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Learning and memory, fundamental neuronal processes, are found in various species. 

Memory consolidation is essential to transform short-term memory into a long-lasting 

form. However, whether mechanisms underlying memory consolidation are shared across 

distant taxonomy groups remains controversial. Here, meta-analysis, using publicly 

available RNA Sequencing data, was conducted to identify the similarity or differences of 

mechanisms underlying memory consolidation across five classes of animals. I clustered 

3091 orthologous gene groups across classes; among them I identified shared learning 

mechanisms across multiple classes related to cell cycling control, cell signalling, 

transcription and translation regulations and general cellular processes. I also found some 

targets for specific learning conditions in this study. This is the first study employing both 

meta-analysis and comparative transcriptomic analysis of gene expression in memory 

consolidation across distant species, helping to frame a structure and a database for further 

analysis. 
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1 Introduction and Background 

Learning and memory are key aspects of cognitive function and mechanisms underlying these 

processes are an important field of inquiry in neuroscience research. Learning and memory 

formation allows organisms to respond to environmental change in order to survive. These two 

fundamental processes are found in almost all animal species, but little is known about similarities 

and differences of learning and memory mechanisms across distant taxonomic groups. To address 

this question, I conducted a comparative meta-transcriptome study that first established 

orthologous relationships of genes (transcripts) among taxonomic groups. Expression levels of 

these orthologous transcripts were then compared between learning conditions and control. This 

analysis allowed us to obtain mechanisms associated with learning and memory across 

phylogenetically diverse vertebrate and invertebrate animals. This is the first study employing both 

meta-analysis and cross-species comparative analysis of brain gene expression pattern in learning 

and memory. The process established here can be used to analyze publicly available datasets to 

analyze the evolution of complex biological processes between distantly related organisms and 

reconstruct putative evolutionary trajectories.  

1.1 The evolution and mechanisms in memory  

1.1.1 Learning and memory-related studies from an evolutionary perspective  

In this thesis, I compared learning and memory processes between distant taxonomic groups. This 

analysis provided me with insights into the similarities and differences in these mechanisms and 

allowed me draw inferences about the evolution of learning and memory processes in animals. The 

core theory of this comparison is the general-process view, which assumes that learning processes 
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are basically the same in all animals that exhibit some form of learning. It has been pointed out 

that across all vertebrates, learning can be explained by the general processes of associative 

learning (Macphail, 1987; MAGPHAIL & Bolhuis, 2001). The existing ability to learn was 

attributed to associative learning in the extant representatives of the Metazoan groups, in particular 

in Nephrozoa which appeared during the Cambrian explosion (Ginsburg & Jablonka, 2010). The 

learning mechanisms of some descendants in this group have been studied (Figure 1) , including 

Mammalia, Amphibia and Actinopteri from Chordata, Insecta from Arthropoda, and Chromadorea 

from Nematoda.  

 

Figure 1 Learning (associative learning) in the evolution of animals. The phylogenetic tree shows the lineage 
relationship among some species and different levels of categories (Ginsburg & Jablonka, 2010). The 
emergence of associative learning also as the beginning of the Cambrian explosion is marked with the thick strip. 
Some important taxonomy classifications in revealing the history of learning evolution are annotated with the 
angled font. The classes, as the most focused classification level in this study, are highlighted with blue, and the 
second main level- subphylum, includes vertebrate (groups in the gray box) and invertebrate (groups in the white 
box). The species, also interested in this study, were bolded with common names in parentheses. 

Recently, researchers have analyzed transcriptional changes in the brain in response to a diversity 

of learning activities. In mammals, different learning tasks affecting brain plasticity share common 

mechanisms (Torrealba, Madrid, Contreras, & Gómez, 2017). However, it is unclear whether most 

processes involved in learning are shared across a broader taxonomy range.  
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1.1.2 Memory formation and consolidation 

The identification of mechanisms responsible for long-term memory formation and consolidation 

has been a challenging goal of neuroscience for a long time. From the synaptic plasticity and 

memory theory, memory is the change of the strength of neural connections as postaqusition of 

the environment knowledge (Martin, Grimwood, & Morris, 2000). A widely recognized general 

process was learned information acquisition, comprised of short-term memory (STM), long-term 

memory (LTM) formation (or memory consolidation), memory recall, and reconsolidation (Stern 

& Alberini, 2013). STM and LTM were defined by the duration of the memory: STM, the 

ephemeral memory lasting a few seconds or minutes; and LTM, the enduring memory lasting hours 

or days. STM and LTM are separate, but related mechanisms. STM is stored as a short-term firing 

pattern in neurons; when the firing pattern vanishes, the memory will not exist (Sweatt, 2010). The 

formation of LTM starts from the transformation of STM to a stable form (Davis & Squire, 1984), 

also regarded as the memory consolidation, and requires some repetitions.  

From the perspective of experimental operation, repetition requires spaced multiple time stimulus 

(E. R. Kandel, 2001). During this transformation period, some processes result in changes in 

response to the specific stimulus using the well-formed memory system (Labar & Cabeza, 2006; 

Nadel & Hardt, 2011) in the brain (Figure 2). LTM requires relatively more complex molecular 

and cellular mechanisms than STM. Memory consolidation is also time dependent. During this 

consolidation period, memory trace is formed in the brain, building synaptic connections within 

a set of neurons (Gallistel & Matzel, 2013). Neuroprotection is important to maintain the memory 

by protecting the neuron networks. Neuroprotection has been targeted for the treatment of 

neurodegenerative disorder diseases because the destruction of neuron networks makes the 

storage of new memories impossible (Jahn, 2013). Other processes that occur in this memory 
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transformation time include: 1) changes linked to certain cell signalling pathways, 2) changes at 

transcription and translation levels, and 3) changes responsible for structural changes in the brain, 

such as the quantitative and structural changes of dendritic spines.  

 

Figure 2 A model of memory systems of relationships among brain regions in vertebrates. This frame is based 
on the frames from Labar and Cabeza (2006); Nadel and Hardt (2011). Brain regions (in boxes) as well as some 
target functions interested in this study (annotated around the region). The direct and indirect connections are shown 
with solid and dashed arrows, respectively. 

The changes of signalling pathway function as an upstream regulation in response to 

neurotransmitters, such as glutamate, can impact the synaptic plasticity and memory function. How 

transcription and translation impact memory consolidation correlates with de novo gene expression 

(Abel, Martin, Bartsch, & Kandel, 1998) and de novo protein synthesis (Davis & Squire, 1984). 

The involvement of de novo gene expression is supported by observations of blocked LTM due to 

inhibitors that function in transcription. In activated synapses, previous studies have found 

processes of protein synthesis, including α subunit of calcium/calmodulin dependent protein kinase 
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II (α-CaMKII), Activity-regulated cytoskeleton-associated protein (Arc), and fragile X mental 

retardation protein (FMRP) (Weiler et al., 1997; Y. Yin, Edelman, & Vanderklish, 2002). An 

example of regulation to structural changes is cAMP response element (CRE)-binding protein 

(CREB) and its related signalling pathway (Silva, Kogan, Frankland, & Kida, 1998; Xia et al., 

2009), first defined in Aplysia (Kaang, Kandel, & Grant, 1993). CREB has been shown to affect 

the formation of LTM across distinct species including flies (Perazzona, 2004; Sakai, Tamura, 

Kitamoto, & Kidokoro, 2004; J. C. P. Yin et al., 1994), and mice (Bourtchuladze et al., 1994; 

Pandey, Mittal, & Silva, 2000). After the activation of the cAMP-dependent protein kinase and 

the Ras-MEK-ERK/MAPK cascade, the CREB-mediated transcription results in structural changes 

of activated neurons (Barco & Marie, 2011; Levenson, 2004).  

1.2 Strategies in comparative analysis across distant species 

1.2.1 A meta-analysis of comparative transcriptomic data 

In recent decades, the development of RNA sequencing (RNA-Seq) techniques has provided 

efficient methods to analyze whole transcriptomes, allowing for a full detection of the 

transcriptomic response of organisms under various conditions. Numerous studies have applied 

these high-throughput techniques to characterize associated learning mechanisms, while 

comparing the transcriptomic profiles from stimulated and naïve animals’ responses to single 

learning paradigms for specific species, such as mouse (Bero et al., 2014; Chen et al., 2017; Rao-

Ruiz et al., 2019), rat (Pardo et al., 2017; Willeman et al., 2018), toad (Lewis, Laberge, & Heyland, 

2020), swordtail fish (Cui, Delclos, Schumer, & Rosenthal, 2017), zebrafish (Huang, Butler, & 

Lubin, 2019), honey bee (McNeill, Kapheim, Brockmann, McGill, & Robinson, 2016), fruit fly 

(Crocker, Guan, Murphy, & Murthy, 2016; Jones, Nixon, Chubak, & Kramer, 2018; Widmer, 
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Bilican, Bruggmann, & Sprecher, 2018), and roundworm (Camacho et al., 2018). Another study 

used transcriptome profiling data to make comparisons across species in order to explore the 

variations in sensory and cognitive specializations, such as the facial recognition of a unique 

species in paper wasps (Berens, Tibbetts, & Toth, 2017). To reveal characterizations of the 

evolution of mechanisms, recent studies have also applied wide cross-species RNA-Seq 

comparisons to discover conserved features, such as the shared mechanisms associated with 

monogamy across vertebrates (Young et al., 2019), and the conserved role for Ferroportins in 

nickel hyperaccumulation across five genera in plants (De La Torre et al., 2018).  

The integration of meta-analysis and comparative transcriptome analysis has been applied in some 

studies to make full utilization of previous data in public repositories. A meta-transcriptomic data 

analysis of rice identified genes conferring tolerance to environmental stresses (Buti et al., 2019). 

Similarly, a recent plant study integrated cross-species meta-analysis and machine-learning to 

identify microalgae targeted pathways that respond to salt stress (Panahi, Frahadian, Dums, & 

Hejazi, 2019). However, to our knowledge, no cross-species comparative transcriptome studies 

have investigated the presence of conserved mechanisms associated with learning and memory 

across multiple distant species. In this study, I developed a wide cross-species meta-analysis of 

learning and memory with a bioinformatics pipeline. This investigation may have applications in 

revealing the evolutionary patterns of learning and memory for achieving a better understanding 

of brain activities.  

1.2.2 Orthologous gene group searching and Gene expression analyzing  

Until recently, comparative biology relied solely on morphological characters; but now, functional 

information of mRNA sequences is widely used in comparisons across species. While there is a 

significant similarity (>70%) between invertebrate and vertebrate genomes (Prachumwat & Li, 
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2008), it is not wise to directly compare sequence similarity and ignore function variations across 

species. However, interpretation of sequences from evolutionary and functional perspectives has 

seen great progress, primarily due to annotation advances in global genome sequence databases 

from a diverse range of organisms. 

