
overnight with  either DMSO as solvent or SIRT1 act ivator I I .  M itochondria l  mass  was measured 
using MitoTracker  f luorescent  dye.  Immunoblots of C/EBPα and β -actin  loading control are 
shown at  the right.   
(C,  E  and G)  Basal  and maximal OCR and SRC in cumate- induced Hepa1-6 cells  expressing wt -
,  K159/298Q- or  K159/298R-C/EBPα -FLAG proteins  and cultured in  medium with 25 mM 
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glucose (C) ,  2.5 mM glucose (E)  or 2.5 mM g lucose and treated with the SIRT1 inhibitor Ex -
527 (Selis istat)  16 hours before the measurement  (G).  
(D and F)  Basal and maximal ECAR in cumate- induced Hepa1-6 cel ls  express ing wt -, 
K159/298Q- or K159/298R-C/EBPα -FLAG proteins and cultured in  medium with 25  mM glucose 
(D)  or  2.5 mM g lucose  
(F).  For  a l l  experiments  (n=5).  Stat istical  d if ferences were analyzed by St udent’s  t - tests.  Error  
bars  represent  ±SD,  *P<0.05,  **P<0.01,  ***P<0. 001.  NS:  not  signi ficant.   

DISCUSSION 

In this study, we demonstrate that C/EBPα is acetylated by p300 and deacetylated by 

SIRT1 and that the acetylation status of C/EBPα determines its transcriptional 

functions. By using acetylation mimicking (KQ) or acetylation preventing (KR) 

mutations our data suggest that acetylation of lysine residue K298 primes for p300-

catalyzed acetylation at various additional lysines and that the K159/298Q dual 

mutation can substitute for maximal acetylation levels. We show that the acetylation 

status of C/EBPα modified either by p300, SIRT1, K159/298Q mutations or K159/298R 

mutations does not alter its cellular localization or DNA binding. Whole coding 

transcriptome analysis revealed that the hypoacetylation K159/298R-C/EBPα mutant 

induces transcripts involved in mitochondrial function and oxidation-reduction 

processes. Accordingly, expression of K159/298R-C/EBPα increases mitochondrial 

mass and respiration whereas C/EBPα knockdown abrogates the increase in 

mitochondrial mass induced by SIRT1 activation. Furthermore, inhibition of SIRT1 

blunts wt C/EBPα-induced mitochondrial respiration under low glucose conditions. 

Our data fit into a model where C/EBPα functions downstream of SIRT1 to 

transcriptionally adapt mitochondrial function in response to alterations in the 

cellular energy/nutrition state. The more subtle increase in ECAR upon K159/298R-

C/EBPα induction, suggesting an increase in glycolysis, is only observed under high 

glucose conditions. Possibly, the higher metabolic (respiration) rate of the K159/298R-

C/EBPα expressing cells allows for more glucose uptake under high glucose conditions 

that is constrained by low glucose availability. 

The results of the transcriptome analysis revealing differential up- or downregulation 

of distinct endogenous genes by the hypoacetylated K159/298R-C/EBPα mutant versus 
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the hyperacetylated K159/298Q-C/EBPα mutant (Figure 6B) is seemingly 

contradictory to the results obtained with the naked (non-chromatinized) promoter-

reporter assays. The reporter used in our study is activated by wt C/EBPα and its 

activation is further increased by co-transfection of p300 (Figure 1D). The reporter is 

also strongly activated by the transfection of hyperacetylated K298Q-C/EBPα (Figure 

4C and D) or K159/298Q-C/EBPα mutants (Figure 5B and D), while the effect of the 

hypoacetylated K298R- and K159/298R-C/EBPα mutants is similar to wt C/EBPα in the 

absence of p300 and inhibitory in the context of p300 co-transfection. This suggests 

that acetylation of C/EBPα increases its transcriptional activity, but it also shows that 

hypoacetylated K298R- and K159/298R-C/EBPα mutants still have a transactivation 

potential that is similar to wt C/EBPα in the absence of p300. Promoter-reporters have 

the limitation that the readout is determined by a selected naked DNA-fragment; in 

our case it solely contains two natural C/EBP-binding sites of the cMGF promoter 

(Sterneck et al., 1992). Therefore, they cannot fully substitute for the more complex 

regulation of endogenous transcription that is influenced by chromatin modifiers and 

by other transcription factors that bind at the promoter and enhancer regions. 

Although we do not know whether the observed changes in the transcriptome are a 

result of direct promoter regulation through C/EBPα or of an indirect effect, the 

presence of C/EBP binding sites in most of the genes speaks in favor of direct 

regulation (Table S3). Thus, the acetylation state of C/EBPα might discriminate 

between interaction partners and/or co-factors and thereby affect different 

endogenous promoters in opposite ways. The finding that upregulated genes in cells 

expressing the hyperacetylation K159/298Q-C/EBPα mutant fall into different GO-

term categories compared to those induced by the hypoacetylation K159/298R-

C/EBPα mutant supports such a scenario.  

The C/EBPα acetylation switch involving p300 and SIRT1 is reminiscent to the 

acetylation of C/EBPε regulated by these same factors (Bartels et al., 2015). C/EBPε is 

exclusively expressed in myeloid cells and acetylation of two lysines (K121 and K198) is 

indispensable for C/EBPε induced terminal neutrophil differentiation. C/EBPε-K121 is 
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homologous to K159 of C/EBPα and both are subject of sumoylation and C/EBPε-K198 

is homologues to K276 that we found acetylated in C/EBPα, further supporting the 

similarities in the acetylation of both proteins. In compliance with our results p300-

mediated acetylation of C/EBPε enhances transactivation of a C/EBP-binding site 

containing M-CSFR-promoter reporter and the acetylation status does not affects 

cellular localization of C/EBPε. In contrast to our findings obtained with deacetylated 

C/EBPα, non-acetylated C/EBPε mutations are shown to reduce DNA binding, 

however, DNA-binding of wt C/EBPε upon co-transfection with p300 or SIRT1 was not 

investigated (Bartels et al., 2015). 

It has been shown earlier that C/EBPα expression is essential for mitochondrial 

biogenesis and proper expression of both nuclear and mitochondrial-genome encoded 

genes in brown fat (Carmona et al., 2002). Our report shows that this function of 

C/EBPα depends on the hypoacetylated state of C/EBPα that is provided by the energy 

sensing deacetylase SIRT1, suggesting that C/EBPα mediates effects of SIRT1 on 

mitochondrial function. This is corroborated by the finding that the reduction of 

glucose concentration can induce mitochondrial respiration in wt C/EBPα expressing 

cells but not in cells expressing either the acetylation mimicking K159/298Q-C/EBPα 

mutant or the hypoacetylated K159/298R-C/EBPα mutant; while K159/298R mutant 

has already increased mitochondrial respiration at high glucose concentrations 

compared to wt C/EBPα the respiration stays at a low level in the K159/298Q mutant 

expressing cells. 

SIRT1 is known to control mitochondrial biogenesis and gene expression by 

deacetylating the transcriptional coactivator peroxisome proliferator-activated 

receptor gamma coactivator 1-alpha (PGC1α) (Houtkooper et al., 2012; Rodgers et al., 

2005; Gerhart-Hines et al., 2007; Nemoto et al., 2005). In addition, SIRT1 controls the 

acetylation and function of forkhead box O (FOXO) transcription factors, which are 

important regulators of lipid and glucose metabolism as well as of stress responses 

(Houtkooper et al., 2012; Brunet et al., 2004; Motta et al., 2004; van der Horst et al., 

2004). SIRT1 regulates adiponectin gene expression through stimulation of a FOXO1-
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C/EBPα transcriptional complex (Qiao and Shao, 2006). Here, FOXO1 is thought to be 

the target and deacetylated by SIRT1, however, deacetylation of C/EBPα was not 

investigated in this study. By using a hypoacetylation (K159/298R) mutant we 

demonstrate that C/EBPα deacetylation alone is sufficient for stimulating 

mitochondrial function. Whether deacetylated C/EBPα induces PGC1α expression 

(eventually in collaboration with FOXO transcription factors), collaborates with 

PGC1α in the activation of mitochondrial genes or whether it acts independently from 

PCG1α has to be analyzed in future experiments.  

Recently, Bararia et al showed that C/EBPα is acetylated by the KAT GCN5 at lysines 

K298, K302 in the DNA binding domain and K326 in the leucine zipper dimerization 

domain by using in vitro acetylation of short C/EBPα peptides and confirmation by 

mass-spectrometry and western blotting using specific antibodies raised against 

acetylated C/EBPα (Bararia et al., 2016). In the latter study, acetylated C/EBPα was 

found enriched in human myeloid leukemia cell lines and primary acute myeloid 

leukemia (AML) samples, and the data show that C/EBPα acetylation results in 

impaired DNA binding and thus loss of transcriptional activity resulting in inhibition 

of C/EBPα granulopoietic function. We did not observe effects on DNA binding per se 

between hypo- or hyperacetylated C/EBPα. These differences may be the result of the 

different mutations used and the different experimental systems, hematopoietic cells 

in the Bararia et al study versus HEK293T and liver Hepa 1-6 cells in our study. Bararia 

et al show loss of DNA-binding and transactivation activity using dual K298Q/K302Q 

or triple K298Q/K302Q/K326Q mutants that all reside in the bZIP DNA-binding 

domain (Bararia et al., 2016). Importantly, they report that single acetylation 

mimicking mutants of one of the three lysines show no effect on DNA binding and 

transactivation. In our mass spectrometry analysis K298Q, K302Q and K326Q were 

not covered. K298 is predicted to be acetylated by p300 and deacetylated by SIRT1 

(Table S1) and was identified as p300 acetylation site by using Ac-K298 specific 

antibodies. We did not include K302 and K326 since these are not predicted as targets 

for p300 or SIRT1 (Table S1). Here we examined the dual K159Q/K298Q mutation of 
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which K159 lies outside the bZIP domain. Since we also do not see any effect on DNA 

binding with co-transfection of p300 and rather a stimulation of reporter promoter 

activity, we believe that at least in the experimental systems we use acetylation of 

C/EBPα does not alter DNA-binding. Bararia et al (Bararia et al., 2016) found that co-

transfection of p300 and C/EBPα results in stimulation of a C/EBP-binding site 

reporter, while co-transfection with GCN5 represses the reporter. Similar to these 

results and to other studies (Erickson et al., 2001; Bararia et al., 2016) we also found 

that co-expression of p300 and C/EBPα stimulates a C/EBP-dependent promoter 

reporter, however, in our system GCN5 did not alter the reporter activation in a dose 

dependent manner (although GCN5 binds C/EBPα). Possibly, in different cellular 

systems acetylation of C/EBPα can occur at different lysine residues by different KATs 

with different outcomes on DNA binding and / or transactivation. Different KAT 

regulatory pathways, C/EBPα interacting proteins or other posttranslational 

modifications of C/EBPα might influence this process. Overall, our data are more in 

agreement with the effects of acetylation and deacetylation of C/EBPε by p300 and 

SIRT1 (Bartels et al., 2015), as was discussed above. 

C/EBPα is subject of extensive PTMs, including phosphorylation, methylation, 

sumoylation and ubiquitination (Leutz et al., 2011; Nerlov, 2008). Sumoylation of 

C/EBPα at lysine residue K159 reduces C/EBPα-transactivation of the albumin gene in 

fetal primary hepatocytes and abrogates the interaction with Brahma-Related Gene-1 

(BRG1) resulting in reduced inhibitory effect on cell proliferation (Kim et al., 2002; 

Sato et al., 2006). Acetylation and sumoylation at K159 are obviously mutually 

exclusive and prevention of sumoylation by acetylation could be involved in the 

observed higher transcriptional efficacy of the K159Q mutant measured with the 

C/EBP-binding site reporter. However, the K159R that similarly prevents sumoylation 

at this site shows no enhanced activity, suggesting that lysine-acetylation modulates 

the transcriptional activity of C/EBPα through other mechanisms.  

Taken together our results suggest that C/EBPα acetylation depends on nutrient 

(glucose) availability and is negatively controlled by the class III lysine deacetylase 
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SIRT1.  Our observations that hypoacetylation mimicking C/EBPα mutant expressing 

cells show increased expression of mitochondrial genes, higher mitochondrial mass 

and mitochondrial respiration propose C/EBPα as critical downstream mediator of 

SIRT1 mitochondrial function. 

MATERIALS AND METHODS 

DNA constructs 

The pcDNA3-based full-length (p42) rat C/EBPα and rat C/EBPα-FLAG have been 

described earlier (Muller et al., 2010), cloning details are available upon request. See 

Supplemental Experimental Procedures for other plasmids used. 

Cell culture, transfection and immunofluorescence 

All cells were cultured in DMEM plus 10% FCS (Invitrogen) and 

penicillin/streptomycin at 5% CO2 and 37° C. HEK293T cells were seeded at 2.5 × 106 

cell in 10 cm dishes and transfected the next day with 5 µg expression vectors using 

calcium phosphate. Immunofluorescence staining protocol was described previously 

(Muller et al., 2010). The primary antibodies used were anti-C/EBPα (14AA, Santa Cruz 

Biotechnology), anti-FLAG (M2, #F3165, Sigma) and anti-HA (#MMS-101R, Convace). 

Secondary antibodies used were Alexa Fluor 488 or 568 conjugated (Invitrogen). p300 

inhibitor C646 (CAS 328968-36-1; Sigma-Aldrich) was used at final concentration of 

10 μM. 

Co-immunoprecipitation 

Co-immunoprecipitation was performed as described previously by (Muller et al., 

2010). Anti-C/EBPα (14AA, Santacruz), anti-FLAG (M2, #F3165, Sigma), anti-HA 

(#MMS-101R, Convace) and anti-Tip60 (#NBP2-20647, Novus Biologicals) were used 

for precipitation as indicated. To detect the acetylation of C/EBPα in Fao cells, 

endogenous level, or in transiently transfected HEK293T cells, the cells were treated 

with the deacetylase inhibitors 1 µM TSA (#T8552, Sigma) and 5 mM nicotinamide 
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(#47865U, Sigma) 8 h before harvesting. The IP lysis buffer and IP wash buffer were 

supplemented with these inhibitors as well. 

Immunoblotting 

Western blotting was performed following a general protocol. The following 

antibodies were used: anti-C/EBPα (14AA), anti-SIRT1 (H-300), anti-α-tubulin (TU-

02), anti-p300 (C-20) and anti-P/CAF (H-369) (Santa Cruz Biotechnology); anti-

acetyl-Lys (# 05-515, clone 4G12, Millipore); anti-FLAG (M2, #F3165, Sigma); anti-HA 

(#MMS-101R, Convace); anti-β-actin (clone C4, #691001,MP Biomedicals). and Anti-

Tip60 (#NBP2-20647, Novus Biologicals) and anti-Ac-K298-C/EBPα (Bararia et al., 

2016).  HRP-conjugated secondary antibodies were purchased from Amersham Life 

Technologies. The bands were visualized by chemiluminescence (ECL, Amersham Life 

Technologies). 

Luciferase assay 

The luciferase construct containing two consensus C/EBPα binding sites site (pM82; 

lacking the AP-1 binding site) was described earlier (Sterneck et al., 1992). For the 

Luciferase assay, 25000 HEK293T cells per well were seeded in 96-well plates. After 24 

h, cells were cotransfected with the Luciferase reporter, Renilla expression vector and 

other expression vectors as indicated using FuGENE HD (Promega). After 48 h, 

Luciferase activity was measured by Dual-Glo Luciferase Assay System (#2920, 

Promega) following the manufacturer’s protocol using a GloMax-Multi Detection 

System (Promega). 

In vitro deacetylation 

In vitro deacetylation assay was performed as described by (Li et al., 2008). Acetylated 

C/EBPα was obtained by co-transfecting HEK293T cells with C/EBPα-FLAG and p300 

expression plasmids. Cells were treated with 10 µM TSA and 5 mM nicotinamide 8 h 

before harvest. Anti-FLAG M2 beads (#M8823, Sigma) were used for precipitation and 

3X-FLAG peptide (F4799, Sigma) was used for elution. 
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Lentiviral transduction and cumate-inducible system 

Hepa1-6 cells were infected with SparQ All-in-one Cumate Switch Vector (#QM812B-

1, System Bioscience Inc) containing either wt rC/EBPα-FLAG cDNA, K159/298Q-

rC/EBPα-FLAG cDNA, K159/298R-rC/EBPα-FLAG cDNA or empty vector and 

propagated under puromycin selection (1.5 μg/ml). Cumate-inducing solution was 

added to the cells at a dilution (1:1000) 3 days before any experiment. To obtain the 

C/EBPα-KD Hepa1-6 cells, the cells were infected with pLKO.1 lentiviral constructs 

containing shRNAs against mouse C/EBPα: sh:5’- CCG GCA ACG CAA CGT GGA GAC GCA 

ACT CGA GTT GCG TCT CCA CGT TGC GTT GTT TTT-3’ or non-target shRNA control 

(Sigma-Aldrich) and propagated under puromycin selection (1.5 μg/ml). 

Electrophoretic Mobility Shift Assay (EMSA) 

HEK293T cells were transfected with expression vectors by the calcium phosphate 

method. Anti-FLAG M2 beads (#M8823, Sigma) were used for precipitating C/EBPα-

FLAG and 3X-FLAG peptide (F4799, Sigma) was used for elution. Purified C/EBPα-

FLAG was incubated with double strand oligodeoxynuclotides containing either 

C/EBP consensus binding site or mutated one. The sense and antisense sequences are 

as follows: C/EBP consensus; sense 5′ CTA GCA TCT GCA GAT TGC GCA ATC TGC 

AC 3′; antisense 5′ TCG AGT GCA GAT TGC GCA ATC TGC AGA TG 3′. Mutant 

C/EBP consensus; sense 5′ CTA GCA TCT GCA GAG GTA TAC CTC TGC AC 3′; 

antisense 5′ TCG AGT GCA GAG GTA TAC CTC TGC AGA TG 3′. The C/EBP 

consensus and mutant sequences are underlined. C/EBPα DNA binding affinity was 

analyzed using Electrophoretic Mobility Shift Assay (EMSA) Kit, with SYBR® Green & 

SYPRO® Ruby EMSA stain (#E33075, Thermo Fisher Scientific) following the 

manufacturer’s protocol. 

Measurement of oxygen consumption rate (OCR)  

Oxygen consumption rates (OCR) extracellular acidification rates and (ECAR) were 

determined using a Seahorse XF96 Extracellular Flux analyzer (Seahorse Bioscience). 

2.5 × 104 of cumate-induced Hepa1–6 cells per well were seeded into a 96-well XF cell 
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culture microplate 24 h prior to the assay, see the Supplemental Experimental 

Procedures.  

Mass Spectrometry analysis 

HEK293T cells were transiently transfected with C/EBPα and p300-HA expression 

vectors. C/EBPα was immunoprecipitated using rabbit anti-C/EBPα antibody followed 

SDS-PAGE and the proper C/EBPα protein band cut and used for further MS protocol, 

see the Supplemental Experimental Procedures.  

RNA-seq Analysis 

Transcriptome analysis was done in triplicates. Hepa1-6 cells treated for three days 

with cumate solution to express wt-, K159/298Q- and K159/298R- C/EBPα proteins 

were harvested and the total RNAs were isolated using RNeasy Plus mini Kit (#74136, 

Qiagen) according to the manufacturer’s protocol, see the Supplemental Experimental 

Procedures.  

Quantitative Real-Time PCR analysis 

Total RNA was isolated using the RNeasy Kit (QIAGEN). For cDNA synthesis 1μg RNA 

was reverse transcribed with the Transcriptor First Strand cDNA Synthesis Kit (Roche) 

using Oligo(d)T primers. qRT-PCR was performed using the LightCycler® 480 SYBR 

Green I Master Mix (Roche). Primer pairs are listed in Table S3. 

Chromatin and reporter C/EBP-binding site immunoprecipitation 

HEK293T cells were transfected with wt-, K159/298Q- or K159/298R-C/EBPα 

expression vectors for the chromatin IP. HEK293T cells were cotransfected with 

C/EBP-binding site reporter construct and wt-, K159/298Q- or K159/298R-C/EBPα-

FLAG expression vectors for the C/EBP-binding site IP.  ChIP assay was performed 

with 5 × 106 cells using a Bioruptor (Diagenode, Inc.) for sonication (details on 

request). ChIP antibodies were against FLAG  (M2, #F3165, Sigma) and non‐specific 

mouse IgG from Santa Cruz Biotechnology. The fold enrichment was calculated 

relative to the background detected with non‐specific rabbit IgG. For the semi‐
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quantitative PCR, 1/50 (1 μl) of DNA obtained from the ChIP assay was used as 

template in a PCR reaction with 28 cycles. Primer pairs are listed in Table S3. 

Mitochondrial content and mtDNA copy mumber  

Mitochondrial mass was measured using MitoTracker Red 480 kit following the 

manufacturer’s protocol (#M22425, ThermoFisher). Fluorescence was measured using 

a GloMax-Multi Detection System (Promega). SIRT1 Activator II (CAS 374922-43-7; 

Merck #566313) was used at final concentration of 10 µM. Mitochondrial DNA was co-

purified with genomic DNA from Hepa1-6 cells using standard protocol, Ct values 

determined for cytochrome b gene encoded by mtDNA and β-actin gene encoded by 

the nuclear DNA, and the relative mtDNA copy number calculated by normalizing to 

β-actin gene copy number. Primer pairs are listed in Table S3. 

Mice 

C57BL/6 male mice were housed individually at a standard 12-h light/dark cycle at 

22°C in a pathogen free animal facility and were used for all experiments. Numbers of 

mice used in the separate experiments can be retrieved from the figure legends. Single 

caged mice of 3 months of age were fed ad libitum or fed calorie restricted (70% of 

normal food intake) for 4 weeks. For the other experiment mice were fed high fat diet 

or normal control diet (Research Diets Inc., product D12492: 60% Fat, 20% 

Carbohydrates, 20% protein; control diet D12450B, 10% fat, 70% Carbohydrates, 20% 

Protein) for 20 weeks. Mice were sacrificed by isoflurane at the end of each study. All 

animal experiments were performed in compliance with protocols approved by the 

Institutional Animal Care and Use Committee. 

Statistics 

Data were analyzed by two-tailed independent-sample Student’s t test for 

comparisons between two different groups and expressed as mean ± SD. The data met 

the assumptions of this test. Differences were considered to be significant when p < 

0.05. RNA-seq Analysis section contains details of its used statistical methods. No 
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statistical methods were used to determine sample size, and randomization was not 

used for analyses.  

Supplemental item titles and legends 

Supplemental Information includes Supplemental Figures 1-4, Supplemental Tables 1-

3 and Supplemental Experimental Procedures and can be found with this article online 

at 

Accession Numbers 

Transcriptome RNA-sequencing data were deposited at ArrayExpress with accession 

number E-MTAB-6323. 
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SUMMARY 

Cellular senescence is a state of irreversibly arrested proliferation, often induced by 

genotoxic stress (Loaiza & Demaria, 2016). Senescent cells participate in a variety of 

physiological and pathological conditions, including tumor suppression(Serrano, Lin, 

McCurrach, Beach, & Lowe, 1997), embryonic development (Muñoz-Espín et al., 2013; 

Storer et al., 2013), tissue repair (Demaria et al., 2014; Jun & Lau, 2010; Krizhanovsky et 

al., 2008; Meyer, Hodwin, Ramanujam, Engelhardt, & Sarikas, 2016), and organismal 

aging (Baker et al., 2016). The senescence program is variably characterized by several 

non-exclusive markers, including constitutive DNA damage response (DDR) 

signaling, senescence-associated b-galactosidase (SA-bgal) activity, increased 

expression of the cyclin-dependent kinase (CDK) inhibitors p16INK4A (CDKN2A) and 

p21CIP1 (CDKN1A), increased secretion of many bio-active factors (the senescence-

associated secretory phenotype, or SASP), and reduced expression of the nuclear 

lamina protein LaminB1 (LMNB1) (Loaiza & Demaria, 2016). Many senescence 

associated markers exhibit altered transcription, but the senescent phenotype is 

variable, and methods for clearly identifying senescent cells are lacking (Sharpless & 

Sherr, 2015). Here, we characterize the heterogeneity in response to senescence 

inducing ionizing radiation among three different cell-types. In this reanalysis of the 

data from original paper (Hernandez-Segura et al, 2017) we identify 687 genes which 

consistently change their expression patterns across three cell types albeit with 

different temporal dynamics. Our results suggest that these patterns can assist 

identification of new senescence markers and contribute to the discovery of drug 

targets. 
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BACKGROUND 

The senescence and quiescence state  

Senescence is a cellular state that occurs as a response to extreme stress and damage 

to a cell. This irreversible state is often observed among cells post medical operation 

or among cells with extensive DNA damage in order to preclude their transition into 

a cancerous state. Senescent cells tend to show a Senescence-Associated Secretory 

Phenotype (SASP) that promotes cell growth in nearby cells as reviewed in (Demaria 

et al., 2014). This is a beneficial response in situations after tissue damage, in which 

additional growth is required to repair the tissue for the organism to recover as quickly 

as possible. In post-operational cancer this response, however, is unwanted as it might 

promote the growth of remaining cancerous cells, decreasing the survival chances of 

the organism (Loaiza & Demaria, 2016). For this reason, it is important to have access 

to cellular markers for a senescence phenotype. Another cellular state in which cells 

do not grow is the naturally occurring quiescent state; In this state the cell is simply 

not dividing due to the absence of nutrition or growth factors (Terzi, Izmirli, & 

Gogebakan, 2016). In the paper on which this research is based several aspects of the 

senescent response were mapped through both meta-analysis and temporal analysis 

which focused on different cell types (Hernandez-Segura et al., 2017). One of the 

recurring observations was that widely used markers for senescence do not show fully 

concordant change in their expression among different cell types. In this study we 

performed the temporal analysis of expression among three cell types and investigated 

the differences in molecular response to irradiation in keratinocytes, melanocytes and 

fibroblasts. 

The role of melanocytes in ionizing radiation. 

Ionizing radiation is radiation which carries enough energy to displace electrons from 

atoms or molecules (United Nations Scientific Committee on the Effects of Atomic 

Radiation., 2000). Radon-rich gasses, gamma rays and the (higher) part of ultraviolet 

(UV) electromagnetic spectrum are ionizing. In a natural environment an organism is 
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regularly exposed to UV-light (Schuch, Moreno, Schuch, Menck, & Garcia, 2017). In a 

natural environment organisms are exposed to a variety of ionizing sources of 

radiation (Spycher et al., 2015).   

To explore the temporal dynamics of senescence-associated gene expression, we 

generated RNA-seq datasets using fibroblasts, melanocytes, and keratinocytes at 2, 4 

(early), 10 (intermediate) and 20 (late) days after ionizing radiation (6 biological 

replicates per cell type and timepoint combination). Both melanocytes and 

keratinocytes are cells located in the epidermis, whereas dermal fibroblasts are located 

in the dermis. Fibroblasts are the principal cells of connective tissue found throughout 

the body which play an important role in wound healing (Bainbridge, 2013). 

