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ABSTRACT

Ageing is difficult to study because of the complexity and multi-factorial nature of traits that
result from a combination of environmental, genetic, epigenetic and stochastic factors, each
contributing to the overall phenotype. In light of this challenge, transcriptomic studies of
aging organisms are of particular interest, since transcription is an intermediate step that links
genotype and phenotype.

In recent years microarrays have been widely used for elucidation of changes that occur with
age in the transcriptome in Caenorhabditis elegans. However, different microarray studies of
C. elegans report sets of differentially expressed genes of varying consistence, with different
functional annotations. Failures to find a consistent set of transcriptomic alterations may
reflect the absence of a specific genetic program that would guide age-related changes but
may also, to some extent, be a consequence of a small sample sizes and a lack of study power
in transcriptomic researches. To tackle this issue we analyzed RNA sequences of samples
from a time-series experiment of normal aging of C. elegans, performing the first, to our
knowledge, NGS-based study of such kind. As a result, evidences were collected that promote
union of two competing theories: the theory of DNA damage accumulation and the theory of
programmed aging.

Next, we applied two alternative methods, namely the Short Time-series Expression Mining
and the Network Smoothing algorithm, in order to obtain and analyze sets of genes that
represent distinct modules of age-related changes in the transcriptome. Besides
characterization of age-related changes, we were also interested in assessment and validation
of the Network Smoothing algorithm. Generally, results of clustering of smoothed scores are
consistent with results of short time-series clustering, allowing robust elucidation of functions
that are perturbed during aging.

At the last phase of the project we questioned if observed changes in the transcriptome can be
controlled by specific transcription factors. Thus we used Chip-seq data to predict plausible
transcription factor regulators of gene sets obtained using time series clustering and Network
smoothing. On the one hand, all predicted transcription factors had documented relevance to
aging. On the other hand, we did not achieve gene set specific prediction of transcription
factors. In fact, genes with the opposite dynamics were predicted to respond to the same
transcription factors.

To summarize, we characterized in details age-related changes in the transcriptome of C.
elegans, validated the performance of the Network Smoothing algorithm and showed that
integration of gene expression with Chip-seq data allows to predict transcription factors that
are capable to modulate the lifespan of C. elegans.



LIST OF ABBREVIATIONS
DE — differential expression
NS — network smoothing

TF — transcription factor
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1. INTRODUCTION

1.1. Subject area

Ageing is a complex process that affects biological system on all levels. Molecules, cells,
undergo damage over time, resulting in loss of organs function, increased morbidity and,
eventually, death of organism. The heritability of human lifespan is only around 25% ',
indicating that lifespan is not only genetically determined. Heritability of other species is
comparable, although varies in large range. For instance for different strains of
Caenorhabditis elegans it fluctuates between 20 and 50%°. This suggests that age-related
molecular changes resulted from a combination of environmental, epigenetic, post-
translational, microbial and lifestyle factors’. Recently a huge progress was made in unveiling
genomic risk factors that lead to diversity in lifespan, reported number of known genetic
factors reached several thousands'. However, the field of ageing research seeks understanding
of the fundamental basis of physiological ageing®.

Large-scale high-throughput technologies allow genome-wide studies of molecular factors on
large panels of markers — often referred to as ‘omics’ approaches. Recently the following
omics approaches were used to study ageing *:

- genome-wide methylation analysis using bisulphate sequencing;
- genome-wide miRNA and mRNA analysis using microarrays;

- genome wide transcroptome analysis using RNAseq

- proteomic assay using mass-spec ;

- metabolomic profiling using panels etc.

Such omics studies in humans can help to derive biomarker profiles that may be used to
predict and monitor age-associated physiological decline and disease. However, mapping
molecular changes with age is only a small component of unraveling the biology of ageing.
Another issue is to elucidate which system changes have pivotal roles in ageing and are not
merely a consequence of this process. It seems that such key processes should be universal, at
some extent, between different organisms since there are certain phenotype hallmarks of
ageing typical for all multicellular organisms®. Generally, application of model organisms,
such as Saccharomyces cerevisiae, Drosophila melanogaster or Caenorhabditis elegans,
plays pivotal role for systematic exploration of age-related processes and their causative
relations.

1.2. Previous work

Recently a number of transcriptome researches were made to elucidate underlying genome
mechanism of ageing. Traditionally it was microarray-based study, and most transcriptomics
data obtained so far came from this method’ ® ° '°, but now focus gradually shifted to RNAseq

! http://ageing-map.org/




technique '' '* * ' Compared with the microarray technology sequencing has higher
sensitivity and dynamic range, coupled with lower technical variation, it also allows to detect
and measure novel transcripts and isoforms etc'’.

The hard issue of transcriptomic data meta-analysis is searching for age related markers
common in different tissues or between organisms. Recent studies of expression in multiple
tissues resulted in controversial results: some scientists report on absence of age-related
correlation throughout tissues'® while other studies point on existence of age-related markers
common for at least some organs and even organisms’. In general, construction of consistent
age-associated signatures has proven to be challenging® ', up to date the consensus is that
gene expression changes with age are usually tissue and gender specific’ '°. Nevertheless,
these results may arguably be a consequence of a lack of study power caused, for instance, by
the use of simplistic algorithms. Such algorithms look at each gene in isolation and may
therefore not detect subtler, but potentially meaningful changes in transcriptional network.
Some recent studies'® ' actually addressed aforementioned issues and achieved certain
improvements in elucidation of common age-related transcriptomic signatures by applying
advanced bioinformatics to handle already existing datasets. Another major improvement,
which allowed to get a better insight into age-related alterations, was an introducing of next-
gen sequencing technology. For instance, using RNA-seq researchers were able to show that

ratio among expressed splice-variants of a gene can significantly correlate with ageing'' '*.

The most common strategy in omics analysis implies identification of differentially altered
features (proteins, transcripts, methylation sites etc.) and subsequent biological interpretation
using some variation of enrichment analysis. However, this approach can miss important
biological pathways and their dynamics, because the inference does not take into account the
structure of pathways or biological network (gene network, for instance)®’. Indeed, it is the
proteins that carry out cellular processes and that interact with each other instead of acting
alone. These interactions are modeled in protein-protein interaction (PPI) networks where
nodes are proteins and edges correspond to physical interactions between the proteins.
Information about PPI topology can contribute to the understanding of complex biological
processes. In recent years different approaches that exploit PPI topology were applied in
solving various challenges in the field of aging research. For instance, to obtain genes related
to aging’', to study association between deregulated genes and metabolism®, for meta-
analysis of gene expression datasets '* etc.

1.3. Limitation of previous work

The question about existence of robust tissue-independent transcriptome markers of ageing
still exists*. Some scientist repetitively hypothesized that it can be partially explained due to
small sample numbers in transcriptome studies, batch effect, potentially limited power for
discovery etc’ . One study'® that addressed this question assessed overlap between
transcriptome and methylome by first computing the age-association genes per dataset and
then assessing the overlap of significant results. However, it is possible that looking for
correlations at the level of single genes does not allow to detect faint changes in transcripts
across ages’ that are potentially meaningful. This limitation is possible to overcome if using

7



network based approach that integrates results from gene-expression experiments with
protein-protein interaction network. In recent years number of such approaches were
developed to study complex biological processes and successfully used to study aging.
However there are many of them that have yet to be tested, such as, for instance, the Network
Smoothing™.

The issue of platforms and batch effects is inherent for microarray experiments and may be
partly overcome by using RNA-seq data’. Another advantages of RNA-seq over microarray
that it can be used to detect miRNAs along with the mRNA and can help to overcome the lack
of sensitivity to low abundance transcripts, which is suffered by microarrays. Last but not
least, RNA-seq can provide information on splicing and allele-specific expression'.

Another limitation of some studies is the data analysis which considers only linear regression
over all age groups. Such approach will result in ignoring of genes that can be specifically
perturbed in certain period of ontogenesis. Observations made in recent research justify the
use of pair-wise analysis instead of linear regression over all age groups'®. The issue of
uncovering dynamics may be effectively addressed by applying technique that looks for
dynamics patterns in expression data.

Lastly, many transcriptomic studies lack elaborated explanations of changes that were found
and do not contain clear hypothesis which may be directly tested. Meanwhile, a large amount
of data on various regulatory mechanisms of transcription, such as transcription factors,
methylation etc., appeared for public usage in recent years’. Among others, results of high-
throughput assays of binding sites of transcription factors, specifically Chip-seq data, can be
directly integrated with results of transcriptomic assays. Such integration can theoretically
allow to predict a set of specific regulators for studied process.

As underscored by scientists, studying the transcriptome at increased level of details as well
as its dynamic is vital for further understanding of ageing’. Thus, using dynamics analysis and
integration with interactome of RNA-seq data, may provide deeper insight in age-related
changes of transcriptional network. Moreover, the results of such analysis can be integrated
with the data of transcription factors activity to search for possible regulators of the aging
process, and generate hypothesis that can be tested in an experiment.

2 https://www.encodeproject.org/ http://www.modencode.org/




1.4. Aims

The main aim of this work is to characterize age-related changes in the transcriptome of wild-
type Caenorhibditis elegans using RNA-seq data and find transcription factors that may cause
observed changes in the transcriptome.

Following objectives have been performed to reach the aims:
- Preprocess raw RNA-seq data, obtained from time-series experiment. Perform initial
analysis and identify differentially expressed genes.

- Explore expression dynamics to obtain groups of genes (gene sets) with common time series
expression profiles during aging.

- Use Network Smoothing algorithm to obtain functional gene sets that reflect age-related changes.
- Use biological annotations to characterized obtained gene sets.

- Integrate Chip-seq data with obtained gene sets to elucidate possible regulators that drive age-
related changes.



2. MATERIALS AND METHODS

2.2. Materials

2.2.1. Organism of study

The object of study was the wild type model organism — nematode worm Caenorhabditis
elegans (C. elegans). This organism has several advantages for ageing research:

- Easily and cheaply grow large quantities of worms in a lab. That is very helpful for aging
research, it means we can use thousands of individuals simultaneously and test statistical
significance of lifespan changes.

- Relatively short lifespan (average approximately 17 days at 20 °C), and the lifespan is
largely invariant®*. This is clearly of great importance since experiments can be conducted
in terms of months, not years.

- The entire genome is sequenced and annotated, great amount of proteomic, epigenomic
etc. data is available’.

. . . . . . . . . . 24 2
- Organism is convenient for genetic manipulations, generating transgenic strains is easy** >.

- Available RNAi library comprising approximately 80% of the genes in the genome".

There are also some disadvantages of C. elegans as the model organism for aging. Most
prominent, C. elegans has a simple body plan, lacks many complex organs/tissues including a
brain, blood of defined fat cell, and is evolutionarily distant from humans. This may lead to
limited understanding of any tissue-specific processes >. Also some aspects of human aging,
such as increased cancer risk or loss of stem cell function, are not easily modeled in C.
elegans. Nevertheless, there are evidences that some key mechanisms of aging are conserved
across large evolutionary time-spans. For example, life-span modulating mutations in genes
of the insulin/IGF-1 signaling pathway were first found in C. elegans *. Since then, studies
have shown that the insulin/IGF-1 signaling pathway is evolutionarily conserved such that
mutations in this pathway in flies and mice are also linked to lifespan extension *°. Some
features of C. elegans aging resemble those arising in humans and other organisms, i.e., it
exhibits changes in its appearance and behavior as it gets older: as worms age, they start to
become less transparent and to move more slowly. On cellular level there are a lot of common
features among nematode and other multicellular organism, for instance genome instability,
protein aggregation, free radical-mediated macromolecular damage, mitochondrial decline,
that occur with aging etc. Thus in general, C. elegans has proved to be a valuable animal for
aging research.