Based on the distinct evolutionary processes, Walter Fitch, in the 1970s, defined orthologs and 

paralogs from homologs (Fitch, 1970). Orthologs are clusters of homologous genes across species 

related through speciation of a single gene in the last common ancestor, whereas, paralogs are 

clusters of homologous genes across species related through gene duplication but have unique 

functions. Although the clustering of orthologous gene groups (OGGs) is based on the sequence 

similarity, the translated protein sequences representing the function of genes are used to inform 

the alignment (Li Li, Stoeckert, & Roos, 2003). The initial goal of clustering OGGs was to 

investigate the forces and mechanisms of the evolutionary process and to group functionally 

equivalent genes. It is beneficial to group unknown genes with known genes from other species, 

resulting in genes from non-model organisms that can then be compared to well-annotated model 

species. In summary, clustered OGGs is one of the most essential parts of cross-species 

comparative transcriptome analysis. In this thesis, the sets of differentially expressed genes across 

species were clustered by OGGs. 

The differential meta-analysis of RNA-Seq data is not straightforward because the method used to 

combine expression data from multiple studies can strongly impact the results of the meta-analysis. 

Two main strategies of analysis are 1) global differential analysis, in which raw data are jointly 

normalized across studies; and 2) combination of individual differential analyses, in which 

differential expression levels of every gene would be calculated in each dataset (or study) before 

being combined together. The global differential analysis assumes the per-gene dispersion is the 
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same across studies, while the combination method estimates the per-gene mean and dispersion 

separately for each study. Rau, Marot, and Jaffrézic (2014) compared several methods from these 

two strategies and demonstrated that when inter-study variability is low, the results are very close 

to those of a global GLM analysis with a study effect. When the inter-study variability is high, the 

combination of individual analyses tends to outperform the global analysis; however, the global 

method is still beneficial to conclude the general transcriptional patterns. This thesis examines 

results from both global differential analysis and from combining differential analysis from 

individual studies; however, other biological and technical effects across studies needed to be 

accounted for as well. In the present study, I first demonstrated that the global method on per-OGG 

expression data could be adapted to the differential meta-analysis of RNA-seq data and compared 

with the combined method on per-gene expression data.  

1.3 Contributions 

The main contributions of this thesis are: 1) development of a framework for comparing 

differentially expressed learning-related genes across distantly-related species; 2) design of a 

pipeline to standardize re-assembly of transcriptomes from raw data of published studies; 3) 

construction of a database with transcriptome data tagged with meta-data of study design features; 

4) analysis of orthologous gene groups and comparison of differential gene expression patterns; 

and 5) identification of shared mechanisms across classes related to memory consolidation and to 

memory-type specific pathways.  

Section 2 details how the meta-analysis was conducted. Section 3 presents the analysis results. 

Section 4 discusses the results within the context of learning mechanisms and learning-related 

pathways. Finally, Section 5 provides conclusions and directions for future work. 
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2 Methodology 

2.1 Datasets selection 

An internet search on PubMed (https://pubmed.ncbi.nlm.nih.gov/) was conducted in April of 2019 

using the keywords: “RNA Sequencing”, “learning (OR memory)” and “gene expression (OR 

transcriptome)”. A list of additional papers was provided by Vern Lewis and Dr. Andreas Heyland 

because of their expertise. Search results were filtered based on 1) access to raw data, and 2) study 

design. Papers without access to the raw data or with relatively complicated study design, or with 

distinct species object were discarded from further analysis. In total, 41 papers were identified, of 

which 22 provided access to the raw data. Of the remaining 22 papers, 2 had complicated study 

design and 2 focused on distinct species; the addition of one paper happened in September of 2019 

using the same keywords above on the RNA-Seq public repository- the Sequence Read Archive 

(Leinonen, Sugawara, Shumway, & International Nucleotide Sequence Database, 2011). The final 

list of datasets contained 15 datasets from 14 studies, including ten strains and 1-3 datasets per 

species (common name); the details of 14 studies are presented in Table 2.1. 
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Table 2.1 Summary of 14 used studies. 

Project  Paper title Type of memory Reference 

mouse_1 Early remodelling of the neocortex upon episodic memory encoding fear memory Bero et al. 
(2014) 

mouse_2 Mapping Gene Expression in Excitatory Neurons during Hippocampal 
Late-Phase Long-Term Potentiation 

hippocampal-dependent 
memory  

Chen et al. 
(2017) 

mouse_3 Engram-specific transcriptome profiling of contextual memory 
consolidation. 

fear memory Rao-Ruiz et 
al. (2019) 

rat_1 IGF-I Gene Therapy in Aging Rats Modulates Hippocampal Genes 
Relevant to Memory Function 

spatial memory Pardo et al. 
(2017) 

rat_2 The PKC-β selective inhibitor, Enzastaurin, impairs memory in middle-
aged rats 

spatial reference memory Willeman et 
al. (2018) 

toad Temporal profile of brain gene expression associated with learning in an 
anuran amphibian 

prey catching memory Lewis et al. 
(2020) 

swordtail Early social learning triggers neurogenomic expression changes in a 
swordtail fish 

the early experience of 
social exposure memory  

Cui et al. 
(2017) 

zebrafish Telencephalon transcriptome analysis of chronically stressed adult 
zebrafish 

stress experience memory Huang et al. 
(2019) 

wasp_1 Cognitive specialization for learning faces is associated with shifts in the 

brain transcriptome of a social wasp 

pattern & face memory Berens et al. 

(2017) 

wasp_2 Cognitive specialization for learning faces is associated with shifts in the 

brain transcriptome of a social wasp 

pattern & face memory Berens et al. 

(2017) 

bee Brain regions and molecular pathways responding to food reward type 

and value in honeybees 

reward quality memory McNeill et al. 

(2016) 

fly_1 Cell-Type-Specific Transcriptome Analysis in the Drosophila 

Mushroom Body Reveals Memory-Related Changes in Gene Expression 

aversive olfactory memory Crocker et al. 

(2016) 

fly_2 Regulators of Long-Term Memory Revealed by Mushroom Body-

Specific Gene Expression Profiling in Drosophila melanogaster 

appetitive olfactory 

memory 

Widmer et al. 

(2018) 

fly_3 Mushroom Body Specific Transcriptome Analysis Reveals Dynamic 

Regulation of Learning and Memory Genes After Acquisition of Long-
Term Courtship Memory in Drosophila 

courtship memory Jones et al. 

(2018) 

roundwor
m 

The Memory of Environmental Chemical Exposure in C. elegans Is 
Dependent on the Jumonji Demethylases jmjd-2 and jmjd-3/utx-1 

ancestor chemical 
exposure memory 

Camacho et 
al. (2018) 
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2.2 RNA-Seq data processing pipeline 

2.2.1 Set up processing environment and download experimental data  

Datasets containing multiple runs were downloaded from the Sequence Read Archive (Leinonen, 

Sugawara, et al., 2011) through a list of FTP links, obtained from the European Nucleotide 

Archive (Leinonen, Akhtar, et al., 2011), using the Aspera connect. The recommended pipeline 

(Figure 3) setup can be obtained from the GitHub repository (https://github.com/).  

 

Figure 3 The flowchart of RNA-Seq raw data analysis pipeline. The key software used in most step were listed 
(italic font in brackets) after the description of steps. 

2.2.2 De novo Transcriptome assembly  

Raw data and cleaned data quality checks were performed using the FastQC 

(http://www.bioinformatics.babraham.ac.uk/projects/fastqc) and MultiQC tool (Ewels, 
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Magnusson, Lundin, & Käller, 2016). RNA-Seq data quality control using Trim Galore! (v 0.6.4) 

included low-quality base calls (using default Phred score 20) trimming, adaptor auto-detection 

and trimming, and, the last step, short reads (sequences) filtering (the default minimum length cut-

off was 20 bp).  

To reduce the number of input files and decrease the computational complexity and processing 

time, data normalization was performed using Trinity (v2.8.6) separately from and before de novo 

assembly. The targeted maximum coverage for reads was 50, while the Kmer size and the 

maximum percent of the mean for the standard deviation of Kmer coverage across reads were both 

using the default value, 25 and 200, respectively. De novo assembly with Trinity (v2.2.0) was 

carried out in Galaxy (v2.9.1) (http://usegalaxy.org) using default parameter settings. Assemblies 

were assessed by basic contig N50 statistics, which specifies the length of the shortest contig that 

can cover 50% of the total genome length.   

2.2.3 Gene expression quantification 

Transcript mapping and quantifying back to the assembly were performed using the plugin in 

Trinity. RNA-seq by Expectation-Maximization (RSEM) (Grabherr et al., 2011) was used to 

estimate the contigs abundance in an alignment-based algorithm with corrections for transcript 

lengths. Briefly, RESM assumes that each sequence read and read length are observed (one end 

for single reads and both ends for paired reads) and are generated according to a directed acyclic 

graph that includes parent sequence, length, start position and orientation.  A Bayesian version of 

the expectation-maximization algorithm is used to obtain maximum likelihood estimates of the 

model parameters, transcript fractions and posterior mean estimates of abundances. The resulting 

gene expression matrices were then normalized to Transcripts Per Kilobase Million (TPM) to 

make them comparable across samples. The original TPM matrix generated from the Trinity 
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plugin included all gene names in each dataset. For each dataset, the expression matrix was 

transformed into a long format with gene names, sample names and TPM values.  

2.2.4 Orthologs searching and annotation 

For decreasing the complexity and processing time of computing, all 15 datasets were split into 5 

taxonomy groups by class - Mammalia (including mouse and rat), Amphibia (including toad), 

Actinopteri (including zebrafish and swordtail fish), Insecta (including honeybee, fruit fly and two 

species of paper wasp), and Chromadorea (including roundworm). Orthologs searching was 

performed at two levels- clustering intraclass and clustering interclass. The general process 

involved 1) in-parallel orthologs searching within each class; 2) filtering clustered genes from 

those OGGs that contained orthologous genes from all species in one class; 3) integrating filtered 

genes from 5 classes for interclass orthologs searching; and 4) filtering clustered genes from those 

OGGs that contained orthologous genes from all classes. 