Keratinocytes are the most prevalent skin cell, producing keratin to ensure the 

connection of cells to protect the body from microbes, pollutants and the excessive 

loss or absorption of water (Gould, 2018). An important role of melanocytes is to 

mount the production of melanin which is also transported within melanosomes to 

nearby keratinocytes to induce pigmentation (Costin & Hearing, 2007). The main role 

of melanin is to protect against UV radiation. It is to be expected that under a high 

UV exposure different cell types can mount a widely varying response (Sun, Kim, 

Nakatani, Shen, & Liu, 2016). Under a high enough dose of ionizing radiation it is 

assumed that all cells to go into a senescent state, which is recognized by a growth 

arrest and possibly SASP (Hernandez-Segura, Nehme, & Demaria, 2018). 

Alternative approaches to differential expression analysis 

Standard differential expression analysis depends on models designed to correct for 

certain technical and experimental factors in order to find genes which are 

differentially expressed between experimental conditions after accounting for other, 

technical or secondary experimental factors. In this research we investigated three 

different cell types at different time points after exposure to ionizing radiation. In this 

case, at least three different approaches can be taken to find genes that alter their 

expression upon treatment. The first is a temporal analysis, in which the time period 

after ionizing radiation is set as a linear factor that influences gene expression. This 
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allows for the discovery of genes that gradually increase or decrease their expression 

with time after radiation, with a possibility for correcting for the cell type-specific 

expression levels. A drawback of this method is that genes which show an initial up-

regulation followed by a downward regulation (or vice versa) will not be detected as 

being affected.  

In the second modelling approach, each time point after radiation is taken as a 

separate set and is subsequently tested against reference state (e.g. proliferating cells 

before irradiation), again correcting for the cell-type specific expression levels can be 

performed. A drawback of this method is that the temporal response of cells to 

irradiation won’t be clearly visible from the model. This means that if one cell type 

responds faster to the radiation than does other, the change will be assigned as cell 

type-specific instead of being universal, but dynamically regulated in different cells.  

The third modelling approach splits the data into three different sets by cell-type. This 

means that results for the different cell types will be integrated in a secondary analysis 

and that the time after irradiation is still treated as a factor, though the genes which 

significantly change per timepoint should still be grouped by their expression change 

patterns in order to retrieve their common temporal dynamics. In this investigation 

we have opted for the latter model. 

RESULTS AND DISCUSSION 
Six biological replicates of epidermal melanocytes (MELA) and keratinocytes (KERA) 

from male samples, as well as human foreskin fibroblasts (FIBR) were exposed to 

ionizing radiation to cause irradiation induced senescence (IRIS). Cells were subjected 

to a 10 Gy dose of -radiation using a 137 Cesium source and medium was refreshed 

every 2 days. For the time series, cells were harvested at days 2 (IRd2), 4 (IRd4), 10 

(IRd10) and 20 (IRd20) after irradiation. Differential expression (DE) analysis was 

performed with EdgeR (Robinson, McCarthy, & Smyth, 2010). The data was split for 

each cell type and the effects of each timepoint were compared against the 

proliferating state. This resulted in the observation of thousands of genes which 
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significantly changed their expression levels within one or more timepoints. It is 

important to note the large difference in the number of genes which change in average 

expression per time point (Figure 1A). Fibroblasts show over 2,000 genes to 

significantly to increase whilst more than 2,000 decrease in average expression at only 

2 days post irradiation. Melanocytes and keratinocytes at the same time point show 

fewer DE genes with 314 up- and 261 down-regulated genes and 89 up- and 224 down-

regulated genes, respectively.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

F igure 1.  Barplots  of genes which significantly change in average express ion per t imepoint as 
compared to the proli ferating  state.  (A)  Number of up-  (posit ive va lues)  and down - regulated 
(negative values) genes which change per group,  there seems to be a delayed response (a s 
judged by number of DE genes)  for melanocytes (MELA) and keratinocytes (KERA) as compared 
to f ibroblasts  (FIBR) .  (B)  Number of up-  and downregulated genes  showing  only  genes which 
significant ly change in average express ion at that timepoint if  these d id not show a signif icant 
change in any previous t imepoints.  Here the delayed response of MELA and KERA cel ls  is  more 
pronounced.  
 

When focusing on genes which significantly change in average expression at a given 

timepoint for the first time (Figure 1B) a pronounced delay in response for 

melanocytes (MELA) and keratinocytes (KERA) as compared to fibroblast cells (FIBR) 

can be observed. Interestingly, the delay in response corresponds to the depth at 

which these cells are located in the epidermis and the dermis, with keratinocytes 

predominantly being positioned closer to the surface, melanocytes being positioned 

below and the fibroblasts sitting within the dermis. In this order, keratinocytes are 

naturally exposed to higher doses of UV radiation, followed by melanocytes, and 

finally fibroblasts. Keratinocytes might have a slower response to ionizing radiation as 

A B 
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they are relatively short-lived (40-56 days) and, being part of outermost skin layer, are 

often exposed to UV. Melanocytes in turn, will mount a response to UV radiation if 

the intensity is high enough, and at an accelerated rate as compared to keratinocytes. 

Fibroblasts on the other hand, should normally be protected from high levels of UV 

radiation by upper layers of skin, and thus mount a much faster response to these 

conditions than the other two cell types. 

This delay in reaction might countain important genes that change their expression 

at different timepoints in cell-specific mannerA classical cross-tissue differential 

expression analysis, as illustrated in the edgeR manual, in which a correction is applied 

for the cell-type or tissue to find genes that significantly change for a factor of interest, 

might not be a best solution for characterizing universal changes during senescence 

onset (Chen, Mccarthy, Ritchie, Robinson, & Smyth, 2008).  

In order to investigate dynamics of cell type-specific changes in known senescence 

genes, we retrieved and investigated expression dynamics of 240 genes associated with 

the gene ontology (GO) term “cellular senescence” (GO:0090398). In total, only 52 of 

these genes had measurable expression levels (average expression above 1 FPM in at 

least 1 combination of time past radiation and cell type). To create an overview of the 

expression dynamics of these known genes a heatmap was created in which the Z-

scores were calculated for each sample calculated relative to the mean and standard 

deviation of the expression values for proliferating samples of the matching cell type 

(Figure 2). 

Among the known senescence markers, almost all show a distinct up- or down-

regulation in the fibroblast samples of our dataset (MIR10A, SIRT1, NEK4, etc.), though 

some show an initial up-regulation, followed by a down-regulation (RSL1P1, TERT, 

HMGA1, OPA1, MAGNEA2B, ARNTL). A large number of the down-regulated genes do 

not show an immediate down-regulation 2 days after irradiation in melanocytes 

(MELA) and keratinocytes (KERA), but develop it after day 10 (TWIST, AKT3, KRAS, 

HMGA2, etc.). Of course, from such a heatmap it is not possible to call significance of 
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expression changes, yet it allows an insight in the complexity of the cellular response 

scenarios associated with senescence induction in different cell types and time points. 

 

 

Figure 2.  A heatmap showing Z-scores for each sample re lat ive to  the prol iferat ing stage of  
the matching cel l  type for known senescence genes.  The fi rst columns ( red )  represent the 
fibroblast cells  at proli ferating  stage,  fol lowed by samples taken at 2,  4,  10 and 20 days after 
irradiat ion (IRd2,  Ird4,  IRd10,  and IRd20),  with each darkening square in the upper row of the 
heatmap. The second set of columns ( green )  represent  the melanocyte cells  at prol iferat ing 
stage,  IRd2,  Ird4,  IRd10,  and IRd20,  with each darkening square.  The th ird  set  of columns  
(blue)  represent the kerat inocyte cel ls  at  proli ferating stage,  IRd2,  I rd4,  IRd10,  and IRd20, 
with  each darkening square.  

Due to the observations made in figure 1 and 2, it becomes apparent that a classic 

differential expression analysis approach might be uninformative, as known 

senescence genes might show delayed patterns of expression change across cell-types. 

In order to account for this effect, we have introduced several temporal patterns that 

we consider interesting in our further investigation. These patterns will then be 

overlapped across cell types in order to find genes which significantly change their 

expression as a response to ionizing radiation despite showing differential temporal 

dynamics (Figure 3). Differential expression analysis was performed with edgeR. This 
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resulted in thousands of significant differentially expressed genes, yet in this 

investigation we were only interested in genes, that changed similarly across all cell-

types, albeit with a potential temporal delay. For this reason, we only included genes 

into the same patterns if these were regulated in the same direction (that is up- or 

downregulated). Three temporal patterns were considered. Maintain if a gene showed 

a consistent up- or down-regulation at all timepoints after irradiation. Recovery, if a 

gene showed an initial up or down regulation at an early timepoint (IRd 2 or 4) but 

did not show a significant up-regulation at timepoint IRd20, implying a return to 

initial expression values as time passes. Delay, if no significant change in expression 

was detected at earlier timepoints, but a significant change occurred only after 4, 10 

or 20 days and was maintained for the duration of the experiment. 

 
F igure 3.  An overview of  the temporal  patterns inc luded in  th is invest igat ion.  Al l  patterns can 
also be ident i f ied as a down -regulat ion whi le the example only shows patterns re lated to 
gene up-regulat ion .  1)  Mainta ined response: These genes change in average expression at  
timepoint 1 (IRd2) and mainta in an increased express ion for  the e ntirety of the experiment.  
2) A delayed response includes a ll  genes  which change in  average express ion at  a  t imepoint  
beyond IRd2,  and mainta in this change unti l  the end of  the exper iment .  3)  A recovery 
response includes genes  which change in  average expre ssion at timepoint  1 (IRd2),  2 ( IRd4) 
or  3 (IRd10)  and no longer  show a signif icant  change in expression by t imepoint  4 (IRd20).  A ll  
fo ld changes are relat ive to  the expression level at  prol iferat ing stage,  shown as t imepoint 0 
in these examples.  



 

 

 
Figure 4A. An overview of the overlapping genes between temporal  patterns for up -regulated genes in  di f ferent cell  types as expla ined in  
f igure 3 .  The graph has  been sorted to pr iori t ize h igher degrees of connect ion  fol lowed by  c luster size.  Hor izonta l bars  represent the number 
of genes  in a set,  vertica l bars represent the number of  genes which fa l l  into a combination of  patterns.  
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Figure 4B. An overview of the overlapping genes between temporal patterns for down -regulated genes in d i fferent cell  types as explained 
in f igure 3.  The graph has  been sorted to pr ior i tize  h igher  degrees of  connection fo llowed by  c luster size.  Hor izonta l bars represe nt  the 
number of genes in a set,  vert ical  bars represent the number of  genes which fal l  into a  combination of  patterns.  



 

 

To visualize the overlap between the different patterns of changes in expression in 

three cell-types we utilized UpSet plots (Figure 4). In total, 348 genes were found to 

universally (different cell types) and significantly increase in average expression at 

some timepoint after irradiation, though with either a delay, or with a return to 

nominal values.  

Among these genes, 30 were found to be up-regulated in quiescent samples (compared 

to proliferating cells) taken from fibroblast (FIBR) samples. Furthermore, 339 genes 

were found to be significantly down-regulated with similar dynamics, of which 23 

overlapped with DE genes seen between quiescent and proliferating states. The genes 

significantly changed in expression in quiescent cells were excluded as these are not 

specific for senescence state. 

Visualization of these genes using heatmaps shows a clear difference in initial 

expression levels of genes that can vary per cell type (Figure 5a-b). The 348 genes 

which were found to be up-regulated, albeit be it with differing temporal dynamics 

across all three cell-types, show a much stronger response in certain cell types as 

compared to others (Figure 5a).  

When using Z-score transformed data per cell-type instead of relative to all samples a 

clearly distinguishable directionality of expression after radiation emerges (Figure 5c-

d). It is within this set of heatmaps that the variability of temporal dynamics truly 

reveals itself. Visual inspection shows that the aforementioned up-regulated genes 

expressed in keratinocytes respond slower after radiation than in fibroblasts, whilst 

the increased expression observed within melanocytes visually make a quicker 

recovery to nominal expression values (Figure 5c). The genes that showed a down-

regulation are generally delayed in both keratinocytes and melanocytes as compared 

to fibroblasts, while in keratinocytes they showed the largest delay in decreased 

expression (Figure 5d). An overview of genes per temporal pattern and cell type is 

available in Supplementary Table 1.  
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It is interesting to explore patterns of expression changes of known senescence genes. 

CDKN1A is a prominent senescence marker and we found it to be increased in average 

expression uponx radiation after 2 days in all samples. Besides CDKN1A, we found 

GADD45A, TNFRSF10B, HIST1H2BK, PTCHD4, and AL158206.1 to be increased in 

average expression in all samples at all time points (Supplementary Table 1a). These 

genes are probably the most interesting markers for cellular senescence. No genes 

were found to be decreased in average expression across all timepoints after ionizing 

radiation and across all cell-types (Supplementary Table 1B). 

 

 

Figure 5.  Heatmaps of  genes that adhere to one of the three temporal patterns in al l  three 
cell  types.  A) Genes which signif icant ly  increase in average express ion shown per cel l  type 
and t imepoint per color group (Day 2,  4,  10,  20,  from left to right),  Z -scores were ca lculated 
based on the complete row mean and row standard deviation.  B)  Genes which show decrease 
in expression.  Z-scores were calculated based on the row mean a nd the row standard 
deviat ion.  C-D) Genes which increase/decrease according  to  one of  the three temporal 
patterns in al l  cel l - types.  Z-scores were calculated based on the mean and standard deviat ion 
of the proli ferating samples of  the matching cel l  type.  
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There are large groups of genes which have a significant change in their average 

expression, but only show this change at 4, 10 or 20 days after radiation. 60 genes 

increase in average expression only after 4 days or later and maintain this expression 

(Supplementary Table 1a), 47 decrease in average expression at 4 days or later and 

maintain this (Supplementary Table 1b).  

Interestingly, 85 genes increase and 74 decrease in average expression at day 2 and 

maintain this change until day 20 within fibroblast samples, these same genes show a 

similar although delayed response in melanocytes and keratinocytes, only increasing 

or decreasing after 4 days. This delay is an example of a universal response to ionizing 

radiation, but with cell-type dependent temporal dynamics, which makes them 

difficult to detect when using a conventional analysis in which only genes are included 

which show a similar expression across cell-types at the same timepoints 

(Supplementary Table 1 a-b). 

In total, only six out of 52 genes marked with the GO-term “cellular senescence” 

(GO:0090398) and expressed at measurable level (above 1 FPM) were significantly 

differentially expressed in all three samples and matched one of the three patterns and 

were not differentially expressed in quiescent cells as compared to proliferating cells 

(Supplementary Table 1 A-B). SMC6 and PLK2, genes associated with senescence, both 

showed down-regulation in accordance with the 3 patterns. SMC6 is involved in 

telomere maintenance, whereas PLK2 plays a role in normal cell division. CDKN1A, 

PML, MAP2K1 and HLA-G, all genes associated with cellular senescence (GO:0090398) 

were all found to be significantly up-regulated across all cell types, though they exhibit 

different temporal patterns. Only CDKN1A was increased in average expression across 

all timepoints and all samples, indicating the universal response across explored cell-

types and timepoints. 

Previous research showed that few senescence associated genes are differentially 

expressed across all cell types or at similar timepoints (Hernandez-Segura et al., 2017). 

A simple overlap of genes that significantly change in expression at 4, 10 and 20 days 

after ionizing radiation across different cell-types yielded a very limited overlap of 61 



Chapter 5 

 

143 

 

genes. Of these 61, 34 were not shared with quiescent cells (Hernandez-Segura et al., 

2017). In this investigation, only 5 genes increased across all samples and all timepoints 

(2, 4, 10 and 20 days after ionizing radiation), whilst none decreased universally across 

all timepoints. With the inclusion of temporal patterns 687 genes of interest were 

identified. Of special interest are the genes which change in expression across all cell-

types yet take more time to change within other cell-types (Supplementary Table 1). 

An example are the 85 genes which increased and 74 which decreased in expression 

after 2 days in fibroblasts, yet these genes only changed significantly after 4, 10 or 20 

days in melanocytes and keratinocytes. These observations stress the importance of 

not just accounting for different cell types, but also for time as a factor when 

investigating cellular states. With three cell-types, 4 timepoints and 3 directions of 

expression dynamics (up, unchanged, down) a total of 729 combinations are possible. 

With these simplified patterns we have been able to make concise groups, which can 

manually be curated, analyzed and easily be referred to in future experiments. 

METHODS 
RNA-seq data was retrieved and count tables were created in accordance with the 

methods presented in Hernandez-Segura et al., 2017. Data was split per cell type; 

quiescent samples were removed in the initial analysis. PCA analysis showed expected 

grouping of samples according to experimental conditions (not shown). Models 

included samples from proliferating cells as the references and days after radiation as 

experimental factor. Differential expression analysis was performed with edgeR, a 

gene wise negative binomial linear model was created for each subset of cell-types. 

Quasi-likelihood tests were used to find genes which were significantly changed in 

expression as compared to the proliferating stage.  The false discovery rate cutoff was 

set to 0.01. All genes which did not show significant differential expression in at least 

one timepoint for all cell types were removed from further analysis. Three temporal 

patterns were considered. If a gene significantly increased or decreased in average 

expression according the edgeR experiment at timepoint day 2 (IRd2) and did not 
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show a non-significant expression at any timepoint after it was marked as; Maintained. 

If a gene showed an increased or decreased expression at timepoints IRd2 or IRd4 and 

no longer showed a significant change at IRd20, regardless of IRd10, then the gene was 

marked as Recovery. If a gene showed an increase or decrease in average expression at 

timepoint IRd4, IRd10, IRd20 and maintained a significant expression at every 

timepoint after, but not any significant change at any timepoint before the first, it was 

marked as Delayed. Genes which showed more complex/inconsistent patterns among 

timepoints were ignored, as these could not give certainty that there was a uni-

directional response which could be accounted for all three cell types. Genes 

associated with the GO-term “cellular senescence” (GO:0090398) were retrieved from 

Ensembl BioMart. Heatmaps and plots were created in R. Gene names to each gene-

id were retrieved from Ensembl BioMart. Differential expression analysis for quiescent 

cells was run as described before, comparing changes in gene expression between 

proliferating and quiescent cells. Significantly differentially expressed genes were used 

to identify which genes overlapped between the assumed senescent response and the 

quiescence related genes. 
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ABSTRACT 

Genetic alterations are one of the key hallmarks of ageing. Aneuploidy, shortening of 

the telomeres, accumulation of somatic mutations and activation of the transposable 

elements are examples of reported age-related changes. Rapidly increasing whole 

genome sequencing (WGS) data offer a practical way to generate accurate profiles of 

DNA alterations in individual genomes with age. To explore the utility of WGS data 

for quantification of age-related structural genome changes, we investigated WGS 

data obtained from blood cells of 767 individuals aged between 19 and 87 years.  

We replicated previous studies reporting significant correlations of age to telomere 

length, mitochondrial DNA (mtDNA) content, loss of sex chromosomes, T-cell 

depletion and activation of LINE1 retrotransposition. Most of these changes fit a linear 

decline, except for the sporadic loss of chromosome Y and activation of LINE1 

elements which both accelerate with age. Comparison of age-corrected values exposed 

a strong correlation between decreased mtDNA copy numbers and T-cell depletion, 

supporting a role of mitochondrial metabolism in T-cell exhaustion. Intriguingly, we 

found that while loss of the Y chromosome corresponds to shorter telomeres, loss of 

an X chromosome in females correlated with longer telomeres, highlighting the 

complexity in the relation between telomeres and aneuploidy. Several of samples 

showed a substantially elevated rate of LINE1 transposition, with the largest 

contribution coming from evolutionary younger elements. In those individuals we 

identified the X chromosome as a primary source of transposing LINEs. These findings 

and our bioinformatics tools and approach should facilitate further studies on genome 

ageing using WGS data. 

MAIN TEXT 
One of the hallmarks of ageing is the accumulation of changes in genetic material1. 

Increased aneuploidy2, point mutations3, shortening of the telomeres4, depletion of 

mitochondrial DNA (mtDNA)4 and activation of retrotransposons5 are known 

examples of age-related changes in our genomes. The technical advances in genome 
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sequencing technologies have inspired large whole-genome sequencing (WGS) 

projects and have enabled studies of age-related changes in genome-wide manner 6,7. 

In this study we used the sequencing data from the Genome of the Netherlands 

project8 to investigate the range of age-related structural genome changes in human 

blood cells (Fig 1). 

Figure 1.  Known age-related changes in human DNA and outl ine of  the experiment .  With age,  

Telomere length decreases,  mitochondria l  content decreases,  X and Y chromosome loss 

occurs,  LINE1 retrotransposition events accumulate and the proport ion of T -cells  in  blood 

goes down, which can be monitored by amount of V(D)J  rearranged TCR loci .   

 

Telomere shortening. To validate our WGS-based approach of identifying age-

related genome changes we quantified proportion of reads containing multiple 

instances of telomeric DNA motif (GGGTTA). A significant correlation with age in 

gender-dependent manner was observed, in line with previous reports 7,9. The 

telomere loss explains about 17.2% and 11.2% of the variance of male and female ages, 
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respectively (Fig. 2a, Table 1). Males exhibit a significantly higher rate of telomere loss 

(Table 1). 

mtDNA depletion. Next, we quantified the relative abundance of reads mapping to 

mitochondrial DNA and its correlation with the age of individuals. Previous studies 

used WGS data for mtDNA copy-number estimation and reported a linear decline of 

mtDNA copy number in blood lymphocytes from 2000 Sardinian samples11. Our data 

suggest a linear decline of mtDNA copy number in males, while no significant 

decrease was observed in females (Fig 2b).  

 
TABLE 1.  Age-dependent molecular character istics  detected in genome sequencing.  

Hal lmark  Gender Signif icance  
DNA isolat ion  

Age Base level at 20  
years old * * *  

Change per year  

Telomere 
length  

2.4×10 - 3  0.86 <10 - 5  F:  341.2 kb  
M: 341.6 kb  

-1.68 kb 
-1.94 kb 

mtDNA content  <10 - 5  1.0×10 - 5  8.3×10 - 4  P:  166.9 FPM 
Q: 705.1 FPM 

nonlinear  

Chromosome X Females only  8.6×10 - 5  <10 - 5  P:  60,553 FPM 
Q: 57,619 FPM 

-11.8 FPM 
-16.9 FPM 

Chromosome Y *  Males only  0.01 <10 - 5  * *  P:  2,084 FPM 
Q: 2,013 FPM 

sporadic loss  

T-Cell  
proportion  

<10 - 5  8.5×10 - 5  <10 - 5  P:  0.029 FPM 
Q: 0.053 FPM 

-1.5×10 - 4  FPM 
-2.9×10 - 4  FPM 

LINE/L1 
activ ity  

0.02 0.46 <10 - 5  * *  858.3 FPM 4.13 FPM 

*  Only reads mapping to  male -speci fic part  of Chromosome Y  were quanti f ied  
* *  Rank test was used to est imate p -value because of apparent  non - l inear dependency of 
parameter with  age  
* * *  F  -  female,  M -  male,  P-  phenol/chloroform DNA isolation,  Q -  Qiagen DNA isolat ion  

 

Effect of DNA isolation method. It is known that DNA isolation methods play an 

important role in the representation of different genome segments, and data analysis 

should account for this experimental variation12. We noticed a large effect of DNA 

isolation method on the mtDNA copy number and three other structural signatures 

tested in this study (Table 1; Supplementary Fig. 1). Since DNA isolation for majority 

of samples in this study (n=603) was performed with Qiagen kits, we excluded samples 

isolated through phenol-chloroform extraction from the analysis of the four 

signatures significantly affected by DNA isolation procedure. The estimates on 
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telomere length and LINE1 retro-transposition (discussed below), on the other hand, 

did not show significant differences and were studied for all 767 individuals. 

 

 

Figure 2.  Correlation between age of individuals and genome characterist ics (A) Estimated 
te lomere s izes (k i lobase per te lomere);  (B)  mtDNA read content,  reads per  mil l ion (RPM)  (C) 
Read content (RPM) corresponding to male -speci fic part of Y  chromosome. Only male samples  
are shown;  (D)  Proport ion of  reads  (RPM) mapping to  X  chromosome;  Only female samples 
are shown;  (E)  Proportion of read pairs (RPM) compatible with rearranged T-cel l  receptor 
segments;  (F)  Est imated read content (RPM) of d iscordantly mapped read pairs where one of 
the reads  corresponds to LINE/L1 repeat.   
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Loss of sex chromosomes. The read content that corresponds to the male-specific 

part of chromosome Y (MSY) exhibited a sporadic decrease in males (Fig. 2c). The read 

loss is consistent across different loci within MSY and thus likely represents complete 

loss of the Y chromosome events in a sizeable fraction of blood cells2,13. In females, we 

observed an almost linear age-dependent loss of X chromosomes (Fig. 2d). The loss of 

inactivated X chromosome was reported in several previous studies14–17. Using linear 

regression, we estimated that about 3.3% of cells have lost an X chromosome in 

females between 20 and 80 years of age. No significant age-related change of X 

chromosomes was detected in males. In contrast to sex chromosomes the read content 

of the autosomes did not show significant changes with age (Supplementary table S1).  

Depletion of T-cells. High genome coverage of population-based genome 

sequencing project allows quantification of regional changes in chromosome 

structure. We observed a significant decrease of discordantly mapped read pairs 

corresponding to genes in TCR loci (Figure 2e, Supplementary Table S2). The 

quantified fragments correspond to V(D)J-rearranged versions of T-cell receptor genes 

that are characteristic for mature T-cells18. The observed decrease could be linked to 

the age-related thymus involution19–21, the relative decrease of T-cell counts among the 

blood cells22 and the observation that telomere loss is most pronounced in memory T-

cells10. 

Increase of LINE1 retro-transposition events. A proportion of discordantly 

mapped read pairs that overlap with annotated LINE1 retro-transposable elements 

showed a significant increase (Figure 2f, Supplementary Table 3) with age. This finding 

is in line with the previously observed increase of LINE1 copy number with age in 

mouse tissues23. Interestingly, next to the generally pronounced age-dependent 

increase of discordant LINE1 reads, several samples exhibit a very high content of 

discordant read pairs that involve LINE1 sequences. The top 5 samples with the highest 

content of discordantly mapped pairs overlapping with LINE1 elements (over 2.8-fold 

increase over median value in our cohort) are females aged 61 and older. The striking 

increase was consistent across independently prepared and sequenced WGS libraries 
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and was not seen in their progeny (Fig. 3a), indicating somatic activation of LINE1 

elements. Further studies will show if a gender bias in sporadic LINE1 activation is 

significant and whether such activation has measurable effects on health. 