3 http://www.wormbase.org/#01-23-6
4 http://www.wormbase.org/species/c_elegans/rnai#1-0-5
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2.2.2. Samples preparation

Synchronized culture’’ of wild-type N2 strain of Caenorhabditis elegans was used in
experiment. Samples were collected in 4 time points, correspondent to days 0, 7, 14 and 21
after L4 larval stage, in three biological replicates for each time point. Notably, at the day 21
about 50% of worms were already dead. For each sample approximately 1000 worms were
handpicked into TRIzol (Invitrogen). Total RNA was prepared with RNeasy Mini Kit
(QIAGEN). RNA-libraries were created using one of the two protocols: Ribo-minus or
polyA”, for each protocol aforementioned steps of sample preparation were conducted
separately. The methods exploit different approaches aimed to decrease percentage of rRNA
that comprises up to 90% of total RNA. Specifically, PolyA library is prepared by enrichment
of library in RNA molecules having polyA tails; Ribo-minus protocol implies depletion of
total RNA in rRNA®. Thus we used two alternative RNA-libraries for sequencing and

obtained two datasets. RNA was sequenced on Hi-seq Illumina platform’ and libraries of
pared reads were generated.

2.3. Methods for RNA-seq data analysis

Several methods are described onwards in subchapters 2.3-2.7 of the Materials and Methods
chapter. In order to get a better perspective and to facilitate understanding of the analysis

flow, all the methods can be thought as parts of the experimental pipeline depicted in the
Figure 2.0.

¢ quality assessment and trimming - condetri
RNA-seq data ¢ alignment to the reference genome - Tophat2

analysis ¢ countreadsin genes - HTSeq-count

e identification of DE genes - DEseq?2
= 0

* Dynamics analysis - STEM
gene set * Network propagation - BioNetSmooth
analysis * Annotation - topGO, DAVID
= L

Transcription ¢ call targets for Chip-seq experiments - TF caller
factor analysis ¢ integrate with gene expression - enrichment analysis

Vv

Figure 2.0. Scheme of the experimental pipeline. On the left, in blue boxes, milestones of
analysis are depicted, on the right correspondent steps and methods to achieve them.

5httr)://WWW.illumina.com/svs.tems./his.eq 2500 1500/system.html
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2.3.1. Quality assessment and trimming

The raw sequencing data was in FASTQ format; this format combines nucleotide sequences
and quality value for each base. The quality value says how likely the base call, generated by
sequencer, is correct’”. Those reads that contain multiple sequencing errors provide less
biological information and are expected to hinder assembly and alignment”.

Other parameters of quality of RNA-seq data has been evaluated with FastQC tool°. The tool
analyze per-base average quality, GC content, composition of reads, as well as monitor
presence of adapter sequences and overrepresented motifs.

Last 10 nucleotides of all sequences were removed due to the low quality using Seqtk” program.
The trimming of low quality reads was executed by Condetri software® which was validated
to show robust performance *'. The program executes trimming in two steps: first low quality
bases from the 3'-ends are removed, and then the score of the remaining read is calculated. A
read is approved if a certain fraction of the bases (0.8 by default) has a quality score higher
than a high quality threshold and there is no base with a quality score below a low quality
threshold. The following parameters were set for Condetri: High quality threshold=28; Low
quality threshold=20; Min sequence length=50b.p.

2.3.2. Alignment to the reference genome

A large variety of alignment software can be divided in two basic categories: aligners that
assemble transcriptome de-novo’ and those that use reference genome or transcriptome. The
latter are generally preferred if genome available, which is the case for C. elegans. Also
aligners can be classified based on usage of splice variants. Those that are not aware of splice
variants, like BWA aligner, are not currently popular because such aligners do not make use
of reads that contain exons junctions and therefore if apply results will be biased against
abundance of short exons'’. Thus we were constrained to splice-aware aligners that use
reference genome. Number of such tool exceed several dozens, among those STAR, Tophat2,
MapSplice are some of the most popular’>. We chose Tophat2®® since it was shown to
perform well if splice-junction and transcript libraries are available, as in our case, and also to
ensure high compatibility with previous researches.

Alignment can be made against a reference genome or a reference transcriptome. We made
alignment against a genome; because primarily we were not interested in isoforms’ variants,
since we wanted integrate results with protein-protein

interaction network. Besides, mapping to the transcriptome produce results that are biased in
favor of genes that have more isoforms.

® http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
7 https://github.com/Ih3/seqtk

8 https://code.google.com/p/condetri/

? http://omictools.com/de-novo-assemblers-c148-p1.html
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Bowtie genome indexes, used by tophat2, were built from the WBcel235.dna'® version of the
C. elegans genome. Genome annotation for C. elegans version WBcel235.78 was used. The
default parameters for tophat2 were applied, including following:

- The number of mismatches and the length of gaps in final read alignments should not be more than 2.

- Junctions should spanned by reads with >= 8§ bases on each side of the junction without any

mismatches.

- Minimal and maximal intron lengths are 70 and 500000, correspondently.

- Maximum insertion and deletion length is 3.

- Allowed number of multi-hits for each read is 20.

- Library type is unstranded (fr-unstranded), since data came from non-stranded assay.

If a read have multiple alignments, TopHat reports the alignments with the best alignment
score. The maximal number of reported alignments is an allowed number of multi-hits. If
there are more alignments with the same score than this number, TopHat will randomly report
only this many alignments. The format of files produced by Tophat2 aligner was BAM sorted
by coordinates''. After doing alignments their quality was evaluated in IGV genome browser.

2.3.3. Counting of reads

Different tools can be used for counting reads in features'?, for example, BED-tools and
HTSeqg-count. Since we were not going to use the BED format for further manipulations but
pipeline results to DEseq2 software, we used HTSeq-count'” program.

Reads were counted in exons and then aggregated in genes using genome annotation file in
the GTF format, which is available on the Ensemble site'*. To handle reads that overlapped
with more than one feature intersection-strict mode was chosen. Also a special parameter was
set to account for the fact that data comes from non strand-specific assay. After getting results
we assessed technical and biological variation among samples by making PCA plot using R
package ggplot2.

2.3.4. Analysis of differential expression

Count tables were pipelined to the DEseq2' software, for pair-wise comparison of all time
points. There are also other, more sophisticated approaches for treating time-series data, like
DyNB**, statistical evolutionary trajectory index (SETI), autoregressive time-lagged
regression (AR(1)) or hidden Markov model (HMM) approaches®. These techniques can
identify more of statistically significant DE genes than static methods in time-series
experiment; however, these methods were devised and are more suitable for data with bigger
number of time-points (more than 5-10). Another set of methods that are commonly used for
analysis of microarray is also not an option due to discrete nature of RNAseq data and low
number of replicates.

19 http://www.ensembl.org/info/data/ftp/index.html

' http://samtools.github.io/hts-specs/SAMv1.pdf
12 http://omictools.com/read-count-programs-c409-p 1.html
13 http://www-huber.embl.de/users/anders/HTSeq/doc/count.html

14 http://www.ensembl.org/info/data/ftp/index.html
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DESeq? is the commonly used method for differential expression analysis that was developed
to tackle the problem of RNA-seq data analysis. This method uses negative binomial
distribution to detect differential expression and also perform shrinkage estimation for
dispersion and fold changes to improve stability and interpretability of the estimates, and
remove issue of exaggerated low counts'. As an input the DESeq2 R package expects raw
counts of sequencing reads'®, therefore no normalization should be done in advance. We
implemented pair-wise comparisons, using simple, single factor analysis. From results of the
analysis we extracted table containing log2 fold changes, p values and p values adjusted by
Benjamini and Hochberg method™.

2.4. Short time-series clustering

To identify modules of genes that possess common dynamics during aging we used The Short
Time-series Expression Miner (STEM). It was specifically developed for clustering,
comparing, and visualizing of short time series gene expression data (less than 9 time
points)'®. The program was originally aimed to analyze microarray experiments but can be
used to analyze discrete values from RNA-seq results. At first step original clustering
algorithm identifies model profiles (whose number can be defined by the user) that reflect
some basic dynamic patterns in data and then each gene is assigned, clustered, to one of the
model profiles, based on its expression pattern'”.

Raw counts from HTseq-count tables were normalized using rlogTransformation function of
DEseq2 package, then results from each technical replicate was stored in separate file and fed
to STEM. Following main parameters were applied: maximum number of model profiles=25,
maximum unit change in model profiles between time points=3, repeat data is from= the same
time period (for full set of parameters see supplementary file STEM_parameters).

2.5. Network Smoothing.

In order to identify functional modules of genes that reflect age-related changes, we tried an
approach that combines protein-protein interaction (PPI) network with expression data. The
method, called network propagation or network smoothing (NS), propagate the expression
signals using the topology of the network’’. Method allows identification of genes that were
not directly captured by transcriptomic assays but are known to interact with genes that were
found differentially expressed. This results in improved identification of processes and
pathways relevant for a studied phenomenon®’ **. Network smoothing was previously used*’
in order to classify cancer networks based on mutations data. It was shown that given method

I3 http://bioconductor.org/packages/release/bioc/vignettes/ DESeq2/inst/doc/DESeq2.pdf
1 http://www.cs.cmu.edu/~jernst/stem/
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is efficient in stratification of cancer into informative subtypes by clustering together patients
with mutations in similar network regions.

There are several other methods except NP that exploit different approaches for identification
of functional modules of genes. For example, Weighted Gene Co-Expression Network
analysis aka WGCNA® identify modules of co-expressed genes, or methods that derive
functional modules or sub-networks from PPI network identifying maximally scoring network
regions *' of global Protein-Protein interaction networks. However the first one does not make
use of known interactions between molecules, in addition it requires larger number of
samples/replicate for robust performance. Methods that identify functional modules based on
PPI overcome those issues; it would be interesting to compare their performance with
Network Smoothing algorithm.

2.5.1. Choice of network

There are several potential sources of protein-protein interaction network. Among those
Wormbase'’, BIOGRID'®, String]9 and Wormnet™ can be considered as most comprehensive
and complete repositories of molecular interactions data for C. elegans. Short survey was
made to compare common sources of PPI that can be used in our analysis (Table 2.1).

Table 2.1 Comparison of common sources of protein-protein interactions of C. elegans

Features String Wormbase | Wormnet
# of proteins 16,887 6,176 15,139

# of interactions 5,000,000 177,267 999,367
Genomic Context X - X

High-throughput Experiments X

X
(Conserved) Coexpression X
Previous Knowledge X

Rl R R X

Bayesian integration from different organisms - -

Among compared networks edges of Wormbase are of high confidence but relatively small in
number, so the network is sparse. On contrary, String has the highest total number of
interactions, but many edges have low score. We can try to filter low-score edges using
certain threshold for the confidence score, but this score in STRING is dependant of the
source of the data. The problem is that a source like Reactome, for instance, doesn't have a
specific network for C. elegans but rather infer a network based on human interactions. At the
same time the Wormbase interactome is much more specific to C. elegans, offer high number
of nodes of a moderate confidence and thus is a good tradeoff.

2.5.2. Network Smoothing algorithm
An intuition behind the Network Smoothing method is following: proteins correspondent to
genes differentially expressed between certain conditions are given a prior score in a PPI

7 http://www.wormbase.org/

'8 http://thebiogrid.org/

' http:/string-db.org/

20 http://www.functionalnet.org/wormnet/
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network (Figure 2.1 A); the propagation occurs by cycle during which a certain ratio of the
values from each node is pumped to its neighbors. After several cycles each protein gets an
association score (Figure 2.1 B). Genes with high association scores are considered as
candidates associated with condition and this way functional module within a network is
highlighted. Detection of common module for different conditions can be then carried out by
clustering result from the propagation.
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Figure 2.1. Illustration of the Network Smoothing method. A) Three identical networks before
smoothing: each has three random nodes with assigned prior-scores. B) Results of several
iterations of the NS algorithm. Higher brightness of a node corresponds to a higher score.

In our analysis we used BioNetSmooth R package”'. There are four steps in implementation
of network smoothing algorithm:

1) A graph, or adjacency matrix, is created from the list of protein-protein or gene-gene
interactions.

2) P-values from the differential expression analysis are mapped on the nodes of the graph,
creating prior scores of the nodes.

3) A defined number of propagations occur, during each a certain ratio of the values from
each node is pumped to its neighbors. After several cycles each protein gets an
association score.

4) Background correction is made to control for the network biases.