TransDecoder (v 5.5.0) (Haas et al., 2013) was used to predict coding regions from transcripts, 

and consequently provided the amino acid sequences used in further analysis. Orthologous gene 

groups were clustered using OrthoMCL (S. Fischer et al., 2011). In this tool, all-versus-all Blast 

search with Opening Reading Frames provided the score of pairwise sequence similarity. Blast 

used the default setting except for E-value cut-off, which was different based on the diversity of 

species (or higher-level taxonomy groups). Then all matching pairs were filtered with “percent 

match length” (>= 50% left) and linked across or within the objects (species or class) for 

identifying the orthologs or in-paralogs pairs. Finally, the clustering of orthologs gene groups used 

Markov Clustering (MCL) algorithms.  

After the interclass orthologs searching and filtering, the cross-class OGGs were obtained, defined 

as cOGGs. I extracted all clustered Mammalia sequences for annotation. Annotation of Mammalia 
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proteins (using BlastP) and transcripts (using BlastX) were against the UniProt database obtained 

from Trinotate (v 3.2.1) (http://trinotate.github.io). The E-value cut-off for both were 10-3; BlastP 

only kept the most common target, while BlastX returned the top 5 hits; other parameters were set 

as defaults except for the parallel threads using the maximum cores. Protein sequences were also 

searched against a protein profile HMM database. Trinotate generated the final report. After 

annotation, only the most frequent gene symbol from BlastX and annotated with Gene Ontology 

(GO) terms in biological processes for each cOGG was selected as the representative annotation 

identifier. When duplicate identifiers occurred, the second most frequent gene symbol was applied 

to the cOGG with the most frequency of its second-most gene symbol. 

2.3 Meta-data differential expression analysis 

The master local database was constructed by the integration of annotation data, meta-data about 

source studies, and multiple expression matrices. I used both exploratory (Figure 4) and targeted 

ways to investigate the similarity or the difference of LTM induced mechanisms across datasets, 

species and taxonomy groups. 
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Figure 4 The flowchart of two exploratory differential expression analysis methods. Both methods started 
from the input of multiple expression matrixes from processed datasets and ended with the GO enrichment analysis 
(remarked with thick line). Global comparison integrated data before differential expression analysis (highlighted 
with dark gray), while segregated comparison performed differential expression analysis for each study before 
combination (highlighted with light gray). DEGs, differentially expressed genes.  

2.3.1 Exploratory differential expression analysis 

Two methods of differential expression analysis were used to find learning-related cOGGs, herein 

referred to as the global and combined methods. 

Global comparison finding differential expressed orthologous gene groups  

I simplified the expression data by reconstructing the treatments into binary form (Learning and 

Control) and averaged all the TPM values from the same cOGG for each study and treatment form. 

The samples defined as Learning included all the treatments that the animals have experienced 

learning stimulus; for the temporal transcriptome profiles, all post-stimuli timepoints except the 

immediate sacrificed were grouped in the Learning treatment. The expression level, represented 

as the fold-change of learning against control, was calculated to show the up- or down-regulated 

cOGGs expression changes. Finally, two-step clustering analysis 

(https://www.ibm.com/support/knowledgecenter/SSLVMB_24.0.0/spss/base/idh_twostep_main.
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html), based on the likelihood distance measure, and the means procedure in SPSS were used to 

group cOGGs by expression level (continuous) and class to which the species of the dataset 

belongs (categorical), sorted into 3 clusters. 

The GO enrichment analysis and visualization were performed on only the one cluster (cluster_2) 

containing all five classes of species. Expression levels were subsequently filtered to remove those 

with average absolute fold-change less than 2. The cOGGs that contained at least one filtered 

expression level from all datasets were defined as differentially expressed cOGGs (DEcOGGs). 

The GO enrichment analysis in the biological processes was filtered by P-value (adjusted 

Benjamini-Hochberg) using a 0.1 significance threshold. Then visualization was performed with 

the R package called “goSTAG”(Bennett & Bushel, 2017), using the following parameters: both 

enriched GO terms and the taxonomy groups, class of species clustering used “Euclidean” distance 

method, “complete” clustering method, and 0.5 distance threshold. 

The combination from segregated comparison finding differential expressed genes across datasets  

In the combination method,  I used a R package called “edgeR” (McCarthy, Chen, & Smyth, 2012; 

Robinson, McCarthy, & Smyth, 2010) to identify the differential expressed genes (DEGs) in each 

dataset, except for the zebrafish dataset because of no biological replicate. After making pairwise 

comparisons of each learning treatment against control, only the learning-vs-control contrast pair 

that provided the most DEGs was used.  DEGs with the logarithm of fold-change to base 2 equal 

to 0 and false discovery rate adjusted p-value > 0.05 were filtered out. Annotation to these DEGs 

proceeded by using the representative cOGG annotation identifiers for GO enrichment analysis, 

thereby finding the shared biological processes across different levels. 
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2.3.2 Targeted differential expression analysis 

The targeted learning associated gene list from mammalian studies was obtained from a previous 

study (Lewis et al., 2020) and used for targeted differential expression analysis. I retrieved cOGGs 

by the gene symbol through the learning gene list. Average cOGG expression levels were 

calculated using the same method used for global differential expression analysis. Heatmaps of the 

expression levels were constructed with “Euclidean” distance method, “average” clustering 

method for both learning-related genes and datasets using an R package, “pheatmap” 

(https://cran.r-project.org/web/packages/pheatmap/index.html).  

3 Results 

3.1 Variance across datasets using standardized processes 

All 15 RNA-Seq raw datasets (Table 2.1) were processed separately for de novo assembly before 

performing gene expression analysis. Detailed assembly information of the 15 datasets is provided 

in (Table 3.1). Due to the sampling inconsistency across study designs, the total number of base 

pairs included in each assembly showed more than 40 times difference in coverage, ranging from 

18.35 to 732.02 mega base pairs. There was up to 76 times difference in the number of transcripts 

that comprised the N50 statistic over all 391 base pairs across datasets, ranging from 18,646 

transcripts (roundworm) to 1,409,479 transcripts (toad). The mouse_2 dataset contained the largest 

number of base pairs (~732 Mb) while the toad dataset contained the largest number of transcript 

pairs (~1,410 k). 

The roundworm dataset profiles had the smallest library size. One reason might be that one of 

roundworm’s most significant advantages is its simplicity in genome organization, the length of 
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which is only about 100 M base pairs (Hodgkin, Plasterk, & Waterston, 1995). Thus, to meet the 

desired depth of sequencing, it would require fewer base pairs than mammals. In the source study 

(Camacho et al., 2018), researchers still obtained ~350 million reads in total from 12 samples. 

Another reason was the purpose of the experiment. The source study aimed to compare the gene 

expression patterns under various conditions by mapping reads to the reference genome; thus, short 

single reads (50-bp) were required in quantifying the coding transcriptome of roundworm in order 

to minimize reading across splice junctions. However, in the de novo assembly-based processing 

pipeline, these short reads would hardly be assembled to high-quality transcripts passing the quality 

control, resulting in a few transcripts. Similarly, a few outputs of assembled transcripts in the mouse_1 

dataset resulted from the short single-read sequencing design (Bero et al., 2014).  

Intraclass orthologs searching used different restrictions (E-value threshold) in each class based 

on the evolutionary diversity across species in each class. In Actinopteri and Mammalia, a stringent 

E-value (1 x 10-5) was applied in the alignment of sequences from closely related species (such as 

mouse and rat, zebrafish and swordtail fish). Considering the diversity of species in Insecta, a less 

restrictive E-value (1 x 10-3) was applied in orthologs searching by clustering 84% of input 

sequences on average. Most datasets had up to 70% genes clustered, expect for mouse_2 and 

mouse_3 (68% and 61% respectively). These two studies used the single-cell (dentate gyrus) 

transcriptome profiles rather than using tissues (regions of the brain or whole brain). Single-cell 

transcriptome profiling is good for investigating the exact activated mechanisms underlying 

learning, avoiding the noise of gene expression from other brain cells responding to uninterested 

biological processes. Compared to brain transcriptome profiles in orthologs searching, single-cell 

transcriptome datasets provide less orthologous genes clustered, but those genes might be specific 

to learning and memory. 
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Table 3.1 Summary of transcriptome data after de novo assembly 

Class Dataset Total base 
pairs (Mb) 

Length of 
N50 contig 
(Kb) 

Samples 
Total of 
transcripts 
(k)  

Total number 
of predicted 
proteins (k)  

Clustered 
intraclass 
(k)  

Clustered 
interclass 
(k)  

Mammalia mouse_1 22.37 0.99 8  33.1  12.6  10.6  6.9  
mouse_2 732.02 1.03 36  1,038.7  130.9  89.3  51.2  
mouse_3 461.68 0.53 38  966.6  120.8  74.0  27.0  
rat_1 84.27 1.12 8  124.8  25.5  21.6  15.4  
rat_2 503.49 1.97 17  584.9  165.6  130.9  76.3  

Amphibia toad 663.52 0.53 12  1,409.5  150.1  150.1  130.2  
Actinopteri swordtail 177.58 1.08 12  249.6  73.8  52.9  33.9  

zebrafish 410.32 1.10 2  590.7  91.1  71.0  45.9  
Insecta wasp_1 303.51 2.95 17  259.8  115.0  106.2  48.7  

wasp_2 315.25 3.16 16  249.6  122.0  113.2  51.7  
bee 251.18 0.98 39  375.3  111.8  86.1  23.3  
fly_1 135.88 1.28 176  176.0  45.0  37.1  14.4  
fly_2 234.52 0.43 64  583.5  56.3  42.1  4.6  
fly_3 170.85 2.39 24  148.0  60.4  52.5  21.4  

Chromadorea roundworm 18.35 1.75 12  18.6  11.2  11.2  7.3  
* The counts of clustered proteins for each species by different ranges were represented as “Clustered intraclass” and “Clustered 
interclass” (Figure A. 1) respectively.
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3.2 Interclass searching for cross-class orthologous gene groups 

Interclass searching across the 5 classes generated 38,595 OGGs from the 558,179 (94% of total 

593,804 input protein sequences) clustered sequences, among which 3,019 cOGGs were identified. 

The class Insecta was involved in 2,166 (72% of total) cOGGs. However, the clustered sequences 

from Mammalia, which were involved in the second largest proportion of cOGGs were used as 

representatives for subsequent annotation (53,253 OGGs). Mammals are widely studied, and a 

well-developed and high-quality annotation database is accessible. 

The level-1 GO annotation of Mammalia sequences (Figure 5) provided a general idea of potential 

functions of orthologous genes from the cross-class cOGGs. Across all levels of GO terms in 

mammalian sequences annotation, there were 8 molecular functions, 20 biological processes, and 

14 cellular components enriched. Most GO-annotated mammalian sequences were clustered to 

metabolic and cellular processes. 
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Figure 5 Distribution of top 8 Level-1 GO term functional classification from all Mammalia sequence 
annotations. X-axis, counts of gene symbols from annotated mammalian sequences. Y-axis, GO terms and their 
accession numbers, ordered by three main categories- cellular component (CC), biological process (BP), and 
molecular function (MF). 