We checked if an age-related increase of LINE1 elements is associated with particular 

element(s) or chromosomal locations (Figure 3b). Evolutionary younger primate-

specific elements (L1P) showed increase in mobility compared to other families of 

LINE1 elements. Similarly, part of mammalian-specific elements (L1MA) exhibited 

somatic expansion with a higher rate compared to other subfamilies (L1MB - L1ME, 

Figure 3b). 

We explored how potential LINE1 retro-transposition events are distributed 

throughout the human genome. We counted robustly mapping reads that overlap an 

annotated LINE1 element (L1 source) and have paired read mapping to different 

chromosome not overlapping with known LINE1 (L1 destination). Our comparison of 

the density of mapped reads that form discordant pair with read containing LINE1 

sequence showed more frequent transposition from the X chromosome (Figure 3 

bottom). Previous studies reported that the X chromosome contains a higher 

proportion of LINE1 elements compared to autosomes. This 2-fold enrichment in 

LINE1 elements might be important for X chromosome inactivation24. We suggest 

that, next to a potential selective advantage for LINE1 accumulation on the X 

chromosome, LINE1 elements on that chromosome might be transcriptionally more 

active, possibly as a result of X-specific gene dosage compensation. We did not find 

global hotspots of LINE1 destinations, indicating a random integration along human 

chromosomes. 

Dynamics of age-related genome changes. We performed linear and quadratic 

fittings between six structural features and age of individuals (Supplementary figure 

4). The estimated speed of LINE1 retro-transposition increases with age and is best 

described by a quadratic curve (Fig 2f, inset). The loss of Y chromosomes shows a 

sporadic pattern. It was not observed before the age of 50, while the proportion of cells 

that lost this chromosome is highly variable in elderly males (Fig 2d). The other four 
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of the genomic changes are best described by linear declines (Fig 1a-c,e). This shows 

that, in blood cells, somatic genome alterations continue to accumulate during the 

whole lifespan. 

 

Figure 3.  Somatic LINE1 mobil ity events are represented unevenly  among repeat  e lements 
and a long chromosomes  (A)  Estimated LINE1 activi ty  (proport ion of  discordant  read pairs 
overlapping with LINE1 elements,  RPM) per  l ibrary  in  f ive famil ies where mother showed 
significant  increase in  LINE1 mobi l i ty;  Note that  the changes  are cons istent between di fferent 
l ibraries of  the same individual  and offspring so no t exhib it  LINE1 mobil ity increase,  
indicating somatic  source of  th is  variants  (B).  Heatmap of  the L1  out lier  samples  ( in  red)  with 
22 random samples  ( in b lack) .  Primate-specif ic (L1P) and mammalian-specif ic (L1MA) 
elements show larger increase in number of  d iscordant pairs compared to other L1 elements.  
(bottom) Chromosome distr ibution of L1 source reg ions shows relat ively frequent act ivation 
of LINE1 elements on chromosome X.  
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The variance in the age groups may reflect difference in lifestyle, environment and 

disease status. Future studies incorporating larger cohorts and different tissues, might 

reveal more subtle genomic changes that are characteristics for ageing process. 

Connection among ageing signatures. Next, we investigated if telomere attrition, 

loss of mtDNA, loss of sex chromosomes, depletion of T-cells and activation of LINE1 

retro-transposition are inter-related. We expressed the observed values relative to the 

values expected for the given age. Checking correlations between different features 

allowed us, for example, to test if individuals having a low copy-number of mtDNA 

expected for their age also showed shorter telomere size compared to their peers.  

We observed four significant relations (p < 0.01) between aging signatures 

(supplementary figure 2A, B).  Two positive correlations, though small, link mtDNA 

copy number with T-cell depletion and Telomere length (two tailed T-Test; p=1.13e
-9; 

p=8.87e
-9 Fig. 4 A-B). Interestingly, recent reports did indicate a possible relation 

between defects in mitochondrial metabolism and T-cell exhaustion25,26. The other 

two significant negative correlations connected loss of chromosome X In females with 

telomere length and T-cell depletion (Fig 4 C, D; two-tailed T-Test; p=3.6e
-19 and 

p=5.2e
-4 respectively).  

The former anti-correlation is surprisingly strong with age-corrected telomere length 

explaining 21.6% of variance in relative loss of chromosome X. Previously, 

chromosomal loss has been shown to be positively associated with the chromosome's 

telomere length in human somatic cells27. Our findings of a negative relation indicate 

that telomere shortening can play a dual role in somatic aneuploidy.  

Scan for other age-related genome features. Using window-based whole-genome 

scan we tested other genomic footprints that can be associated with age 

(Supplementary table S2). This search identified several regions characterized by age-

specific loss of concordantly mapped reads pairs (telomeric regions), discordant reads 

mapping to the same chromosome (TCR locus on Chr14) and discordant reads 

mapping to different chromosomes (loci with full-length LINE1 elements). 
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F igure 4.  Correlation between age-corrected molecular  s ignatures  of  ageing.  Log2 -ratio of 
observed values and values expected for reported individual  age are plotted.  (A-D) Negative 
correlations  between T -cell  receptor fraction and mtDNA content  (A),  Telomere length and 
mtDNA content  (B),  chr X and Telomere length  (C) ,  T -cell  receptor fract ion and chr X content  
(D).   

Genome partitioning based on repeat and gene types (Supplementary table S3) 

showed an increase in the number of discordant pairs mapping to different 

chromosomes where one of the reads overlaps a various LINE1 elements (mostly from 

L1P and L1MA subfamilies). These results indicate that the six genomic hallmarks of 

ageing studied here represent a set of signatures with the largest age-specific effects. 

Future studies employing larger cohorts might reveal more subtle age-dependent 

changes in genome structure.  

Tool for quantification of age-related genome changes from WGS data. To assist 

these future studies, we developed a tool, DNAgeQuant that allows to quantify the 

structural genome changes and overlay them with results obtained for GoNL cohort. 
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The tool (http://tools.genomes.nl/DNAgeQuant) processes paired-end data aligned 

to a recent version of human genome reference (e.g. GRCh37 or GRCh38) and 

calculates factors such as telomere length, content of mtDNA, Chromosome X, male-

specific part of chromosome Y, proportions of discordant pairs for T-Cell receptor loci 

and LINE1 elements. It can also accept custom annotation representing genomic 

features of interest to test potential new signatures associated with disease or ageing. 

The program can visualize the results in the context of GoNL data (supplementary fig 

3). When age of subject is specified, program will present values relative to expected 

for the given age (expressed as Z-scores or percent, Figure 5). 

 

 

Figure 5.  Visualization of age-related structura l genome changes quantif ied with DNAgeQuant 
software.  A 58-year-old male is  shown on the left,  whi lst a 58 year o ld female is  shown on 
the left.  The decl ine of the severa l factors  is  shown in Z -scores  as compared to their peers, 
or a percentage of  the average total of 20 -year-old samples.  The divide between red and blue 
represents  a  deviat ion of  0  SD,  each zone outward means 1 SD increase (b lue)  or decrease 
(red) from the expected va lue for the age of the sample.   

Estimating age from structural genome features. To explore if the variety of 

molecular quantifications might have utility for estimating age of individual (e.g. for 

forensic studies), we tested various combination of features for age prediction. The 

model that combines telomere length, chromosome X, TCR and LINE1 measures in 

females can explain 37% of age variation (SD=11.7 years). The model that includes 

telomere length, mtDNA, chromosome Y and LINE1 explained 30% of variance in male 

http://tools.genomes.nl/DNAgeQuant
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age (SD=12.7 years; Supplementary Figure 4). In both sexes telomere length and the 

corresponding sex chromosome loss lend the biggest contribution for the prediction 

of age.  

CONCLUSIONS  
Taken together, our results show that the human genome undergoes many structural 

changes that are correlated with age. Most of the changes observed in this study show 

a linear correlation with age, indicating continuous accumulation of structural 

genome changes throughout the whole lifespan. The relations among the features 

seem complex but taken together they can improve our ability to predict age and 

advance our understanding of genetic and environmental factors involved in genome 

alterations and ageing. The automated profiling of these DNA alterations in individual 

genomes using whole genome sequencing data opens new avenues for the 

interpretation of genome data.  

METHODS 
Sample selection, genome sequencing and alignment. Data from GoNL consortium 

were used for our analysis28. For this cohort 769 individuals (354 males and 411 

females) of self-reported Dutch ancestry have been selected. Five Dutch biobanks 

from different parts of the country have contributed samples for the GoNL project. a) 

LifeLines cohort study (n=165); b) The Leiden Longevity Study (n=72); c) The 

Netherlands Twin Registry (n=349); d) Rotterdam Study (n=102); and e) Erasmus 

Rucphen Family Study (ERF; n=81). The sampling has not been based on a specific 

phenotype or disease. The cohort consists of 231 trios, 11 quartets with monozygotic 

twins and 8 quartets with dizygotic twins. The parent-offspring trios include adult 

individuals in age range from 19 to 87 years (mean = 53 years, SD= 16 years. More 

details on cohort and the principles of sample selection were described earlier28. The 

DNA has been extracted from blood samples. Whole genome sequencing of all 

samples to a median coverage of 13.5x was done on Illumina HiSeq 2000 sequencers 
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(90-bp paired-end reads, ~500-bp insert size). Quality filtering and read alignment 

were described previously8. From the current analysis we have excluded two 

individuals for which our sequencing data have indicated XXX and XXY karyotypes. 

Estimation of telomere length from the sequencing data. Telomeres length have been 

estimated from the whole-genome sequence data using previously published method7. 

The telomeric reads have been defined as reads containing 7 or more repeats 

TTAGGG. These later have been translated into an estimate of the physical length of 

telomeres per haploid genome using total number of concordantly mapped reads 

mapped to autosomes (Chr1 to Chr22) and total length of autosomes. Sex 

chromosomes and mtDNA were excluded from normalization as they exhibited age-

dependent variation in their copy-numbers. 

Estimation of chromosome/mtDNA loss. For each individual we counted the number 

of concordantly mapped read pairs per chromosomes X and MT. Quantification of Y 

chromosome segments is known to be complicated by segments with high homology 

to ChrX. We, therefore, only counted reads mapped as concordant pairs to male-

specific part of ChrY (MSY, bases 6,611,498 to 24,510,581) required unambiguous 

mapping (mapping quality >= 20, estimated 1% of mapping error) and excluded seven 

other small regions within MSY that showed read coverage in female samples, see 

DNAgeQuant program for detailed list of such regions. Number of reads mapping to 

X, MSY and MT regions was normalized using total number of reads concordantly 

mapped to autosomes.   

Estimation of T-cell proportion. We quantified the proportion of read pairs that 

represent V(D)J rearranged segments that involve TRV genes as a proxy for proportion 

of T-cells in a sample. The location of TRV genes were fetched from Ensembl release 

75. We counted reads in discordantly mapped pairs where one read overlapped a TRV 

gene and its pair was located on the same chromosome. The number or reads 

corresponding to rearranged T-cell receptor genes was normalized by total number of 

reads mapped to autosomes.  
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Estimation of LINE1 retrotransposion activity. We quantified the proportion of read 

pairs that indicate LINE1 element retrotransposion events as a proxy for LINE1 activity 

in a sample. The genomic locations of LINE1 elements were fetched from Ensembl 

release 75. We counted reads in discordantly mapped pairs where one read overlapped 

a LINE1 element and its pair was mapped on the different chromosome. We argued 

that discordant pairs within a single chromosome can also be a result of other types 

of structural variants, such as deletions, duplications or inversions. The read number 

corresponding to potential LINE1 retrotranspositions was normalized by total number 

of reads mapped to autosomes. 

Testing of effects of sex and DNA isolation. The analysis was done using LME4 

package29. Random intercept models accounting for age, sex and DNA isolation 

method (fixed effects), sequencing batch and family (random effects) were used. Data 

was checked for linearity and normality of residuals. Significance was determined 

using likelihood ratio test.  

Analysis of LINE1 active elements and hotspots. We counted robustly mapping reads 

(mapping quality ≥20) that overlap an annotated LINE1 element (source) and have 

paired read mapping to different chromosome not overlapping with known LINE1 

(destination). Per element values for each sample were expressed as fractions of 

discordant LINE1 read pairs. For each element we calculated mean and standard 

deviation across all samples and used Z-scores to determine LINE1 elements showing 

increased retrotransposition rate in 5 samples with highest level of LINE1 

transposition. Similar analysis was performed in 100kb-long genomic windows for 

source and destination locations of LINE1 retrotransposition events. Genomic regions 

that showed z-score of 3 and higher were considered as hotspots. 

Fitting of ageing signatures to linear and quadratic models. Fitting of the data to linear 

(e.g. Telomere ~ Age) and quadratic (e.g. LINE1_activity ~ Age + Age2 ) using lm 

function implemented in R version 3.2.1. 
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Correlations between age-corrected values between features. We expressed the 

observed values relative to the values expected for the given age (Y chromosome 

content for individuals aged 19-50 years for ChrY, quadratic regression for LINE1 

retrotranspositions and linear regressions for the rest of the features). Log2 

transformed ratios of observed versus expected (for this age, based on regression) were 

used for analysis using Pearson correlation. 

Estimation of gene/repeat dynamics. We performed scans using whole-chromosomes 

copy numbers, 100 kilobase-long genomic windows, overlap with repeat elements 

(classes, types and individual elements), overlaps with individual genes, and gene 

biotypes. We repeated analysis for several types or read pairs: concordantly mapped, 

discordantly mapped within same chromosome, discordantly mapped to different 

chromosomes. Repeat annotation for GRCh37 assembly was downloaded from 

http://www.ensembl.org, release 75 to identify the genomic coordinates of annotated 

genes, repetitive elements and low-complexity sequences. Using DNAgeQuant 

program (http://tools.genomes.nl/DNAgeQuant) for each sample we obtained raw 

counts of reads belonging to each of 3 type of pairs (concordantly mapped, 

discordantly mapped within same chromosome, discordantly mapped to different 

chromosomes) overlapping different genomic features (chromosomal regions, genes, 

gene biotypes, repeat element, repeat class, repeat type).   

The data were analyzed using the edgeR package30. In each case we fitted a generalized 

linear model to raw counts of read pairs for each individual and each genome window, 

repeat or gene type. The model considers effects of sex, biobank, sequencing batch, 

and proportion of reads mapped to male-specific part of chromosome Y (to account 

for loss of Y-chromosome). Nominal p-value was determined by likelihood ratio test. 

Multiple testing correction with Benjamini-Hochberg method was used to determine 

false discovery rate estimates.   

Tool for quantification of structural changes in genome. We developed DNAgeQuant 

tool for automatic quantification of age-related genome features. The tool is 

implemented as Perl script, takes in SAM/BAM/CRAM file as input and depends on 

http://www.ensebml.org/
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Samtools program31. The tool generates several R scripts for visualization of plots and 

age estimation. The computational performance of the tool is largely affected by 

BAM/CRAM decompression.  

Age prediction from WGS data. Multiple regression model combining 4 factors for 

females (telomere length, X chromosome, T-cell receptor and LINE1 

retrotransposition) or 5 factors for males were used to predict age from structural 

genome features. 
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SUPPLEMENTARY MATERIAL 

In order to let the reader to look at really small points on really large plots, all 

supplemental material of this thesis have been moved online.  For additional 

reading, please see the following link: 

 

https://drive.google.com/open?id=1skLP9E2hT0DLGgkNrmCoWcTVeBmiZX1-  

If you might encounter a broken link, please contact me: 

Tristan_dejong@hotmail.com 

  

https://drive.google.com/open?id=1skLP9E2hT0DLGgkNrmCoWcTVeBmiZX1-
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ABSTRACT 

Cell-to-cell variability in gene expression originates from a doubly-stochastic Poisson 

process determined by fluctuations in Poisson “birth/death” rate. However, from the 

law of large numbers information on the kinetic gene noise determinants is expected 

to vanish from cell population RNA counts. Here we counter this argument both on 

theoretical and empirical grounds. First, we showed that as a result of fluctuation-

response relationship theorem distribution of RNA counts sampled from cell 

populations contains such information. Second, overdispersion in bulk RNA 

sequencing counts can be predicted with unexpectedly high accuracy from DNA 

sequence context. As such, we noted that overdispersion increases for genes with 

higher GC content downstream of promoter. We explain this by a non-productive 

accumulation of RNA polymerase II on such genes due to higher melting energy costs. 

Third, certain DNA and chromatin signatures are common for both single-cell and 

cell population gene noise. This includes over-representation of TATA-box and 

promoter invasion by nucleosome for genes with increased overdispersion in RNA 

counts. Finally, we showed that metabolic and aging cues modulate fluctuations in 

both system-state and gene-state parameters, thus tuning interindividual gene 

expression variability. From these, we conclude that interindividual variability in RNA 

copy number stems from DNA encoded gene noise and environmental fluctuations. 

  



Chapter 7 

 

171 

 

INTRODUCTION 

Due to the stochastic nature of RNA synthesis and degradation, the expression of 

genes is inherently noisy. The observed variation in gene expression originates from 

probabilistic fluctuations in the system-state (gene-network) and cell-state 

(environmental) variables. The former is usually referred to as “intrinsic” gene noise, 

while the latter as “extrinsic” gene noise (Elowitz, Levine, Siggia, & Swain, 2002; 

Hilfinger & Paulsson, 2011; Raser & O’Shea, 2004; Swain, Elowitz, & Siggia, 2002; 

Thattai & van Oudenaarden, 2001).  

“Intrinsic” gene noise depends on the statistics of promoter switching, RNA synthesis, 

processing- and degradation rates. Consequently, the architecture of a promoter 

region, the epigenetic state of a gene (histone-code, DNA methylation) and the mRNA 

sequence/structure-dependent lifetime all modulate the “intrinsic” gene noise (Carey, 

van Dijk, Sloot, Kaandorp, & Segal, 2013; Faure, Schmiedel, & Lehner, 2017; A. Sanchez 

& Golding, 2013; A Sanchez, Garcia, Jones, Phillips, & Kondev, 2011; Sharon et al., 2014; 

Wu et al., 2017) . The presence of a strong TATA box, the multiplicity of transcription 

factor binding sites (TFBS) as well as the assembly/remodelling of nucleosomes on the 

promoter region all increase expression noise (Blake et al., 2006; Hornung et al., 2012; 

Raser & O’Shea, 2004; Alvaro Sanchez, Choubey, & Kondev, 2013; Sharon et al., 2014; 

Suter et al., 2011; Tirosh & Barkai, 2008; To & Maheshri, 2010)  Mechanistically, a strong 

TATA box attracts distinct TBP-coactivator complexes which increases the 

stochasticity of the promoter pulsing. A weak TATA box favors the stable binding of 

TBP-TFIID, which  in turn lowers the promoter stochasticity (Ravarani, Chalancon, 

Breker, de Groot, & Babu, 2016). The multiplicity of binding sites and nucleosome 

assembly within the promoter region can both disturb the TF binding kinetics causing 

increased promoter activity fluctuations causing an increase in noise (Lin & Buchler, 

2018; A. Sanchez & Golding, 2013; Sharon et al., 2014) . These emphasize the partially 

deterministic nature of “intrinsic” gene noise, which is defined by the promoter DNA 

sequence. “Extrinsic” gene noise is driven by a plethora of intra- and extracellular 

factors. These include cell-to-cell and cell-state dependent variations in the 
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concentration of both RNA polymerase and transcription factors, as well as cell cycle 

alterations in gene copy number and fluctuations in the cell’s metabolic/energetic 

state (Bahar et al., 2006; Hensel et al., 2012; Kiviet et al., 2014; Shahrezaei & Marguerat, 

2015; Shahrezaei, Ollivier, & Swain, 2008; Volfson et al., 2006) . However, due to the 

coupling between system- and cell-state variables it is difficult to distinguish between 

the “intrinsic” and “extrinsic” gene noise (Paulsson 2005; Hilfinger and Paulsson 2011; 

Sherman et al. 2015). 

The “birth-death” of RNA molecules universally follows stochastic Poisson process 

under assumptions that promoter is constantly active and that RNA degradation rate 

is independent of synthesis rate (Thattai 2016). Naturally, however, transcription 

occurs in bursts with system-state variables being dependent on cell-state (Suter et al. 

2011; Dar et al. 2012; Zoller et al. 2015). This leads to double-stochastic Poisson process, 

a.k.a. a mixed Poisson process, where the gene “birth/death” rate (μ) is stochastic itself 

(Iyer-Biswas and Jayaprakash 2014; Dattani and Barahona 2017; Park et al. 2018). For a 

mixed Poisson processes, the noise is represented by the squared coefficient of 

variation (cv2) which partitions into the Poisson and non-Poisson parts. The former 

is given by the inverse expectation of the “birth/death” rate (E(μ)−1), while the latter 

equals the cv2(μ) (Supplementary note 1). In other words, the non-Poisson noise 

reflects fluctuations in the Poisson rate caused by cell population heterogeneity and 

upstream cellular drives, such as transcriptional bursts (Dattani and Barahona 2017). 

Thus, we define the “extrinsic” gene noise as a non-Poisson component of the total 

gene noise, which can be predicted from a fixed system-state parameter such as the 

promoter/gene DNA sequence context. 

Here we assessed the molecular and biological determinants of the non-Poisson gene 

expression noise in laboratory mice and rats’ tissues  (Munger et al., 2014; Yu et al., 

2014) . Applying the Generalized Additive Model for Location, Scale and Shape 

(GAMLSS) framework (Stasinopoulos et al., 2017) we estimated non-Poisson gene 

expression noise from mRNA counts of mouse Diversity Outbred (DO) strain genes. 

For the mouse genes estimates of non-Poisson noise were correlated to genetic and 
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epigenetic factors from publicly available database. Estimates of the biological 

coefficient of variation (BCV2) were also correlated between the mouse genes 

expressed in the liver and rat genes expressed in various tissues. The resulting 

correlations suggest the existence of an inherent cell-state independent driver for non-

Poisson gene expression noise.  We showed that a genes’ relative BCV2 could be 

predicted with a high accuracy from the DNA sequence context based on regions 

flanking the transcription start site (TSS) for both mouse and rat genes. For inherently 

noisy genes, we noted a marked increase in DNA duplex stability downstream of TSS 

due to elevated GC content. This leads to non-productive accumulation/stalling of 

RNA polymerase II (RNAP) at the beginning of a gene. Finally, the resultant 

magnitude of non-Poisson noise is modulated genome-wide by extrinsic biological 

factors, such as ageing or the dietary regime. Thus, although Poisson and non-Poisson 

components of gene noise are conditioned on extrinsic factors (Sherman, Lorenz, 

Lanier, & Cohen, 2015), we showed that non-Poisson gene noise is, to a large degree, 

determined by the DNA sequence context. 

RESULTS 
The total RNA-content within a cell at any time is dependent on a stochastic Poisson 

process which depend on synthesis and degradation rates (supplemental equations 1 

and 2). Upstream cellular drives, like promotor switching, transcription factor 

binding, and other micro-environmental fluctuations increase stochasticity of this 

process, resulting in a double-stochastic Poisson process (s.eq. 3). These variations in 

expression cause the cell-to-cell RNA counts to follow a mixed-Poisson distribution 

(s.eq. 4).  

Due to this formulation, the total noise (variance) of counts can be separated into two 

parts, the Poisson and non-Poisson noise/variability (s.eq. 5). Poisson noise is referred 

to as “intrinsic”, as it is dependent on the synthesis and degradation part of the 

equation. The non-Poisson noise is defined as “extrinsic”, as it represents cell-to-cell 
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variability in RNA-copy number. However, this distinction is ambiguous as both are 

influenced by upstream cellular drives (Paulsson, 2005).  

To understand how the Poisson part of the equation befits the synthesis rate and the 

non-Poisson part befits the upstream cellular drives we can equate it to the activation 

rate and inactivation rate as a simple two state promotor model: 

 OFF
𝑘on
⇌

𝑘off

ON ⟶
𝜆

RNA ⟶
𝛾

∅, 

In which Kon represents the rate of the promotor switching to the on state, and thus 

transcription taking place, and Koff, the rateof the promoter switching to the off state. 

As upstream cellular drives influence Kon and Koff, which in turn influence the RNA 

production through the overall synthesis rate (s.eq. 6). These dynamics translate to 

the burst size (time of Kon * synthesis rate) and the burst frequency (rate of switching 

to Kon). The distributions of activity of these hypothetical promotors follow a beta-

distribution. The linear act of synthesis and degradation are expected to result in a 

distribution of RNA molecules which adheres to a Poisson distribution. The switching 

between the ON and OFF states, initiating transcription adds another layer of 

variation, resulting in the mixed Poisson distribution. Under conditions in which a 

promoter would alternate fast between the ON and OFF states, or if the promoter is 

constantly ON, then the RNA counts should hypothetically return to a Poisson 

distribution.  (s.eq. 6 and 7). This means the synthesis of RNA is a double stochastic 

process for which the Poisson rate and the characteristic gene noise can be separated. 

Single cell vs inter-individual variability 

In principle, it should not be possible to detect cell state fluctuations (𝜂𝜁) in the non-

Poisson noise derived from bulk RNA-seq experiments. This is because the observed 

amount of RNA counts stems from the sum of molecules taken from many cells, this 

will mask the non-Poisson variation between cells (s.eq. 8). However, biological 

systems are open and are affected by system state fluctuations, which act similarly on 

all cells within a cell population (tissue). Due to the interference of these fluctuations 
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the effects are observed among bulk samples and here we prove these are related to 

the cell state fluctuations (𝜂𝜁) through a fluctuation response relationship. We state 

that the biological coefficient of variation (BCV2) observed between individuals is 

dependent on both fluctuations in the system state and characteristic gene noise.  

The fluctuation response relationship dictates that the response to a change of system 

state variable (Δ𝑎) is proportional to its initial variance (s.eq. 10). This means that if a 

change in a system state alters the noise of a given gene, it will always be proportional 

to its initial noise, in this case, the characteristic gene noise. Due to this relationship, 

variation caused by upstream cellular drives would be carried to variation between 

tissues due to variation in the system state among samples. 

 The fluctuation response relationship requires that three assumptions are met: I) 

changes in 𝑥 (RNA counts of a given gene in our case), must be linearly coupled to the 

change in the system state (Δ𝑎); II) the relationship must be Gaussian like, and III) 

the change in system state (Δ𝑎), must be small. Cell-to-cell RNA counts (𝑥) are 

generated by a double-stochastic Poisson process as discussed before, which means 

that their log transformed distributions will be Gaussian like (s.eq. 11). Applying the 

log transformation to the RNA-seq distribution allows us to model the distribution of 

RNA counts as a fluctuation response relationship for single cell samples (s.eq. 12). 