Integration of PPI and expression matrix. A graph was created using Wormnet2 database,
in such graph vertices correspond to proteins and edges correspond to interactions between
proteins. On this graph adjusted p-values from all pair-wise comparisons between day0, day
7, day 14 and Day 21 were mapped. Results of all comparisons were mapped in such a way
that for each comparison separate graph was used, so the score matrix that was fed for
smoothing algorithm contained 15139 rows (by the number of genes) and 6 column
corresponding to all pair-wise comparisons..

Smoothing. An original implementation of the Network Smoothing™ uses a process that
simulates a random walk on a network (with restarts) according to the function (1).

! https://github.com/Cdebes/BioNetSmooth. git
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F i 1=aRA+(1-0)k (1)

Fy is a comparisons-by-gene matrix, and 4 is a degree-normalized adjacency matrix of the
gene interaction network, created by multiplying the adjacency matrix by a diagonal matrix
with the inverse of its row (or column) sums on the diagonal. a is a tuning parameter
governing the amount of signal that is passed to the neighboring nodes of network during
signal propagation. However in the in-house implementation that was used in our analysis the
aforementioned formula was modified in a way that Fy was substituted with F; so the running
sum did not retain initial scores during iterative signal propagation.

Background correction. Background correction was made in the following way: -10log
transformed adj-p-values were shuftled row-wise, and then the resulting random scores were
smoothed with 1000 iterations to generate background scores that reflect the topology of the
network. Finally those scores were subtracted from actual smoothed scores.

Smoothed and background corrected scores were clustered with hierarchical clustering using
Euclidian distance measures to obtain gene sets characterized by similar distribution of
smoothed scores in different pair-wise comparisons.

2.6. Functional annotation

In order to annotate gene sets DAVID online tool** was chosen at first since it is one of the
most comprehensive annotation tools which harnesses about 40 annotation categories. Thus,
while David has been applied for pathway and molecular domain annotation, alternative tool
—topGO R package™ - was used for annotation of gene sets with GO terms.

For analysis with David the threshold of EASE Score, a modified Fisher Exact P-Value, was
set to 0.001 to filter only significant annotations. The topGO was used with default statistics -
weightO1 statistics. This method accounts for GO tree topology and combines results of the
fisher exact test and gene set enrichment analysis to infer final p-values. Shortly weight
algorithm can de described in following steps:
- The genes obtain weights that denote the gene relevance in the significant nodes.
- To decide if a GO term u better represents the interesting genes, the enrichment score of
node u is compared with the scores of its children.
- Children with a better score than u better represent the interesting genes; their
significance is increased
- Children with a lower score than u have their significance reduced.

For this method the problem of multiple testing is quite complicated*, thus non-adjusted p-
values were used to select up to 10 top annotations with the p-value less than 0.05.

22 http://david.abee.nciferf.gov/
2 http://www.bioconductor.org/packages/release/bioc/html/topGO.html
24 http://www.bioconductor.org/packages/release/bioc/vignettes/topGO/inst/doc/topGO.pdf
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2.7. Regulatory elements inferences

2.7.1. Calling targets for Chip-seq data

To find out plausible transcription factor (TF) regulators of gene sets derived on previous
steps of analysis we first scored all genes in genome of C. elegans with each TF using Chip-
seq data. In view of limited time resources we decided to use only those Chip-seq experiments
for which pre-processed data with computed biding sites in BED format was available. There
are 194 Chip-seq experiments with computed binding sites that correspond to 91 transcription
factors (some of them measured in different conditions) available in modENCODE database.
All these datasets were downloaded from modENCODE FTP for use in the analysis™.

To call targets for all downloaded Chip-seq experiments we used 7F7TargetCaller function of
TF-caller R-package™. Given function take as an input information on peak position — binding
sites of transcription factors, plus information on gene position and assigns a TF-target score
for each gene in the genome using a selected method and input data sets. Output value is a
vector containing the score for each TF-target pair. Three methods for target calling, such as
linear, Binary and Closest Gene were used. Next, we combined results from different methods
for each TF using following methodology:
- for given TF compute an average of the means of the results of three methods:
aver mean=(mean(results_binary)+mean(results linear)+mean(results clos.gene))/3;
- multiply results of each method on aver mean and divide on the mean to get normalized
by method values: results_binary*aver mean/mean(results_binary);
- when results for each method are normalized, compute an average for three methods.

In result, the matrix with rows corresponding to all genes of the genome of C. elegans (about
46000), and columns corresponding to all TF experiments from modENCODE (194 entries)
was generated. Each cell of this matrix contains a score that reflects affinity of a given TF to
a given gene.

2.7.2. Enrichment analysis

We used matrix obtained as a result of calling targets for 194 TF experiments to define which
transcription factors has more binding sites among genes of each gene sets derived by
Network Smoothing and STEM. A simple variation of Gene Set Enrichment Analysis
(GSEA)*, without statistical test, was implemented for each gene set. Principle of this test
depicted on figure 2.2.

% fip://data.modencode.org/C.elegans/Transcriptional-Factor/ChIP-seq/computed-peaks gff3/
26 http://cellnet.cecad.uni-koeln.de/tftargetcaller.html
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Figure 2.2. An illustration of the GSEA method (modified figure from ). (A) All genes from
transcriptome assay are ordered by their likelihood to be a target of a transcription factor T, to create a
ranked gene list (on the left). Genes from a gene set S are “mapped” on the sorted list (on the right). (B)
[lustration of the walk along a ranked gene list. On the bottom - plot of the running sum for the gene set
S, including the location of the maximum enrichment score (ES) and the leading-edge subset.

In our analysis algorithm was implemented in a following way:

1. To do enrichment analysis for given transcription factor all genes from C. elegans should
be ranked by their TF affinity scores.

2. Then a walk from the first to the last gene in the ranked list of genes is implemented and
each time we encounter the gene that is also a member of a gene set of interest we
add sqrt((G-n)/n) otherwise subtract -sqrt(n/(G-n)). Where G is the number of genes in a
gene set and n is the number of all genes.

3. Maximum of cumulative sum of this "walk" is a supremum for given TF and for a given
gene set it 1s the maximum enrichment score.

Algorithm described above is repeated for each TF experiment, then all TFs are ranked by
received scores (supremums) and ten TFs with top scores are selected. These ten top-scored
TF experiments are likely can directly regulate given gene set. We implemented such
analysis for each gene set to in order to identify possible specific regulators of aging.
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2.8. Hardware and coding

Computers with operating system Fedora 20, 64 Bit and following configurations were used in the

analysis:
Manufacturer CPU RAM  HD
HP 7820 1 * 6 Cores, HT, 2.0 GHz| 16 GB|1 TB
Dell T3610 1 *4 Cores, HT, 3.7 GHz| 16 GB|2 TB

Commands for analysis of RNA-seq data — Chapter 3.1 -3.3 - were written in Bash command
language and can be found in supplementary file Bash script.txt. The rest of the analysis was
implemented in R environment, using multiple libraries. The R code is provided as a
supplementary file R_code.r.
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3. IMPLEMENTATION AND RESULTS

3.1. Processing of RNA-seq data

There were two datasets of RNA-seq reads available for analysis purposes. These two datasets
were obtained following the same experimental design except the protocol to prepare RNA
libraries for sequencing. The polyA dataset originates from the RNA library prepared by
enrichment of total RNA in molecules with a polyA tail. The Ribo-minus dataset originates
from the RNA library prepared by depletion of total RNA in ribosomal-RNA.

For the polyA dataset alignments had already been obtained using the same software and
parameters that were used later for the ribo-minus datasets. Therefore results from chapter
3.1.1 and parts of chapter 3.1.2 relate only to the ribo-minus dataset whereas the rest of the
Implementation and Results chapter relates to both.

3.1.1. Quality control

As the first step of data processing the quality of sequences was assessed using the FastQC
program”’. In general, results for all inspected samples were similar, exhibiting high quality of
all samples with a mean quality score (phred score) of bases ranging from 28 to 40 (Figure S1
A (right) in Supplementary Materials). However, average quality scores for the first and last
10 nucleotides in sequences were considerably lower, compared with the rest. Furthermore,
plots of composition of sequences showed high variability of base frequency in the first 10
b.p. of reads (Figure S1 A(left)). Therefore based on the results of the quality check we
decided to trim the first 10 b.p. due to lower quality and uneven nucleotide composition, and
the last 10 b.p. due to lower quality. Trimming was made using seqtk *.

The next step included trimming of low-quality reads, for this purpose condetri software was
used” (see Methods for the parameters). Results for one sample shown in Table 3.1, in this
sample 61.11% of reads were accepted for further analysis.

Table 3.1. Results of trimming reads from one sample (replicate 1, day0, Ribo-minus data).

Number of reads Number of bases
input files 56 133 146 4 546 784 826
saved in pair files 34300 770 (61.11%) 2 740 860 440
saved in unpaired file due to low 5816 538 (10.36%) 446 154 840
quality of the other read in the pair

Control quality check after trimming showed substantial increase in quality and lower
nucleotide variability for the trimmed reads (figure S1 in supplementary Materials).

27 http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
%8 https://github.com/lh3/seqtk
% https://code.google.com/p/condetri/
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3.1.2. Alignment to genome

Alignment of the Ribo-minus data to the reference genome was made with Tophat2 aligner.
The software was run with default parameters (for details see chapter 2.3.2.) except the
number of threads, which was set to 12 in order to take an advantage of the multicore
processor. In sake of an example, alignment results for sample 1 from day0, Ribo-minus data
are shown in Table 3.2. The overall rate of mapped reads for this sample was 93.6%, the rate of
multiple alignments was only 4.2% .

Table 3.2. Results of mapping of reads from sample 1 (day0 from the Ribo-minus data).

Input Mapped (% of input)h | Mapped with Total number of aligned Concordant pair alignment
multiple alignments | pairs (% of input) rate (% of input)

Leftreads |17 150385 |16 051 723 (93.6% ) | 678 498 (4.2%) 15 973 285 (93.6%) 15 829 805 (92.3%)
Rightread | 17 150 385 |16 068 739 (93.7% ) | 678 740 (4.2%)

For different samples a concordant pair alignment rate lies in the range from 70 to 92%.
Interestingly, the average alignment rate decreases from day 0 to day21 samples (figure 3.1).
Although it is not clear what is the underlying cause of this phenomenon it probably relates to
the rate of somatic mutations increasing during aging.
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Figure 3.1. Boxplot of concordant pair alignment rates for all samples.
y-axis - concordant pair alignment rate, x-axis — days of experiment from which sequences came.

Results of alignments were also examined visually, to confirm that most reads were mapped
on annotated genes. Both ribo-minus and polyA alignments were inspected in the IGV
genome viewer”. Regions with the length 10000b.p. from the center and the ends of each of
four autosomal and X chromosomes were selected for visual inspection. In most cases
distribution of aligned reads over the inspected region were very similar for both datasets.
Also in most cases the majority of reads were aligned to genome regions corresponding to
exons in the gene models from the genome assembly WS220 . This indicates that most reads
were aligned to annotated genes and that polyA and ribo-minus alignments are concordant.
After this initial inspection of alignments, we proceed to the counting of reads.

3% http://hgdownload.soe.ucsc.edu/downloads.html#c elegans
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3.1.3. Counting of reads

Reads were counted in exons and then aggregated in genes using HTSeq read counter’' in
intersection-strict mode (see Methods for details). As the result most reads were aligned to
annotated genes (Table 3.3).

Table 3.3. Statistics of counting reads in features for sample 1 from day 0 from ribo-minus dataset

Parameter Number of pairs
total number of aligned pairs 15973 285

no feature 196 678
ambiguous 305 830

too low aQual 0

not aligned 0

alignment not unique 2 125697

After the counting, results for each sample were divided by a size factor to account for
different library sizes in different sequencing experiments. General statistics on results of
HTseq counting are provided in supplementary materials in Table S1. Using this table we
compared results for polyA and Ribo-minus datasets and draw following conclusion:

- The average of the mean normalized counts per gene is approximately two times higher for
the polyA than for the Ribo-minus data.