3.3 Differential gene expression analysis 

3.3.1 Two-step clustering testing the dependency between expression levels and the class of 

species 

Three clusters generated by two-step clustering were similar in size but distinct in composition 

(Figure 6). Cluster_1 and cluster_3 were comprised of expression levels from only one class of 

species, Insecta and Mammalia respectively. On the other hand, cluster_2 contained expression 

levels from all five classes though Insecta and Mammalia only took tiny portions in cluster_2 

(Table A. 1).  
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Figure 6 The size and components of three clusters from two-step clustering. A) The pie chart shows the 
percentages of each cluster in total expression levels. B) The heatmap shows the component of clusters by class. 
Cell colour, from blue to red and the numbers shown correspond to the number of expression levels of datasets 
clustered in each cluster grouped by class. 

Exploration of cluster_2 by costumed differential expression analysis provided 165 DEcOGGs 

related to learning. Most of DEcOGGs were class-specific, even dataset-specific, whereas only 

four cOGGs found more than one filtered expression levels (fold-change >2) (Table 3.2). 

Only in the DEcOGG (represented by its gene symbol) Myo15, Amphibia and Actinopteri shared 

nearly the same expression level, while the expression levels in the other three DEcOGGs varied 

between classes (or datasets). In the DEcOGG Nmna1, Actinopteri and Mammalia expressed with 

different directions of regulation and the average fold-change found in mouse_3 was 9 times larger 

than that found in the swordtail data. While the direction was that same for the Ubp30 and Rcaf1, 

the respective sizes of the average fold-change in the mouse_3 dataset were approximately 64 

times and 10 times that found in the swordtail dataset. 
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Other DEcOGGs were mainly from Mammalia (72 DEcOGGs), whereas 53 from Actinopteri, 21 

from Chromadorea, 10 from Amphibia, and 4 from Insecta.  

Table 3.2 DEcOGGs that included more than one filtered expression level (fold-change relative to control) 

Gene Symbol Dataset Class Fold-change 
Myo15 toad Amphibia -2.10  

zebrafish Actinopteri -2.00 
Nmna1 swordtail Actinopteri -2.08  

mouse_3 Mammalia 18.13 
Ubp30 swordtail Actinopteri 2.12  

mouse_3 Mammalia 128.00 
Rcaf1 swordtail Actinopteri 2.35  

mouse_3 Mammalia 21.59 

3.3.2 The most significant differential expressed contrast for each dataset 

Similar to the results from orthologs searching, the results of differential expressed analysis were 

varied across datasets (Figure 7). Most datasets did not have many DEGs, even using the most 

different contrast pair (Table A. 2). Consistent with the study design in using single-cell 

transcriptome profiles, the mouse_2 dataset provided a significantly greater number of DEGs. 

From the source study, another reason for it could be the application of the Translating Ribosome 

Affinity Purification RNA sequencing (TRAP-seq), which could detect both greater numbers of 

DEGs and greater magnitudes of differential expression levels than only traditional RNA-Seq. 
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Figure 7 Differential expression analysis results for each dataset. The count of up-regulated was shown in black 
bars, while the down-regulated was in white bars. The bottom colour bars showed 5 class of species. 

Combining results from all datasets and grouping them by cOGG, I obtained 744 cOGGs from 

1119 DEGs. Unlike the few amounts of DEcOGGs that contained more than one class of species, 

combined differential expression analysis provided more cOGGs which contained DEGs from 

more than one class of species (Figure 8).  

Most shared cOGGs that contained DEGs from more than one class of species contained the DEGs 

provided from Mammalia, Actinopteri and Insecta. None of thirty-one shared cOGGs included 

DEGs from Amphibia; similarly, only one shared cOGG contained one DEG from Chromadorea. 

This could be explained by the few counts of DEGs detected in Amphibia and Chromadorea. The 

cOGG (represented by its gene symbol), Grp75, contained the most DEGs, which were 

differentially expressed in four classes, mostly from Insecta.  
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Figure 8 Heatmap of the count of DEGs from all datasets grouping by the class of species and cOGG. X-
axis, class of species. Y-axis, thirty-one cOGGs, represented by their gene symbols, that contained DEGs from 
more than one class of species. The order of Y-axis was sorted by the decreasing count of total DEGs in each 
cOGG. 

Most cOGGs that contained at least one DEG were class-specific, consistent with the results of 

global differential expression analysis. Although most DEGs were grouped in the cOGGs, in Stim2, 

all DEGs were from one class- Mammalia. There were 655 cOGGs (88% of total) that were 

exclusively differentially expressed in one class of species. Furthermore, among these class-

specific cOGGs, more than 80% cOGGs only included one DEG.  

3.3.3 Gene Ontology enrichment analysis 

Consistent with the differential expression analysis, GO enrichment analysis was mainly class-

specific by both the global and combined methods (Figure 9). Although GO enrichment analysis 
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was performed on a higher-level functional clustering, most of GO term clusters were still class 

specific.  

For global method (Figure 9 A), using the mouse reference GO annotations, I identified 9 of 22 

DEcOGGs from Mammalia, 1 of 4 DEcOGGs from Amphibia, 14 of 35 DEcOGGs from 

Actinopteri, 2 of 3 DEcOGGs from Insecta, and 7 of 8 DEcOGGs from Chromadorea mapping to 

all-level GO terms under biological processes. The GO enrichment analysis provided 6 of 24 

clusters from these mapped DEcOGGs, which contained more than 10 GO terms. Six GO clusters 

were class-specific for three classes- Actinopteri, Chromadorea, and Insecta, and related to 

regulation in structural changes of neurons and cellular processes (Table 3.3).   
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Figure 9 The heatmaps of GO enrichment analysis for two differential expression analysis methods. A) GO enrichment of DEcOGGs from cluster_2 by 
global differential expressed DEcOGGs analysis, including 24 clusters of enriched GO terms. B) GO enrichment of DEGs from all datasets by combined DEG 
analysis, including 65 clusters of enriched GO terms. X-axis, class of species (Figure A. 3; Figure A. 4). Y-axis, clusters of enriched GO terms from biological 
process category, the representative GO term from the most of paths to the root of the subtree. The clusters with label contained at least 10 GO terms. The redder 
a cell was in the heatmap, the more significant the enrichment of the GO terms was. Gray cells indicate that no DEcOGG or DEG was found under these GO 
terms. 
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Table 3.3 DEcOGGs and the source class enriching in 6 labelled GO clusters 

Category GO Description Class DEcOGGs 

Cellular metabolic 
process 

GO:0044206 UMP salvage Actinopteri Csad, Fkbp4, Vmp1, 
Egr3, Vamp2, Isca1, 
Uck2 

Structural changes  GO:0010977 Negative regulation of neuron projection 
development 

Actinopteri Fkbp4, Egr3, Vamp2, 
Uck2 

Cellular catabolic 
process 

GO:0006635 Fatty acid beta-oxidation Chromadorea Acox1, Ncam1, Gipc1, 
Ubb 

Cellular catabolic 
process 

GO:0032435 Negative regulation of proteasomal 
ubiquitin-dependent protein catabolic 
process 

Chromadorea Acox1, Ncam1, Syt4, 
Mpp5, Gipc1, Ubb 

Structural changes GO:0045736 Negative regulation of cyclin-dependent 
protein serine/threonine kinase activity 

Insecta Fas, Plk1 

Cellular catabolic 
process 

GO:0032436 Positive regulation of proteasomal 
ubiquitin-dependent protein catabolic 
process 

Insecta Fas, Plk1 
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For the combined method (Figure 9 B), with more input DEGs, the number of GO clusters 

increased to 65, thirteen of which contained more than ten biological processes related to GO terms. 

Intriguingly, although most of GO terms in one cluster were class-specific, all 13 labelled clusters 

were shared across more than two classes of Insecta, Mammalia, and Actinopteri. These shared 

GO clusters revealed potentially shared mechanisms in structural changes, cellular biosynthetic 

process, cellular metabolic process, signalling, transcription, and translation (Table 3.4).  
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Table 3.4 Thirteen labelled GO clusters shared across source classes 

Category GO Description Class 

Structural 
changes  

GO:0045737 Positive regulation of cyclin-dependent protein serine/threonine 
kinase activity 

Insecta, Mammalia, Actinopteri 

Structural 
changes  

GO:0045736 Negative regulation of cyclin-dependent protein serine/threonine 
kinase activity 

Insecta, Mammalia, Actinopteri 

Cellular 
biosynthetic 
process 

GO:0006744 Ubiquinone biosynthetic process Mammalia, Actinopteri 

Cellular 
metabolic 
process 

GO:0044206 UMP salvage Insecta, Mammalia, Actinopteri 

Cellular 
metabolic 
process 

GO:0015937 Coenzyme A biosynthetic process Mammalia, Actinopteri 

Signalling GO:0006506 GPI anchor biosynthetic process Insecta, Mammalia, Actinopteri 

Signalling GO:0006171 Camp biosynthetic process Insecta, Mammalia, Actinopteri 

Signalling GO:0006620 Posttranslational protein targeting to endoplasmic reticulum 
membrane 

Mammalia, Actinopteri 

Transcription GO:0045892 Negative regulation of transcription, DNA-templated Insecta, Mammalia, Actinopteri 

Transcription GO:0000122 Negative regulation of transcription by RNA polymerase II Insecta, Mammalia, Actinopteri 

Transcription GO:0032968 Positive regulation of transcription elongation from RNA 
polymerase II promoter 

Insecta, Mammalia, Actinopteri 

Transcription GO:0045944 Positive regulation of transcription by RNA polymerase II Insecta, Mammalia, Actinopteri 

Translation GO:0017148 Negative regulation of translation Insecta, Mammalia, Actinopteri 
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3.3.4 Matching with the most relevant mammalian learning-associated gene list  

Here, I found 40 cOGGs annotated with common gene names in the list of the most relevant 

mammalian learning-associated genes. I defined these cOGGs in the list of most relevant 

mammalian learning-associated genes, as Learning-cOGGs. In mammalian studies, only a few 

Learning-cOGGs from one dataset, mouse_3, were differentially expressed, listed in Table 3.5, 

while in other mammalian datasets, the expression pattern of these Learning-cOGGs did not 

significantly differ between the learning and control conditions. Detected genes were categorized 

in apoptosis, general learning-related mechanisms, and structural-related mechanisms, which 

indicates that these changes of gene expression are essential during learning and memory. 
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Table 3.5 The Learning-cOGGs found in Mammalian studies filtered by larger than 2 fold-change cut-offs. 