This means that for a given individual the expected RNA-counts are distributed 

around a single average with a distribution based on the system state variable and the 

characteristic gene noise (s.eq. 13). It is expected that between individuals, the system 

state variable (𝑎), is distributed around a mean, and the characteristic gene noise (𝜂𝜁) 

varies between individuals independently of the system state variables. These 

distributions can be treated as two random variables from which the moments can be 

calculated, resulting in an expected and variance (s.eq. 14). The resulting observed 

variation between individuals is then a linked fluctuation variable containing 

information on both characteristic gene noise and system state variation between 

individuals. Calculating the non-Poisson noise or BCV2 between individuals thus 
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corresponds to this linked variable, which in turn represents noise caused by system 

state variables driven by cell-to-cell noise caused by the characteristic gene noise (s.eq. 

15).  

Diversity outbred mice as model for studying expression overdispersion 

The question which stems from the fluctuation response equation is which intrinsic 

factors- or upstream cellular drives can be measured from bulk RNA-seq data. To 

answer this question we retrieved 1086 bulk RNA-sequencing libraries taken from 

mouse liver samples from diversity outbred (DO) and inbred mouse taken at 20 or 24 

weeks from the Gene Expression Omnibus (Gu et al., 2016). The DO mice were used 

as an example of a heterogeneous population with free access to either standard 

rodent chow containing 6% fat by weight (73 females and 68 males) or high-fat chow 

containing 22% fat by weight (70 females and 66 males).  

Because for cell population it is merely impossible to derive the exact analytical form 

of a mixing distribution, we compared goodness-of-fit (GOF) of several mixed Poisson 

distributions to model mRNA copy number of genes’ expressed in the liver of Diversity 

Outbred (DO) mouse strain at 26 weeks of age (Munger et al., 2014) . Expectedly, 

mRNA counts were better fitted by mixed Poisson distributions than by a Poisson 

distribution. Three parameter Sichel and Delaporte distributions had no advantage 

over two parameter NB and Inverse Gaussian-Poisson (IGP) distributions (Rigby et al. 

2008) (Figure S1A). As GOFs were comparable for NB and IGP models of mRNA counts 

and, because, NB could be related to the two-state promoter model (Dattani & 

Barahona, 2017; Raj, Peskin, Tranchina, Vargas, & Tyagi, 2006) , we applied NB model 

to estimate non-Poisson noise (BCV2) of mRNA copy number. 

Estimation of non-Poisson noise (BCV2) in mRNA counts could be affected by 

technical variation in RNA-seq experiments. However, for most of the genes 

overdispersion caused by technical replication was negligibly small (Figure S1A). Thus, 

for simplicity, to model mRNA counts we did not correct for technical replicates as a 

random-effect variable. To that, we excluded from the analysis genes with “salt and 
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pepper” expression in biological replicates as excess of zeroes or low mRNA counts 

might bias the estimation of overdispersion. As a result, the inclusion of lowly 

expressed genes causes a negative correlation between otherwise independent 

parameters of NB distribution: mean and overdispersion (Figure S1B). The use of left-

side truncated NB distribution lowered a correlation between mean and 

overdispersion estimates (Figure S1C), while for genes expressed constitutively across 

biological replicates these two parameters were uncorrelated (Figure S1D). 

DNA determinants of expression variability 

The most basal and intrinsic factor when thinking of transcriptional mechanisms is 

the genome sequence context itself. It is currently known that factors such as the 

TATA-box and the sequences in promoter regions influence the expression variability, 

or in our case, the BCV2. In order to fully understand the extent of the influence of the 

nucleotide sequence and surrounding genes on genetic variation, all genes after 

filtering were sorted into 5 bins sorted by the average expression (µ) in fragments per 

kil0base per million reads (FPKM) and 5 bins based on their BCV2. 

We observed that a high GC% around the transcription start site (TSS) is associated 

with both a lower BCV2 and lower mean expression level (figure 1 A-B). It should be 

noted that a higher GC% downstream of the TSS is more likely to be observed in genes 

within a quintile of highest expression variability, but the separation is less 

pronounced for genes with a high average expression (µ) (Figure 1 A-B). The average 

expression and BCV2 correlates with GC content at ~30-50 bp upstream of the TSS, 

which overlaps with position of a TATA-box (figure S2).  

Predictive models for the BCV2 and average expression based on the presence of 

different transcription factor binding sites (TFBS) have shown that the presence of a 

TATA-box was indeed the strongest predictor amongst all TFBS for both BCV2 and the 

average expression (Figure S3). To identify the relation between DNA sequence of 

genes and the fluctuations in BCV2, the melting temperatures for the gene nucleotide 
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sequences were calculated in a position specific manner. It was found that genes with 

a higher duplex stability had a larger variation in gene expression (Figure S14).  

 

 

 

Figure 1.A) average coverage of GC% for genes separated into quint i les sorted by BCV 2 .  B) 
average coverage of GC% for genes separated into quint i les sorted by average expression.  C ) 
Overview of  correlat ions between n2 pos it ion dependent models predicting BCV2 and average 
express ion in FPKM an d measured values.  λ m i n  represents the model with the lowest error,  
though th is might be overtra ined.  λ s e  represents the s implest  poss ib le model which performs 
with in  one standard error  of  the optimal  model.  D)  Genewise predicted BCV 2  p lotted against  
the observed BCV 2 .  
 

Upon observing the predictive value of the GC content for the BCV2 and average 

expression, a position dependent di-nucleotide model was created to model the effect 
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of the genomic sequence on BCV2 and the average expression (Figure 3C). 

Interestingly, a large part of the BCV2 could be reliably predicted based on merely the 

genomic sequence between 1 kb upstream and 2 kb downstream of the TSS. Noting 

only the genomic sequence 1 kb upstream of the TSS, up to 500 bp downstream of the 

TSS had a predictive value to the average expression level of a gene. The strong 

correlation between sequence context around TSS and the BCV2 proves that a part of 

the inter-individual non-Poisson variability stems from “intrinsic sources”, or 

characteristic gene noise. 

 

Expression variability is linked to nonproductive accumulation of Pol II 

The correlations between the genetic sequence and the BCV2 mean that these impacts 

either the synthesis or degradation of RNA in order to be observed in RNA-sequencing 

samples. For this reason, we hypothesized that the higher duplex stability of the DNA 

could impact the speed or efficiency of RNA-Polymerase II (Pol II) during 

transcription. In order to investigate these, data from several datasets on the 

positioning of Pol II were correlated to the average expression and expression noise. 

To detect the average occupancy and activity of Pol II on genes for which the average 

expression and BCV2 were calculated we sampled different sets of sequencing data of 

genomic sequences bound by various forms of Pol II (Pol II, Pol II S2p and Pol II S5p) 

taken from mouse liver samples from public databases (Koike et al., 2012). 

We found that genes with the highest BCV2 were also more often occupied by Pol II 

S2p, implying that genes which are highly variable in expression have more Pol II 

bound to their gene bodies (figure 2A). Similarly, genes with a higher average 

expression have a higher occupation of Pol II S2p on the gene body (figure 2B). This is 

an interesting observation, as we observe that the BCV2 is not correlated to the average 

expression (Figure S1D). This must mean that genes which have a higher occupation 

of Pol II, can either be more variable in expression, have a higher expression, or both, 
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though the two observations are unrelated. This observation was verified with all 

forms of Pol II, Pol II S2p and Pol II S5p (Figure S5).  

Despite the knowledge of an increased binding of Pol II among genes with a higher 

average expression and variability, it is not known whether this accumulation results 

in nascent transcripts. Global Run On sequencing (GRO-seq) data allows for the 

retrieval of such data, revealing the genomic location and amount of recently 

produced RNA in a sample (Core, Waterfall, & Lis, 2008). 

 

Figure 2.  A, B)  Average coverage of  Pol I I  S2p binding separated per quint i le  based on BCV 2  
and average express ion in FPKM.  C ,  D) Average coverage of  nascent transcripts  as a  result  of 
GRO-seq data  separated per  quinti le  based on BCV 2  and average express ion in  FPKM.  

The GRO-seq reads obtained for mouse liver samples (Fang et al., 2014), were aligned 

and quantified. The genes were then grouped both by BCV2 and mean expression from 

the diversity outbred dataset (Figure 2C-D). An apparent stratification of the quintiles 

can be observed between GRO-seq reads and the average expression of genes (Figure 

2D), but no such separation is visible for the BCV2 (Figure 2C). This implies the act of 
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transcription, as illustrated by GRO-seq data, does not influence expression noise, 

rather the speed or efficiency of said transcription, which is illustrated by the relative 

over-abundance of Pol II occupation, is contributing to the overall expression noise 

(BCV2). This means that the increased Pol II occupation in genes with a high variability 

in expression is non-productive and does not result in an increased number of nascent 

transcripts as evidenced by GRO-seq data. 

Epigenetic determinants of transcription noise 

Observing the differences in BCV2 between genomic regions with a high GC content, 

and the subsequent non-productive accumulation of Pol II lead us to investigate the 

characteristic epigenetic profiles associated with variably and robustly expressed 

genes. Epigenetic marks could cause the non-productive accumulation of Pol II or 

could be disrupted by the accumulation itself.  

Whole Genome Bisulfite Sequencing (WGBS) data revealed that a higher methylation 

around the TSS more often coincided with a higher BCV2, whilst further into the gene 

body this effect becomes inverted, where it seems a high methylation of the DNA is 

correlated to a lower BCV2 (Figure 4A). This observation correlates with the 

observation that genes with higher levels of methylation in their promoter region have 

a higher complexity of initiation, influencing Konand Koff ratios.  

Genes with a high average expression have a clear lack of methylation on the gene 

body, as the 20% of genes with the highest average expression have the lowest 

methylation levels in the gene body (Figure 3A). Both the genes with the highest 20% 

BCV2 and the highest 20% in average expression were observed to have fewer CpG 

sites around the TSS (Figure S6). Methylation of cytosines in the region around the 

TSS implies the unavailability of a gene for transcription. To further delve into relation 

between expression variability and the availability of the TSS and the surrounding area 

DNAse-seq data was utilized to identify the regions with open chromatin and its 

possible correlation to the BCV2 and average expression. 
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Reads were again mapped, quantified and coverage was shown for all genes separated 

by either BCV2 or average expression. It was found that a higher accessibility of the 

DNA correlated to both a higher BCV2 and average gene expression (Figure 3B).  

 

Figure 3.  A )  Average coverage of meCpG  WGBS reads separated per quinti le  based on BCV2 

and average express ion in  FPKM.  B)  Average coverage of DNase-seq reads separated per 

quint i le  based on BCV2 and average expression in  FPKM.  

Formaldehyde-assisted isolation of regulatory elements sequencing (FAIRE-seq) data 

verified that genes which are free from protein (transcription factors, histones, etc.) 

around the TSS are more likely to have lower BCV2, whilst genes with a higher average 

expression tend to have a higher frequency of proteins bound to the DNA around the 

TSS (Figure S7). 
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Though FAIRE-seq data revealed that genes which have less proteins bound 

downstream of the TSS are more likely to have lower BCV2. This observation implies 

that there might be significant differences in the density and spacing of histones for 

genes with different expression variability. 

Nucleosome positioning 

The reduced density of proteins bound downstream of the TSS implies that the 

nucleosome binding, at and downstream of the TSS might be reduced for genes with 

higher BCV2. To investigate this, publicly available MNAse-seq data of mouse liver 

cells under normal conditions was taken from GEO (Menet, Pescatore, & Rosbash, 

2014), were plotted, and were again separated according with the BCV2 and FPKM 

quintiles (Figure 4). This showed that not just the availability of the TSS was higher 

on average, but also the spacing of the nucleosomes was less regular for genes which 

fell into higher quintiles separated by BCV2 (Figure 4A). No such separation was 

observed when explore the nucleosome phasing based on the average level of gene 

expression (Figure 4A). 

By creating a predictive model for the BCV2 and average expression based on the 

nucleosome occupancy per gene, the predictive value (β) of a position occupied by a 

nucleosome could be calculated. This model verified that if a position is occupied by 

a nucleosome the predictability of a gene’s BCV2 significantly increases, whilst the 

average expression in FPKM does not (Figure S8A). Fourier transformation on the 

phasing of the nucleosome occupancy found that genes with lower BCV2 had less 

variation in the distance between nucleosomes than genes that displayed a high BCV2 

(Figure S8 B). Variation in this distance did not have any predictive power for the 

average expression, except for genes within the quintile with highest expression, for 

which the nucleosome phasing was less strict than that for the genes within the lower 

expression quintiles. 

This comparison was repeated with an independent dataset (GSE57559), to prove 

consistency across different experiments and even with different concentrations of 
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MNAse. We observed the same trends for both the BCV2 and the average expression 

levels (Figure S8C). 

It is known that the chromatin structure is modulated by histone modifications which 

impact the nucleosome structure and positioning (P. Zhang, Torres, Liu, Liu, & 

Pollock, 2016). Observing a change in the regularity of the space between the 

nucleosomes we wondered if certain histone marks were associated with a higher 

average expression or BCV2. ChIP-seq data taken from ENCODE (Li et al., 2014) was 

aligned, quantified and the coverage for each gene was again grouped and sorted per 

quintile by the average expression (FPKM) and noise (BCV2) of DO mice under 

standard chow diet (Figure S9). 

We found that not only do certain histone marks occur more often at specific positions 

after the TSS, but that often the presence of histone marks has a predictive value for 

both the average expression (FPKM) and the noise (BCV2). We created a predictive 

model for the average expression (FPKM) and the BCV2 based on several methylation 

and acetylation marks (figure 4b) and found a high predictive value for both the BCV2 

and the average expression. Notably, the position-dependent predictive value of 

histone marks on the BCV2 is much higher for regions after the TSS, meaning the 

impact of histone marks is greater if these inhibit transcription elongation rather than 

transcription initiation.  

Diet can modulate expression variability  

Variation in gene expression is exemplified by the distribution of expression levels 

among samples, which follows a mixed Poisson distribution. The non-Poisson part of 

the distribution finds its source in both characteristic gene noise and system state 

variables. As we discussed above, we observed several intrinsic factors (genetic and 

epigenetic) acting as upstream cellular drives impacting the BCV2. Because all mice 

were held under similar laboratory conditions and all samples were taken from the 

identical organs, no effect of system state variables could be identified. When 
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analysing samples from mice kept under different conditions it is possible to identify 

the impact of system state variables on both the overall, and gene-wise BCV2.  

 

Figure 4.  A) Z-scores of expected/observed nucleosome bound reads  separated per quint i le 
based on BCV2  and average express ion in FPKM.  B)  Correlation of predicted BCV 2  and 
predicted average express ion in  FPKM based on a mult itude of histone marks  for  both BCV 2  
( left)  and average expression in FPKM (right).  
 

Comparisons of genes expressed constitutively in liver samples of diversity outbred 

(DO) mice fed either a standard (Std) or high fat (HF) diet revealed an overall increase 

in BCV2 under HF dietary conditions (Figure 5A). 
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However, due to the way BCV2 is calculated from RNA-seq data its value will be 

dictated by both the characteristic gene noise and system state variables. Therefore, 

the identification of a system state variable allows for the calculation of the impact of 

the factor on the BCV2.  

 

Figure 5.  A)  boxplots of  BCV 2  for  mice fed a  standard  (std)  or  high fat  (HF) d iet,  separated by 
all ,  male and female samples.  B) boxplots of corrected BCV 2  for mice fed a standard (std) or 
high fat (HF) diet,  separated by al l ,  male and female samples .  C)  Overview of log fo ld changes 
in BCV 2  from a Std to  a HF d iet ( left panel),  ca lculat ion of the fold  change in  system state 
(middle),  and the fo ld  changes  after correct ion for  the change in system state (r ight).  
 

In this case, because the system state variable Diet is known, it is possible to calculate 

the slope of the standardized major axis between the BCV2 for standard diet and high 

fat diet through a method similar to principal component analysis approach 

(supplemental equation 18-19). 
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This will allow for the identification of the change in expression variability (BCV2) due 

to gene-specific characteristics. Removing the system state variable from the equation 

allows us to observe whether the change in BCV2 under differing dietary conditions 

affects the system state part of the noise or the characteristic gene noise. In other 

words, by identifying the impact of diet on BCV2, we can calculate a BCV2 adjusted for 

diet (Figure 5B).  

Investigating the fold change in BCV2 between a high fat diet for all samples, males 

and females (Figure 5C) we observe that the BCV2 clearly increases due to both system 

state variables (Diet) and changes in the characteristic gene noise. 

Calculating the fold change for the system state by identifying the slope of the major 

axis we observe that a high fat diet has a strong impact the overall BCV2 (Figure 5C). 

After the correction for diet as a system state variable the noise (BCV2) is still 

significantly increased between all samples, males and females (Figure 5B). This 

means that the change in diet does not only affect the system state component of the 

noise, but also the characteristic gene noise. This means that factors, such as the 

synthesis rate, burst size and/or burst frequency are affected at different rates among 

cells as result of the change in diet. 

Investigation of the BCV2 in inbred mice strains revealed a more varied response, 

indicating that the overall increase in BCV2 due to a HF diet is strain-specific (Figure 

6). Expression variability in inbred mice both under a standard and high fat diet shows 

a strong correlation in BCV2 between all samples, indicating that a large portion of the 

noise (BCV2) is shared (Figure S2).  

Though the greater variation estimates could relatively low number of replicates (8 

biological replicates per inbred strain). We calculated the standardized major axis 

(SMA) slope between the BCV2
hf and BCV2

sd resulting in an adjusted BCV2 for samples 

under differing dietary conditions. The New Zealand Obese (NZO), Watkins Star Line 

B (WSB) and Black Six (B6) had an overall reduction of BCV2, yet after correction for 
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high fat as a system state parameter these show the largest increase in corrected BCV2 

(Figure 6). 

 

Figure 6.  Boxplots of the BCV 2  for inbred stra ins of mice under a standard d iet (Std),  a high 
fat  d iet (HF),  and after  adjust ing for the system state (HF_adj).  In  the r ight  panel  the fo ld  
change in  system state is  visualized for  al l  breeds.  

This implies that expression variation (BCV2) in these samples is strongly affected by 

the system state parameter, rather than the characteristic gene noise. The other breeds 

(B6, NZO and WSB), with the exception of the Non-Obese Diabetic (NOD) strain 

showed an initial increase in BCV2, yet this effect is mostly connected to the system 

state change brought on by the difference in diet.  

Most inbred mouse strains used in this investigation have a medium or low 

susceptibility to obesity. The mice strains derived from wild isolates (CAST, WSB, 

PWK) are generally among the leanest. B6 being often used for dietary experiments 

due to its susceptibility to gain weight, and NOD being shown to be slightly heavier 

than the average mouse in other investigations (Reed, Bachmanov, & Tordoff, n.d.) . 

The clear exception is the New Zealand Obese (NZO) mouse, which has a high 

susceptibility to obesity (Ortlepp et al., 2000). So far, there is no direct correlation 

between the weight of mice, yet the differences in response to a high fat diet in terms 

of noise (BCV2) suggests a strain-dependent response to system state variables rather 

than a universal mechanism which dictates expression variability (BCV2). 
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Gene expression variability characteristics are similar in mice and rats 

Though we observed that the GC-richness and the di-nucleotide content were 

predictive for the BCV2 among mice, the impact of these factors might just correlate 

with other gene characteristics. To verify whether the genetic sequence does dictate 

variation in gene expression across varying expression levels, organs and species we 

utilized publicly available RNA-seq data taken from rats (Yu et al., 2014). This data was 

sampled for rats of both sexes, from 11 different organs, at 4 different ages, resulting in 

a total of 320 samples. Normalization was performed as was with the mouse RNA-seq 

data and, similarly to mouse data, no correlation was found between the average 

expression and BCV2 (Figure S11). A predictive model based on KEGG pathways for the 

BCV2 across all samples again showed that genes associated with processing of genetic 

information processing are generally expressed at more robust levels, whilst genes 

associated with metabolic pathways (PPAR signalling) were more predictive for a 

higher variation in expression (Figure S12). Comparison of the BCV2 across samples 

and per organ showed correlations across all groups (Figure 7), illustrating that the 

BCV2 of a gene is conserved across organs. Moreover, comparison of homologues 

genes between mice and rats shows that BCV2 values exhibit high interspecific 

correlation (Figure 7B).  

Separating the GC% of genes per quintile based on the BCV2 across all organs for rat 

samples resulted in a similar laddered result that was also observed in mouse samples 

(Figure 8A). A higher GC% downstream of the TSS is more common in genes with a 

high BCV2 Consequently, calculation of the duplex stability of expressed genes shows 

a similar correlation between a high energy cost of transcriptional activities and the 

average BCV2 as seen in the mouse RNA-sequencing data (Figure S13). 
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Figure 7.  A) Overview of Pearson correlat ions between BCV 2  ca lculated from dif ferent  
subgroups of samples  taken from rat  RNA -seq data.  B)  Plot of BCV 2  of homologous mouse and 
rat  genes.  
 

A second position-dependent di-nucleotide-model was created to predict the BCV2 of 

rat genes, which was simultaneously tested on mouse genes to see how well the model 

would carry over across species (Figure 8b). Interestingly, the results of BCV2   

modelling indicate that similar regions are important for predicting the BCV2 of mice 

and rats. Further, a similar correlation was observed when predicting BCV2 for rat 

genes with a model trained on mouse data (Figure 8c).   

The predictive power across species can be further increased by the implementation 

of a non-position specific hexa-nucleotide predictive model (Figure 8d). Surprisingly, 

this model does not improve the predictive capability within species but does increase 

significantly between species. 
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Figure 8.  A) average GC content (%) for genes separated into quint i les sorted by BC V2  for rat  
RNA-sequencing data.  B) Overview of  correlat ions between predicted and observed BCV 2  for  
both mice and rat samples.  The models were trained on rat genomes in  combination with rat 
BCV2 .  C) Overview of  correlations  between predicted and observed B CV2  for  both mice and 
rat  samples.  The models  were tra ined on mice genomes in  combinat ion with mice BCV 2 .  D)  
plot of predicted BCV 2  and observed BCV 2  for models tra ined on mice or rats applied to  model 
organism matching the observed BCV 2 .  

The predicted BCV2 for mice based on a rat model has a correlation only two points 

below the actual correlation between the BCV2 of mice and orthologous rat genes 

(Figure 8d). In terms of R2 this means the model solely based on the genetic sequence 

is almost as accurate as using the orthologous gene as a reference. 

Gene expression variability changes with age 

Comparison of the BCV2 between samples of different ages shows a consistent increase 

of BCV2 with age (Figure S14). Grouping of the samples into organ-specific bins mostly 

maintains this linear increase of BCV2 with age, though it does not hold true across all 

organs. However, the fine binning of the data creates smaller groups, which are more 
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susceptible to errors in variability estimates. The correlations in variation estimates 

(BCV2) across different ages, organs and sex is exemplary for the impact of both system 

state parameters and characteristic gene noise. A part of the variation stems from 

systematic factors which affect all cells within a sample independently, this includes 

organ, age and sex, another part stems from the characteristic gene noise, which is 

dependent on the genetic sequence and internal factors which affect the RNA 

synthesis or degradation rate.   

The separation of the gene expression variability observed in RNA sequencing data in 

Poisson and non-Poisson parts allowed for the complete removal of the correlation 

between the average expression and the variation in the form of the BCV2. With the 

identification of the fluctuation response relationship within bulk RNA-seq data we 

showed that cell-to-cell variation is carried over to inter-individual noise level. This 

became abundantly clear upon the creation of di-nucleotide models for the prediction 

of variability, which showed a large portion of the variation in gene expression stems 

from not only the composition of the promoter region, but the region downstream of 

the TSS too. This increased variability strongly correlated with the non-productive 

accumulation of nucleosomes, which co-occurred with histone modifications. Not 

only do these sources of characteristic gene noise influence the overall BCV2 of a gene, 

so do external factor such as diet, organ and age. These observations will be of great 

importance to the field as these lay the ground works of the intricate factors which 

together dictate the variation in gene expression. 

DISCUSSION 
One of the most commonly mentioned observation within the field of expression 

noise is that the coefficient of variation (CV) is dependent on the average expression. 

By showing that with an average expression as a result of a synthesis/degradation 

process there will always be a Poisson component to the distribution, and 

subsequently subtracting said component we have defined noise as a doubly 

stochastic process which stems from both the Poisson and the non-Poisson 
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components. The non-Poisson noise is caused by fluctuations in the synthesis rate, 

degradation rate or Kon/Koff ratios, or in other terms fluctuations to the burst size and 

frequency.  

It is often assumed that cell-to-cell variation in gene expression is lost in bulk RNA-

sequencing experiments. Logically this would make sense, as the RNA-sequencing 

multiple cells from a bulk sample results in a summation of reads in which all variation 

between cells is lost to a singular average. However, due to the fluctuation response 

relationship, which states the initial variation in expression impacts the increase in 

variation in expression due to external factors, the cell-to-cell variation is maintained 

in bulk RNA sequencing experiments. Without this equation, cell to cell variation 

could only be obtained from extensive single cell RNA-sequencing experiments, 

resulting in high costs and a large time investment. Now it would be possible to 

perform single-cell RNA sequencing experiments to capture variation caused by 

kinetic parameters in combination with bulk RNA-sequencing to capture the 

magnitude of the system state fluctuation. 

In this chapter we elucidated the BCV2 as a product of both the characteristic gene 

noise and system state parameters. The characteristic gene noise encompasses all 

internal factors which impact the variation in gene expression as would be typical for 

specific genes. This would include the promoter architecture, the methylation state 

and the burst frequency. The system state parameters are factors which alter the 

variation in gene expression between cells and individuals equally, these factors 

include diet, age, sex and organ. Due to this separation of system state and 

characteristic gene noise we obtain the possibility to separate the BCV2 into the part 

which is caused by the known system state parameters and ‘the remaining noise’, 

which consists of both the characteristic gene noise and undefined system state 

parameters. This separation is highly valuable in future RNA-sequencing research as 

it opens a door to a highly under-explored portion of information which is contained 

within RNA-sequencing data. 
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In this investigation we showed that not only does the promoter region or the 

presence of a TATA-box influence the gene expression variability (BCV2), but the 

characteristic gene noise is strongly influenced by the genetic sequence downstream 

of the TSS. This observation holds true between different mouse strains, across species 

and different organs. Within the same species a hexanucleotide semi-position 

dependent model did not improve the prediction for the BCV2 illustrating that a large 

portion of the variation is simply a consequence of the nucleotide composition of the 

gene, which in turn affects other factors which influence the transcription rates. The 

hexanucleotide semi-position dependent models did perform better across species, 

there could be several causes for this: 1) The system state variables for rats are vastly 

different than that of mice. This means physiologically rats are just very different from 

mice that is reflected in different gene activity, metabolic state, differences in 

circadian rhythm etc. This explains why within rat species the accuracy of predictions 

of BCV2 are much higher, as the system state variables between these rats are much 

more identical. 2) The annotation of the rat genome is not as complete and precise as 

that of the mouse genome, meaning the annotated TSS and promoter region are not 

always right. Hence, the models trained on mouse data/genes would then not carry 

over that well to rat data/genes. 