- The mean counts per gene decrease with age for both datasets. However, for polyA dataset
the decrease 1s much more pronounced compared with the ribo-minus datasets: from 800 to
600 and from 385 to 335 reads per gene, respectively.

- Datasets differ in regards of changes of maximal number of counts per gene that occur
during aging: for polyA dataset this value decreases in about three times while for Ribo-
minus dataset it does not change substantially.

To extend analysis, we inspected how many genes accumulated more counts than certain
threshold value (Table 3.4). General tendency is that with increase in threshold parameter the
number of features decreases slower for the polyA data, compared with Ribo-minus. One
possible explanation of the observed trends is that the signal-to-noise ratio is higher for the
poly-A data.

Table 3.4. Number of genes in two datasets with number of counts above certain threshold.

Threshold for the number of counts PolyA Ribo-minus
without threshold (total number of genes) 46748

non-zero value in at least one sample 29435 30739
non-zero values in at least one day* 21616 22295
number of counts >10 in at least one day* 16298 14628
number of counts>100 in at least one day* 11231 9131

*There are three samples in each day. A feature was counted if its number of reads > threshold in all three samples.

31 http://www-huber.embl.de/users/anders/HT Seq/doc/count.html
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To compare results of the alignment for different samples PCA for both polyA and ribo-minus
alignments was made (figure 3.2). Normalized by size factor, counts were log—transformed
with the rlogTransformation function of Deseq2. Normalization allows to avoid that the
distance measure is dominated by a few highly variable genes (outliers). For genes with high
counts, the rlog transformation does not differ much from an ordinary log2 transformation.
For genes with lower counts, however, the values are shrunken towards the genes’ averages
across all samples’.

L ] L ]
L]
0.2 %ge day0 . o day0
0.2 o
® dayl4 - ® day14
0.0
® day21 0.0 ® day21
N N
¢ 8]
2,5 day7 o day7
-0.2
-0.4
-0.4
-0.2892 -0.2888 -0.2884 -0.2880 -0.2876 -0.2889 -0.2%881 -0.2883  -0.2880

Figure 3.2 PCA of rlog—transformed counts from A) polyA and B) Ribo-minus datasets.

As can be seen in figure 3, feature counts from different days are clustered together inside
each datasets and between them, although one sample from day21 from the polyA datasets
falls in one group with samples from dayl4. Another visible feature in the data is that reads
from day 0 make a distinct group apart from the rest of the samples. This observation is in
line with the fact that most dramatic changes in expression of small non-coding mRNA in C.
elegans occur in the first days of development and before the post-reproductive period”[Jthat
started accurately on the 7th day for the experimental animals.
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3.2. Differential expression analysis

3.2.1. DE analysis using DEseq2

Htseq count tables were pipelined to the DEseq2' software, for pair-wise comparison of all
time points. DESeq?2 is a commonly used method for differential expression analysis that was
developed for RNA-seq data analysis. Briefly, this method uses negative binomial distribution
to detect differential expression and also perform shrinkage estimation for dispersion and fold
changes to improve stability and interpretability of the estimates, and remove issue of
exaggerated low counts™.

In our analysis all time-points were compared with each other separately, using simple single-
factor analysis. That means that we made 6 comparisons in total, using all possible pair-
combinations of the days 0, 7, 14 and 21. Genes with corrected p value <0.01 were considered
as significant. Based on the results reported in table 3.5 we can describe some patterns in the
data. First of all, for both datasets the number of genes that exhibit differential expression is
highest between day 0 and any other day, which confirms earlier observations from PCA of
HTseq—counts (figure 3.3). Secondly, the number of differentially expressed genes
monotonically decreases in a row day0 vs day7, day7 vs dayl4, dayl4 vs day21 and so do the
overlaps (in absolute and percentage estimation) between them.

Table 3.5. Results of differential expression analysis of the expression data obtained from the
time-series experiment on normal aging of C. elegans.

Numbers of genes found significantly DE in correspondent comparisons are reported,;

Genes DE in at least one comparison — set of genes significantly differentially expressed and having absolute
log2 fold change (LFC) value >1 in at least one pairwise comparison.

day0O vs | day7vs dayl4 vs All pair-wise | All comparisons, Genes DE with
day7 dayl4 day21 comparisons with [LFC|>1 ||LFCJ|>1 in at least one
comparison
PolyA 7563 4118 1434 284 50 8034
Ribo-minus 6719 4858 949 282 21 6740
Intersection 5246 2820 371 59 1 5716

The union of genes significantly differentially expressed (including [LFC|>1 criteria) in each
pair-wise comparison comprise 8034 and 6740 genes for the polyA and ribo-minus data,
respectively. An overlap in 5716 genes marks a significant consistency between two datasets.
Besides, there is a substantial overlap with the sets of age related genes of C. elegans from
other studies (table 3.7). On contrary, number of genes differentially expressed in all pair-
wise comparisons gives a total of 282 and 284 genes for ribo-minus and for polyA datasets,
respectively. Moreover, these datasets have an overlap in 59 genes, and only one gene
remains if threshold >1 of absolute value of log2 fold change is selected (table 3.5).

Since results of the dayl4-day21 comparison showed lowest concordance between datasets,
we inspected how they relate to other results inside datasets. First we obtained genes
significantly DE in all pair-wise comparisons except dayl4-day21 and we got 1206 and 1151
for ribo-minus and polyA data, respectively, with their overlap in 557 genes. This is much
higher numbers compared with 284 and 282 genes (with overlap in 59) in case dayl4-day21
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results are included in intersections (figure 3.3 A, B, C). The given observation means that the
results of dayl4-day21 comparison account for such a low overlap inside and between
datasets - just 59 genes in common between all comparisons of both datasets (Figure3.3 C).
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Figure 3.3. Venn diagrams of the results of DE analysis for A) polyA data; B) ribo-minus

data; C) combination of both.
ribo_and poly all without14-21 are combinations of all comparisons without the dayl4-day21 results; ribo_
and poly 14-21 —results of DE analysis between dayl4 and day21.

3.2.2. Annotation and validation of sets of DE genes.

First question that has been addressed is the composition of the comprehensive sets of
differentially expressed genes. Using the biomaRt R package™ to access Ensemble database
we annotated sets of differentially expressed genes by gene types (Table 3.6). The results for
both datasets are similar and in agreement with the methods that were used for RNA library
preparation”® and with 100b.p. length of sequenced reads. In particular, vast majority of
molecules that were detected in both datasets are protein-coding mRNAs, while short RNA
molecules constitute relatively small proportion. High proportion of captured protein-coding
mRNAs allows also us to assume that data are suitable for integration with protein-protein
interaction network.

Table 3.6. Composition by gene types of comprehensive sets of DE genes.

In order to annotate gene sets DAVID online tool* was chosen at first, but this tool was found
to use significantly outdated version of GO database (December 2009). Thus, while David has
been applied for pathway and molecular domain annotation, alternative tool — topGO R

32 http://www.bioconductor.org/packages/release/bioc/html/biomaR¢t.html
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package - was used for GO annotation (see chapter 2.6 for details). The topGO was used with
weightO1 statistics that accounts for GO tree topology.

Since results of DE analysis for dayl4-day21 are less concordant between and inside polyA
and Ribo-minus datasets than combination of all other comparisons, it was decided to analyze
and compare functions of these genes. Apparently, most significant biological process for
examined gene sets from both datasets is the innate immune response. Also both are enriched
in genes participating in defense response to bacteria, genes encoding lysosome components
and genes encoding protein domains with peptidase activity (table S2). Observed elevation in
innate immune response and alteration in lysosomal activity represent a common features of
aging animals*® ¥ **. Also both datasets annotated with carboxylic acid (although of different
types) biosynthetic processes and with von Willebrand factor typeA protein domain, which
was previously shown to be down-regulated during aging™. Beside common, dataset specific
annotations, such as related to oxidation-reduction or mitotic cytokinesis, are also related to
aging” °°. Thus, in general, dayl4-day21 results possess similar age-related annotations,
despite low overlap of these gene sets between and inside polyA and Ribo-minus datasets.

Next combined results from all comparisons were annotated. To include all comparisons
while at the same time reduce the number of genes and increase the significance, the
following gene set was generated: intersection of genes found DE in all pair-wise
comparisons except dayl4-day21 was united with intersection of genes DE in dayl4-day21.
Obtained gene set comprised 869 genes differentially expressed in both datasets in all pair-
wise comparisons, except dayl14-21, and/or in both datasets between dayl4 and day 21.

Three most significantly overrepresented biological processes in the inspected set are:
oxidation-reduction, proteolysis and glycolytic process. These and the rest of annotations
(Table S3) have known relations to aging. Members of the ATP-grasp super-family, for
example, are found in several metabolic pathways, including de novo purine biosynthesis,
gluconeogenesis, and fatty acid synthesis, which role in aging well-documented ' 2.
Impairment of energy metabolic pathways and fatty acid biosynthesis, increase in peptidase
activity and EGF modulation during aging - all have been reported in different studies
conducted on various organisms °.

At the next step we inspected overlaps between our findings and results of other
transcriptomic studies of aging in C. elegans, as well as with GenAge database of age-related
genes (table 3.7).

33 hitp://edoc.hu-berlin.de/dissertationen/pietsch-kerstin-2011-12-01/PDF/pietsch.pdf
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Table3.7. Comparison of genes DE* in polyA and Ribo-minus dataset with sets of genes

found differentially expressed in other studies of aging in C. elegans.

X

DE in at least one
pair of comparison
in PolyA

DE in at least one
pair of comparison
in Ribo-minus

Predicted targets of
small non-coding
RNA DE in aging”

Microarray study of
aging in C.elegans™

GeneAge database™

DE in at least one pair-
wise comparison in
PolyA

8034

5716

135

739

230

DE in at least one pair-
wise comparison in
Ribo-minus

6740

126

659

216

Predicted targets of
small non-coding RNA
DE in aging

354

59

54

Microarray study of
aging in C.elegans

1007

54

GeneAge database

741

* adjusted p-value<0.01 and [LFC|>1

Substantial overlap with the results of microarray study is evident; on contrary, there is quite
small overlap with the list of genes annotated as age related genes of C. elegans in GeneAge
database. The given fact may reflect that GeneAge database contains genes that are either not
captured by the sequencing protocols we have used or do not change their expression during

normal aging.

3% http://genomics.senescence.info/genes/models.html
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3.3. Analysis of expression dynamics

Although we obtained a consistent set of genes that are differentially expressed during the
course of normal aging, we do not have many clues about causal relations among functional
groups of those genes. One possible direction to approach this issue is to look for the
dynamics of expression changes of groups of genes during the aging, trying to find out any
underlying dependencies.

To analyze dynamics of gene expression during the course of normal aging in C. elegans the
STEM software was applied. Shortly, STEM - Short Time-series Expression Miner - first
identifies model profiles (whose number can be defined by the user) which reflect some basic
dynamic patterns in data and then each gene is assigned, clustered, to one of the model
profiles, based on its expression pattern’>. Normalized read counts were fed into STEM to
explore their dynamics (see chapter 2.4 in Methods for details).

We looked at both polyA and ribo-minus datasets, and obtained highly consistent results.
Here we report results only for the polyA dataset (Figure 3.4.), since it was shown to have better
signal-to-noise ratio.
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Figure 3.4. The main dynamics profiles that were found in polyA dataset using the STEM
software. On the top profiles are ordered by their significance, on the bottom — by a number
of genes assigned to a certain profiles.
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The first 8 profiles, counting by significance, were annotated with DAVID and topGO (see
Methods for details). As an example, five top-scored biological processes for each profile are
reported in Table 3.8. For full annotation results see supplementary file dynamics_annot.pdf.

Table 3.8. Biological processes significantly overrepresented in different dynamics profiles.
Only five top-ranked terms are reported.