Gene Name Fold-change Learning gene group Gene full name 

Rrp5 5.81 Apoptotic Protein RRP5 homolog 

S39a7 2.99 General learning-related Zinc transporter SLC39A7 

Nac1 36.22 General learning-related Sodium/calcium exchanger 1 

Nadap 2.57 General learning-related Kanadaptin 

S13a5 18.80 General learning-related Solute carrier family 13 member 5 

S22a5 22.50 General learning-related Solute carrier family 22 member 5 

S2542 3.32 General learning-related Mitochondrial coenzyme A transporter SLC25A42 

S2546 2.05 General learning-related Solute carrier family 25 member 46 

Ctnnd2 2.07 Structural Catenin delta-2 

Grik5 2.07 Structural Glutamate receptor ionotropic, kainate 5 

Iqec2 3.59 Structural IQ motif and SEC7 domain-containing protein 2 

L1cam 2.17 Structural Neural cell adhesion molecule L1 

Tmod1 2.15 Structural Tropomodulin-1 

Ulk1 4.28 Structural Serine/threonine-protein kinase ULK1 
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In the exploratory global analysis, I found that Actinopteri, Amphibia, and Chromadorea showed 

similar expression patterns in terms of the fold-change values because these three groups only 

clustered into cluster_2 (Figure 9 B). Thus, I compared the Learning-cOGGs expression patterns 

in those three classes and found that species from Actinopteri clustered together, while the other 

two classes separated into two different clusters. However, diverse expression patterns were found 

for some Learning-cOGGs between two species in Actinopteri (Figure 10). 
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Figure 10 The heatmap of the differential expression level of 40 Learning-cOGGs in Amphibia, Actinopteri, 
and Chromadorea studies. X-axis, dataset names, labelled with the class of species; Y-axis, forty Learning-
cOGGs represented as annotated gene symbols. The genes in Apoptotic group are involved in programmed cell 
death; the genes in General learning-related group are relevant to mammalian learning but do not fit into other 
categories; the genes in Guidance group are involved in axon guidance; the genes in immediate early gene (IEG) 
group are categorized as immediate-early genes; the genes in Structural group are involved in cytoskeletal 
modification. Red cells with number are differentially upregulated, while dark gray cells with numbers are 
differentially downregulated (fold-change of averaged expression value under learning conditions against control 
larger than 2).  
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4 Discussion  

In this study, I explored the hypothesis on learning-related mechanisms that shared mechanisms 

underlie the general process of memory consolidation across distant species. Core mechanisms 

would be shared because all species must undergo a general process by which short-term memory 

transforms into long-term memory. However, different learning-induced mechanisms results from 

various aspects, such as the effect of aging and the types of memory. In this study, I found shared 

mechanisms across Insecta, Mammalia, Actinopteri, including changes in the structure of brain 

regions, signalling pathways, and in the transcription, translation and metabolic processes. 

Intriguingly, specific learning-related mechanisms were mostly explained by diverse learning 

paradigms in this study. Not surprisingly, similar expression patterns were found for the most 

relevant mammalian learning-associated genes in this study, compared with the results in Lewis et 

al. (2020) study.  

4.1 Orthologs searching across distant species and meta-data database 

construction 

The sequences and expression values associated with the 3,019 cOGGs set the foundation of  

differential expression analysis. Ortholog searching identified genes mainly from cellular and 

metabolic processes, which agrees with the previous finding that most consensus pathways across 

species are related to cellular and metabolic processes (Jiménez, Mitchell, & Sgouros, 2003).  

The expression patterns are mostly similar in OGGs in a dataset that can be grouped. Through a 

microarray study, Grigoryev et al. (2004) showed that expression pattern and biologically 

significant fold-change in the gene-expression level were both similar in genes from the same 

OGGs. 
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4.2 Shared pathways underlying memory consolidation 

Shared pathways across five classes might indicate some shared mechanisms in response to 

learning and memory, particularly in memory consolidation. These mechanisms are related to cell 

cycling of neurons, neural connection, transcription and translational regulations and general 

cellular mechanisms. Some of the shared pathways identified in the differential expression analysis 

have been implicated in the learning process in the literature. 

Among the four DEcOGGs (Myo15, Nmna1, Ubp30, Rcaf1) found to include more than one 

filtered expression level, two (Nmna1, Ubp30) have been previously linked to learning and 

memory in control of cell cycling of neurons. Increased Nmna1 has been found to reduce neuronal 

apoptosis functioning as a neuroprotective role in rodent (Rossi et al., 2018; Yang, Liu, & Chu, 

2020; Zhao et al., 2011). The average fold-change found in mouse_3 was higher in the learning 

group, compared to the controls, which supports the theory that Nmna1 facilitates neuroprotection 

in learning. However, smaller average fold-change and decreased expression pattern that I found 

in swordtail has not been discussed in the literature.  

Ubp30 has been described in flies and human cells with a negative regulation of mitophagy such 

that reduced Ubp30 activity is associated with enhanced mitochondrial degradation in neurons 

(Bingol et al., 2014; Fivenson et al., 2017; Han, Wang, Kang, & Fang, 2020; Lou et al., 2020). 

However, I found that the average fold-changes in both swordtail and mouse_3 datasets were 

higher in the learning groups compared to the controls, contrary to the theory. This finding might 

indicate that during learning, in particular memory consolidation, Ubp30 might be activated to 

avoid the neurodegeneration by inhibition of degrading mitochondria. 

From the combined method, the identified DEGs were clustered according to their GO functional 

annotation under the biological process category. The cellular signalling related GO clusters that 
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I identified in this study, regulating the neuron connections, includes biosynthetic process of the 

glycosylphosphatidylinositol (GPI) anchor protein, biosynthetic process of the cyclic AMP 

(cAMP), and the process of posttranslational protein targeting to endoplasmic reticulum membrane. 

Several enriched GO terms found in the Mammalian group agree with the important role of GPI 

anchor proteins related to neuronal development and synapse regulation by mediate interactions 

between neurons and between neurons and other cells in the mouse nervous system (Mizuno et al., 

2007; Tan, Leshchyns'ka, & Sytnyk, 2017). Several studies suggest cAMP signalling within 

neurons plays an important role in the formation of long-term memories in the hippocampus (Eric 

R Kandel, 2012; Lee, 2015; Ma, Abel, & Hernandez, 2009). Interestingly, no study has revealed 

the involvement of post-translational proteins targeting to endoplasmic reticulum membrane in 

learning and memory.  

I see the sharing clusters of enriched GO terms related to the regulation at the transcription level. 

The essential role of transcriptional regulation includes the generation of not only mRNAs that 

function in protein synthesis, but also noncoding RNA that affects gene expression (Alberini & 

Kandel, 2015). Also, I see the enriched biological processes related to translational regulation. 

Translation controlling, particularly around the synapse, participates in the regulation of synaptic 

plasticity and memory consolidation by synaptic transmission (Richter & Klann, 2009). 

From the combined method in differential expression analysis, the functional enrichment analysis 

highlights shared pathways in the regulation of cyclin-dependent protein serine/threonine kinase 

activity (CDKs). The CDK family facilities the regulation of cell-cycle in mammals 

(Satyanarayana & Kaldis, 2009). Among them, Cdk5 was identified to play an important role in 

learning and memory by the involvement of the regulation related to neurotransmission and 

synaptic plasticity (Cheung, Fu, & Ip, 2006; A. Fischer, Sananbenesi, Pang, Lu, & Tsai, 2005).  
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4.3 Validation of the expression patterns of learning-associated genes in 

mammals 

The expression patterns of differentially expressed mammalian learning-related genes in response 

to contextual memory consolidation in the mouse_3 dataset are consistent with Lewis et al. (2020) 

in the aspect of direction. All 14 differentially expressed Learning-cOGGs were up-regulated same 

as the dierection of those in Lewis’s results. Among them, the only gene that might involve in the 

regulation of apoptosis found up-regulated in a mammalian dataset (mouse_3), which has been 

found with the involvement in pre-ribosome assembly (Turowski & Tollervey, 2015). By 

increasing the number of ribosomes, the efficiency of transcription and translation would also be 

increased in neurons. The higher expressions of structure-related genes in the learning groups 

compared to the controls, which supports the theory that during memory consolidation, neurons 

change the cell structures to enhance connections in the neuron system (Cavallaro, Schreurs, Zhao, 

D'Agata, & Alkon, 2001).  

However, I could see the absence of many known mammalian learning-associated genes that 

should have been detected to be activated in Learning conditions in mammalian datasets in this 

study, compared to the list of all mammalian learning-associated genes in Lewis’s study. The 

reason for the absence might be the averaging of expression values across multiple treatments or 

the filtering of orthologs searching. In fact, the averaging may also explain the absence of 

Learning-cOGGs detected from other mammalian datasets.  

4.4 Potential mechanisms underlying specific training paradigms 

Although I see most DEcOGGs and DEGs differentially expressed in specifically classes, the 

dominant effect might be the learning paradigms rather than the phytogenic relationship.  
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For example, in Table 3.3, I see Actinopteri specific GO clusters- UMP salvage and negative 

regulation of neuron projection development. Among the DEcOGGs clustered in these two GO 

clusters, Csad was detected to be differentially expressed in the swordtail dataset that tested a type 

of cognitive memory. The expression change of Csad in a cognitive conditioning study was also 

detected in rats (Jung et al., 2019).  

Detected from the same swordtail dataset, some DEcOGGs might be related to the early-life 

memory, when a learning stimulus performed on young swordtail fish and the behavior changes 

happened in their adulthood. For example, the early-life memory response gene, Fkbp4 was 

detected to be differentially expressed. Similar result was found in a human study revealing the  

effect of childhood stressed memory in increasing the risk of developing stress-related behavioural 

disorders in adulthood (Klengel et al., 2013). Also, the detection of DEcOGG, Uck2 in this 

swordtail dataset might be due to the childhood learning stimulus, which is supported by the 

detection of differentially expressed Uck2 in a rat study related to early-life memory (Thiriet et al., 

2008).  

Learning from the environment for the roundworm might cause the expression change of Ubb, 

which was identified with differential expression pattern under a running-related environmental 

enrichment condition (Grégoire et al., 2018).  