After establishing the predictive capabilities of the dinucleotide content of genes, we 

identified possible consequences of the sequence composition. We observed an 

accumulation of Pol II on the genes which under normal circumstances have either a 

high average expression or a high amount of variation in gene expression (BCV2). 

Though no increase in nascent transcripts was observed for genes with a high BCV2. 

This implies that even though Pol II does bind more frequently to genes with a higher 

variation in expression, these polymerases do not finish transcription, or are “stuck in 

traffic” unlike genes with low variation in expression. Though we do now understand 

the increased frequency of non-productive Pol II on genes increases the variation in 

expression levels determined from RNA-sequencing data, we do not know whether 

the sequence, and thus the melting temperature of the DNA duplex is the main cause 
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of this. Another possibility is that the genetic sequence causes the preferential binding 

of proteins, which in turn functions as speedbumps for polymerase II as it attempts 

transcription of a gene. 

 In this chapter we did observe an increase of methylation of the TSS, a preference for 

certain histone marks, and a less regular phasing of nucleosomes on genes with a high 

variation in BCV2. Predictive models of histone marks based on DNA sequence have 

been shown to work (Whitaker, Chen, & Wang, 2015), though we have not explored 

this correlation in this investigation.  

Yet the increased occurrence of certain histone marks could be a consequence of the 

high variation in transcription instead of a cause. ChIP-seq experiments taken from 

public resources have allowed us to gain an overview of the nucleosome distribution 

and histone modifications that frequently occur in genes with a high BCV2. We have 

showed that not only do certain histone marks co-occur more often in genes with a 

high BCV2 in mice on a standard diet, but that the distribution of nucleosomes is less 

frequently phased among genes with a high BCV2. Protein sub-complexes have been 

shown to exist which aid in the replacement of nucleosomes after Pol II has 

transcribed a section of a gene (Kulaeva, Gaykalova, & Studitsky, 2007; Kwak & Lis, 

2013). With the understanding that the di-nucleotide content increases noise and 

reveals itself in the non-productive accumulation of Pol II in the gene body, it could 

be that the less strict organisation of the nucleosomes is a consequence of polymerase 

crowding, in which the high amount of Pol II does not leave enough space or time for 

the nucleosomes to be properly reinstalled after each passing of Pol II. 

Besides the effects and sources of characteristic gene noise we also investigated several 

system state parameters. These are factors which impact all cells in a sample or 

organisms in a group equally. A simple example is the relative increase in BCV2 among 

diversity outbred (DO) mice under a high fat diet (HF) as compared to mice on a 

standard diet (Std). It has long been known that dietary restriction can have positive 

effects on the lifespan of organisms (Lee & Longo, 2016). A recent study has shown 

that a mutation which mimics a dietary restriction which has both beneficial effects 
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on the life and health span of mice, reduces the overall expression variability too 

(Müller et al., 2018). In this investigation we observed that rats at a more advanced age 

showed an overall higher variation in gene expression (BCV2). To our knowledge, there 

was no direct investigation of expression variability in which a combination of ageing 

and different diets have been performed as of yet, we expect that the increase of BCV2 

which occurs at an advanced age is reduced under a caloric restriction diet and is 

possibly aggravated by high fat or high caloric diets. Through correction for the known 

system state parameter, or diet, we were able to calculate a corrected BCV2 for both 

DO and inbred mice strains, in which we observed that not only does the system state 

part of the noise change, so does the characteristic gene noise. This leads us to 

conclude that not only do system state parameters alter the BCV2, these can directly 

impact the characteristic gene noise. In the case of an increased adjusted BCV2 under 

a high fat diet there are several attributes of the characteristic gene noise which could 

be affected. The synthesis rate could accelerate due to a higher availability of energy, 

a higher production of polymerase II or a greater abundance of free nucleotides 

because of the richer diet. Another possible effect lies within the methylation which 

can be altered by a shift in diet (Y. Zhang & Kutateladze, 2018). The presence of 

alternative histone marks could interfere with the speed and efficiency of 

transcription, resulting in a higher variation in RNA abundance (BCV2) from cell to 

cell. 

Due to the better implementation of the mathematical models that underlie the 

variation in gene expression we suggest the new way for further research to elucidate 

the sources of variation in gene expression. The proof that the fluctuation response 

relationship enables us to estimate variation in gene expression that also occurs from 

cell to cell and among individuals can be of immense value, potentially reducing the 

need for extensive single cell sequencing experiments in the future. Our analysis 

allows for the separation of characteristic gene noise and the noise caused by known 

system state parameters, which influence each other. We found several sources 

underlying and co-occurring with an increased expression variation and have taken 
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several steps in the identification of factors that modulate gene expression variability. 

With the observation that variation in gene expression increases with an advanced 

age, and different factors can aid in the reduction of expression variation we have 

gotten one step closer to monitoring and prospectively counteracting the adverse 

effects which come with the ageing process. 

MATERIALS AND METHODS 
1086 RNA-sequencing libraries taken from mouse liver samples from diversity outbred 

and inbred mouse strains under differing dietary conditions (Standard chow, high fat) 

were retrieved from the Gene Expression Omnibus (Munger et al., 2014). STAR 2.5 was 

used to align the reads against GRCm38 and output to count tables. Read counts were 

upper quantile normalized and all genes with less than 1 count per million (CPM) for 

each sample were removed from the analysis. Average FPKM values were calculated 

for each test group (Standard chow, high fat), separately for each strain of mice. The 

biological coefficient of variation (BCV2 / E-CV), was calculated in line with the 

methods presented in chapter 2. 

RNA-sequencing libraries of Rattus norvegicus, taken from 10 different organs, at four 

different ages in both males and females to a total of 320 samples were retrieved from 

GEO (Yu et al., 2014). STAR 2.5 was used to align the reads against Rnor6.0 and output 

to count tables. Samples were grouped by sex, organ and age for separate tests. FPKM 

and BCV2 values were calculated in the same manner as mice samples. 

GAMLSS was used to calculate the biological coefficient of variation (BCV2) as shown 

in chapter 2 of this thesis (supplementary notes). 

The technical coefficient of variation was calculated with GAMLSS as above with 

technical replicates included as a factor for overdispersion (𝛼). A log-likelihood ratio 

test (LR-test) comparing Poisson and Negative-Binomial models was used to identify 

the significance of the overdispersion parameter. From this test we concluded that the 
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overdispersion due to technical replicates was insignificant and negligibly small, so no 

adjustment was made to the data for technical variation. 

The free energy (G) for DNA/DNA and RNA/DNA duplex stabilities were calculated 

for all genes in kcal/mol per position relative to the TSS based on that estimated for 

dinucleotides (Tulpan, Andronescu, & Leger, 2010). The averages per position were 

plotted per FPKM and BCV quintiles for each gene. Combined energy costs for 

transcription sum from DNA/DNA G required for dsDNA melting and RNA/DNA 

G required for separation of newly synthesized RNA. 

To predict coefficients of variation for genes 𝑔𝑖  from DNA sequence or chromatin 

context, or from the KEGG biological pathways we applied Ridge regression (Hastie, 

Tibshirani, & Friedman, 2001) implemented in R glmnet package (Friedman, Hastie, 

& Tibshirani, 2010). Models were trained with 10-fold cross validation. Penalty Λ was 

chosen either from the best model with lowest cross-validation error - Λ𝑚𝑖𝑛  or from 

the simplest model with cross-validation error within one standard error of the best 

model - Λ𝑠𝑒 . For most of the models, unless specified, we set Λ at Λ𝑠𝑒 . In training of 

models, we also normalized 𝛼𝑔𝑖
 (response vector) as we noted that models’ intercepts 

𝛽0  could not be predicted from the intrinsic parameters (DNA context, chromatin 

modification or KEGG pathway), but rather adjusted by extrinsic context (cell type, 

tissue, diet, age, etc.). 

Similar ridge regression models were used to predict mean-variance normalized 

parameters of gene expression (BCV2, FPKM) for mouse and rat liver samples based 

on position dependent di-nucleotide, tri-nucleotide and hexa-nucleotide content of 

all protein coding genes with at least 1 count in all samples. Accuracy of the models 

was validated across species. 

A LR-test was used to identify genes that have a significant change in average 

expression (FPKM) or BCV2 (FDR < 0.01). The BCV2 and fraction of significantly 

different BCV2 s were visualized in various ways with R. 
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All protein coding genes from mice liver samples under standard dietary conditions 

with more than 1 CPM in all samples were grouped into quintiles based on FPKM and 

BCV2. For several characteristics (Pol II-seq, GRO-seq, DNAse-seq, etc.) the average 

coverage per position, up- and down-stream of the TSS for each factor was calculated 

per bin for both FKPM and BCV2 bins. This coverage was in either percentage or Z-

score based on all samples. The five groups were visualized in R over several ranges 

up- and down-stream of the TSS. 

The presence of the TATA motif; was taken from the Jaspar database (Khan et al., 2018) 

for every position between 5kb up- and downstream of every gene within in the count 

tables. The relative frequency was calculated per quintile of FPKM and BCV for the 

diversity outbred set as shown before.  

Chip seq occupancy profiles for the S2 phosphorylated (S2p) and S5 phosphorylated 

(S5p) RNA PolⅡ were retrieved from GEO (GSE41472) (Li et al., 2014). PolⅡ-seq reads 

were aligned to GRCm38 with STAR aligner and output to count tables. The libraries 

were upper-quantile normalized. The average coverage per base pair was calculated 

5kb up- and down-stream of the TSS and TTS of known protein coding genes with a 

minimum expression of 1 CPM. Z-scores were calculated to show the relative 

abundance of Pol Ⅱ occupancy per quintile based on the average expression in FPKM 

and BCV for the diversity outbred set. The results were plotted with R. 

GRO-seq transcripts taken from mouse liver samples taken during different stages 

during light/dark cycle were retrieved from GEO (GSE59486) (Fang et al., 2014). GRO-

seq reads were aligned to GRCm38 with STAR aligner and output to count tables. The 

libraries were upper-quantile normalized. The average coverage per base pair was 

calculated 5kb up- and down-stream of the TSS and TTS of known protein coding 

genes with a minimum expression of 1 CPM. Z-scores were calculated to show the 

relative abundance of GRO-seq read coverage per quintile based on the average 

expression in FPKM and BCV for the diversity outbred set. The results were plotted 

with R. 
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meCpG whole genome bi-silfide sequencing (WGBS) taken from mice livers at 

different ages was retried from GEO (GSE60012) (Reizel et al., 2015).  

WGBS reads were aligned to GRCm38 with STAR aligner. The libraries were upper-

quantile normalized. The average coverage per base pair was calculated 5kb up- and 

down-stream of the TSS of known protein coding genes with a minimum expression 

of 1 CPM. Z-scores were calculated to show the relative abundance of WGBS read 

coverage per quintile based on the average expression in FPKM and BCV for the 

diversity outbred set. The results were plotted with R. 

DNAse treated genomic sequencing data taken from 8 week old adult mouse (C57 

black 6) liver samples were downloaded from GEO (GSM1014195)  (Vierstra et al., 

2014). 

DNAse treated genomic sequencing reads were aligned to GRCm38 with STAR aligner. 

The libraries were upper-quantile normalized. The average coverage per base pair was 

calculated 5kb up- and down-stream of the TSS of known protein coding genes with a 

minimum expression of 1 CPM. Z-scores were calculated to show the relative 

abundance of DNAse read coverage per quintile based on the average expression in 

FPKM and BCV for the diversity outbred set. 

Dyads of nucleosomes were calculated based on 24/47 Mnase-Seq libraries retrieved 

from GEO (GSE47142) (Menet et al., 2014). 

The histone bound genomic reads were aligned to GRCm38 with STAR aligner. The 

libraries were upper-quantile normalized. The middle of the 150bp reads (dyads) were 

mapped 5kb up- and down-stream of the TSS of known protein coding genes with a 

minimum expression of 1 CPM. Z-scores were calculated to show the relative 

abundance of read coverage per quintile based on the average expression in FPKM and 

BCV for the diversity outbred set and were plotted in R. 

12 MNAse-seq libraries taken from adult mice livers were taken from GEO, (GSE57559) 

(Iwafuchi-Doi et al., 2016). 
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H3K4me1, H3K4me3, H3K9ac, H3K27ac, H3K36me3, H3K79me2 sequencing data was 

aligned with star and matched against 5 kb region up- and down-stream of the TSS of 

known protein coding genes. The libraries were upper quantile normalized. The genes 

were then sorted into quintiles based on the BCV and the average FPKM. Two separate 

linear models were created based on the BCV and the FPKM of genes of the different 

histone modification sequencing data. The resulting model was then correlated to the 

actual sequencing data per 1000 bp bins with no overlap, relative to the TSS. 

FAIRE-seq data taken from livers of C57BL/6J and A/J mice on three diets was taken 

from GEO, (GSE75984) (Leung, Trac, Du, Natarajan, & Schones, 2016). FAIRE-seq 

sequencing reads were aligned to GRCm38 with STAR aligner. The libraries were 

upper-quantile normalized. The average coverage per base pair was calculated 5kb up- 

and down-stream of the TSS of known protein coding genes with a minimum 

expression of 1 CPM. Z-scores were calculated to show the relative abundance of FAIRE 

read coverage per quintile based on the average expression in FPKM and BCV for the 

diversity outbred set. 
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ABSTRACT 

Ageing is associated with physical decline and the development of age-related diseases 

such as metabolic disorders and cancer. Few conditions are known that attenuate the 

adverse effects of ageing, including calorie restriction (CR) and reduced signalling 

through the mechanistic target of rapamycin complex 1 (mTORC1) pathway. Synthesis 

of the metabolic transcription factor C/EBPβ-LIP is stimulated by mTORC1, which 

critically depends on a short upstream open reading frame (uORF) in the Cebpb-

mRNA. Here we describe that reduced C/EBPβ-LIP expression due to genetic ablation 

of the uORF delays the development of age-associated phenotypes in mice. Moreover, 

female C/EBPβΔuORF mice display an extended lifespan. Since LIP levels increase upon 

aging in wild type mice, our data reveal an important role for C/EBPβ in the aging 

process and suggest that restriction of LIP expression sustains health and fitness. 

Thus, therapeutic strategies targeting C/EBPβ-LIP may offer new possibilities to treat 

age-related diseases and to prolong healthspan. 
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INTRODUCTION 

Delaying the occurrence of age related-diseases and frailty (disabilities) and thus 

prolonging healthspan, would substantially increase the quality of life of the ageing 

population and could help to reduce healthcare costs. Calorie restriction (CR) or 

pharmacological inhibition of the mTORC1 pathway by rapamycin are considered as 

potential effective interventions to delay aging and to increase healthspan in different 

species (Kaeberlein, Rabinovitch, & Martin, 2015). However, for humans CR is a 

difficult practice to maintain and may have pleiotropic effects depending on genetic 

constitution, environmental factors and stage of life. Likewise, the long-term use of 

rapamycin is limited by the risk of side effects, including disturbed glucose 

homeostasis, impaired would healing, gastrointestinal discomfort and others 

(Augustine, Bodziak, & Hricik, 2007; de Oliveira et al., 2011; Lamming et al., 2012; 

Wilkinson et al., 2012). Therefore, there is a need to investigate alternative targets that 

are part of the CR/mTORC1 pathway that can be manipulated to reach similar 

beneficial effects. Our work suggests that the transcription factor C/EBPβ may provide 

such a target. 

C/EBPβ regulates the expression of metabolic genes in liver and adipose tissue 

(Desvergne, Michalik, & Wahli, 2006; Roesler, 2001). From its mRNA three protein 

isoforms are synthesized through the usage of different translation initiation sites: two 

isoforms acting as transcriptional activators, Liver-enriched Activator Protein (LAP) -

1 and -2, and a transcriptional inhibitory isoform called Liver-enriched Inhibitory 

Protein (LIP) (Descombes & Schibler, 1991). We showed earlier that translation into 

LIP depends on a cis-regulatory uORF (Figure 1A) and is stimulated by mTORC1 

signalling (Calkhoven, Müller, & Leutz, 2000; Jundt et al., 2005; Zidek et al., 2015). 

Pharmacological or CR-induced inhibition of mTORC1 in mice selectively reduces LIP-

protein synthesis and thereby increases the LAP/LIP ratio in different tissues (Zidek 

et al., 2015). Experimental reduction of LIP expression by genetic ablation of the uORF 

in C/EBPβΔuORF knockin mice is associated with a CR-type improved metabolic 

profile, including enhanced fatty acid oxidation and reduction of steatosis, improved 
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insulin sensitivity and glucose tolerance, and higher adiponectin levels. Notably, these 

metabolic improvements are achieved without reducing calorie intake (Albert & Hall, 

2015; Zidek et al., 2015). Because of the similarities between C/EBPβΔuORF mutation 

and CR we investigated lifespan and age-associated phenotypes in C/EBPβΔuORF 

mice. 

Here we show that the C/EBPβΔuORF mutation is associated with an increase in 

lifespan and reduced tumour incidence in female mice. In addition we show an 

improvement in a broad spectrum of age-associated phenotypes to varying degrees in 

males and females.  

RESULTS 
Others showed that LIP levels increase during aging in liver and white adipose tissue 

(WAT) (Hsieh et al., 1998; Karagiannides et al., 2001; Timchenko et al., 2006). 

Similarly, in our cohorts of wt C57BL/6J mice LIP levels are significantly higher in 

livers of old (20-22 months) versus young (5 months) mice, resulting in a decrease in 

the LAP/LIP ratio during ageing (Figure 1B,C and figure 1-supplement 1A). In contrast, 

in C/EBPβΔuORF mice LIP levels are low and stay low in old mice. LAP levels in 

C/EBPβΔuORF males and to a lesser extend in females are increased, which is probably 

due to additional initiation events at the LAP-AUG by ribosomes that normally would 

have initiated at the uORF (Calkhoven et al., 2000). The Cebpb-mRNA levels are 

comparable at different ages and in the different genotypes (Figure 1D,E). Similarly, 

LIP expression is higher in white adipose tissue (WAT) of old female mice (WAT from 

males is not available) (Figure1-supplement 1B). Since translation into LIP is 

stimulated by mTORC1 through phosphorylation of 4E-binding protein (4E-BP) 

(Zidek et al., 2015), we reasoned that the higher LIP levels in aged livers and WAT 

might correlate with increased mTORC1 signalling with age. While the analysis of 

mTORC1-downstream phosphorylation of 4E-BP1, p70 ribosomal protein S6 kinase 1 

(S6K1) did not reveal a significant difference between young versus old or wt versus 

C/EBPβΔuORF mice in liver (Figure1-supplement 1C,D), 4E-BP1 phosphorylation was 
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significantly higher in old compared to young WAT samples from both wt and 

C/EBPβΔuORF females (Figure1-supplement 1E,F).  

 

Figure 1.  C/EBPβ LAP/LIP isoform ratio increases upon ageing.   
(A) The graph at  the left shows that wt C/EBPβ -mRNA is trans lated into LAP1 and LAP2 through 
regular trans lation in it iation,  while trans lat ion into LIP involves a primary tr ans lation of  the 
uORF fol lowed by trans lat ion re - initiat ion at  the downstream LIP -AUG by post-uORF-
translat ion ribosomes.  The graph at the r ight shows that  genet ic ablation of the uORF 
abol ishes  trans lation into LIP,  but leaves translat ion into LAP1 and LA P2 unaffected ( for 
deta i led descript ion see (Calkhoven et  a l. ,  2000; Zidek et  a l . ,  2015) .  (B  and C)  Immunoblots 
of  l iver  samples  from young (5  months)  and old (female 20  months,  male 22 months)  wt and 
C/EBPβ Δ u O R F  (B) males and  (C )  females showing LAP and L IP isoform expression.  β -act in 
express ion served as  loading control.  The LAP/LIP isoform rat io  as  ca lculated from 
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quanti f ication by chemiluminescence d ig ital  imaging of  immunoblots  is  shown at  the r ight  (wt 
males  n=9 young,  n=10 old;  C/EBPβ Δ u O R F  males,  n=11 young,  n=10 old;  wt females,  n=9 wt 
young,  n=8 old;  C/EBPβ Δ u O R F  females,  n=10 young,  n=10 old).  (D and E)  C/EBPβ mRNA levels 
as determined by quantitative real - time PCR in  (D) males (wt,  n=11 young,  n=11 old; 
C/EBPβ Δ u O R F ,  n=11 young,  n=9 old) and in  (E)  females  (wt,  n=9 young,  n=11 old;  C/EBPβ Δ u O R F ,  
n=9 young,  n=11 old).  P -values were determined by Student’s t - test,  *p<0.05; **p<0.01; 
***p<0.001.  
 

In contrast phosphorylation of ribosomal S6 protein in WAT was not significantly 

altered upon ageing. Thus, LIP levels increase with age and this increase is dependent 

on the uORF in the Cebpb-mRNA and seems to correlate with mTORC1/4E-BP1 

signalling in WAT but not in the liver. We hypothesised that the C/EBPβΔuORF 

mutation may have positive effects on healthspan and lifespan based on the CR-like 

metabolic improvements in C/EBPβΔuORF mice (Zidek et al., 2015). A lifespan 

experiment was set up comparing C/EBPβΔuORF mice with wt littermates (C57BL/6J) 

in cohorts of 50 mice of each genotype and gender. The survival curves revealed an 

increase in median survival of 20.6% (difference in overall survival p=0.0014 log-rank 

test, n=50) for the female C/EBPβΔuORF mice compared to wt littermates (Figure 2A). 

From the 10% longest-lived females, nine out of ten were C/EBPβΔuORF mice 

(Supplementary file 1), showing that the maximum lifespan of C/EBPβΔuORF females is 

significantly increased (p=0.0157 Fisher’s exact test). If maximum lifespan is 

determined by the mean survival of the longest-lived 10% of each cohort, C/EBPβΔuORF 

females show an increase of 9.14% (p-value=0.00105 Student’s t-test.).  For the male 

cohort we observed a modest increase in median survival of 5.2%, however the overall 

survival was not significantly increased (p=0.4647 log-rank test, n=50) (Figure 2B). The 

increase in median survival of the combined cohort of C/EBPβΔuORF mice (males & 

females) was 10.5% (with a significant increase in overall survival p=0.0323 log-rank 

test, n=100) (Figure 2-supplement 1A and supplementary file 1). The observed median 

survival for wt females (623 days) is lower than what most other labs have reported for 

C57BL/6J females. We reasoned that this was due to a high incidence of ulcerative 

dermatitis (UD) we observed particularly in our female cohort (females: 19 mice or 

38% for wt and 26 mice or 52% for C/EBPβΔuORF; males: 15 mice or 30% for wt and 10 

mice or 20% for C/EBPβΔuORF). UD is a common and spontaneous condition in mice 
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with a C57BL/6J background that progress to a severity that euthanasia is inevitable 

(Hampton et al., 2012).  

 

 

Figure 2.  Increased survival of  female C/EBPβ Δ u O R F  mice.   
Surviva l curves  of  (A) the complete female cohorts,  (B)  complete male cohorts ,  (C)  the UD-
free female cohorts,  (D) UD-free male cohorts ,  (E)  female mice with UD and  (F)  male mice 
with UD with the survival curves of wt or C/EBPβ Δ u O R F  mice indicated.  The increase in median 
surv ival (%) of C/EBPβ Δ u O R F  compared to wt l i t termates and stat istical s ignif icance of the 
increase in  the overa ll  surv iva l  as determined by the log -rank test  is  indicated in  the f igure.   
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Therefore, survival curves were also calculated separately for UD-free mice and for 

mice that were euthanized because of serious UD (Figure 2C-F, Figure 2-supplement 

1B,C and supplementary file 1 for complete overview). These data show that median 

lifespan of UD-free wt females are in a more normal range (740 days) and that the 

C/EBPβΔuORF mutation results in a significant increase of median survival specifically 

in females irrespective of the condition of UD. Moreover, the median survival of the 

C/EBPβΔuORF UD-free females (860.5 days) is higher compared to both wt females and 

wt males (829 days). The survival curves show an increase in early mortality for the 

male C/EBPβΔuORF mice in the complete and UD-free cohorts (Figure 2B,D). For these 

cohorts we performed a daily chi-square test to access differences between wt and 

C/EBPβΔuORF males on each day of the lifespan and found a significant (p< 0.05) 

reduction in survival only for the UD-free C/EBPβΔuORF males spanning the period 582-

637 days, including four mortalities (Figure 2-supplement 1D,E). Taken together, these 

data show that a significant lifespan extension can be concluded only for female 

C/EBPβΔuORF mice. 

Aging is the most important risk factor for development of cancer. A reduction in 

cancer incidence is recurrently observed upon CR, rapamycin-treatment or 

manipulation of other pathways that increase longevity in several animal models 

(Anisimov et al., 2011; Colman et al., 2009; Komarova et al., 2012; Mattison et al., 2012; 

Neff et al., 2013; Serrano, 2016; Weindruch & Walford, 1982). Mice in the lifespan 

cohorts that died or were sacrificed according to humane endpoint criteria underwent 

necropsy and tumours were analysed by a board certified veterinary pathologists of 

the Dutch Molecular Pathology Centre (DMPC). The incidence of neoplasms was 

markedly reduced in female C/EBPβΔuORF mice compared to female wt mice (68% -> 

45,8%, p=0.025 Fisher’s exact test) (Figure 3A). Furthermore, tumours were detected 

on necropsy at a higher age in female C/EBPβΔuORF mice compared to wt mice 

indicating a delay in tumour development (Figure 3C). The increase in median survival 
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of the tumour bearing C/EBPβΔuORF females was 25.49% compared to that of tumour 

bearing wt females (p=0.0217 log-rank test) (Figure 3-supplement 1A).  

 

Figure 3.  Reduced inc idence and delayed occurrence  of  tumours in  female C/EBPβ Δ u O R F  mice.  
(A) Tumour inc idence of females  as determined by pathological  examinat ion of neoplasms 
found upon necropsy of mice from the l ifespan cohorts (wt,  n= 50;  C/EBPβ Δ u O R F ,  n=48).  
Stat istical  s igni f icance was ca lculated using  Fisher’s  exact  test  with  *p<0.05 .  (B)  Tumour 
inc idence of  males  as determined by pathologica l  examination of neoplasms found u pon 
necropsy (wt,  n=47;  C/EBPβ Δ u O R F ,  n=45.  (C)  Tumour occurrence in  the female l i fespan cohorts 
upon necropsy is  shown for wt (black l ines)  and C/EBPβ Δ u O R F  mice (red l ines).  (D)  Tumour 
occurrence in the male l ifespan cohorts  upon necropsy is  shown for  wt ( black l ines)  and 
C/EBPβ Δ u O R F  mice (blue l ines).  