Dynamics profile (# of genes) | GO ID Term p value
Profile_1 (1728) GO0:0006470 | protein dephosphorylation 6.20E-20
GO:0018108 | peptidyl-tyrosine phosphorylation 9.60E-11
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GO:0055085 | transmembrane transport 6.20E-08

GO0:0007286 | spermatid development 1.20E-06
GO:0016311 | dephosphorylation 1.60E-05
Profile_2 (887) GO:0055114 | oxidation-reduction process 3.70E-10
GO0:0045087 | innate immune response 3.60E-08
GO:0055085 | transmembrane transport 1.30E-07
GO:0008152 | metabolic process 7.20E-07
GO:1901606 | alpha-amino acid catabolic process 2.20E-06
Profile_3 (837) GO:0045087 | innate immune response 1.70E-07
GO0:0034608 | vulval location 4.10E-04
GO:0006952 | defense response 6.50E-04
GO0:0006182 | cGMP biosynthetic process 9.60E-04
G0:0042384 | cilium assembly 1.61E-03
Profile_4 (671) GO:0007156 | homophilic cell adhesion 7.40E-07
GO0:0048666 | neuron development 6.40E-06
GO:0045944 | positive regulation of transcription fro... 2.00E-05
GO:0045138 | nematode male tail tip morphogenesis 2.80E-05
GO:0001764 | neuron migration 5.50E-05
Profile_5 (453) GO:0043401 | steroid hormone mediated signaling pathw... 8.80E-07
GO:0006355 | regulation of transcription, DNA-templat... 1.40E-06

GO0:0000768 | syncytium formation by plasma membrane f... | 1.20E-04

G0:0042073 | intraciliary transport 1.40E-04
G0:0035058 | nonmotile primary cilium assembly 1.80E-04
Profile_6 (446) GO:0006511 | ubiquitin-dependent protein catabolic pr... 4.30E-04
GO:0055114 | oxidation-reduction process 9.56E-03
GO0:0030968 | endoplasmic reticulum unfolded proteinr... 1.06E-02
GO:0006030 | chitin metabolic process 1.15E-02
GO:0045454 | cell redox homeostasis 3.17E-02
Profile_7 (280) GO:0006468 | protein phosphorylation 1.00E-08
GO0:0006470 | protein dephosphorylation 2.60E-06
GO:0018108 | peptidyl-tyrosine phosphorylation 8.90E-03
GO:0061199 | striated muscle contraction involved in ... 8.90E-03
GO:0040017 | positive regulation of locomotion 1.13E-02
Profile_8 (183) GO:0045087 | innate immune response 1.60E-17
GO0:0050830 | defense response to Gram-positive bacter... 9.30E-12
GO:0050829 | defense response to Gram-negative bacter... 2.50E-09
GO:0005975 | carbohydrate metabolic process 4.40E-04
GO:0006636 | unsaturated fatty acid biosynthetic proc... 1.68E-03

The biggest and most significant profile 1 contains genes that are characterized by fast
decrease in expression in the first seven days of adulthood with following changes of smaller
magnitude. Profile 7 represents genes that have similar dynamics and annotations as in
profilel, but display higher amplitude of changes after day 7 and weaker significance of
annotations. In general, profiles reflect substantial decline during the first days in the
phosphorelation/de-phosphorelation activity, especially involving tyrosine phosphatases.
Given type of protein-tyrosine phosphatases participates in insulin and EGF signal
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transduction in C. elegans which govern many developmental and stress-induced biological
processes . Another significant annotations link profilel and profile 7 with decline in Wnt
and cadherin signaling pathways, which are known to play crucial roles in development of
multicellular organisms®’ *. Annotations that were found uniquely in profile 1 refer to
spermatid development and in profile 7 - to decline in striated muscle activity that is observed
in embryo. To summarize, association of these profiles with developmental processes is
apparent, meanwhile their relevance to aging may be questioned.

Profile 2 contains genes that undergo relatively constant decline during aging and represents
several well-characterized age-related alterations of immune system, oxidation-reduction
process, metabolism etc. Annotations that related to mitochondria aberrations, such as decline
in oxidation-reduction activity, are accompanied by decrease in proteolysis and in several
peptidases. These alterations were shown to contribute to the common manifestation,
resulting in increased production of ROS and accumulation of oxidized proteins™. Another
significant group of annotations points on typical for aging attenuation of metabolic activity®,
in particular of biosynthesis of IMP, fatty acid biosynthesis etc. In line with functional
annotations the gene set is associated with lysosome and several metabolic pathways,
according to KEGG annotation, and with peptidases, according to molecular function
annotation. Also the profile is significantly enriched in genes that encode proteins with
domain of unknown function DUF-19 and proteins with C-type lectin domain. C-type lectin is
a type of carbohydrate-binding protein domain that have a diverse range of functions,
including roles in immune response to pathogens®', cell-cell adhesion and apoptosis®.

The decline in many functions marked by profile 2 is characteristic also for profile 8, which
also represents a constant decline in expression after day 7. These common annotations are:
innate immune response, c-type lectin domain, lysosome pathway and fatty acid synthetic
processes. However profile 8 has several distinct features and will be considered further in
details.

Profile 3 represents dynamics opposite to profile2 and contains genes that gradually decline
during aging. Interestingly though, both profiles share “innate immune response” among most
significant annotations. Innate immune response is an essential part of anti-viral and anti-
microbial defense and, indeed, an interesting process in the context of aging. Recently
published results elucidate intriguing systemic interactions between innate immunity and
other signaling systems that mediate longevity, e.g. stress responses and the insulin signaling
pathway®. Generally, the immune function of C. elegans appears to decline with age,
provoking low-grade systemic inflammation®, the behavior that may be reflected by profiles 2
and 3.

Annotations in profile 3 also highlight changes in sensory and signal transduction activities,
namely increase in cGMP biosynthesis and cilium assembly. The non-motile cilium functions
as sensory organelle that concentrates and organizes sensory signaling molecules while cGMP
signaling 1s critical to neurosensory transduction in animals. It was shown that either
mutations that cause defects in sensory cilia or suppressed neuronal cGMP level lead to a
significant increase in the lifespan of adult C. elegans through the insulin signaling pathway®’
% Changes in signal transduction activity might actually be in interplay with changes in
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immune system. There are several evidences of dynamic regulation of immunity by the
nervous system, that might have an inhibitory function®.

Other significant annotations of profile 3 relates to reproduction functions (vulval location)
and to pharynx development. Elevation in expression of genes related to pharynx
development looks strange in light of well-documented decline of pharynx activity during
aging (° for example).

Considering protein domain annotation, the profile is strongly enriched in genes possessing
uncharacterized FTH motif (former DUF38) (see supplementary file dynamics annot.pdf).
Given motif can be found in F-box proteins and may also mediate protein-protein interactions.
It is known that genes with this motif are among top targets up-regulated by DAF16%, which
is one of the well-known modulators of C. elegans lifespan.

Profile 4 represents genes that have strongest growth in expression from day 0 to day7, then
slightly grow from day7 to day 14 and then decline between dayl4 and day21. Annotations
for this cluster by and large relates to organism development and maintenance, namely to
neuron development, molting cycle, nucleosome assembly etc. The most significant
annotation is 'cell adhesion', the process that affect tissue development and integrity,
including many aspects of nervous system function, development and maintenance®. Profile
4 1s also significantly enriched in genes that encode proteins with different type of protein-
protein interaction domains, especially with F-box (see supplementary file
dynamics_annot.pdf).

Profile 5 is characterized by significant increase in gene activity between day 7 and day 14,
1.e. after the reproductive period to the end of average healthy lifespan. The most significant
annotation is steroid hormone signaling. Other annotations, in turn, related to different levels
of nervous and molecular signal transduction. This system elevation in expression involves
non-motile cilium and potassium ion trans-membrane transport, onward to G-protein
receptors, down to nuclear hormone receptors and eventually to regulation of transcription. It
was previously discovered that high activity of a steroid signaling pathway promotes
longevity in germline deficient animals through regulation of the DAF-12 nuclear hormone
receptor’ . Partly annotations of profile 5 resemble those in profile 3, like cilium assembly for
instance, which is not surprising considering some similarity in dynamics.

Profile 6 comprise of genes that substantially increase in expression from day0 to day 7, then
slightly decrease between day 7 and 14 and then stay more or less stable. The most significant
annotations are ubiquitination and oxidation reduction process. Generally, given profile is not
quite enriched in genes of particular functional annotations; however it shows significant
enrichment in members of several KEGG pathways, such as TGF-beta and Wnt signaling.
Besides, profile 6 is highly enriched in genes encoding proteins with particular type of
domain, such as E3 ubiquitin ligase skp subunit or domain associated with F-box which are
thought to be effectors linked with ubiquitination.

Some TGF-beta signaling pathways are known to regulate longevity upstream of and via the
insulin pathway, other play minor roles in determination of lifespan, but regulate reproductive
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aging’'. A certain type of E3 ubiquitin ligase also regulates C. elegans aging via insulin
signaling pathway, by catalyzing DAF-16 polyubiquitination72.

Profile 8 represents genes that either increase or do not change significantly between day 0
and day 7 and then plunge until the last measurement at day 21. The dynamics after day 7
resemble those in profile 2, which also results in sharing of the majority of functional and
molecular annotations, including the most significant one - innate immune response. Profile 8
also has unique annotations such as defense response to gramm-positive and -negative
bacteria. Decline in expression of these genes is likely to contribute to accumulation of
bacterial mass that occurs in pharynx and intestine during course of normal aging®’. The
decline in ability to resist bacterial infection is supported by the protein domain annotations:
profile 8 significantly enriched in genes encoding proteins with a CUB-domain. These
proteins play important role in immunity, and in particular in response to bacterial infection’.

Profile 8 is the smallest among significant profiles, but the only one that has received
significant annotation directly related to aging - determination of adult lifespan. The full
definition of this annotation is the control of viability and duration in the adult phase of the
life-cycle.

All sets of genes are enriched in terms that, according to various literature sources, relate to or
are implicated in the process of aging. However, annotations that are directly related to the
aging or lifespan do not occur in most of them.
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3.4 Network based analysis

3.4.1. Network Smoothing.

Next step was to integrate interactome data and gene expression data in order to explore
propagation of signals of DE genes in the biological network, to find a set of possible
conductors and/or effectors of changes reflected in expression data. Briefly, there are four
steps in implementation of the network smoothing (NS):

1) A graph from the list of protein-protein (gene-gene) interactions should be created.

2) P-values from the differential expression analysis are mapped on the nodes of the graph,
creating prior scores of the nodes.

3) A defined number of propagations occur, during each a certain ratio of the values from
each node is propagated to its neighbors. After several cycles each protein gets an
association score.

4) Background correction is made to control for the network biases (see Chapter 2.5.4).

Wormnet2®®, a probabilistic functional gene network of protein-coding genes of C. elegans,
was chosen for integration with our expression data (see chapter 2.5.1 Choice of network in
Methods). Number of nodes in this network is 15139, which is about 85% of all known
protein-coding genes in C.elegans. Thus the Wormnet2 was used to generate the graph, or
adjacency matrix, on which adjusted p-values from all pair-wise comparisons were
subsequently mapped. They were mapped in such a way that for each comparison separate
graph was used, so the score matrix that was fed for smoothing algorithm contained 15139
rows (by the number of genes) and 6 column corresponding to all pair-wise comparisons.

The next step was to choose optimal parameters for signal propagation. Smoothing function
has two related parameters — the number of iterations and coefficient of propagation — alpha.
Changing these parameters one can control how far and how fast the flow will be conveyed.
Regardless of the values and distribution of the initial scores on the network’s graph, the flow
will eventually converge to some hub nodes after certain number of iterations. This occurs
due to the inherent topology of biological networks which is a scale-free (). The definite
number of iterations required for convergence in a given network will depend on the alpha
coefficient. So the task of the researcher is to find the combination of alpha and number of
iterations which will ensure sufficient smoothing of the signal while at the same time avoiding
complete convergence on universal hubs. The optimal parameters therefore results in
highlighting modules of genes that related to studied process.

In order to systematically inspect behavior of signal propagation we run the algorithm on
polyA, Ribo-minus and random set data’® with different number of iterations and with
coefficient alpha fixed on moderate value=0.4. After each run we selected 1100 genes with
highest scores from the resulting matrix, where the score for each gene (row) has been
calculated as the sum of smoothed values of all pair-wise comparisons (columns). Then

35 http://www.functionalnet.org/wormnet/
% smoothing of random values has been implemented to obtain background intensities
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intersection between 1100 top-scored genes obtained from smoothing of polyA and Ribo-
minus values was recorded (Poly x Ribo in Table 3.9), as well as their intersections with the
result of smoothing of random values (Poly x Rand, Ribo x Rand in Table 3.9).