However, detected from the same roundworm dataset, Syt4, related to neurotransmission or ion 

conductance, might specific to response to chronic-stress learning condition that the ancestor was 

treated with a long-term chemical exposure. This kind of chronic-stress learning condition would 

finally result in passive avoidance behaviour changes and expression changes of Syt4 , which 

was also identified in rodents (O’Sullivan et al., 2007; J. Wang et al., 2019).  
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4.5 Integration of meta-analysis and comparative transcriptomic analysis 

The workflow of processing RNA-Seq raw data in this study is consistent with the widely-used 

non-model organisms transcriptome profiling processes so that reference genome would be not 

needed for both model and non-model animals (Berens et al., 2017; Lewis et al., 2020; Ponniah, 

Thimmapuram, Bhide, Kalavacharla, & Manoharan, 2017; X.-W. Wang et al., 2011). 

Standardization and normalization were both treated carefully to make datasets from different 

studies and different species comparable.  

Unlike traditional meta-analysis of transcriptome data, I reanalyzed the public transcriptome 

profiles related to learning and memory in order to enforce a standardized processing workflow 

starting from the RNA-Seq raw data. Without standardization, observed differences due to data 

processing may be falsely attributed to learning mechanisms. By performing de novo assembly to 

all datasets, the comparative transcriptomics analysis here could avoid the variance in alignment 

resulting from different selections of reference genomes, and broaden the range of usable species 

for comparison. For example, in three mouse datasets, two different reference mouse genomes 

were used, mouse mm9 (https://www.ncbi.nlm.nih.gov/assembly/GCF_000001635.18/) and 

mouse mm10 (https://www.ncbi.nlm.nih.gov/assembly/GCF_000001635.20/). Besides, here I 

used a novel annotation method whereby OGGs were annotated by rat and mouse. This is 

beneficial for the downstream analysis, such as GO annotation and enrichment. During this 

downstream analysis, the consistency of annotated species in the selection of background database 

of a species mostly provided with model species, could avoid missed or mistaken matches between 

input queries and mapping subjects. The occurrence of mismatch errors might due to the 

inconsistent matching between function and gene identifier across species.  
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The normalization step was essential for the differential expression analysis. Study specific 

sequencing depth and class specific expression baselines can both affects the scales of 

quantification of reads aligning to genes. I applied two exploratory methods in differential 

expression analysis to investigate the expression patterns in response to learning conditions by 

study (dataset). 

4.6 Performance comparison of two methods in differential expression 

analysis 

I have explored two integration methods in differential expression analysis. The global method 

averaged expression values on a per-cOGG and per-dataset basis; multiple treatments were also 

averaged when classified into a general learning group, or a general control group. This is a 

simplified way to find the most learning-related gene sets.  

However, it was too general in simply averaging across treatments into just Learning and Control. 

Averaging expression patterns would cover up the significant difference of some gene expression 

changes in specific treatment conditions. For example, in the temporal study of toad, time-

depended genes, such as immediate early genes, were significantly up-regulated soon after the last 

learning stimulus and tapered to baseline (Lewis et al., 2020). In addition, the statistical 

significance of expression pattern changes is hard to calculate in this general method due to the 

inter-dataset variability. Another two examples of the absence of previously detected mammalian 

learning-associated genes also results from the covering of expression changes for specific 

condtions by general patterns. One is the transmembrane protein VMP1, which was only detected 

differentially expressed in the dataset from the Actinopteri group. VMP1 has been previously 

found to play an important role in the nucleation step in mammals, but in this study was not 
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identified to be differentially expressed in any dataset in the Mammalia group (Nobili, Cavallucci, 

& D’Amelio, 2016). Another example is Egr3, functioning as a transcriptional regulator, which is 

essential in long-term potentiation (LTP) and in hippocampal and amygdala dependent learning 

and memory; however, it was not detected to be widely shared across classes (Lin Li et al., 2007).  

Although batch effects correction, in which statistical testing was performed  for cOGGs 

expression patterns to identify the real signals against a complex and noise-existing background 

(Goh, Wang, & Wong, 2017), was tried in the global method to calculate the statistical significance 

of changes in expression regulated by learning conditions, the expression levels (fold-change 

relative to control) were still clustered separately only by treatments, indicating that the expression 

levels were affected by other factors (Figure A. 2).  

Segregated differential expression analysis was based on traditional workflow- analyze individual 

datasets separately and combined the results for meta-analysis. This method is more suitable to 

detect individual genes and each contrast, resulting in more DEGs in total than the global way. 

Batch effects fixed by the R package “edgeR” exist only across biological replicates of each 

treatment and each dataset. However, it is still biased because I only selected one contrast that 

provided the most DEGs. However, regulated by learning, genes might change expression patterns 

under different conditions, such as time after stimulus. Especially in a temporal study (Lewis et 

al., 2020), some genes related to structural modification early (2-4h after learning) in actin 

cytoskeletal organization, axon guidance, adhesion, and synapse assembly, while later (24 h after 

learning), genes related to neurite genesis and apoptosis show expression changes in response to 

learning.   
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4.7 Methodological limitation  

Although learning and memory have been an important research field in neuroscience, not much 

public RNA-Seq raw data can be obtained from open-access databases. This limitation in 

availability of datasets resulted in a heterogeneous set of datasets being included in the meta-

analysis. For example, some studies used single-cell transcriptome vs whole brain transcriptome 

or obtained RNA-Seq data vs a combination of RNA-Seq and TRAP-Seq data. Due to the small 

sample size, these factors, as well as type of learning or other design factors (e.g., the age of 

animals when they were treated with stimulus) were not accounted for in the analysis. 

Besides, other factors during learning did not take into account, such as the types of learning, 

which might also lead to different mechanisms. Limited learning related studies of multiple 

training paradigms available for some species, such as Bombina orientalis, Polistes fuscatus, and 

Polistes metricus, resulted in deficient test for other learning-associated factors, such as the age of 

animals learning.  

In this study, the hypothesis was that every animal would share the core mechanisms in learning 

and memory, which indicates that it is impossible to find a control of species that cannot learn or 

memory. This study could only provide some targets which might be related to learning and 

memory based on the expression data analysis. The further study could provide the solid proof for 

the target mechanisms detected in this study by inhibiting any of them to see if the memory 

consolidation destroyed. 

5 Conclusion  

This study firstly constructed a meta-transcriptome database across five classes of species 

(Mammalia, Amphibia, Actinopteri, Insecta and Chromadorea) in investigating mechanisms 
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related to learning and memory. Standardized processing workflow and normalization from two 

methods in differential expression analysis enabled a meta RNA-Seq comparative analysis across 

distant species. The combination of intra-class and inter-class orthologs searching identified 3,019 

cOGGs (based on homology relationships) from all five classes, mainly related to cellular and 

metabolic processes. The set of 3019 cOGGs along with their associated sequences and expression 

values, provides a rich dataset for studying cross-species learning and memory mechanisms.  This 

meta-dataset and the framework established through this thesis facilitate comparisons at any of the 

inter-class, inter-species or inter-study (dataset) levels. I found not only shared mechanisms across 

classes related to memory consolidation but also some memory-type specific pathways.  

With this framework established, further study can be easily augmented by the addition of 

available datasets.  Future work could better explore the effect of aging in learning, standardization 

choices, and time after stimulus. Finally, while in this study the interest lay in finding 

commonalities across species, understanding the differences is just as interesting and this 

framework allows one to do that too.  
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APPENDIX 

 

Figure A. 1 Distribution of counts in cOGGs. A) The proportion of each taxonomy group; B) The logarithm of 
total counts on base 2 in cOGGs 

 

 

Figure A. 2 PCA plots. A) Raw expression matrix of 3091 cOGGs, grouped by treatments. B) The expression 
matrix processed with batch effects removal by R package “limma” 
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Figure A. 3 Hierarchical clustering of classes for Gene Ontology enrichment matrices. Numbers at the nodes 
indicate support for the clustering. Bootstrap probability (BP) values and approximately unbiased (AU) 
probability values (p-values) (Efron et al., 1996; Shimodaira, 2002, 2004)  were both calculated with same 
distance measurement (“Euclidean”) and clustering method (“complete”). 
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Table A. 1 Details of DEcOGGs in cluster_2 found from the global method 

Gene symbol Class Dataset fold-change 
Abcf2 Actinopteri swordtail 2.821043 
Anm5 Actinopteri swordtail 2.144737 
Argi2 Actinopteri swordtail 3.480224 
Arip4 Actinopteri swordtail 2.246719 
At2l1 Actinopteri swordtail -2.151858 
Atad3 Actinopteri swordtail 3.301075 
Best3 Actinopteri zebrafish 2.666667 
Brd3 Actinopteri swordtail 2.210775 
Cert Actinopteri swordtail 2.019558 
Csad Actinopteri swordtail 14.10382 
Dcor Actinopteri swordtail 7.571026 
Egr3 Actinopteri swordtail -2.383721 
Fkbp4 Actinopteri swordtail 5.021377 
Gcsp Actinopteri swordtail 5.646047 
Gna1 Actinopteri swordtail 2.492424 
Isca1 Actinopteri swordtail 2.04811 
Jip1 Actinopteri swordtail 2.107143 
Kinh Actinopteri swordtail 2.176423 
Nmna1 Actinopteri swordtail -2.075611 
Pcy2 Actinopteri swordtail 2.812287 
Pric2 Actinopteri swordtail 2.326651 
Rbms1 Actinopteri swordtail 2.03876 
Rcaf1 Actinopteri swordtail 2.353053 
Rgf1a Actinopteri swordtail 2.012216 
S2542 Actinopteri swordtail 2.171446 
Sesn1 Actinopteri swordtail 2.148466 
Snrk Actinopteri swordtail 2.892097 
St32c Actinopteri swordtail 2.070513 
Syn2 Actinopteri swordtail 2.679104 
Tinal Actinopteri swordtail 2.286778 
Ubp40 Actinopteri swordtail 2.363128 
Uck2 Actinopteri swordtail 2.513357 
Vamp2 Actinopteri swordtail 2.333333 
Vmp1 Actinopteri swordtail 2.251259 
Znt1 Actinopteri swordtail 2.198856 
Caf1b Amphibia toad 3.066667 
Orc2 Amphibia toad 2.045977 
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Rl24 Amphibia toad 4.607843 
Titin Amphibia toad -2.25 
Acox1 Chromadorea roundworm -2.366667 
Catf Chromadorea roundworm -2.0369 
Gipc1 Chromadorea roundworm -11.40952 
Mpp5 Chromadorea roundworm -2.201258 
Ncam1 Chromadorea roundworm -2.460317 
Syt4 Chromadorea roundworm 2.363636 
Ttbk1 Chromadorea roundworm -13.95475 
Ubb Chromadorea roundworm -31.33333 
F10a1 Insecta fly_2 -26.25 
Fas Insecta fly_3 -20.41525 
Plk1 Insecta fly_3 -31.8 
Bag2 Mammalia mouse_3 108.5 
Dhrs4 Mammalia mouse_3 216 
Erbb3 Mammalia mouse_3 104 
Gtpb6 Mammalia mouse_3 18.02941 
Ita7 Mammalia mouse_3 23.25 
Lph Mammalia rat_2 -77.3125 
Mcm3 Mammalia mouse_3 46.66667 
Mcm4 Mammalia mouse_3 28.4 
Nac1 Mammalia mouse_3 36.22222 
Nmna1 Mammalia mouse_3 18.13333 
Noc2l Mammalia mouse_3 17.28 
Nu155 Mammalia mouse_3 48.66667 
Psf1 Mammalia mouse_3 59.2 
Qsox1 Mammalia mouse_3 72 
Rab30 Mammalia mouse_3 41.5 
Rcaf1 Mammalia mouse_3 21.59322 
Rl35 Mammalia mouse_3 114 
Rs15 Mammalia mouse_3 -72 
S13a5 Mammalia mouse_3 18.8 
S22a5 Mammalia mouse_3 22.5 
Smg8 Mammalia mouse_3 56.72727 
Zchc4 Mammalia mouse_3 35.71429 
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Table A. 2 Details of DEGs found from the combined method 