Also, the tumour load (number of different tumour types per mouse) and the tumour 

spread (total number of differently located tumours per mouse irrespective of the 

tumour type) were lower in female C/EBPβΔuORF mice (Figure 3-supplement 1B). For 

males no significant reduction in tumour incidence was detected in C/EBPβΔuORF mice 

(Figure 3B,D). The survival of tumour bearing mice and the tumour load was similar 

in wt and C/EBPβΔuORF males, while the tumour spread seems to be even slightly 

increased in C/EBPβΔuORF male mice (Figure 3-supplement 1C,D). The main tumour 

types found in female mice were lymphoma, hepatocellular carcinoma and histiocytic 

sarcoma. The occurrence of all three types was reduced in C/EBPβΔuORF females 
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(Supplementary file 2). For other tumour types the single numbers are too small to 

make a clear statement about a change in frequency. In male mice hepatocellular 

carcinoma and histiocytic sarcoma were the most frequent tumour types observed. 

Although the overall tumour incidence was similar in C/EBPβΔuORF and wt males, the 

frequency of hepatocellular carcinoma was reduced in the C/EBPβΔuORF males 

(Supplementary file 2).  

Apart from the reduced tumour incidence and the increase in survival of tumour-

bearing C/EBPβΔuORF females, also the survival of tumour-free female C/EBPβΔuORF 

mice was significantly extended by 25.13% (p=0.0467 log-rank test) compared to wt 

tumour-free females (Figure 3-supplement 1E). This suggests that both the tumour 

incidence and additional unrelated factors contribute to the increased survival of 

C/EBPβΔuORF females. The observed increase in median lifespan of tumour-free 

C/EBPβΔuORF males of 19.71% does not correlate with a statistically significant increase 

in the overall survival (p=0.4647 log-rank test) (Figure 3-supplement 1F). However, the 

survival curve points to a possible health improvement in the median phase of the 

male lifespan. Taken together, the C/EBPβΔuORF mutation in mice restricting the 

expression of LIP results in a significant lifespan extension and decreased tumour 

incidence in females but not in males.  

Typically, CR-mediated, genetic or pharmacological suppression of mTORC1 

signalling is accompanied by the attenuation of an age-associated decline of health 

parameters (Johnson, Rabinovitch, & Kaeberlein, 2013). We examined the selected 

health parameters of body weight and composition, glucose tolerance, naïve/memory 

T-cell ratio, motor coordination and muscle strength in separate ageing cohorts of 

young (3-5 months) and old (18-20 months for females and 20-22 months for males) 

mice. In addition, we compared the histological appearance of selected tissues (liver, 

muscle, pancreas, skin, spleen and bone) between old  (20/22 months) wt and 

C/EBPβΔuORF mice. Body weight was significantly increased in all old mice (Figure 

4A,B). The increase for the old female C/EBPβΔuORF mice was significantly smaller 
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compared to old wt littermates, while for the males there was no significant difference 

between the genotypes (Figure 4A,B).  

The slightly lower body weight for the young C/EBPβΔuORF males was also observed in 

our previous study (Zidek et al., 2015). A similar pattern was observed regarding the 

fat content that was measured by abdominal computed tomography (CT) analysis 

(Figure 4C,D and Figure 4-supplement 1C). The volumes of total fat increased strongly 

in old mice both in visceral and subcutaneous fat depots (Figure 4-supplement 1A,B). 

Old female C/EBPβΔuORF mice accumulated significantly less fat in the visceral and 

subcutaneous fat depots than wt females, while there was no difference for male mice 

(Figure 4-supplement 1A, B). The lean body mass was slightly lower in old female 

C/EBPβΔuORF mice and increased in male wt mice compared to young mice (Figure 4-

supplement 1A, B). Thus, female C/EBPβΔuORF mice gain less fat upon aging similar to 

mice under CR or upon prolonged rapamycin treatment (Fang et al., 2013). In contrast, 

although male C/EBPβΔuORF mice had a lower body weight and subcutaneous fat 

content at a young age compared to wt mice they were not able to maintain this 

difference during the aging process, which correlates with the lack in lifespan 

extension. In addition, we found an increase in mRNA expression of the macrophage 

marker Cd68 as a measure for age-related macrophage infiltration in visceral WAT of 

old mice, which was attenuated in female but not in male C/EBPβΔuORF mice (Figure 

4-supplement 1D).  

Impaired glucose tolerance is a hallmark of the aging process, which is improved by 

CR (Barzilai, Banerjee, Hawkins, Chen, & Rossetti, 1998; Mitchell et al., 2016). The 

intraperitoneal glucose tolerance test (IPGTT) showed that glucose clearance, 

calculated as the area under the curve (AUC), is significantly less efficient in old wt 

compared to young wt mice (Figure 4E,F). Old C/EBPβΔuORF females and males 

perform significantly better in the IPGTT test than old wt littermates, which is 

reflected by the lower AUC value. Therefore, the C/EBPβΔuORF mutation protects 

against age-related decline of glucose tolerance in males and female
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F igure 4.  Ageing -associated increase in body weight,  fat content and g lucose tolerance  is  attenuated in female C/EBPβ Δ u O R F  mice.   
(A) Body weight (g) of  young (4 months)  and old  (19  months) female mice (wt,  n=11 young,  n=12 old;  C/EBPβ Δ u O R F ,  n=11 young,  n=12 old) .  
(B)  Body weight of young (4 months) and old (21 months) male mice (wt,  n=12 young and old;  C/EBPβ Δ u O R F ,  n=12 young,  n=11 old).  (C)  Body 
fat content (cm 3)  as determined by CT analys is of young (4 months) and old (19 months) female mice (wt,  n=11 young and old;  C/EBPβ Δ u O R F ,  
n=9 young,  n=11 old).  (D)  Body fat  content  of young (4  months) and old (21  months)  male mice (wt,  n=12 young  and  old wt;  C/EBPβ Δ u O R F ,  
n=11 young,  n=9 old).  (E  and F ) i .p. -Glucose Tolerance Test  ( IPGTT) was performed with young (4 months) and old (female 19 months,  male  
21 months) wt and C/EBPβ Δ u O R F  (E)  females and  (F)  males.  The area under the curve (AUC) at the rig ht shows the quanti f icat ion (wt females ,  
n=9 young,  n=10 old;  C/EBPβ Δ u O R F  females,  n=10 young,  n=11 old;  wt  males,  n=12 young,  n=11 old;  C/EBPβ Δ u O R F  males,  n=11 young,  n=10 
old).  P -values were determined by Student’s t - test,  *p<0.05;  **p<0.01;  ***p<0.001
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The ageing associated increase in memory/naïve T-cell ratio is a robust indicator for 

the progression of the immunological ageing progress. At a young age naïve T cells 

predominate and memory T cells are relatively scarce. Upon ageing the naïve T cell 

population is strongly reduced with a concomitant increase in the memory T cell 

population, resulting in an increased ratio of memory to naïve T cells (Hakim, 

Flomerfelt, Boyiadzis, & Gress, 2004). The ratio of memory (Cd44high) to naïve 

(Cd44low/Cd62Lhigh) cytotoxic T (Cd8+) cells or memory (Cd44high) to naïve 

(Cd44low/Cd62Lhigh) helper T (Cd4+) cells was analysed by flow cytometric analysis. 

Both increased upon aging in the blood of males and females of both genotypes 

(Figure 5A-D).  

 

Figure 5.  Ageing-associated increase of the memory / naïve T -cell  rat io is  attenuated in  
C/EBPβ Δ u O R F  mice.   
The ratio between Cd44 h i g h  memory T cells  and Cd44 l o w/Cd62Lh i g h  naïve T cel ls  in blood is  
shown for young (5 months) and old ( female 20 month s,  male 22 months)  (A, B)  females and 
(C, D) males for both (A,  C) Cd8 +  cytotoxic  and (B, D) Cd4+  helper T cel ls  as was determined 
by f low cytometry (wt females,  n=10 young,  n=12 old;  wt males n=12 young and old;  
C/EBPβ Δ u O R F  females,  n=10 young,  n=12 old;  C/EBPβ Δ u O R F  males,  n=12 young and old).  P -va lues 
were determined by Student’s t - test,  *p<0.05; ***p<0.001.  
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However, in C/EBPβΔuORF mice of both genders this increase was significantly 

attenuated compared to wt mice (Figure 5A-D and figure 5-supplement 1A-D). These 

data suggest that the C/EBPβΔuORF mutation preserves a more juvenile immunological 

phenotype during ageing. Aging is associated with a significant decline in motor 

coordination and muscle strength (Barreto, Huang, & Giffard, 2010; Demontis, 

Piccirillo, Goldberg, & Perrimon, 2013). In the rotarod test the time is measured that 

mice endure on a turning and accelerating rod as an indication for their motor-

coordination. As expected, rotarod performance decreased with age both for wt female 

and male mice (Figure 6A). 

Remarkably, rotarod performance was completely preserved in old C/EBPβΔuORF 

females but not in C/EBPβΔuORF males. In the beam walking test the required crossing 

time and number of paw slips of mice traversing a narrow beam are measured. Old 

mice needed more time to cross the beam reflecting loss of motor coordination upon 

ageing (Figure 6B). The aging-associated increase of the crossing time was less severe 

in C/EBPβΔuORF males and females, although statistically significant only in males 

(Figure 6B). Nevertheless, the strong increase in the number of paw slips in old wt 

mice is almost completely attenuated in C/EBPβΔuORF males and females (Figure 6C). 

Note that the number of paw slips by young C/EBPβΔuORF males is already significantly 

lower compared to young wt males. During the wire hang test the time is measured 

that mice endure to hang from an elevated wire which serves as an indication for limb 

skeletal muscle strength (Brooks & Dunnett, 2009). Similar to the rotarod test, the 

decline in wire hang performance that is seen in old wt mice is completely restored 

for the female but not for the male C/EBPβΔuORF mice (Figure 6D).  

Taken together these data demonstrate that the decline in motor coordination and 

muscle strength is less severe and partly abrogated in female C/EBPβΔuORF mice. The 

results for the old male C/EBPβΔuORF mice are not that clear since they show an 

improved performance only in the beam walking test.  
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Figure 6.  Ageing associated loss of motor coordination and grip strength is  attenuated in  C/EBPβ Δ u O R F  mice.   
(A) Rotarod performance (t ime in  sec  of  stay on the rotarod)  of young (4 months)  and old (female 19  months,  male 21  mon ths) wt and 
C/EBPβ Δ u O R F  mice is  shown separately for females  ( left )  and males (r ight) (wt  females,  n=11 young,  n=12 old;  wt  males,  n=12 young and old ;  
C/EBPβ Δ u O R F  females,  n=11 young,  n=12 old;  C/EBPβ Δ u O R F  males,  n=12 young,  n=11 old).  (B) The cross ing t im e (sec)  of the beam walking test  
of young and old wt and C/EBPβ Δ u O R F  mice,  and (C)  the number of  mistakes  (paw s l ips) made while cross ing the beam is shown separately  
for females  and males  (wt females,  n=11 young,  n=12 old;  wt  males,  n=12 young and old;  C/EBPβ Δ u O R F  females,  n=11 young,  n=12 old;  
C/EBPβ Δ u O R F  males,  n=12 young,  n=10 old).  (D)  Grip strength as determined with the wire hang test as hanging time (sec) of young and old 
wt and C/EBPβ Δ u O R F  mice for females and males se parately.  N=11 for young wt and C/EBPβ Δ u O R F  females and for o ld C/EBPβ Δ u O R F  females and 
n= 12 for  o ld  wt females;   n=11 for  young  and old wt males;  n=12 for  young  C/EBPβ Δ u O R F  males  and n=10 for old C/EBPβ Δ u O R F  males.   P -values  
were determined by Student’s t-test,  *p<0.05; **p<0.01; ***p<0.001.  
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One possible explanation is that only the beam walking test measures purely motor 

coordination skills whereas the results from the rotarod and wire hang tests are 

influenced in addition by muscle strength and endurance. Old C/EBPβΔuORF males 

thus might have maintained their motor coordination upon ageing but still suffer from 

an ageing-dependent loss of muscle strength. By histological examination of different 

tissues we observed a reduction in some age-related alterations in C/EBPβΔuORF mice 

compared to old wt controls (Supplementary file 3). We observed a reduced severity 

of hepatocellular vacuolation and cytoplasmic nuclear inclusions in male C/EBPβΔuORF 

mice; in the pancreas both male and female C/EBPβΔuORF mice showed a reduced 

occurrence and severity of islet cell hyperplasia; in skeletal muscle the number of 

regenerating muscle fibres was higher in male C/EBPβΔuORF mice; the incidence of 

dermal inflammation was lower in female C/EBPβΔuORF mice. Unexpectedly, a slightly 

increased level of inflammation was detected in the livers of female C/EBPβΔuORF mice. 

The incidence of other potential age-related pathologies like focal acinar cell atrophy 

and inflammation in the pancreas, liver polyploidy, spleen lymphoid hyperplasia and 

extramedulary haematopoiesis, intramuscular adipose tissue infiltration, 

subcutaneous fat atrophy and bone density were not significantly altered between old 

wt and C/EBPβΔuORF mice. We found slightly reduced plasma IGF-1 levels in old 

C/EBPβΔuORF females compared to old wt females (Supplementary file 3). A reduction 

in circulating IGF-1 levels was also found in mice under CR and is believed to be an 

important mediator of health- and lifespan extending effects of CR (Breese, Ingram, & 

Sonntag, 1991; Mitchell et al., 2016). Taken together our data show that multiple, but 

not all, ageing associated alterations are attenuated in C/EBPβΔuORF mice, and to 

different extends in males and females.  

Finally, we performed a comparative transcriptome analysis from livers of 5 and 20 

months old wt and C/EBPβΔuORF female mice (de Jong & Guryev, 2018; Müller, 2018). 

A principal component analysis revealed that there was a clear effect of the genotype 

on gene expression only in the old mice suggesting that the differences in gene 

expression between wt and C/EBPβΔuORF mice are aging dependent (Figure 7-
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supplement 1). This is supported by the finding that in young mice only 42 genes were 

differentially regulated between wt and C/EBPβΔuORF mice (FDR < 0.01; 24 genes 

upregulated and 18 genes down-regulated in C/EBPβΔuORF mice compared to wt mice) 

while in old mice we found 152 differentially regulated genes (FDR < 0.01; 127 genes 

upregulated and 25 genes downregulated in C/EBPβΔuORF mice compared to wt mice). 

Gene ontology (GO) analysis using the David database (Huang da, Sherman, & 

Lempicki, 2009) of the genes upregulated in old C/EBPβΔuORF mice in comparison to 

old wt mice revealed GO terms including “External side of plasma membrane”, 

“Positive regulation of T-cell proliferation”, and “immune response” (see 

Supplementary file 4 for the complete list of GO-terms) whereas the GO-terms: “Acute 

phase” and “Extracellular space” were significantly downregulated (Supplementary file 

5). Despite the improved metabolic phenotype of C/EBPβΔuORF mice (Zidek et al., 

2015), the analysis did not reveal GO-terms related to metabolism. We reasoned that 

metabolic genes might not be detected as differentially regulated because they are 

subject of expression heterogeneity in old mice. Comparison between the coefficient 

of variation of individual transcripts between young and old mice revealed that inter-

individual variation of gene expression increases with age in both genotypes (Figure 

7A,B) supporting earlier observations made by others (White et al., 2015). Direct 

comparison between old wt and C/EBPβΔuORF mice showed that this effect is less 

pronounced in C/EBPβΔuORF mice (Figure 7C). KEGG (Kyoto Encyclopedia of Genes 

and Genomes) pathway and GO-term enrichment analysis of the highly variably 

expressed genes in the aged livers revealed that in wt mice particularly metabolic 

genes related to fatty acid metabolism and oxidative phosphorylation were affected 

which was not observed in C/EBPβΔuORF mice (Figure 7D and supplementary file 6 and 

7). 
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Figure 7.  Ageing-associated increase of inter - individual var iation of gene expression affects 
different  genes in l ivers from wt and C/EBPβ Δ u O R F  mice.  
(A-C) Inter- indiv idual  variabi l i ty  of l iver transcr ipts  compared between (A) young (5  mon ths)  
versus  o ld  (20  months) female wt mice,  (B)  young (5  months)  versus  o ld (20  months) 
C/EBPβ Δ u O R F  female mice and  (C)  old wt (20 months) versus  o ld C/EBPβ Δ u O R F  (20 months)  female 
mice (n=6 for young and old  wt and C/EBPβ Δ u O R F  for A,B,C).  Coeff ic ient of variat ion of 
transcripts with mean expression >1  FPM is  p lotted against  the coefficient of  var iation of  the 
other  group as indicated.  Dashed red l ine represents l inear regression and is  sh i fted towards 
the s ide that  shows higher  inter - indiv idual variabi l i ty .  (D)  KEGG pathway enrichment analys is  
of  genes that show increased inter - individual var iabil i ty  in l ivers  from old  wt females 
compared to o ld  C/EBPβΔuORF females  (Coeff ic ient of  variation of  wt genes is  more than 
twice as the coefficient of var iation of  t he same gene in C/EBPβ Δ u O R F  females) as indicated by 
the b lack bars or  of  genes that show increased inter - individual  variabi l i ty  in l ivers  from old 
C/EBPβ Δ u O R F  females compared to o ld wt C/EBPβ Δ u O R F  females (Coefficient of var iat ion of 
C/EBPβ Δ u O R F  genes is  more than twice as the coefficient of variat ion of the same gene in wt 
females)  as  indicated by the red bars.  The x -ax is  indicates the p-va lue.  Only pathways that  
show signif icant  enrichment (FDR < 0.05)  are shown.  
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In addition, genes whose de-regulation is connected to ageing-associated diseases like 

Non-alcoholic fatty liver disease, Alzheimer’s disease, Parkinson’s disease, 

Huntington’s disease and cancer were affected by high inter-individual variation in 

expression levels in old wt but not in old C/EBPβΔuORF mice (Figure 7D). On the other 

hand, genes involved in cell cycle, transcription and RNA biology showed higher inter-

individual variation in old C/EBPβΔuORF mice compared to wt controls (Supplementary 

file 7). These findings suggest that expression control of metabolic genes and genes 

involved in ageing-associated diseases stays more robust upon aging in C/EBPβΔuORF 

mice.  

DISCUSSION 
Taken together, here we show that loss-of-function mutation of a single cis-regulatory 

element - the uORF - in the Cebpb-mRNA, which prevents the translation into the 

transcription factor C/EBPβ-LIP, results in a remarkable juvenile phenotype in aged 

mice including lower cancer incidence, lower body weight and body fat, better glucose 

tolerance, lower memory/naïve T cell ratios, and better maintenance of motor 

coordination. However, we observed clear differences between males and females, 

with only females showing improvements for cancer incidence, body weight, fat 

content, Rotarod- and wire hang test performance. In addition, a significant lifespan 

extension was only observed for the female C/EBPβΔuORF mice.  

We do not know what causes the female specific lifespan extension. C/EBP 

transcription factors are known for their crosstalk with hormone receptors, including 

estrogen, progesterone and glucocorticoid receptors (Calkhoven, Snippe, & Ab, 1997; 

Chang, Parra, Centrella, & McCarthy, 2005; Grontved et al., 2013; Rotinen et al., 2009; 

Seagroves, Lydon, Hovey, Vonderhaar, & Rosen, 2000; Siersbaek, Nielsen, & Mandrup, 

2012; J. Zhang et al., 2010). Therefore, obvious differences in hormone receptor 

regulation between males and females may determine outcome of shifts in LAP/LIP 

ratios. Notably, the C/EBPβΔuORF mutation in males results in higher LAP expression 

in the liver and therefore 1.5 fold higher LAP/LIP ratios compared to females (Figure 
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1B,C). Possibly, higher LAP levels in males have some adverse effects on health and 

lifespan, which may neutralize the beneficial effects of LIP deficiency. In line with this 

assumption is that the C/EBPβΔuORF males show an increase in early deaths (Figure 

2B,D) that is significant in UD-free males (Figure 2-supplement 1E) and is mainly due 

to early cancer development (Figure 3D). A similar scenario has been described for 

short-term treatment with a high dose of rapamycin that failed to extend lifespan of 

female mice due to frequent development of aggressive haematological cancers (Bitto 

et al., 2016). 

The sex dependent differences we found are intriguing in the light of studies 

investigating the lifespan extending effects of CR, rapamycin and mutations in the 

mTORC1 pathway. For example, CR by 20% has a greater lifespan extending effect in 

female C57BL/6J or DBA/2J mice compared to males (Mitchell et al., 2016). In addition, 

moderate overexpression of the mTORC1-upstream inhibitor TSC1 or deletion of the 

mTORC1-downstream S6K1 results in lifespan extension only in females (Selman et 

al., 2009; H. M. Zhang, Diaz, Walsh, & Zhang, 2017). Notably, downregulation of LIP 

under low mTORC1 signalling is dependent on 4E-BP1/2 function and not on 

inhibition of S6K1 (Zidek et al., 2015). Thus, the bias towards female lifespan extension 

upon reduced mTORC1 signalling seems to be a common feature irrespective of 

whether the S6K1 or 4E-BP branch is affected. Mutations affecting both mTORC1 and 

mTORC2 show ambiguous effects; lifespan extension is limited to females in mice 

heterozygous for mTOR and its cofactor mammalian lethal with Sec 13 protein 8 

(mLST8) (Lamming et al., 2012), while in a mTOR-hypomorphic mouse model lifespan 

extension is observed in both males and females (Wu et al., 2013). Similarly, inhibition 

of mTORC1 with rapamycin results in either a gender biased or a general lifespan 

extension depending on the study design and rapamycin concentration used. For 

example, treatment of genetically heterogeneous mice as well as C57BL/6J or 

C57BL/6Nia mice with a low dose of rapamycin (from 4.7 to 14 ppm) for different time 

periods has lifespan extending effects that are stronger in females than in males (Fok 

et al., 2014; Harrison et al., 2009; Miller et al., 2011; Miller et al., 2014; Y. Zhang et al., 



Chapter 8 

 

229 

 

2014). In contrast, treatment with higher concentrations of rapamycin (42 ppm) 

results in a further increase in lifespan and almost completely alleviates the difference 

between the sexes (Miller et al., 2014). However, injection of an even higher rapamycin 

dose (8 mg/kg/day, corresponding to 378 ppm dietary rapamycin) extended lifespan 

only in males and not in females with serious side effects in females as mentioned 

above (Bitto et al., 2016). These data indicate that rapamycin treatment with low and 

probably sub-optimal doses creates differences between sexes (Kaeberlein, 2014). 

Although the mechanisms behind these sex-dependent differences are not known, our 

study suggests that mTORC1-LIP regulation may be involved. Possibly, lifespan-

extending pathways downstream of mTORC1 are differentially affected by different 

rapamycin concentrations, and in a gender dependent way. Providing LIP expression 

is downregulated by low concentrations of rapamycin the female-biased effect on 

lifespan might be determined predominantly by low LIP levels as well as by the 

regulation of other highly sensitive targets like for example S6K1 that similarly shows 

female specific effects (Selman et al., 2009). At higher rapamycin doses, additional 

pathways might be engaged from which both males and females benefit. Finally, at 

too high rapamycin concentrations additional adverse (gender specific) effects might 

counteract the beneficial effects of rapamycin. Therefore, further research on both 

positive and negative events downstream of mTORC1 is required to be able to tailor 

treatment and to minimalize side effects. 

Also in mouse strains with alterations in other pathways like the somatotropic axis 

lifespan extension is often, but not always, more pronounced in females (Brown-Borg, 

2009). Examples of somatotropic-related female biased lifespan extension are Ames 

dwarf mice that are deficient in growth hormone (GH) and prolactin production 

(Brown-Borg, Borg, Meliska, & Bartke, 1996) and insulin-like growth factor 1 (IGF-1) 

receptor heterozygous mice (Holzenberger et al., 2003). Also in these mouse models 

the reason for the female biased lifespan extension is not known. 

What contributes to the extended lifespan in the female C/EBPβΔuORF mice? Our data 

indicate that reduced tumour incidence is involved.  In line with this is that knockin 
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mice with elevated LIP levels show an increased tumour incidence upon ageing that 

goes along with reduced survival compared to wt controls (Begay et al., 2015). LIP 

overexpression can stimulate cell proliferation, migration and transformation in vitro 

and high LIP levels have been detected in different human tumour tissues (Anand et 

al., 2014; Arnal-Estape et al., 2010; Calkhoven et al., 2000; Haas et al., 2010; Jundt et al., 

2005; Park et al., 2013; Raught et al., 1996; Zahnow, Younes, Laucirica, & Rosen, 1997). 

Together, these studies suggest an oncogenic role of LIP and that the reduction of LIP 

in the C/EBPβΔuORF mice counteracts tumour development at least partially by cell 

intrinsic mechanisms. Although the incidence of certain tumours like hepatocellular 

carcinoma is similarly reduced in male C/EBPβΔuORF mice (Supplementary file 2) the 

overall tumour incidence was not different in comparison to the wt males, again 

indicating gender specific effects of the C/EBPβΔuORF mutation. Besides tumour 

development other parameters contribute to the lifespan extension in female 

C/EBPβΔuORF mice as revealed by the survival curves of the tumour-free female mice 

(Figure 3-supplement 1E). Notably, the ageing-associated increase in body weight and 

body fat was attenuated in female but not in male C/EBPβΔuORF mice although at 

younger age also C/EBPβΔuORF males show a reduced body weight and fat content 

(Figure 4). Our earlier data showed that food intake is not reduced in the C/EBPβΔuORF 

mice (Zidek et al., 2013) suggesting that the increase in fat catabolism and other 

features like the observed higher physical activity cause leanness of the C/EBPβΔuORF 

mice (Zidek et al 2013). In accordance with the difference in fat content we observed 

a reduction in macrophage infiltration in white adipose tissue from female but not 

from male C/EBPβΔuORF mice (Figure 4-supplement 1D). Inflammation of the visceral 

adipose tissue is a common feature of the ageing process and is believed to contribute 

to insulin resistance and other ageing-associated diseases (Mau & Yung, 2017). 

Therefore, reduced inflammation in adipose tissues could contribute to the extended 

health and lifespan of the female C/EBPβΔuORF mice.  

Global liver transcriptome analysis revealed an increase in the inter-individual 

variation of gene expression between individuals from the same genotype. However, 
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there is less variation C/EBPβΔuORF between old females than old wt females. A similar 

increase in the inter-individual variation of gene expression was also identified by 

others (Cellerino & Ori, 2017; White et al., 2015) and might reflect different ageing 

rates within the same group of individuals. Intriguingly, the inter-individual variation 

in specific pathways and gene groups is different for C/EBPβΔuORF compared to wt 

mice. Particularly genes connected to metabolic pathways and to ageing-associated 

diseases showed high expression heterogeneity in old wt but not in old C/EBPβΔuORF 

females. Whether the increased inter-individual variation of metabolic transcripts in 

old wt mice is a direct effect of the observed increase of the inhibitory-acting LIP 

isoform or is due to unknown secondary effects has to be clarified in future studies. It 

is however conceivable that increased transcriptional robustness in the old 

C/EBPβΔuORF mice contributes to the extension in health- and lifespan of the female 

C/EBPβΔuORF mice. 