Table 3.9. Influence of different number of iterations on signal propagation in the Wormnet?2

derived graph.
Figures report number of genes in intersections of 1100 top-scored genes of correspondent datasets.
::rr:z:: f Poly x Ribo Poly xRand  Ribo x Rand
0 672 124 175
2 681 101 148
> 733 162 203
10 754 279 313
L 642 296 504
20 575 367 698
25 585 485 845
30 693 618 941
40 841 841 1018
50 933 932 1028

There are several regularities in the propagation behavior that can be described based on
Table 9:

1) Intersection between the polyA and Background sets of 1100 high-scored genes, and
between Ribo-minus and Background sets, decreases after the run of algorithm with 2
iterations but then constantly increases (with increasing in the number of iterations) up to
almost absolute convergence after 50 iterations. This observation is quite logic and was
expected due to the scale-free topology of the network.

2) Intersection between the polyA and Ribo-minus sets is increasing at first, reaching its
maximum at 10 iterations, then drops between 10 and 20 iterations and then grows again,
tending to absolute overlap. This is interesting behavior that lacks clear explanations so far.

3) Overlap between Ribo-minus and Background sets is always higher than between polyA
and Background sets. This seems to support earlier observations that the ribo-minus data is
noisier than the polyA. The phenomenon, again, may be explained by the tendency of ribo-
minus protocol to include more RNA fragments from non-coding regions, which will
increase the noise.

To sum up, the signal propagation behavior provides evidences in favor of use of polyA
dataset and 10 iterations in further analysis.
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3.4.2. Clustering and functional analysis of clusters

As was expected, after smoothing of adjusted p-values from pair-wise comparisons, gene
scores converged at some extent, but still were not uniform like the scores from the matrix
with background intensities. Smoothed and background corrected scores were clustered with
hierarchical clustering using Euclidian distance measures to obtain gene sets characterized by
similar distribution of smoothed scores in different pair-wise comparisons. The results of
clustering have been plotted with Heatmap2 R function and are presented in Figure 3.5
(results for ribo-minus and random scores see in Figure S2 in Supplementary materials). Since
smoothing is supposed to highlight modules of functionally linked genes, we selected brighter
clusters for subsequent functional analysis. Thus, we inspected all 8 clusters that belong to the
second branch of the gene dendrogram (Figure 3.5).

Clusters were annotated with GO annotations by topGO R package and with pathways and
protein domains by DAVID on-line tool, in the same way as it was done for dynamics profiles
(see chapter 2.6 Functional annotation in Methods). Full results of annotation reported in
supplementary file Smooth annot.pdf. Here clusters are briefly described in the order they
arranged on the heatmap - from top to down of branch 2 (Figure 3.5). Clusters of light green
and rose colors were united based on similar score distribution and very similar annotations.
We have discussed annotations of dynamics profiles in context of aging in certain details and
now we will refer to those descriptions while analyzing the results of network smoothing. In
cases when new significant annotations were found we will discuss them more thoroughly.
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Figure 3.5. Heatmap of the results of hierarchical clustering of smoothed scores from polyA
dataset; rows represent genes, columns represent pair-wise comparisons, the brighter red color
represents the higher smoothed score.
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Cluster 1 (orange 1) has substantial overlap with profiles 1 and 2 (table 3.10) and similar
annotations with profiles 1, 2, 8 from the STEM analysis: immune response and defense to
bacteria, proteolysis, muscle contractions, unsaturated fatty acid biosynthetic etc.

Cluster 2 (red) has genes that participate in body morphogenesis, especially cuticle
development. Together with the fact that higher scores predominantly allocated in first two
columns, and therefore most significant changes occurred between days 0 and 7, this cluster
is likely relates more to the developmental processes, rather than aging.

Cluster 3 (orange2) is most significantly enriched in genes involved in innate immune
response. Generally, this cluster is similar in annotations with profile 2, and related to
oxidation-reduction process, different metabolic and biosynthetic processes, including fatty-
acid metabolism. Cluster 3 has distinct enrichment in genes that encode proteins with domain
of unknown function DUF290, and UDP-glucosyl-transferases. The latter play important role
in metabolism and biotransformation in general and apart from that were hypothesized to
promote antranilates accumulation in gut granules during aging of C. elegans’".

Cluster 4+5 (light_greentrose) has substantial overlap and shares annotations with profile 1
(table 3.10), and, respectively, also likely related to the developmental processes.

Cluster 6 (lilac) and cluster 7 (blue) are two biggest clusters from analyzed results of NS
algorithm. They represent genes that undergo constant changes of moderate magnitude, like in
dynamic profiles 2 and 3, and characteristic annotations. Both clusters are most significantly
enriched in genes implicated in oxidation-reduction process and enriched in genes involved in
determination of adult lifespan, also both have many genes that encode proteins with
cytochrome P450 domain. In addition, cluster 6 refers to immune response and defence to
bacteria, regulation of pharyngal pumping and spliceosome pathway. Cluster 7 is enriched in
genes involved in glycolysis and gap junctions formation. Reduction of gap junctions is one
of the important markers of the aging process and results in impaired intercellular
communication”. Impaired glycolysis has been found to increase the life span of the
nematodes considerably, acting through mTOR pathway’®.

Cluster 8 (white) has substantial overlap and shares annotations with profiles 4 and 6, with
most significant annotation “ubiquitin-dependent protein catabolic process”. The cluster has
very low scores in the column that correspond to comparison between day 0 and day 21 that
imply it represents genes that fluctuate in expression during life-course, but eventually their
expression returns to the level of the first measurement. Besides annotations shared with
profiles 4 and 6, cluster 8 significantly enriched in genes that encode BTB/POZ domains. This
domain, often found in zinc finger proteins, has been shown to mediate transcriptional
repression, also proteins containing this domain inhibit endothelial cell senescence and
respectively they are down-regulated during senescence'*[. There is direct evidence also of
the role of Skp factors in the process of C.elegans aging. As animals enter adulthood, EGF
signaling up-regulates the expression of genes involved in the ubiquitin proteasome system
(UPS), including the Skpl-like protein SKR-5, while down-regulating the expression of
HSP16-type chaperones.'®[] To sum up, there are number of evidences that these proteins and
domains play significant roles in aging.
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The obtained findings allow to assume importance of identified gene sets in the aging process
and encourage to explore these sets in details in the next round of data integration which is
analysis of transcription factor regulation.

3.4.3. Comparison of modules obtained with the STEM and NS methods

Dynamics mining and network smoothing approach may have pros and cons in terms of
retrieving functional gene modules for elucidation of processes and functions compromised
by aging. Apparent advantages of NS method is that it exploits interactome information, thus
it may help better highlight processes and pathways relevant to studied phenomenon. STEM,
in turn, provides modules of genes with similar expression dynamics, which may reflect
regulation by set of common regulation factors.

Smoothed scores retain some information about dynamics, so we may judge how strongly
genes may be differentially expressed between certain days, but it doesn't show direction of
changes. As a consequence, we may have genes with opposite dynamics in a cluster obtained
from smoothed scores. Generally, clusters from NS that have significant overlap or similar
annotations with dynamics profiles, also reflect their dynamics.

To check how similar are gene sets obtained with dynamics mining and NS we inspected
intersection of these sets (Table 3.10).

Table 3.10. Overlap of gene groups obtained from clustering of smoothed scores (the first
column) and from the short time-series clustering (the first row).
Figure in brackets after name of each gene sets is a number of genes in a given gene set.

Profilel  Profile2 Profile3 Profile4 Profile5 Profile6 Profile7 Profile8

(1728)  (887)  (837)  (671)  (453)  (446)  (280)  (183)

Orange 1(356) 74 127 0 9 1 5 4 27
Red (290) 44 39 11 20 2 23 1 9
Orange 2(626) 59 95 50 12 14 14 7 33
Light_greent 2, 6 1 2 1 4 41 2
rose (789)

Lilac (1047) 90 80 57 50 34 24 8 20
Blue (1315) 123 104 54 38 22 21 15 9
White (195) 1 0 3 59 0 75 0 0

Following gene groups have more than 20% overlap (relatively to the smaller gene set): 1)
Profile 1 and cluster light greentrose; 2) cluster Orangel and Profilel, profile2; 3) cluster
White and Profile4, profile6. Bellow we summarized comparison of annotations for gene sets
obtained by two methods:

- Generally, gene groups obtained from clustering of smoothed scores do not have great
overlap with the groups from dynamics analysis, but many share common annotations.
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- We can assume that clusters 2 (red) and 4-5 (light green) relates to the development rather
than aging, since their genes change most significantly between day0 and day7 and
involved in developmental pathways and processes.

- The genes involved in determination of adult lifespan are significantly over-represented in
two big clusters in NS results (6 aka blue, 7 aka lilac), whereas in dynamics profiles this
annotation is significant only in the smallest one (profile 8).

- Using hierarchical clustering of the smoothed scores we have not gained substantial
improvement in identification and/or isolation of relevant processes in different modules.

The functional module identification may likely be improved using the network topology
information for identification of modules and pathways. Unfortunately, we did not manage to
implement this kind of analysis in view of limited time resources. Besides, tools available for
automated and-semi-automated network-based annotations for gene sets of C. elegans are
limited, compared to those available for mammalian genome.
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3.5. Transcription regulation analysis

3.5.1. Integration of results of transcriptome analysis with Chip-seq data.

The last step of analysis was to integrate expression data with Chip-seq data. The aim of such
step is to determine which transcription factors (TF) are most likely to be responsible for the
observed age-dependent changes in transcriptome. Hence we were aimed to identify which
TFs can regulate each module from Network Smoothing and STEM analysis. The usage of
both groups of sets has been motivated by possibility to compare their performance and cross
validate results. Both methods may have their pros and cons for integrating with Chip-seq
data. A possible advantage of modules obtained with the NS method is that each module may
contain more functionally related genes, compared with modules obtained with STEM. Latter,
in turn, made of genes with similar expression dynamics, which may reflect regulation by set
of common transcription factors.

As a source of Chip-seq data modENCODE database was used. Unfortunately, only 91 TFs
have publicly available Chip-seq data on modENCODE resource (and few more in GEO
database), while the full catalog of transcription factors of C. elegans wTF2.2*" contains 924
transcription factor genes. Furthermore, among these 924 transcription factors 318 were found
differentially expressed in PolyA dataset, and from those 318 only 35 has Chip-seq data on
modENCODE website. However, despite limited amount of Chip-seq data, we decided to
proceed with the conceived analysis to see if the approach works in principle.

Using TF-caller R-package we called targets (see chapter 2.7.1 in Methods for details) for all
194 TF experiments (91 TF, some of them measured in different conditions) available in
modENCODE. In results, a matrix with rows corresponding to all genes in C. elegans genome
(about 46000), and columns corresponding to all TF experiments from modENCODE (194
entries) was generated. Each cell of this matrix contains a score that reflects affinity of a given
TF to a given gene.

Using this table the variant of the gene set enrichment analysis has been applied (see chapter
2.7.2. in Methods for details) to score all 194 TF experiments with each gene set from short
time-series clustering and NS clustering. At the end, for each gene set we selected 10 TFs that
received top enrichment scores. Consequently, for each gene set we got list of transcription
factors that are most likely regulators of a given gene set (see supplementary file
TF scoring.xls). Apparently all gene sets have almost identical list of putative top-10 TFs
regulators, according to the results of our prediction, regardless differences between gene sets
or the method they were derived with. The common transcription factors for all gene sets are
following: NHR-12, NHR-237, ZTF-11, DAF-12 and SKN-1; HPL-2 and MML-1 are
common for most gene sets; TLP-1 is in results for three sets; and only PQM-1 is in results
for one. Consequently, we were not able to elucidate specific transcription factor regulators
for the functional gene sets. However, the obtained list of TFs is not random, since all TFs
from the list are known to play important role in aging and the list cannot be reproduced using

37 http://www.wormbook.org/chapters/www_transcriptionalregulation.2/Table 1 Ce TF list.xls
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any random gene sets for TF scoring. Thus found Tfs are of importance for aging process and
their functions will be described briefly below.