Gene Gene 
symbo
l 

Function in 
Biological 
Processes 

Class Dataset logFC P-
Value 

g1528_INdme_PRJNA302146_DN76608_c0_g1 Arp3 Arp2/3 
complex-
mediated actin 
nucleation 

Insecta fly_1 1.06 1.76E-
03 

g1528_RDmus_PRJNA316996_DN111502_c3_g
1 

Arp3 Arp2/3 
complex-
mediated actin 
nucleation 

Mammalia mouse_2 -0.19 1.21E-
05 

g1528_RDmus_PRJNA316996_DN322379_c0_g
1 

Arp3 Arp2/3 
complex-
mediated actin 
nucleation 

Mammalia mouse_2 -0.23 3.18E-
04 

g640_RDmus_PRJNA316996_DN587279_c0_g5 At1a3 adult 
locomotory 
behavior 

Mammalia mouse_2 0.18 2.24E-
07 

g640_RDmus_PRJNA316996_DN454090_c0_g1 At1a3 adult 
locomotory 
behavior 

Mammalia mouse_2 -0.15 1.88E-
03 

g640_IName_PRJNA541005_DN206937_c3_g2 At1a3 adult 
locomotory 
behavior 

Insecta bee -0.30 1.64E-
04 

g493_INpme_PRJNA287152_DN40085_c1_g1 Brd3 chromatin 
organization 

Insecta wasp_2 -0.83 3.21E-
05 

g493_RDmus_PRJNA316996_DN116479_c1_g1 Brd3 chromatin 
organization 

Mammalia mouse_2 0.65 2.68E-
03 

g493_RDmus_PRJNA316996_DN120552_c3_g2 Brd3 chromatin 
organization 

Mammalia mouse_2 0.49 3.48E-
04 

g493_RDmus_PRJNA316996_DN120552_c3_g3 Brd3 chromatin 
organization 

Mammalia mouse_2 0.51 3.47E-
07 
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g4072_RDmus_PRJNA316996_DN587180_c0_g
4 

Cam2b calcium-
mediated 
signaling 

Mammalia mouse_2 4.08 5.55E-
06 

g4072_RDmus_PRJNA316996_DN587180_c0_g
1 

Cam2b calcium-
mediated 
signaling 

Mammalia mouse_2 1.19 1.25E-
05 

g4072_RDmus_PRJNA316996_DN587180_c0_g
3 

Cam2b calcium-
mediated 
signaling 

Mammalia mouse_2 0.98 1.59E-
13 

g4072_RDmus_PRJNA316996_DN587180_c0_g
6 

Cam2b calcium-
mediated 
signaling 

Mammalia mouse_2 5.52 5.86E-
05 

g4072_RDmus_PRJNA316996_DN587180_c0_g
7 

Cam2b calcium-
mediated 
signaling 

Mammalia mouse_2 -2.34 1.49E-
21 

g4072_IName_PRJNA541005_DN162820_c0_g
1 

Cam2b calcium-
mediated 
signaling 

Insecta bee -0.22 4.61E-
05 

g396_INdme_PRJNA302146_DN71415_c0_g1 Chd4 chromatin 
organization 

Insecta fly_1 3.58 4.52E-
07 

g396_RDmus_PRJNA316996_DN124133_c0_g1 Chd4 chromatin 
organization 

Mammalia mouse_2 0.36 2.29E-
03 

g396_RDmus_PRJNA316996_DN325837_c0_g1 Chd4 chromatin 
organization 

Mammalia mouse_2 0.38 3.27E-
03 

g373_RDmus_PRJNA316996_DN122652_c14_g
2 

Clk3 peptidyl-tyrosine 
phosphorylation 

Mammalia mouse_2 -0.72 2.15E-
08 

g373_FIswo_PRJNA381689_DN635_c0_g1 Clk3 peptidyl-tyrosine 
phosphorylation 

Actinopteri swordtail -0.45 1.32E-
03 

g373_FIswo_PRJNA381689_DN1135_c0_g1 Clk3 peptidyl-tyrosine 
phosphorylation 

Actinopteri swordtail -0.48 5.35E-
04 

g373_RDmus_PRJNA529794_DN101049_c0_g1 Clk3 peptidyl-tyrosine 
phosphorylation 

Mammalia mouse_3 5.17 1.55E-
04 
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g3094_INpme_PRJNA287152_DN41847_c0_g1 Cryab apoptotic 
process involved 
in 
morphogenesis 

Insecta wasp_2 -1.15 3.02E-
04 

g3094_INpme_PRJNA287152_DN38185_c0_g1 Cryab apoptotic 
process involved 
in 
morphogenesis 

Insecta wasp_2 -0.73 4.79E-
04 

g3094_RDmus_PRJNA316996_DN119776_c1_g
1 

Cryab apoptotic 
process involved 
in 
morphogenesis 

Mammalia mouse_2 0.68 4.84E-
07 

g3094_IName_PRJNA541005_DN130709_c0_g
1 

Cryab apoptotic 
process involved 
in 
morphogenesis 

Insecta bee 0.92 3.67E-
06 

g3094_IName_PRJNA541005_DN205528_c0_g
1 

Cryab apoptotic 
process involved 
in 
morphogenesis 

Insecta bee 1.90 2.84E-
08 

g2132_INpme_PRJNA287152_DN27723_c0_g1 Dnjb5 chaperone 
cofactor-
dependent 
protein refolding 

Insecta wasp_2 -1.09 8.19E-
21 

g2132_RDmus_PRJNA316996_DN117176_c1_g
1 

Dnjb5 chaperone 
cofactor-
dependent 
protein refolding 

Mammalia mouse_2 0.30 3.28E-
03 

g2132_RDmus_PRJNA316996_DN453986_c0_g
1 

Dnjb5 chaperone 
cofactor-
dependent 
protein refolding 

Mammalia mouse_2 0.38 2.48E-
04 
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g2132_IName_PRJNA541005_DN138194_c0_g
2 

Dnjb5 chaperone 
cofactor-
dependent 
protein refolding 

Insecta bee 1.13 9.62E-
10 

g808_INpme_PRJNA287152_DN40128_c1_g4 Enpl actin rod 
assembly 

Insecta wasp_2 -0.88 4.28E-
11 

g808_INpme_PRJNA287152_DN41341_c2_g2 Enpl actin rod 
assembly 

Insecta wasp_2 -0.76 6.76E-
06 

g808_RDmus_PRJNA316996_DN320243_c1_g1 Enpl actin rod 
assembly 

Mammalia mouse_2 0.19 7.89E-
08 

g808_IName_PRJNA541005_DN225248_c0_g1 Enpl actin rod 
assembly 

Insecta bee 1.86 5.31E-
17 

g808_IName_PRJNA541005_DN175067_c0_g1 Enpl actin rod 
assembly 

Insecta bee 2.07 1.73E-
23 

g808_IName_PRJNA541005_DN156858_c0_g1 Enpl actin rod 
assembly 

Insecta bee 0.71 5.50E-
04 

g146_INpme_PRJNA287152_DN39059_c1_g4 Est5a lipid catabolic 
process 

Insecta wasp_2 -0.84 3.76E-
08 

g146_INpme_PRJNA287152_DN39059_c1_g5 Est5a lipid catabolic 
process 

Insecta wasp_2 -0.88 1.66E-
07 

g146_INdme_PRJNA302146_DN70562_c0_g1 Est5a lipid catabolic 
process 

Insecta fly_1 2.91 3.54E-
05 

g146_INdme_PRJNA302146_DN76421_c1_g1 Est5a lipid catabolic 
process 

Insecta fly_1 3.91 2.48E-
10 

g146_FIswo_PRJNA381689_DN97_c0_g1 Est5a lipid catabolic 
process 

Actinopteri swordtail -0.51 4.47E-
04 

g112_INdme_PRJNA302146_DN79034_c0_g2 Flnb actin 
cytoskeleton 
organization 

Insecta fly_1 3.22 5.37E-
06 

g112_INdme_PRJNA302146_DN79034_c0_g3 Flnb actin 
cytoskeleton 
organization 

Insecta fly_1 2.46 1.35E-
03 
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g112_FIswo_PRJNA381689_DN5_c0_g1 Flnb actin 
cytoskeleton 
organization 