Transcriptome and gene ontology (GO) enrichment analysis in liver revealed some 

involved mechanisms that could contribute to the youthful and long-lived phenotype 

of the C/EBPβΔuORF females. We found reduced expression of acute phase response 

genes in livers from old C/EBPβΔuORF females. Acute phase response genes are 

associated with inflammation and their expression in the liver increases upon ageing 

(Lee et al., 2012). Moreover, expression of acute phase response genes is inhibited by 

CR or treatment with the CR-mimetic metformin (Martin-Montalvo et al., 2013) 

suggesting similar protective mechanisms. In addition we observed the upregulation 

of several genes connected to lymphocyte biology in the C/EBPβΔuORF livers. This fits 

to the increase in lymphoplasmatic inflammation in the liver of old female 

C/EBPβΔuORF mice (Supplementary file 3). It is generally believed that ageing 

associated lymphocyte infiltration rather promotes the ageing process by increasing 

inflammatory signals (Singh et al., 2008) that abrogate glucose homeostasis. 

Nevertheless, recently this view was challenged by showing that hepatic 

inflammation, involving the activation of IKKβ, can also be beneficial for maintaining 

glucose homeostasis (Liu et al., 2016). Furthermore, infiltration lymphocytes can also 
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contribute to the removal of senescent or pro-tumorigenic cells, thereby acting 

protective (Kang et al., 2011). Further research is required to find out whether in the 

case of the female C/EBPβΔuORF mice lymphocyte infiltration in the liver has adverse 

or beneficial effects.  

We showed earlier that a cis-regulatory uORF in the Cebpb-mRNA leader sequence is 

required for translation into LIP, which is stimulated by mTORC1-4E-BP1 signalling 

(Calkhoven, Bouwman, Snippe, & Ab, 1994; Calkhoven et al., 2000; Wethmar et al., 

2010; Zidek et al., 2015). Intriguingly, other uORF-dependent translation events are 

known to be involved in lifespan regulation. In yeast, translation of the GCN4-mRNA 

into the GCN4 transcription factor - a basic leucine zipper (bZIP) domain 

transcription factor like the C/EBPs - is controlled by four uORFs (Hinnebusch, 2005). 

Phosphorylation of the alpha subunit of the eukaryotic initiation factor 2 (eIF2α) by 

the GCN2 kinase in response to amino acid deprivation or upon other stressors results 

in global inhibition of translation initiation while GCN4 translation is stimulated due 

to the skipping of inhibitory uORFs. GCN4 activates genes involved in amino acid 

biosynthesis and stress response in order to alleviate nutrient stress (Hinnebusch, 

2005). GCN4 expression is elevated under different conditions that extend either 

replicative or chronological lifespan in yeast like glucose restriction, inhibition of TOR 

signalling, depletion of 60s ribosomal subunits or deletion of the arginine transporter 

canavanine resistance 1 (CAN1) gene and was shown to be at least partially required 

for the lifespan extending effects of these interventions (Beaupere et al., 2017; 

Cherkasova & Hinnebusch, 2003; Kubota, Obata, Ota, Sasaki, & Ito, 2003; Martin-

Marcos, Hinnebusch, & Tamame, 2007; Steffen et al., 2008; Valenzuela, Aranda, & 

Gonzalez, 2001; Yang, Wek, & Wek, 2000). Furthermore, the overexpression of GCN4 

is sufficient to extend replicative lifespan in yeast suggesting that GCN4 is a major 

player in the regulation of yeast lifespan (Mittal et al., 2017). In mammals expression 

of the GCN4 ortholog ATF4 is similarly upregulated in response to stress-induced 

eIF2α-phosphorylation through skipping of inhibitory uORFs in the Atf4-mRNA 

(Vattem & Wek, 2004). Although an involvement of ATF4 in lifespan regulation in 
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mammals has not been addressed so far, increased expression of Atf4 was found in in 

livers of long-lived mouse models and upon treatments that extend lifespan and in 

fibroblasts from slow-ageing Snell dwarf and Pappa KO mice (Li, Li, & Miller, 2014; Li 

& Miller, 2015). In the fibroblasts, increased Atf4 expression was accompanied by an 

increased stress resistance indicating that Atf4 might play a role also for mammalian 

lifespan. Notably, C/EBPβ and ATF4 pathways are integrated through heterodimers 

that bind to composite binding sites (Fawcett, Martindale, Guyton, Hai, & Holbrook, 

1999) suggesting that C/EBPβ-ATF4 dimers are involved in health and lifespan 

regulation in mammals with C/EBPβ-LAP working together with ATF4 in gene 

activation while C/EBPβ-LIP probably counteracting it. In yeast the deletion of 60s 

ribosomal subunits was shown to result in a general reduction of occupancy of uORFs 

indicating uORF skipping although an effect on translation efficiency of the main 

reading frame was not observed for most of the mRNAs (Mittal et al., 2017). Still there 

might be a subset of uORF containing mRNAs that might be coregulated under low 

60s availability and/or other conditions that result in lifespan extension and mediate 

the lifespan extending effects. In this respect it is intriguing that uORF-mediated 

translation into the C/EBPβ-LIP isoform is reduced upon knockdown or mutation of 

the Shwachman-Bodian-Diamond Syndrome (SBDS) protein that is required for 60S 

ribosomal subunit maturation (In et al., 2016). Thus, uORF mediated translation 

regulation could be a more general mechanism adjusting gene expression during 

stress response that might play an important role in lifespan extension. 

In summary, reduced signalling through the mTORC1 pathway is thought to mediate 

many of the beneficial effects of CR or rapamycin treatment (Johnson et al., 2013), and 

both conditions restrict mTORC1-controlled translation into LIP (Calkhoven et al., 

2000; Zidek et al., 2015). These and other studies firmly place LIP function downstream 

of mTORC1 at the nexus of nutrient signalling and metabolic gene regulation (Figure 

8). However, upon ageing, LIP expression increases (the LAP/LIP ratio decreases) in 

the liver and WAT whereas significant changes in mTORC1/4E-BP1 signalling were 

only detected in WAT (Figure 1-supplement 1C-F).  
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Figure 8.  Model explain ing regulat ion of LIP under  control of mTORC1.  
(A) In  wt  mice C/EBPβ -mRNA translat ion into LIP is  modulated by calor ie/nutrient availabi l i ty 
through mTORC1 s ignall ing,  while express ion of  LAP is  not affected.  Together with other 
mTORC1-controlled pathways  (Pathway X  and Y)  LAP/LIP expression ratio determines 
healthspan and survival.  The di fferent pathways may either be,  modulated (C/EBPβ),  
act ivated (Pathway X) or inhib ited (Pathway Y) by mTORC1 and may have d i fferent 
sens it iv i ties to mTORC1 modulators (e.g.  rapamycin  or  nutr ients),  creat ing d ivers ity in 
response (e.g.  based on gender,  genetic background or age).  In addit ion LIP is  upregulated by 
mechanisms dur ing aging that  are not well  understood.  (B)  Genetic ablation of the C/EBPβ -
uORF prevents  the mTORC1 -dependent and/or  age-associated upregulat ion of LIP and  results  
in C/EBPβ -dependent health-  and l ifespan extens ion.  The C/EBPβ Δ u O R F  mutation mimics 
reduced mTORC1 s ignal l ing only  at the level  of  LIP expression,  leaving  mTORC1 control  of  
pathway X and Y unaffected.   

Possibly, in the liver other pathways play a role in age-related upregulation of LIP as 

has been described for the RNA-binding protein CUGBP1 (Karagiannides et al., 2001; 

Timchenko et al., 2006). 

Experimental reduction of the transcription factor C/EBPβ-LIP in mice recapitulates 

many of the effects of CR or treatment with rapamycin, including the reduced cancer 

incidence and the generally more pronounced extension of lifespan in females. We 
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have developed a high-throughput screening strategy that allows for discovery of 

small molecular compounds that suppress the translation into LIP (Zaini et al., 2017). 

The identification of such compounds or conditions that reduce LIP translation may 

reveal new ways of CR-mimetic based therapeutic strategies beyond those using 

mTORC1 inhibition.  



 

 

MATERIALS AND METHODS 

Key Resources Table 

Reagent type 
(species)  
or  resource 

Designat ion  Source or reference  Identif iers  Additional  Information  

Genetic 
reagent 
(mus 
musculus)  

C/EBPβ Δ u O R F  DOI:10.1101/gad.557910 
DOI:10.15252/embr.201439837  

NA mice were further back-crossed to 12  
generations into C57BL/6 background 

Antibody  CD4-PE-Cy7 
conjugated  

BD Pharmingen Cat#:  552775  dilution 1:200  

Antibody  CD62L-FITC 
conjugated  

BD Pharmingen Cat#:  561917  dilution 1:200  

Antibody  CD3e-PE conjugated eBioscience  Cat#:  12-0031 dilution 1:200  

Antibody  CD8a-eFluor 450 
conjugated  

eBioscience  Cat#:  48-0081 dilution 1:200  

Antibody  CD44-APC conjugated  eBioscience  Cat#:  17-0441 dilution 1:200  

Antibody  C/EBPβ (E299) (rabbit  
monoclonal)  

Abcam Cat#:  ab32358  dilution 1:1000  

Antibody  β -actin (rabbit  
polyclonal)  

Abcam Cat#:  ab16039  dilution 1:1000  

Antibody  β -actin (c lone C4) 
(mouse monoclonal)  

MP Biomedicals  Cat#:  69100  dilution 1:10000  

Antibody  4E-BP1 (C19) (goat 
polyclonal)  

Santa Cruz  Cat#:  sc-6024 dilution 1:400  

Antibody  phospho-4E-BP1 (Thr 
37/46) (rabbit  
polyclonal)  

Cell  S ignal ing  Cat#:  9459  dilution 1:1000  

Antibody  p70S6K Cell  S ignal ing  Cat#:  9202  dilution 1:1000  

Antibody  phospho-p70S6K 
(Thr389) (108D2)  
(rabbit  monoclonal)  

Cell  S ignal ing  Cat#:  9234  dilution 1:1000  
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Antibody  S6 r ibosomal  protein  
(54D2) (mouse 
monoclonal)  

Cell  S ignal ing  Cat#:  2317  dilution 1:1000  

Antibody  phospho-S6 
r ibosomal protein  
(Ser235/236) (2F9) 
(rabbit  monoclonal)  

Cell  S ignal ing  Cat#:  4856  dilution 1:1000  

Antibody  HRP-linked anti  
rabbit IgG 

GE Healthcare  Cat#:  NA934 dilution 1:5000  

Antibody  HRP-linked anti  
mouse IgG 

GE Healthcare  Cat#:  NA391 dilution 1:5000  

Antibody  HRP-linked ant i  goat  
IgG 

Santa Cruz  Cat#:  sc-2056 dilution 1:5000  

Sequence-
based reagent 

Actb  (β -actin)  (F)  
 

DOI:10.15252/embr.201439837  NA 5’-AGAGGGAA ATCGTGCGTGAC -3' 

Sequence-
based reagent 

Actb  (β -actin)  (R)  
 

DOI:10.15252/embr.201439837  NA 5'-CAATAGTG 
ATGACCTGGCCGT-3’  
 

Sequence-
based reagent 

Cebpb  (F)  
 

DOI:10.15252/embr.201439837  NA 5’-CTGCGGG 
GTTGTTGAT 
GT-3’  
 

Sequence-
based reagent 

Cebpb  (R)  
 

DOI:10.15252/embr.201439837  NA 5’-ATGCTCGA 
AACGGAAAA 
GGT-3’  
 

Sequence-
based reagent 

Cd68 (F)  
 

this  paper  NA 5’-GCCCACC 
ACCACCAGT 
CACG-3’  
 

Sequence-
based reagent 

Cd68  (R)  
 

this  paper  NA 5’-GTGGTCC 
AGGGTGAGG 
GCCA-3’  
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Commercial 
assay or kit  

Mouse IGF specific  
AssayMax ELISA kit  

BioCat/Assaypro LLC  Cat#:  EMI1001-1-
AS 

 

Commercial 
assay or kit  

Lightning Plus ECL 
reagent 
 

Perkin Elmer  Cat#:  
NEL103001EA 
 

 

Commercial 
assay or kit  

Rneasy Plus Mini kit  QIAGEN Cat#:  ID:74134  
 

 

Commercial 
assay or kit  

Transcriptor  First  
Strand cDNA 
Synthesis  kit  

Roche Cat#:  4379012001   

Commercial 
assay or kit  

Light  Cycler 480 SYBR 
Green I  Master Mix  

Roche Cat#:  
04707516001 

 

Commercial 
assay or kit  

TruSeq Sample 
Preparation V2 K it  

I l lumina  
 

Cat#:  RS-122-2002 
 

 

Commercial 
assay or kit  

Restore Western Blot  
Str ipping  buffer  

Thermo Fisher  
 

Cat#:  21063 
 

 

Commercial 
assay or kit  

RBC-Lysis  buffer  
 

BioLegend 
 

Cat#:  420301 
 

 

Commercial 
assay or kit  

QIAzol Lysis  re -agent  QIAGEN Cat#:  ID:79306  
 

 

Software, 
algorithm 

GraphPad Prism 7.0  Graphpad Software,  La  Jo lla ,  CA    

Software, 
algorithm 

DAVID database 6.8  doi:10.1038/nprot.2008.211    

Software, 
algorithm 

STAR 2.5.2b 
 

doi:10.1093/bioinformatics/bts6
35 

  

Software, 
algorithm 

Ensembl gene build 
86 

http://www.ensembl.org  
 

  

Software, 
algorithm 

EdgeR package  
 

doi:10.1152/physiolgenomics.00
106.2011 

  

Software, 
algorithm 

gProfiler  tool  
 

doi:10.1093/nar/gkw199    

Software, 
algorithm 

Image Quant LAS 4000 
Mini Imager software  

GE Healthcare  
 

  

http://www.ensembl.org/


 

 

 

Mice  

C/EBPβΔuORF mice described in (Wethmar et al., 2010) were back-crossed for 12 

generations into the C57BL/6J genetic background. Mice were kept at a standard 12-h 

light/dark cycle at 22ºC in individually ventilated cages (IVC) in a specific-pathogen-

free (SPF) animal facility on a standard mouse diet (Harlan Teklad 2916). Mice of the 

ageing cohort were analysed between 3 and 5 months of age (young) and between 18 

and 20 months (old females) or between 20 and 22 months (old males) and were 

derived from the same breeding pairs as mice used in the lifespan experiment. The 

body weight of the ageing cohorts was determined before the start of the experimental 

analysis. All of the animals were handled according to approved institutional animal 

care and use committee (IACUC) protocols of the Thüringer Landesamt für 

Verbraucherschutz (#03-005/13) and University of Groningen (#6996A). 

Lifespan experiment 

C/EBPβΔuORF and wt littermates (50 mice from each genotype and gender) derived 

from mating between heterozygous males and females were subjected to a lifespan 

experiment. Mice were housed in groups with maximum five female mice or four male 

mice per cage (separated in genotypes and genders) and did not participate in other 

experiments. Mice were checked daily and the lifespan of every mouse (days) was 

recorded. Mice were euthanized when the condition of the animal was judged as 

moribund and/or to be incompatible with continued survival due to severe discomfort 

based on the independent assessment of experienced animal caretakers. All mice that 

were found dead or were euthanized underwent necropsy with a few exceptions when 

the grade of decomposition of dead animals prevented further examination (number 

of mice without necropsy: n=0 for wt females; n=2 for C/EBPβΔuORF females; n=3 for 

wt males and n=5 for C/EBPβΔuORF males. Survival curves were calculated with the 

Kaplan-Meier method. Statistical significance was determined by the log-rank test 

using GraphPath Prism 7 software. Maximum lifespan was determined by the number 

of mice for each genotype that were within the 10% longest-lived mice of the combined 
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(wt and C C/EBPβΔuORF) cohorts. Statistical significance of observed differences was 

calculated with Fisher’s exact test. In addition, the mean lifespan (±SEM) of the 10% 

longest lived mice within one genotype was compared to the mean lifespan of the 10% 

longest lived mice of the other genotype, and the statistical significance was calculated 

with the Student’s T-test. 

Tumour incidence 

Suspected tumour tissue found during necropsy of the lifespan cohorts was fixed in 

4% paraformaldehyde and Haematoxylin & Eosin stained tissue slices were analysed 

by experienced board-certified veterinary pathologists of the Dutch Molecular 

Pathology Centre (Utrecht University) to diagnose the tumour type. Tumour 

incidence was calculated as percentage of mice with pathologically confirmed 

tumours in respect to all mice from the same cohort that underwent necropsy. 

Tumour occurrence was defined as the time of death of an animal in which a 

pathologically confirmed tumour was found. Tumour load was defined as number of 

different tumour types found in the same mouse and tumour spread was defined as 

number of different organs harbouring a tumour within the same mouse irrespective 

of the tumour type with the exception that in those cases in which different tumour 

types were found in the same organ a number >1 was rated. 

Motor coordination experiments 

Rotarod test: Mice were habituated to the test situation by placing them on a rotarod 

(Ugo Basile) with constant rotation (5 rpm) for 5 min at two consecutive days with 

two trials per mouse per day separated by an interval of 30 min. In the test phase two 

trials per mouse were performed with accelerating rotation (2-50 rpm within 4 min) 

with a maximum trial duration of 5 min in which the time was measured until mice 

fell off the rod. Beam walking test: Mice were trained by using a beam of 3 cm width 

and 100 cm in length at two consecutive days (one trial per mouse per day). At the test 

day mice had to pass a 1 cm wide beam, 100 cm in length and beam crossing time and 

number off paw slips upon crossing was measured during 3 trials per mouse that were 
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separated by an interval of 20 min. To determine of the number of mistakes the 

number of paw slips per trial was counted upon examination of recorded videos. Wire 

Hang test: To measure limb grip strength mice were placed with their four limbs at a 

grid with wire diameter of 1 mm at 20 cm over the layer of bedding material and the 

hanging time was measured until mice loosened their grip and fell down. Three trials 

of maximal 60s per mouse were performed that were separated by an interval of 30 

min. 

Body composition 

The body composition was measured using an Aloka LaTheta Laboratory Computed 

Tomograph LCT-100A (Zinsser Analytic) as described in (Zidek et al., 2015). 

Percentage body fat was calculated in relation to the sum of lean mass and fat mass. 

Bone measurements 

Bones of the hind legs were freed from soft tissue and fixed in 4% paraformaldehyde. 

For determination of the bone volume, trabecular thickness, trabecular number and 

trabecular separation femurs were analysed by micro CT (Skyscan 1176, Bruker) 

equipped with an X-ray tube (50 kV/500μA). The resolution was 9 μm, rotation step 

was set at 1ºC, and a 0.5 mm aluminium filter was used. For reconstruction of femora, 

the region of interest was defined 0.45 mm (for trabecular bone) or 4.05 mm (for 

cortical bone) apart from the distal growth plate into the diaphysis spanning 2.7 mm 

(for trabecular bone) or 1.8 mm (for cortical bone). Trabecular bone volume/tissue 

volume (%), trabecular number per μm, trabecular thickness (μm) and trabecular 

separation (intertrabecular distance, μm) was determined according to guidelines by 

ASBMR Histomorphometry Nomenclature Committee (Dempster et al., 2013). 

Glucose tolerance 

The intraperitoneal (i.p.) glucose tolerance test (IPGTT) was performed as described 

in (Zidek et al., 2015). Mice without initial increase in blood glucose concentration 

were excluded from the analysis. 
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Flow cytometry 

Blood cells from 300 μl blood were incubated in RBC-Lysis buffer (Biolegend) to lyse 

the red blood cells. Remaining cells were washed and incubated with a cocktail of 

fluorochrome-conjugated antibodies (Cd4-PE-Cy7 (#552775) and Cd62L-FITC 

(#561917) from BD Pharmingen; Cd3e-PE (#12-0031), Cd8a-eFluor 450  (#48-0081) and 

Cd44-APC (#17-0441) from eBioscience.), incubated with propidium iodide for the 

detection of dead cells and analysed using the FACSCanto II analyser (BD 

Biosciences). The following T cell subsets were quantified: Cd3+, Cd8+, Cd44high 

cytotoxic memory T cells; Cd3+, Cd8+, Cd44low, Cd62Lhigh cytotoxic naïve T cells, Cd3+, 

Cd4+, Cd44high helper memory T cells and Cd3+, Cd4+, Cd44low, Cd62Lhigh helper naïve 

T cells.  

Histology 

Tissue pieces were fixed with 4% paraformaldehyde and embedded in paraffin. 

Sections were stained with Haematoxylin and Eosin (H&E) and age-related 

pathologies or tumour types were analysed by experienced board-certified veterinary 

pathologists of the Dutch Molecular Pathology Centre (Utrecht University). Semi-

quantification of muscle regeneration was done by counting the number of myofibers 

with a row of internalized nuclei (>4) for five 200x fields. Other ageing-associated 

lesions were scored subjectively and the severity of the lesions was graded on a scale 

between 0 and 3 with 0 = absent; 1 = mild; 2 = moderate and 3 = severe. 

Immunoblotting and quantification 

Mouse liver and WAT tissue was homogenized on ice with a glass douncer in RIPA 

buffer (150 mM NaCl, 1% NP40, 0.5% sodium deoxycholate, 0.1% SDS, 50 mM TRIS pH 

8.0 supplemented with protease and phosphatase inhibitors). Liver extracts were 

sonicated immediately, WAT extracts were incubated for 1 hour on ice, centrifuged for 

15 min at 4ºC after which the lipid layer was carefully removed using a cotton bud and 

then sonicated. Equal amounts of total protein were separated by SDS-PAGE, 

transferred to a PVDF membrane and incubated with the following antibodies: 
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C/EBPβ (E299) from Abcam, β-actin (ab16039) from Abcam or (# 69100, clone C4) 

from MP Biomedicals; 4E-BP1 (C-19) from Santa Cruz; phospho-p70S6K (Thr389) 

(108D2), p70S6K (#9202), phospho-S6 ribosomal protein (Ser235/236) (2F9), S6 

ribosomal protein (54D2), and phospho-4E-BP1 (Thr 37/46) (#9459) from Cell 

Signaling Technology and HRP-linked anti rabbit or mouse IgG from GE Healthcare 

and HRP-linked anti goat IgG from Santa Cruz. Lightning Plus ECL reagent (Perkin 

Elmer) was used for detection and for re-probing membranes were incubated in 

Restore Western Blot Stripping buffer (Thermo Fisher). The detection and 

quantification of protein bands was performed with the Image Quant LAS 4000 Mini 

Imager (GE Healthcare) using the supplied software. 

Quantitative real-time PCR 

Mouse liver or visceral fat tissue was homogenized on ice with a motor driven pellet 

pestle (Kontes) in the presence of QIAzol reagent (QIAGEN) and total RNA was 

isolated as described in (Zidek et al., 2015). cDNA synthesis was performed from 1 μg 

of total RNA with the Transcriptor First Strand cDNA Synthesis Kit (Roche) using 

random hexamer primers. qRT-was performed with the LightCycler 480 SYBR Green 

I Master mix (Roche) using the following primers: Actb (-actin): 5’-AGA GGG AAA 

TCG TGC GTG AC-3' and 5'-CAA TAG TGA TGA CCT GGC CGT-3’; Cebpb: 5’-CTG CGG 

GGT TGT TGA TGT-3’ and 5’-ATG CTC GAA ACG GAA AAG GT-3’; Cd68: 5’-GCC CAC 

CAC CAC CAG TCA CG-3’ and 5’- GTG GTC CAG GGT GAG GGC CA-3’. 

Enzyme-linked immune-sorbent assay (ELISA) 

Plasma was prepared as described in (Zidek et al., 2015) and the IGF-1 specific ELISA 

was performed according to the instructions of the manufacturer (BioCat). 

RNA-seq Analysis 

Liver tissue from young (5 months) and old (20 months) wt and C/EBPβΔuORF mice 

(from six individuals per group) was homogenized on ice with a motor driven pellet 

pestle (Kontes) in the presence of QIAzol reagent (Qiagen) and total RNA was isolated 

as described in (Zidek et al., 2015). Preparation of the sequencing libraries was 
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performed using the TruSeq Sample Preparation V2 Kit (Illumina) according to the 

manufacturer’s instructions. High-throughput single-end sequencing (65 bp) of the 

libraries was performed with an Illumina HiSeq 2500 instrument. Reads were aligned 

and quantified using STAR 2.5.2b (Dobin et al., 2013) against primary assembly 

GRCm38 using Ensembl gene build 86 (http://www.ensembl.org). Genes with average 

expression level below 1 fragment per million (FPM) were excluded from the analysis. 

A generalized linear model was used to identify differential gene expression using 

EdgeR package (McCarthy, Roche, & Forde, 2012; Robinson, McCarthy, & Smyth, 

2010). The library normalization was left at the standard setting (trimmed mean of M-

values, TMM). The resulting p-values were corrected for multiple testing using the 

Benjamini-Hochberg procedure. Data visualization, calculation of CV (coefficient of 

variation) and statistical tests were conducted using custom R scripts (Processed data 

and R script available at http://www.genomes.nl/CEBPB delta uORF/ (de Jong & 

Guryev, 2018)). Gene ontology (GO) analysis was performed using the DAVID 

database version 6.8 (Huang da et al., 2009) with default DAVID database setting with 

medium stringency and Mus musculus background. KEGG pathway analysis was 

performed using gProfiler tool (Reimand et al., 2016). For dataset see (Müller, 2018). 

Statistical analysis 

Biological replication is indicated (n=x). All graphs show average ± standard error of 

the mean (s.e.m.). The unpaired, two-tailed Student’s t-Test was used to calculate 

statistical significance of results with * p< 0.05; ** p<0.01; *** p< 0.001. Significance of 

the differences in survival curves were analysed using the log-rank test using Prism7 

(GraphPad Software) and significance of the difference in maximum lifespan (number 

of mice from one cohort within the 10% longest lived mice calculated from the 

combined cohort) and tumour incidence was calculated using the Fisher’s exact test 

with *p<0.05. Daily Chi-square test calculations were carried out to examine the 

significance of parts of the survival curves. 

http://www.ensembl.org/
http://www.genomes.nl/CEBPB%20delta%20uORF/
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SUPPLEMENTARY MATERIAL 
To drive the point home that this is a Bioinformatics thesis, all supplemental 

material of this thesis has been moved online.  For additional reading, please see the 

following link: 

 

https://drive.google.com/open?id=1skLP9E2hT0DLGgkNrmCoWcTVeBmiZX1-  

If you might encounter a broken link, please contact me: 

Tristan_dejong@hotmail.com 

https://drive.google.com/open?id=1skLP9E2hT0DLGgkNrmCoWcTVeBmiZX1-
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RNA-sequencing technology is often utilized as an exploration or validation tool to 

identify genes which significantly change in expression under different experimental 

or natural conditions. A most popular method for interpretation of RNA-seq data is 

differential expression analysis that results in identification of genes and pathways 

that are most affected in the experiment. The results of such analyses are comparable 

to results obtained from expression microarray platforms and, in principle, under-

utilize the possibilities offered by RNA-sequencing approach.  