3.5.2. Functional analysis of putative regulators

One transcription factor that was on the top of a rank for the majority of gene sets is NHR-12.
This is a gene from the nuclear hormone receptor family, from which several members has
been shown to modulate the aging process (7, for example) and has been documented in
GenAge database®®. Another nuclear hormone receptor from the list of top-scored TFs is
NHR-237, together with NHR-12 they are likely to be endogenous ligands of DAF-12,
which, in turn, is also in our list. A DAF-12 is a nuclear hormone receptor and well-
established regulator of C.elegans development and lifespan’®.

Another transcription factor ZTF-11 is an ortholog of human MTF-1. Over-expression of
metal-responsive transcription factor (MTF-1) in Drosophila melanogaster has been shown to
ameliorate life-span reductions associated with oxidative stress and metal toxicity’ .

The transcription regulator SKN-1 is an Nrf protein ortholog that important for oxidative
stress resistance and acts in multiple longevity pathways. For instance, SKN-1 is a
downstream target of longevity regulation by TOR Signaling and Rapamycin. The recent
observations show that SKN-1 is also involved in regulation of extracellular matrix genes and
the resulting collagen expression profiles that change as the organism ages™. Under non-
stressed conditions SKN-1 is known to up-regulates numerous genes involved in
detoxification etc., and down-regulates a set of genes that reduce stress resistance and
lifespan’.

Both HPL-2 and MML-1, which are among top 10 TFs of most gene sets, are required for
normal aging of Caenorhabditis elegans. HPL-2 acts through modulation of daf-2 and TGF-b
signaling pathways and links developmental plasticity, longevity and lipid metabolism®.
MML-1 1is a transcription factor of the myc family, this factor integrates diverse signals of
metabolic status to coordinate overlapping metabolic and cyto-protective transcriptional
programs that determine the progression of aging®'.

TLP-1, which is relevant to three gene sets, is a cell fate determinant that responds to Wnt
signals and controls male tail tip morphogenesis in C. elegans. Notably, it has not been clearly
associated with aging so far. The last candidate TF - PQM-1 - was in the list of top regulators
only for the one particular gene set — dynamics profile number 8, although this profile was
annotated with functions highly relevant to aging. PQM-1 was shown to cooperate with
DAF16 in longevity pathways*?..

38 hitp://genomics.senescence.info/genes/search.php?organism=Caenorhabditis +elegans&show=5
39 http://sage.buckinstitute.org/interview-with-dr-keith-blackwell-intra-and-extra-cellular-mechanisms-that-slow-
aging/
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4. DISCUSSION AND CONCLUSIONS

4.1. RNA-seq and differential expression analysis.

4.1.1. RNA-seq analysis

The raw input data was shown to be of a high quality (figure S1), consequently results of
alignment to the genome were decent. One result of the alignment of Ribo-minus data, which
is of particular interest, is that the average alignment rate decreases from day 0 to day2l
(figure 3.1), which may be attributed to the increasing rate of mutations as a consequence of
organismal senescence.

Analyzing read counting we can see that the average of normalized counts is approximately
two times higher for the polyA than for the ribo-minus data. Together with the fact that
number of features (genes) with non-zero values in at least one day is higher for the ribo-
minus data we can conclude that the signal-to-noise ratio is higher for the poly-A data. This is
in a consensus with previous comprehensive studies that showed ribo-minus protocol has an
advantage in terms of the diversity of types of RNA molecules that can be studied but has
slightly lower signal-to-noise ratio, compared with polyA protocol™®.

Another visible feature in the data is that reads from day 0 make a very distinct group apart
from the rest of the samples for both datasets (figure 3.2). That is well in an agreement with
the study of small non-coding mRNA in C. elegans™ as well as with the common trend in
gene expression during ontogenesis observed across different species®. According to the
number of studies the changes that occurred before the post-reproductive period related to the
development and not to the aging process®*. Thus, the observation from the early stage of data
analysis allows to assume that part of changes that occurred between day 0 and day 7 may not
be related to the aging process. Later in analysis we obtained results that supports given
hypothesis.

We should also briefly discuss the overlap of samples from day 14 and day 21 on the PCA
plot (figure 3.2). It is not a good sign, generally, but we should point out that the population of
animals shows an overlap of phenotypes between these ages. Besides, there is still tendency
that samples from day 7, dayl4 and 21 are separated. All together this overlap likely should
not be attributed to a mistake in experiment procedures or to a low quality of samples.

4.1.2. Differential expression analysis

The issue of appropriate method and its parameters that ensure meaningful set of
differentially expressed (DE) genes is especially complicated in aging studies. In view of
discrete nature of RNAseq data and low number of replicates, we used DEseq2 and pair-wise
comparisons for identification of DE genes. With stringent criteria that imply significance in
all pair-wise comparison gene sets of size 284 and 282 have been inferred from ribo-minus
and polyA data, respectively (table 3.5). These gene sets has relatively small overlap in 59
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genes, and just one gene is left, if criteria of the absolute value of logarithmic fold change
ILFC|>1 is applied.

In contrast with that, sets of genes significantly differentially expressed (including |[LFC|>1
criteria) in at least one comparison contain 8034 and 6740 genes for the polyA and ribo-minus
data respectively. An intersection in 5716 genes marks huge overlap and consistence between
them. Besides, there is substantial overlap with the sets of age related genes of C. elegans
from other studies (Table 3.7). The question remains, however, what proportion of these
genes can be attributed to aging and what to the growth and development. Indeed, roughly the
half of these genes is differentially expressed only between day0 and day7, whereas aging is
thought to start after the reproductive period, which ends after day 7 in our worm culture.

We also checked the composition of the comprehensive sets of DE genes, described above.
The results showed that distribution of genes belonging to certain gene type is in agreement
with the methods that were used for RNA library preparation™®. In particular, in both datasets
vast majority of molecules are transcripts from protein-coding genes and on contrary very
small amount is small-RNA molecules. Also there is slightly higher proportion of long non
protein coding RNA detected with Ribo-minus protocol.

Another important observation is that the number of genes significantly differentially
expressed between dayl4 and day21 is much less than between any other days. Also sets of
genes DE in the dayl4-day2l comparison are less concordant with results of all other
comparisons both between and inside datasets (polyA and Ribo-minus), meaning that aging
results in disorganization of gene expression. Nevertheless, these heterogeneous dayl4-day21
gene sets are highly enriched in age-related genes and share many annotations. In other
words, the results show that aging involves disorganization of gene expression, but some
processes are more prone than others.

The given results are in trend with modern theories that try to explain why do organisms
deteriorate with age. According to De Magalhaes®, such theories can be divided into two
categories: damage-based theories and programmed theories®*. The first group explains aging
as a continuous process of DNA damage accumulating inside cells due to the environment,
inefficiency of internal repair systems or as a by-product of normal cellular processes.
Programmed theories, on the other hand, consider aging a consequence of genetically
regulated processes. In general, though, the theories tend to overlap, and most scientists
recognize that genetic regulation cannot be completely separated from DNA damage
accumulation and vice versa. Such a view implies that occurring drift in expression has
somewhat consistent pattern on the level of processes and pathways, but imposes doubts
regarding existence of universal aging signature that would comprise only a few genes. The
given conclusion points on the plausible advantages of using the methods that allow mining of
whole dataset on presence of any underlying patterns, rather than focusing on particular gene
sets from the start.
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4.2. Retrieving and annotation of gene sets

To better understand what functions and pathways are affected during aging we were aimed to
infer functional groups of genes that may represent discrete modules of age-related changes of
transcriptome of C. elegans. Genes from such groups may be then scrutinized for common
functionality and existence of particular regulatory molecules that may cause their
coordinated changes. We used two alternative approaches to obtain such groups:

- The STEM software was used to sort genes in groups with similar expression dynamics.

- Integration of the expression with the interactome data and subsequent smoothing of signal
over the network was used to infer groups of functionally related genes.

The motivation for using two different methods was the possibility to cross-validate results
and to compare the performance of each of two methods.

In order to annotate gene sets the DAVID online tool was chosen at first, but this tool was
found to use significantly outdated GO databases. Thus, while DAVID has been applied for
pathway and molecular domain annotation, an alternative tool — topGO - was used for GO
annotation.

4.2.1. Dynamics analysis

Using STEM to mine normalized expression data from the polyA dataset, several significant
dynamic profiles were identified. These profiles have received a number of important age-
related annotations. Below is the summary of the annotation results with short comments
concerning the aging context.

- Many genes that undergo most significant changes in expression during the first 7 days of
lifehistory of C. elegans are related to the developmental or reproduction processes. For
instance, profiles 4, 6 and especially 1 and 7, have several development-reproduction oriented
annotations. However, some genes from these profiles are also implicated in aging.

- Genes related to immune response are over-represented in several profiles with decreasing
dynamics and, quite surprisingly, in one profile that shows constant increase in gene
expression. In this case, genes with decreasing expression may reflect a decline in immune
function, while genes with increasing expression may represent low-grade systemic
inflammation that usually appears with age.

- Profiles 3, 4, 6 represent fast increase in gene activity in the first seven days, with different
dynamics later on. They are highly enriched in genes that encode domains with protein
binding function, specifically the F-box domain. Generally, F-box proteins are required for
protein-protein interactions and are substrate recognition subunits of ubiquitin ligase
complexes which mediate the timely proteolysis of important eukaryotic regulatory proteins™.
More specifically, F-box proteins are known to control apoptosis in Caenorhabditis elegans
and involved in triggering aging in Yeast®'.
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- Profiles that have substantial increase from day 7 up to the last measurement — profiles 3 and
5 - are enriched in genes related to signal transduction that involves cilium. The possible
explanation is that with age the connections and the cross-talk in and between cells is
weakening, therefore an increase in the activity of the genes involved in such processes might
be expected as a compensation mechanism™.

- Generally, annotations received by profiles with increasing expression are less significant
compared with annotations of profiles with decreasing expression, and this becomes even
more pronounced if only dynamics after day7 are considered. This observation is in line with
the fact that in mammals the genes that down-regulated in aging are more conserved than the
up-regulated ones®. There is, however, no clear explanation for this phenomenon so far.

- Profile 2 and 3 are significantly enriched in genes with domains of unknown function,
namely DUF19 and profile DUF38. Proteins with these domains may play an important role
in the aging process.

4.2.2. Network smoothing, comparison with STEM analysis.

The first important step of network analysis was to define the optimal number of propagation
for the Network Smoothing algorithm. It is not a trivial task since for each combination of the
expression data and particular protein/gene interaction network a unique dynamics of signal
smoothing can be expected. Therefore the optimal number of propagations should be inferred
experimentally, by the analysis of dependencies between the number of iterations and the
signal propagation behavior. Using as an input p-values from DE analysis of both polyA and
Ribo-minus datasets we were able to show that in our case the optimal number of iterations of
the smoothing algorithm was 10 (table 3.9). Using the given parameter value the overlap
between results of two datasets is maximized, while their overlap with the result of smoothing
of random dataset is minimized. Other conclusions that were drawn are: (1) the polyA dataset
is more appropriate for further analysis; (2) smoothing with more than 20-25 iterations is
likely meaningless for the given network and datasets.

After smoothing of the adjusted p-values DE data from PolyA with the optimal parameters we
clustered the smoothed scores with hierarchical clustering. Then clusters with high average
scores have been extracted and annotated using the same approach that was used for
annotation of STEM dynamics profiles. Results show that smoothing improved the
identification of genes directly related to the lifespan determination. In fact, genes involved in
determination of adult lifespan are significantly over-represented in two big clusters in the
results of clustering of smoothed-scores, whereas in dynamics profiles this annotation is
significant only in the smallest profile. The results may indicate that the NS actually allows
identification of additional genes that cannot be inferred directly from expression data but are
relevant to the studied processes.

Beside recognition of additional members of functional modules, an additional motivation for
using the NS algorithm was to improve the identification of age-related processes and

40 https://rucore.libraries.rutgers.edu/rutgers-lib/25051/
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pathways. In practice, we were able to identify a couple of additional annotations relevant to
aging, such as gap junctions, glycolysis and cytochrome p450, involved in metabolism of
xenobiotics. However, most annotations for gene sets from NS and from STEM analysis
appeared to be common, having comparable significance and therefore are not discussed
herein. The failure to gain a substantial improvement in isolation of relevant processes may be
due to the imperfect method we used for module retrieving, namely clustering of smoothed
scores using Euclidean distances. Using this approach we group genes that characterized by
similar distribution of smoothed scores in different pair-wise comparisons. Thus we use
derivatives of gene expression dynamics for clustering, but we do not take into account the
network topology. We may assume, that the identification of functional modules and pathways
with NS algorithm could be improved using the network topology information. Unfortunately,
to date tools available for automated and-semi-automated network-based annotations for gene
sets of C. elegans are limited, compared to those available for mammalian genomes.

At the end, both the short time-series clustering and clustering of NS results may have their
own strengths in terms of retrieving functional gene modules for elucidation of processes and
functions compromised by aging. Short time-series clustering provides modules of genes with
similar expression dynamics, which may reflect regulation by a set of common regulation
factors. Actually smoothed scores also have some information about dynamics: we may judge
how strongly genes can be differentially expressed between certain days. Indeed, comparison
of the results of two methods showed that clusters from smoothing that have significant
overlap or similar annotations with dynamics profiles also reflect their dynamics.
Nevertheless, smoothed scores do not show direction of changes and as a consequence, we
may have genes with opposite dynamics in a cluster obtained from NS results. To summarize,
an advantage of the NS method for identification of functional gene sets is that it exploits
interactome information, but to make full use of this advantage additional network-based
methods may need to be applied.

4.3. Prediction of plausible TF regulators

The final task was to determine which transcription factors (TFs) are most likely to cause the
observed age-dependent changes in transcription. To answer this question we integrated
expression data (or its derivatives) with Chip-seq data for transcription factors available on
modENCODE website. We used modules, or gene sets, from both smoothed scores clustering
and dynamics mining to compare their performance and cross validate results. Both methods
may have their pros and cons for integrating with Chip-seq data. A possible advantage of
modules obtained with the NS method is that each module may be more functionally
homogeneous, compared with modules from dynamics mining. Modules obtained with
STEM, in turn, consist of genes with similar changes in expression, which may reflect
regulation by a set of common transcription factors.

Using a variant of the gene set enrichment analysis we scored 91 transcription factors (some
of them in several conditions) with each gene set. Then for each gene set we selected the 10
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TFs that received top scores, meaning they are most enriched in a given gene set, and
analyzed them. We found that the top-scored TFs for each gene set are highly relevant to
aging, regardless of whether these gene sets were obtained using NS or STEM results. To
confirm the reliability of the results we ran algorithm on random gene sets and showed a lack
of any such regularities.

On the contrary, we haven't found any significant differences between the lists of top-scored
TFs that were obtained for each gene set. Hence it is not possible to figure out any TF
regulators specific for certain modules, using the given data and method. It implies also that
we obtained identical lists of candidate TFs for the gene sets with opposite expression
dynamics. There is a possibility that such results are a consequence of insufficient amounts of
Chip-seq data. Unfortunately, the number of Chip-seq experiments provided for public usage
by the modENCODE project is limited and comprises only 1/10th of the full set of
transcription factors of C. elegans. Moreover, the majority of Chip-seq experiments were
performed in different stages of embryonic or larval development and no experiments were
made specifically for aging animal. However, it is likely that failure to distinguish specific
regulators was due to neglect of the complexity of transcription binding sites in our
prediction®™. This issue is to be addressed in a future work. We also cannot rule out
completely the possibility that the results reflect an actual absence of coordinated regulation
in the inspected gene sets.

Although we were not able to differentiate regulators for distinct age-related changes of the
transcriptome, we succeeded to obtain a list of general TFs that govern processes which are
systemically compromised during aging. For instance, three of top-scored transcription factors
are members of insulin signaling pathway which is a classic regulatory pathway of longevity.
Thus given TFs can be used as priority targets for developing interventions to ameliorate age-
induced changes. Moreover, obtained findings are of relevance for anti-aging studies in
human, since all found transcription factors have homologues in Homo sapiens.
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CONCLUSIONS

- Results of the conducted analysis corroborate that the PolyA protocol for RNA library
preparation results in higher signal-to-noise ratio of transcripts detection, compared with
the Ribo-minus protocol.

- The structure of the sequencing data, observed dynamics of gene expression and annotations
of perturbed genes altogether promote the union of two theories of aging, namely, theory
of the DNA damage accumulation and theory of programmed aging.

- Analysis of expression dynamics using the short time-series clustering allowed to describe
distinct modules of changes that occur in the transcriptome of C.elegans during aging. The
results propose improved identification of relevant processes and an insight in a temporal
arrangement of the changes, compared with the results of differential expression analysis.

- Results of clustering of smoothed scores are consistent with the results of time-series
clustering and suggest that the Network Smoothing algorithm may assist in elucidation of
functions that are perturbed during aging.

- Integration of Chip-seq data with results of time-series clustering or network smoothing
results in highlighting of transcription factors relevant to aging of C.elegans. However,
discrimination of transcription factors specific for each gene set was not achieved.
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Figure S1. Quality of reads (left) and nucleotide distribution (right) in the sample 1 from the
day0 from the Ribo-minus data A) before and B) after trimming.
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Figure S2. Heatmap of the results of hierarhical clustering of smoothed scores from A) Ribo-
minus dataset B) random scores; rows represent genes, columns represent pair-wise comparisons,
the brighter red color represent the higher smoothed score.
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Table S1. Summary of normalized counts for all samples for A) polyA; B) ribo-minus dataset
Total number of features =46748

A) dayl 1 | dayl 2 | dayl 3 | day7_1 | day7 2 | day7 3 | dayl4 1 | dayl4 2 | dayl4 3 | day2l 1 | day2l 2 day21 3
Min. 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.00 0.00 0.00 0.00
Ist Qu. 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.00 0.00 0.00 0.00
Median 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.00 0.00 0.00 0.00
Mean 804.6 793.5 801.7 773.4 704.7 695.7 690.4 666.6 651.84 656.86 651.53 609.24
3rd Qu. 524 65.2 67.4 36.5 443 435 40.7 482 48.79 46.32 43.05 51.72
Max. 932068 | 857704 | 862229 | 678822 | 639651 | 677317 | 332441 412634 279279 314780 298700 257950
B) dayl 1 dayl 2 dayl 3 day7 1 | day7 2 | day7 3 | dayl4 1 | dayl4 2 | dayl4 3 | day21 1 | day2l 2 | day2l 3
Min. 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Ist Qu. 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Median 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.9 1.2 1.1 0.8
Mean 377.9 385.7 398.2 3433 365.1 369.4 352.9 341.0 336.4 3422 344.8 3203
3rd Qu. 212 23.0 22.6 18.1 15.7 15.5 23.1 213 21.8 23.6 252 24.6
Max. 1005364 | 1092008 | 1302506 | 700933 | 735126 | 866618 | 1427789 | 1141051 | 1072264 | 1339525 | 1384480 | 1038269

Table S2. Annotations of the genes differentially expressed between dayl4 and day21 in

polyA and Ribo-minus datasets.

14-21

poly !

"BP Term weight01"
"G0:0045087 innate immune response 2.10E-12"
"G0:0055114 oxidation-reduction process 1.20E-08"
"G0:0050830 defense response to Gram-positive bacter... 3.40E-06"
"G0:0006826 iron ion transport 1.70E-04"
"G0:0043057 backward locomotion 4.60E-04"
"G0:0006636 unsaturated fatty acid biosynthetic proc... 1.04E-03"
"G0:0006629 lipid metabolic process 1.31E-03"
"G0:0040032 post-embryonic body morphogenesis 1.38E-03"
"G0:0002376 immune system process 1.53E-03"
"G0:0040018 positive regulation of multicellular org... 2.43E-03"
"CC "

"G0O:0005764 lysosome 5.10E-06"
"G0:0005615 extracellular space 2.10E-05"
"G0:0005576 extracellular region 8.30E-05"
"G0:0045121 membrane raft 2.00E-04"
"NIF "

"G0:0004497 monooxygenase activity 4.60E-05"
"G0:0016705 oxidoreductase activity, acting on paire... 1.00E-04"
"G0:0005506 iron ion binding 4.60E-04"
"G0:0004768 stearoyl-CoA 9-desaturase activity 5.10E-04"
"Domains "

"INTERPRO IPR0O12885:F-box associated type 2 6.52E-07"
"INTERPRO IPR0O13128:Peptidase C1A, papain 1.11E-03"
"INTERPRO IPR002035:von Willebrand factor, type A 1.21E-02"
"Ribo "

"BP "

"G0:0045087 innate immune response 5.40E-06"
"G0:0050830 defense response to Gram-positive bacter... 1.20E-04"
"G0:0050829 defense response to Gram-negative bacter... 3.60E-04"
"G0:0006030 chitin metabolic process 7.30E-04"
"G0:0006508 proteolysis 8.00E-04"
"G0:0030703 eggshell formation 1.39E-03"
"G0:0042401 cellular biogenic amine biosynthetic pro... 2.11E-03"
"G0:0006569 tryptophan catabolic process 2.11E-03"
"G0:0000281 mitotic cytokinesis 2.73E-03"
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"G0:0051315 attachment of spindle microtubules to ki... 4.02E-03"
"CC "

"G0:0043186 P granule 4.80E-10"
"G0:0045121 membrane raft 1.30E-05"
"G0O:0005764 lysosome 2.20E-05"
"G0:0005576 extracellular region 1.90E-04"
"NIF "

"G0:0042626 ATPase activity, coupled to transmembran... 2.00E-06"
"G0O:0050660 flavin adenine dinucleotide binding 1.40E-04"
"G0:0008483 transaminase activity 2.90E-04"
"G0:0003997 acyl-CoA oxidase activity 3.70E-04"
"Domains "

"INTERPRO IPR002035:von Willebrand factor, type A 1.27E-04"
"INTERPRO IPR001969:Peptidase aspartic, active site 2.60E-04"
"INTERPRO IPR009673:Protein of unknown function DUF1261 1.67E-03"

Table S3. Annotations of the comprehensive set of 896 genes differentially expressed in
polyA and Ribo-minus datasets.

Biological processes Term weight
GO:0055114 oxidation-reduction process 3.80E-06
G0:0006508 proteolysis 1.10E-05
G0:0006096 glycolytic process 2.20E-05
G0:0050830 defense response to Gram-positive bacter... 4.10E-05
G0:0045087 innate immune response 8.80E-05
GO0:0015991 ATP hydrolysis coupled proton transport 1.00E-04
G0:0006544 glycine metabolic process 1.10E-04
G0:0006633 fatty acid biosynthetic process 1.70E-04
GO:0015718 monocarboxylic acid transport 4.80E-04
G0:0002376 immune system process 5.40E-04
Cellular components
G0:0045121 membrane raft 7.30E-08
G0:0005615 extracellular space 4.80E-05
G0:0030016 myofibril 2.70E-04
Molecular functions
G0:0030170 pyridoxal phosphate binding 3.20E-05
G0:0005201 extracellular matrix structural constitu... 3.50E-05
G0:0008236 serine-type peptidase activity 4.00E-05
G0:0005509 calcium ion binding 5.60E-05
Protein domains Benjamini correc-
ted p-values
INTERPRO IPR002035:von Willebrand factor, type A 4.60E-05
INTERPRO IPR000742:EGF-like, type 3 5.29E-04
INTERPRO IPR0O13816:ATP-grasp fold, subdomain 2 5.49E-04
INTERPRO IPRO15421:Pyridoxal phosphate-dependent 4.45E-03
transferase...
INTERPRO IPR008758:Peptidase S28 9.01E-03
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