In this general discussion I will highlight some of the less frequently utilized aspects 

of RNA-sequencing data analysis, that can help to uncover additional ‘layers’ of 

information such as alternative transcript isoforms, transcripts from non-coding and 

unannotated coding genes and inter-individual expression variability. 

tRNA, snoRNA and snRNA’s can be just as interesting as protein coding 

RNA. 

In chapter 3 we show an example of how RNA-sequencing data allows us to gain a 

more complete overview of factors at play than a gene-centered study. Through a 

forward genetic screen, a mutation causing a premature stop codon of LIR-3 was found 

to reduce the aggregation of proteins within body-wall muscle cells in C. elegans. A 

zinc-finger domain within MOAG-2/LIR-3 lead to the hypothesis that it can bind to 

DNA, which was verified through chromatin immunoprecipitation followed by deep-

sequencing. As many as 678 unique MOAG-2/LIR-3 binding sites were identified, 

which often occurred in vicinity of the transcription start sites (TSS) of tRNA, snoRNA, 

rRNA and snRNA genes. Of the 678 binding sites more than half contained Box A and 

Box B binding sites, which constitute the promoter site recognized by polymerase 

(Pol) III complex. It was found through FLAG-tagged MOAG-2/LIR-3 co-

immunoprecipitated with Pol III, suggesting the existence of a complex. Mutations in 

MOAG-2/LIR-3 were not observed to significantly impact the expression of protein 

coding genes but did significantly reduce the expression of many snRNAs, snoRNAs 

and tRNA genes. Yet, analysis of RNA-sequencing data showed that the partial 

deletion of MOAG-2/LIR-3 did not result in a significant change in the expression of 
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snRNAs, snoRNAs and tRNAs in the aggregation phenotype (Q40). Interestingly, we 

observed that the expression of snRNAs, snoRNAs and tRNAs was already strongly 

reduced in Q40 worms without the LIR3 deletion. This led to the conclusion that 

despite the knowledge that MOAG-2/LIR-3 co-regulates the expression of snRNAs, 

snoRNAs and tRNAs through Pol III, this characteristic is not the cause for the reduced 

aggregation. These fine nuances in the understanding of the intricacies of the inner 

workings of cellular regulation would not have been possible merely by investigating 

changes in the average expression of known protein coding genes.  

Unannotated genes and alternative exon usage might be left behind in a 

typical RNA-seq analysis  

Interestingly, when mapping the reads to the reference genome, a number of reads 

mapped to un-annotated regions. In total, we found 40 locations in the genome that 

contained unknown, potentially protein-coding transcripts (poly-adenylated) which 

were absent from gene annotation but appeared as prominently expressed in Q40 

samples (Figure 1). 

In addition, we detected hundreds of non-constitutive exons that were differently 

used between WT and Q40 worms (Figure 2).  The insight into expression patterns of 

un-annotated genes and the alternative exons which are only used under certain 

conditions stress the value of exploring RNA-sequencing data beyond just a 

differential expression analysis. 

By analyzing the genome coverage outside of the annotated regions new genes can be 

discovered and new protein-coding genes can be inferred, resulting in a further 

improvement of our understanding on transcriptional dynamics under stress (e.g. 

poly-glutamine toxicity). 
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Figure 1.  Sashimi p lot showing coverage of  one of the 40 novel exonic  regions where multiple 

reads map to an un-annotated part of the C. elegans  genome. 3 wildtype samples (N2) and 3 

samples with  expanded poly-glutamine repeat  (Q40)  are mapped against the reference 

genome. The height of  the bar  shows relat ive coverage as compared to other  samples.  There  

is  a  5.5 t imes fo ld change in  Q40 samples,  reveal ing the gene is  upregulated under Q40 

condition.  

Identification of genes, which change in expression with different 

temporal dynamics 

As acceptance of NGS-based technologies is improving and price is for RNA-seq 

analysis is constantly going down, researchers are increasing the number of conditions 

and perform time series analysis. This leads to more complex experimental designs 

which combine different model systems (or even organisms), experimental conditions 

and time points. Analysis of such experimental data typically involves multiple 

pairwise comparisons that need to be integrated and summarized or complex models 

that might limit the power of analysis. 
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Figure 2.  Sashimi plot showing exon coverage and  splice s i te usage of Pqn-52 gene .  Here reads 
map to a  non-consti tutive exon 2  of  Pqn-52 .  Reads  from 3 wi ldtype samples (N2) and 3 
samples with  expanded poly -glutamine repeat (Q40)  are mapped against the reference 
genome. The height of  the bar shows relat i ve read coverage.  There is  a  2.5 -fold d if ference in 
usage of  exon 2 in  N2 samples compared to that  in  Q40 worms.  
 

 

In the paper on which chapter 5 was based several RNA-sequencing experiments were 

explored to characterize genes that change their expression upon entering a senescent 

state. Due to the variable phenotype of the senescent state, and the lack of universal 

markers so far, an RNA-seq dataset was generated from fibroblasts (HCA-2), 

melanocytes, and keratinocytes at the proliferating stage as well as 2, 4, 10 and 20 days 

after ionizing radiation. Differential expression analysis with DE-seq, testing for genes 

which significantly change between 4, 10 and 20 days as compared to the proliferating 

state resulted in the identification of 61 genes that were shared among all cell types 

and time points, 34 of which were not shared with quiescent cells.  
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Our re-evaluation of this dataset (chapter 5) identified that the most difficult factor to 

account for in this experiment is the temporal dynamics among different cell types. 

The identification of genes which significantly change their average expression with a 

model which includes time and cell-type as factors would not directly account for a 

temporal delay in response between different cell types. If the time in days was set up 

as a linear factor it would mean that it would be difficult to detect significant change 

for genes that do not steadily increase or decrease their average expression. To this, 

genes which decrease their expression level after 20 days, after a strong increase at 2, 

4, and 10 days would still be marked as increased, ignoring the observation that the 

gene expression returns to nominal values given enough time has passed. The 

differences in functions of the three cell-types, keratinocytes, melanocytes and 

fibroblasts could also cause an accelerated or delayed response to ionizing radiation 

among cell types. Inclusion of the timepoints between samples as factors would then 

result in significant changes being ignored due to a possible delay in response. The 

visualization of these data using Venn-diagram, would elude to the dynamics that 

underlie the cell type specific delay in response (Hernandez-Segura et al., 2017), yet 

combining both timepoints and cell type inside a single Venn-diagram would lead to 

a complex diagram that is difficult to interpret. 

A method to gain a greater insight into the dynamics of the changes in expression is 

to cluster genes that follow the same patterns of expression in the different cell-types. 

Some genes might become up-regulated in fibroblasts after irradiation but might not 

respond as quickly in keratinocytes and melanocytes. When performing differential 

expression analysis these timepoints might not line up, wrongly assuming these genes 

do not change in expression after irradiation. Specific combinations of response 

dynamics might be of interest but evaluating all possible combinations of up- and 

down-regulation of genes across all timepoints would result in 243 patterns (3 

directions on 4 timepoints in 3 cell-types). Grouping genes, such as k-means clustering 

could offer a solution in this case, yet such clustering tends to create large clusters of 

mildly similar patterns as a ‘the rest’ category unless many tens of clusters are created. 
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In order to reduce this complexity, we designed a series of qualitative temporal 

patterns (Chapter 5) representing generalizations of ways by which gene expression 

could respond to ionizing radiation. Only genes which significantly change their 

expression in the same direction after ionizing radiation between all three cell types 

were considered in this analysis. We included three patterns in the analysis: 

Maintained increase/decrease, delayed response and response with recovery. Genes 

which did not adhere to one of the three temporal patterns were ignored in this 

investigation. Consideration of the temporal dynamics resulted in the identification 

of 348 genes which were significantly up-regulated after ionizing radiation, while 339 

genes were found to be significantly down-regulated. 

Utilizing different cell types and time points when investigating a complex mechanism 

such as cellular senescence is of great importance to avoid calling genes as cellular 

senescence markers when observed in only one cell-type or at a single timepoint. The 

687 genes which showed a significant change in expression and befitted one of the 

three profiles could lead to the discovery of robust senescence markers which might 

become useful in future experiments, regardless of cell type, time point of sampling 

after causing senescence. Pattern analysis has allowed for the discovery of additional 

information that could be of value for future in vivo experiments where senescent cells 

need to be detected in various tissue samples. 

Gene expression variability – the other dimension in transcriptome 

analysis 

A different paradigm of RNA-seq analysis is not only considering differential 

expression analysis, but also employing differential variability analysis. In chapter 2 

of this thesis we elaborated on the variation in expression and proposed a method to 

quantify it in such a way that is independent from the average expression. 

In chapter 7 we delved into the underlying causes of variation in expression. Here we 

found that a large part of the expression variability can be explained by genomic 

sequence composition around the TSS, is modulated epigenetic factors, as well as 

external factors such as tissue, diet and age. Currently several studies  have shown the 
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positive effects of caloric restriction on lifespan for yeast, worms, mice and other 

rodents (Heilbronn & Ravussin, 2003). Experiments with rhesus macaque have not 

shown an extension of lifespan but did show a delay of age-related diseases (Colman 

et al., 2009).  

The variability in expression might shed a light on the changes which occur with a 

change in diet and age, as a similar increase in health and lifespan was observed in 

chapter 8. Here, a C/EBPb ∆uORF mutation, which mimics dietary restriction, was 

shown to be associated with an increase in lifespan, reduced tumor incidence in 

female mice and an overall reduction in the non-Poisson variability of a large number 

of genes with age.  

To further highlight the merits of the variation in expression as a dimension of 

transcriptome analysis we elaborate on the variability observed in chapter 8. Using 

the methods proposed in chapter 2 I calculated the average expression and variability 

of gene expression under the different conditions. A total of 2,641 genes significantly 

changed in average expression with age under normal conditions, though only 569 

genes significantly changed in average expression with age in the knock in (Kin) 

samples (figure 3b).  

These are the genes which are usually investigated in further experiments. When 

observing the variation in expression, shown as non-Poisson variability there is an 

overall increase with age (figure 3a). When observing exclusively significant changes 

a reduction of variability is visible among Kin samples (figure 3c). 

In total 414 genes were found to significantly increase in non-Poisson variability with 

an advanced age in the wildtype samples, whilst only a fraction of that significantly 

increased in variability in the Kin samples (Figure 3d). KEGG pathway analysis 

highlighted that several pathways, mostly involved with metabolism, showed an 

increase in expression variation with an advanced age.  
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F igure 3.  Non-Poisson var iabi l i ty  est imates  for young  and old  samples  with  and without 
Knock- in (Kin) of  C/EBPb-LIP ( top left ) .  We observe an increased overal l  expression var iabil i ty 
with  the C/EBPb-LIP knock- in  among young samples.  (bottom left)  Here we see only the genes 
for which the non-Poisson var iabi l i ty s igni ficant ly changes.  (Top Right) The over lap of genes  
that s igni ficantly change in average expression with age fo r both the CEBPb-LIP knock- in and 
WT. (Bottom right) Overlap of genes  that s igni ficant ly change in  variabi l i ty with age for both 
the Kin and WT. The reduced over lap c lear ly  shows the var iabil ity  is  decreased at  an advanced 
age in  the K in mutants.  

Interestingly, the Kin mice showed a strong rescue phenotype in the sense of 

expression variability for a multitude of these pathways (Figure 4).  

A similar observation of an increased variation in expression with age was observed in 

chapter 7 among rats, in which older samples had more inter-individual variation in 

expression. These observations of an overall increase in variability with both an 

advanced age (chapter 7 and 8) and a high fat diet (chapter 7), as well as the reduction 

of variability within mice with a mutation mimicking a caloric restriction diet at an 

advanced age, lead us to hypothesize that there is a link between the observed stricter 

regulation of genes and the healthier phenotype under a calorie restricted diet. 

Previous research has shown that the intake of a high fat diet changes the chromatin 
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accessibility in mice, though these changes were mostly strain specific (Leung et al., 

2014).  

 

Figure 4.  Boxplots  of  non-Poisson variabi l i ty  in genes  belong ing to  different  KEGG pathways. 
Some pathways show a clear reduction of variabi l ity with a knock - in of C/EBPb, where other 
pathways show only an increased variat ion as a consequence of the C/EBPb knock - in.  
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A greater understanding of changes in variation in expression upon ageing and dietary 

conditions will give an insight into factors influencing or influenced by histone 

modifications and will grant an insight into this chicken or egg conundrum. In this 

respect studying not only changes in the mean levels of transcripts, but also expression 

variability provides an extra dimension in studying age-related molecular changes. 

 

The possibility of revisiting old data sets 

RNA-sequencing is a method that leads to a treasure trove of information, one which 

is too often quickly discarded once the first pieces of value have been excavated. The 

analysis of non-protein coding transcripts can lead to insights on regulatory 

mechanisms not seen before. The mapping of un-annotated transcripts can, in turn, 

reveal new genes or exons that only surface under certain experimental conditions. 

Beyond that, an increased variation of expression of certain genes can point at 

perturbations in regulation, which would be missed when only investigating changes 

in average expression.  The methods proposed in chapter 2 can identify genes which 

influence biological systems in an impactful way, not by increasing or decreasing, but 

by deviating from the norm. These deviations can be measured and used as 

biomarkers for complex traits like development of diseases (Chapter 3), the onset of 

cellular senescence (chapter 5) or even susceptibility to obesity (chapter 7).  

In certain complex diseases, such a chronic obstructive pulmonary disease (COPD) it 

is difficult to identify genes which universally increase or decrease to use as a 

diagnostic marker, yet an increase in variation can be observed amongst individuals 

with COPD due to the broad variety of causes and variations in the disease phenotype 

(De Vries et al., 2018). Currently, in trial experiments, the absence or presence of 

transcripts from several genes is utilized to determine whether a suspected tumor 

sample is malignant (Lin et al., 2013), yet not all types of cancer can be effectively 

diagnosed from molecular profiles due to the large genetic heterogeneity of tumors 

(Marusyk & Polyak, 2010). Searching for an abnormal increase in gene expression 

variation, stemming from a large heterogeneity of tumor cells or inter-individual 
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variation could circumvent this problem and give an insight into the likelihood of a 

sample containing cancerous cells. Instead of solely focusing on genes that universally 

change in expression, I suggest the identification of a baseline of variability in 

expression for complex multifactorial traits and diseases to provide an additional view 

on key genes.  

A current limitation on the re-evaluation of samples is that only a few samples are 

required to perform differential expression analysis, often resulting in a common use 

if just several replicates (2-4) in datasets, making differential variation analysis 

difficult. However, future developments in more robust and cheap RNA-seq 

technologies will allow increased acceptance of differential variability analysis and will 

shed light on true importance of expression variability as an alternative molecular 

phenotype. 

  



Chapter 9 

 

267 

 

REFERENCES: 

Colman, R. J., Anderson, R. M., Johnson, S. C., Kastman, E. K., Kosmatka, K. J., Beasley, T. M., … 

Weindruch, R. (2009). Caloric Restriction Delays Disease Onset and Mortality in Rhesus Monkeys. 

Science, 325(5937), 201–204. https://doi.org/10.1126/science.1173635 

De Vries, M., Faiz, A., Woldhuis, R. R., Postma, D. S., De Jong, T. V., Sin, D. D., … Brandsma, C. A. (2018). 

Lung tissue gene-expression signature for the ageing lung in COPD. Thorax, 73(7), 609–617. 

https://doi.org/10.1136/thoraxjnl-2017-210074 

Heilbronn, L. K., & Ravussin, E. (2003). Calorie restriction and aging : review of the literature and 

implications for studies in humans 1 – 3. 

Hernandez-Segura, A., de Jong, T. V., Melov, S., Guryev, V., Campisi, J., & Demaria, M. (2017). Unmasking 

Transcriptional Heterogeneity in Senescent Cells. Current Biology, 27(17), 2652–2660.e4. 

https://doi.org/10.1016/j.cub.2017.07.033 

Leung, A., Parks, B. W., Du, J., Trac, C., Setten, R., Chen, Y., … Schones, D. E. (2014). Open Chromatin 

Profiling in Mice Livers Reveals Unique Chromatin Variations Induced by High Fat Diet. Journal of 

Biological Chemistry, 289(34), 23557–23567. https://doi.org/10.1074/jbc.M114.581439 

Lin, L. L., Prow, T. W., Raphael, A. P., Harrold Iii, R. L., Primiero, C. A., Ansaldo, A. B., & Soyer, H. P. 

(2013). Microbiopsy engineered for minimally invasive and suture-free sub-millimetre skin 

sampling. F1000Research, 2, 120. https://doi.org/10.12688/f1000research.2-120.v2 

Marusyk, A., & Polyak, K. (2010). Tumor heterogeneity: Causes and consequences. Biochimica et 

Biophysica Acta (BBA) - Reviews on Cancer, 1805(1), 105–117. 

https://doi.org/10.1016/J.BBCAN.2009.11.002 

 

 



 

 



 

 

Chapter 10 

 
 

 
 
 

List of publications 
 
 
 

Tristan V. de Jong 

 

 

  



 

270 

 

Arango Isaza, R. E., Diaz-Trujillo, C., Dhillon, B., Aerts, A., Carlier, J., Crane, C. F., … Kema, G. H. J. (2016).  

Combating a Global Threat to a Clonal Crop: Banana Black Sigatoka Pathogen Pseudocercospora 

fijiensis (Synonym Mycosphaerella fijiensis) Genomes Reveal Clues for Disease Control.  

PLOS Genetics, 12(8), e1005876.  

https://doi.org/10.1371/journal.pgen.1005876 

 

Bakker, B., Taudt, A., Belderbos, M. E., Porubsky, D., J Spierings, D. C., de Jong, T. V., … Foijer, F. (2016). 

Single-cell sequencing reveals karyotype heterogeneity in murine and human malignancies. 

Genome Biology volume 17, Article number: 115 (2016) 

https://doi.org/10.1186/s13059-016-0971-7 

 

Hernandez-Segura, A., de Jong, T. V., Melov, S., Guryev, V., Campisi, J., & Demaria, M. (2017). 

Unmasking Transcriptional Heterogeneity in Senescent Cells. Current Biology, 27(17), 2652–2660.e4. 

https://doi.org/10.1016/J.CUB.2017.07.033 

 

Sin, O., de Jong, T., Mata-Cabana, A., Kudron, M., Zaini, M. A., Aprile, F. A., … Nollen, E. A. A. (2017). 

Identification of an RNA Polymerase III Regulator Linked to Disease-Associated Protein 

Aggregation. 

Molecular Cell, 65(6), 1096–1108.e6. 

https://doi.org/10.1016/j.molcel.2017.02.022 

 

De Vries, M., Faiz, A., Woldhuis, R. R., Postma, D. S., De Jong, T. V., Sin, D. D., … Brandsma, C. A. (2018). 

Lung tissue gene-expression signature for the ageing lung in COPD.  

Thorax, 73(7), 609–617. 

https://doi.org/10.1136/thoraxjnl-2017-210074 

 

Ovchinnikova, E., Hoes, M., Ustyantsev, K., Bomer, N., de Jong, T. V., van der Mei, H., … van der Meer, P. 

(2018).  

Modeling Human Cardiac Hypertrophy in Stem Cell-Derived Cardiomyocytes.  

Stem Cell Reports, 10(3), 794–807.  

https://doi.org/10.1016/j.stemcr.2018.01.016 

  

https://doi.org/10.1371/journal.pgen.1005876
https://doi.org/10.1186/s13059-016-0971-7
https://doi.org/10.1016/J.CUB.2017.07.033
https://doi.org/10.1016/j.molcel.2017.02.022
https://doi.org/10.1136/thoraxjnl-2017-210074
https://doi.org/10.1016/j.stemcr.2018.01.016


Chapter 10 

 

271 

 

Zaini, M. A., Müller, C., de Jong, T. V., Ackermann, T., Hartleben, G., Kortman, G., … Calkhoven, C. F. 

(2018).  

A p300 and SIRT1 Regulated Acetylation Switch of C/EBPα Controls Mitochondrial Function.  

Cell Reports, 22(2), 497–511.  

https://doi.org/10.1016/j.celrep.2017.12.061 

 

Müller, C., Zidek, L. M., Ackermann, T., de Jong, T., Liu, P., Kliche, V., … Calkhoven, C. F. (2018).  

Reduced expression of C/EBPβ-LIP extends health and lifespan in mice.  

eLife 2018;7:e34985 

https://doi.org/10.7554/eLife.34985 

 

De jong, T.V., Moshkin Y., Guryev. V. (2019).  

Gene expression variability – the other dimension in transcriptome analysis.  

Physiological genomics 2019 May 1;51(5):145-158.  

https://doi.org/10.1152/physiolgenomics.00128.2018 

 

Ng-Blichfeldt J.P., de Jong T.V., Kortekaas R.K., Wu1 X., Lindner M.,  Guryev V., Hiemstra P.S., Stolk J., 

Königshoff  M., Gosens R. (2019)  

TGF-β activation impairs fibroblast ability to support adult lung epithelial progenitor cell 

organoid formation.  

American Journal of Physiology Lung, 2019 Jul 1;317(1):L14-L28.  

https://doi.org/10.1152/ajplung.00400.2018 

 

 

 

 

https://doi.org/10.1016/j.celrep.2017.12.061
https://doi.org/10.7554/eLife.34985
https://doi.org/10.1152/physiolgenomics.00128.2018
https://doi.org/10.1152/ajplung.00400.2018


 

 



 

 

Chapter 11 

 
 

 
 
 

Dutch Summary 
 
 
 

Tristan V. de Jong 

 

 

  



 

274 

 

In alle cellen van levende organismen bevind zich DNA. Dit DNA word vertaald naar 

een bericht, RNA, wat gebruikt word voor de productie van proteinen die belangrijke 

functies uitvoeren in de cell. Door RNA-sequencing technieken kunnen wij de 

berichten onderscheppen en analyseren wat zich afspeeld op cellulair niveau. In mijn 

thesis onderzoek ik veranderingen in RNA niveaus die plaatsvinden onder 

verscheidene experimentele omstandigheden en de betekenis van de natuurlijke 

variatie die wij observeren in het aantal RNA moleculen tussen verschillende samples. 

In hoofdstuk 2 van deze thesis evalueren wij de kennis die op het moment 

beschikbaar is op het gebied van variatie in gen expressie, ofwel de variatie in de 

hoeveelheid RNA moleculen van een bepaald gen in verscheidene samples. Hierbij 

wordt extra aandacht bested aan de methode waarmee deze variatie op een 

betrouwbare manier gekwantificieerd kan worden. 

Veel trascriptoom studies beperken zichzelf tot proteine coderende genen. In 

hoofdstuk 3 werpen wij een blik op genen die niet resulteren in proteine coderende 

genen om te kunnen achterhalen wat de gevolgen zijn van het aanbrengen van een 

gen wat een poly-glutamine proteine produceert. Dit phenotype is een mimiek van 

een proteine aggregerende ziekte zoals huntington of alzheimer. 

Het is belangrijk om een goede strategie te hebben om de analyse van transcriptoom 

data op te volgen. Hierdoor kan het zeer belangrijk zijn om een goed overzicht van de 

resultaten te hebben voordat je verder gaat met de vervolg analyse. In hoofdstuk 4 

verkenen we de conventionele gen expressive analyse om genen te identificieren die 

linear veranderen met mutaties geacetyleerde wild-type en on-geacetyleerde C/EBP α. 

Differentiele expressie analyse en over-representatie analyse wezen uit dat de mutant 

van C/EBPα genen op het mitochondriale DNA aan zet tot hogere expressie waarden. 

Door deze analyze konden waardevolle vervolg experimenten geplanned worden. 

In hoofdstuk 5 delven wij in de complexere modellen voor de analyse van 

transcriptoom analyze. Hier analyseren wij RNA-sequencing data afkomstig van 

prolifererende cellen die 2, 4, 10 en 20 dagen na ioniserende straling zijn genomen van 



Chapter 12 

275 

 

drie verschillende cell types; Fibroblasten, keratinocyten en melanocyten. Door de 

grote variatie in de transcriptionele expressie na blootstelling aan straling tussen deze 

verschillende celltypes is er gekozen om de reactie van genen in kaart te brengen door 

middel van tijd patronen. De methoden die aangetoont worden in dit hoofdstuk 

kunnen helpen met het verkrijgen van een beter inzicht in de dynamiek van gen-

expressie van verscheidene cell-typen na ionoserende straling. 

Om te kunnen achterhalen wat de onderliggende oorzaken zijn van de veranderingen 

in gen transcriptie met veroudering hebben we eveneens een onderzoek uitgevoerd 

naar de genetische veranderingen die waar te nemen zijn met genoom sequencing 

data. In hoofdstuk 6 analyseerde wij verscheidene kenmerken van genetische 

veroudering, waaronder; de telomeer lengte, de relative hoeveelheid mitochondriaal 

DNA, de aanwezigheid van anneuploidy van sex-chromosomen, de relatieve 

aanwezigheid van T-cellen en tot slot de hoeveelheid retro-transposons in het 

genoom. 

De samenstelling van de nucleotides rondom de transcriptie start locatie van genen 

kan een gigantisch effect hebben om de activiteit van een gen’s transcriptie. In 

hoofdstuk 7 analyseerde wij de mechanismen die de onderliggende variatie in de 

expressie van genen beinvloeden. Wij bevinden dat de variatie grotendeels door de 

genoom sequentie bepaald word en verder beinvloed word door epigenetische 

factoren, veranderingen in het dieet en veroudering. Wanneer de onderliggende 

systemen die variatie in gen-expressie veroorzaken bekend zijn kan dit bijdragen aan 

studies naar verouderingsziekten. 
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In hoofdstuk 8 onderzoeken we de variatie in gen expressie om de gevolgen van 

veroudering in kaart te brengen op wild-type en genetisch gemanipuleerde muizen. 

De verminderde C/EBPβ-LIP expressive door het verwijderen van de uORF vertraagd 

niet alleen de ontwikkeling van verouderings phenotypen, het verlaagd ook de variatie 

in gen expressie tussen verschillende individuen. Veroudering, en het vertragen van 

veroudering correleerd dus sterk met de variatie in gen-expressie. 

Tot slot besdiscussieren wij de voordelen van de bevindingen in deze thesis en leggen 

de nadruk op de waarde van het benaderen van RNA-sequencing experimenten vanuit 

verschillende hoeken. Hierdoor kunnen we meer kennis vergaren over de 

characteristieken van veroudering en de gevolgen hiervan op de variatie in gen 

expressie. 
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