Actinopteri swordtail 0.69 1.69E-
04 

g112_FIswo_PRJNA381689_DN9554_c0_g1 Flnb actin 
cytoskeleton 
organization 

Actinopteri swordtail 0.98 3.64E-
07 

g112_FIswo_PRJNA381689_DN144941_c0_g1 Flnb actin 
cytoskeleton 
organization 

Actinopteri swordtail 0.93 2.68E-
06 

g85_INpme_PRJNA287152_DN41286_c1_g3 Grp75 cellular response 
to interleukin-1 

Insecta wasp_2 -0.66 1.67E-
04 

g85_INpme_PRJNA287152_DN38944_c1_g1 Grp75 cellular response 
to interleukin-1 

Insecta wasp_2 -1.15 3.60E-
15 

g85_INpme_PRJNA287152_DN37347_c1_g1 Grp75 cellular response 
to interleukin-1 

Insecta wasp_2 -0.65 1.12E-
05 

g85_RDmus_PRJNA316996_DN122773_c6_g2 Grp75 cellular response 
to interleukin-1 

Mammalia mouse_2 -4.89 6.37E-
58 

g85_RDmus_PRJNA316996_DN720964_c0_g1 Grp75 cellular response 
to interleukin-1 

Mammalia mouse_2 -0.14 2.89E-
05 

g85_RDmus_PRJNA316996_DN122773_c6_g1 Grp75 cellular response 
to interleukin-1 

Mammalia mouse_2 0.56 3.48E-
09 

g85_FIswo_PRJNA381689_DN146475_c0_g1 Grp75 cellular response 
to interleukin-1 

Actinopteri swordtail 0.47 4.47E-
04 

g85_RWcel_PRJNA450614_DN9800_c0_g1 Grp75 cellular response 
to interleukin-1 

Chromadore
a 

roundwor
m 

-2.44 7.94E-
07 

g85_IName_PRJNA541005_DN184327_c1_g1 Grp75 cellular response 
to interleukin-1 

Insecta bee 0.84 1.09E-
09 

g85_IName_PRJNA541005_DN194301_c0_g2 Grp75 cellular response 
to interleukin-1 

Insecta bee 1.78 6.64E-
08 

g85_IName_PRJNA541005_DN184295_c0_g2 Grp75 cellular response 
to interleukin-1 

Insecta bee 1.00 1.59E-
12 

g1635_INpme_PRJNA287152_DN41806_c5_g1 Hs74l protein folding Insecta wasp_2 -0.95 9.60E-
08 
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g1635_FIswo_PRJNA381689_DN114069_c0_g1 Hs74l protein folding Actinopteri swordtail 0.62 3.48E-
04 

g1635_IName_PRJNA541005_DN206413_c2_g
1 

Hs74l protein folding Insecta bee 0.95 1.53E-
12 

g976_INpme_PRJNA287152_DN32340_c4_g1 If4a2 cellular response 
to leukemia 
inhibitory factor 

Insecta wasp_2 0.37 1.03E-
04 

g976_RDmus_PRJNA316996_DN452698_c2_g1 If4a2 cellular response 
to leukemia 
inhibitory factor 

Mammalia mouse_2 -0.19 3.81E-
03 

g976_RDmus_PRJNA316996_DN453428_c0_g1 If4a2 cellular response 
to leukemia 
inhibitory factor 

Mammalia mouse_2 -0.15 1.79E-
03 

g442_RDmus_PRJNA316996_DN119065_c0_g2 If4g1 behavioral fear 
response 

Mammalia mouse_2 -0.80 1.20E-
04 

g442_RDmus_PRJNA316996_DN119065_c0_g1 If4g1 behavioral fear 
response 

Mammalia mouse_2 0.50 1.33E-
04 

g442_FIswo_PRJNA381689_DN8279_c0_g1 If4g1 behavioral fear 
response 

Actinopteri swordtail 1.03 4.39E-
09 

g442_FIswo_PRJNA381689_DN3868_c0_g1 If4g1 behavioral fear 
response 

Actinopteri swordtail 1.09 6.87E-
07 

g16_RDmus_PRJNA316996_DN109046_c1_g1 Ki13b microtubule-
based movement 

Mammalia mouse_2 0.32 6.81E-
05 

g16_RDmus_PRJNA316996_DN112909_c0_g2 Ki13b microtubule-
based movement 

Mammalia mouse_2 1.43 1.22E-
04 

g16_RDmus_PRJNA316996_DN111477_c2_g1 Ki13b microtubule-
based movement 

Mammalia mouse_2 0.20 2.73E-
04 

g16_FIswo_PRJNA381689_DN8789_c0_g1 Ki13b microtubule-
based movement 

Actinopteri swordtail 1.95 2.20E-
04 

g676_RDmus_PRJNA316996_DN320055_c0_g1 Kinh anterograde 
axonal protein 
transport 

Mammalia mouse_2 0.15 1.97E-
03 



 
 

61 
 

g676_RDmus_PRJNA316996_DN195271_c0_g1 Kinh anterograde 
axonal protein 
transport 

Mammalia mouse_2 0.26 7.16E-
09 

g676_FIswo_PRJNA381689_DN1822_c0_g1 Kinh anterograde 
axonal protein 
transport 

Actinopteri swordtail 1.16 6.92E-
06 

g129_RDmus_PRJNA316996_DN115294_c1_g4 M4k4 activation of 
protein kinase 
activity 

Mammalia mouse_2 -2.48 4.16E-
03 

g129_RDmus_PRJNA316996_DN83175_c0_g1 M4k4 activation of 
protein kinase 
activity 

Mammalia mouse_2 0.43 6.24E-
10 

g129_RDmus_PRJNA316996_DN122554_c1_g1 M4k4 activation of 
protein kinase 
activity 

Mammalia mouse_2 0.75 2.21E-
07 

g129_FIswo_PRJNA381689_DN88342_c0_g1 M4k4 activation of 
protein kinase 
activity 

Actinopteri swordtail -0.61 1.45E-
03 

g129_FIswo_PRJNA381689_DN209_c0_g1 M4k4 activation of 
protein kinase 
activity 

Actinopteri swordtail -0.45 7.58E-
04 

g61_RDmus_PRJNA316996_DN118241_c0_g3 Macf1 establishment or 
maintenance of 
cell polarity 

Mammalia mouse_2 0.65 1.25E-
04 

g61_RDmus_PRJNA316996_DN118241_c0_g2 Macf1 establishment or 
maintenance of 
cell polarity 

Mammalia mouse_2 0.39 1.18E-
03 

g61_FIswo_PRJNA381689_DN2388_c0_g1 Macf1 establishment or 
maintenance of 
cell polarity 

Actinopteri swordtail 1.07 2.32E-
15 

g61_FIswo_PRJNA381689_DN176346_c0_g1 Macf1 establishment or 
maintenance of 
cell polarity 

Actinopteri swordtail 1.33 1.84E-
08 
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g61_FIswo_PRJNA381689_DN721_c0_g1 Macf1 establishment or 
maintenance of 
cell polarity 

Actinopteri swordtail -1.10 4.07E-
13 

g61_FIswo_PRJNA381689_DN4135_c0_g1 Macf1 establishment or 
maintenance of 
cell polarity 

Actinopteri swordtail 0.94 1.29E-
11 

g50_INpme_PRJNA287152_DN40008_c3_g1 Myh7b actin 
cytoskeleton 
organization 

Insecta wasp_2 0.90 1.59E-
04 

g50_RDmus_PRJNA316996_DN121569_c1_g2 Myh7b actin 
cytoskeleton 
organization 

Mammalia mouse_2 0.29 3.09E-
03 

g50_FIswo_PRJNA381689_DN682_c0_g3 Myh7b actin 
cytoskeleton 
organization 

Actinopteri swordtail -0.61 3.58E-
06 

g50_FIswo_PRJNA381689_DN781_c2_g1 Myh7b actin 
cytoskeleton 
organization 

Actinopteri swordtail 0.93 7.97E-
04 

g50_FIswo_PRJNA381689_DN762_c0_g1 Myh7b actin 
cytoskeleton 
organization 

Actinopteri swordtail 0.86 1.72E-
04 

g1794_RDmus_PRJNA316996_DN319855_c0_g
1 

Ndrg3 signal 
transduction 

Mammalia mouse_2 9.58 7.87E-
30 

g1794_RDmus_PRJNA316996_DN319855_c0_g
4 

Ndrg3 signal 
transduction 

Mammalia mouse_2 -4.99 3.11E-
10 

g1794_RDmus_PRJNA316996_DN319855_c0_g
3 

Ndrg3 signal 
transduction 

Mammalia mouse_2 7.37 5.39E-
81 

g1794_RDmus_PRJNA316996_DN319855_c0_g
2 

Ndrg3 signal 
transduction 

Mammalia mouse_2 -8.52 6.94E-
20 

g1794_FIswo_PRJNA381689_DN6844_c0_g1 Ndrg3 signal 
transduction 

Actinopteri swordtail 0.68 1.37E-
03 
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g120_RDmus_PRJNA316996_DN112448_c0_g1 Odo1 2-oxoglutarate 
metabolic 
process 

Mammalia mouse_2 0.99 3.37E-
04 

g120_RDmus_PRJNA316996_DN115159_c0_g1 Odo1 2-oxoglutarate 
metabolic 
process 

Mammalia mouse_2 0.65 2.06E-
05 

g120_RDmus_PRJNA316996_DN115159_c0_g2 Odo1 2-oxoglutarate 
metabolic 
process 

Mammalia mouse_2 -6.10 2.18E-
28 

g120_INdme_PRJNA475804_DN59680_c1_g2 Odo1 2-oxoglutarate 
metabolic 
process 

Insecta fly_3 -2.58 1.31E-
05 

g1337_RDmus_PRJNA316996_DN108901_c0_g
2 

P85b cellular glucose 
homeostasis 

Mammalia mouse_2 -3.83 7.90E-
07 

g3317_RDmus_PRJNA316996_DN108901_c0_g
2 

P85b cellular glucose 
homeostasis 

Mammalia mouse_2 -3.83 7.90E-
07 

g1337_FIswo_PRJNA381689_DN67_c1_g1 P85b cellular glucose 
homeostasis 

Actinopteri swordtail 0.61 8.27E-
05 

g133_RDmus_PRJNA316996_DN119158_c2_g4 Pde4d adenylate 
cyclase-
activating 
adrenergic 
receptor 
signaling 
pathway 
involved in 
positive 
regulation of 
heart rate 

Mammalia mouse_2 0.31 3.94E-
03 

g133_RDmus_PRJNA316996_DN98519_c0_g1 Pde4d adenylate 
cyclase-
activating 
adrenergic 

Mammalia mouse_2 0.61 7.23E-
04 
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receptor 
signaling 
pathway 
involved in 
positive 
regulation of 
heart rate 

g133_FIswo_PRJNA381689_DN1382_c0_g1 Pde4d adenylate 
cyclase-
activating 
adrenergic 
receptor 
signaling 
pathway 
involved in 
positive 
regulation of 
heart rate 

Actinopteri swordtail -0.91 1.65E-
04 

g334_RDmus_PRJNA316996_DN76580_c0_g1 Peli1 interleukin-1-
mediated 
signaling 
pathway 

Mammalia mouse_2 0.35 9.19E-
04 

g334_RDmus_PRJNA316996_DN117671_c0_g2 Peli1 interleukin-1-
mediated 
signaling 
pathway 

Mammalia mouse_2 -3.58 6.22E-
06 

g3366_FIswo_PRJNA381689_DN4273_c0_g1 Peli1 interleukin-1-
mediated 
signaling 
pathway 

Actinopteri swordtail 0.80 6.27E-
05 

g334_FIswo_PRJNA381689_DN2687_c0_g1 Peli1 interleukin-1-
mediated 

Actinopteri swordtail 0.89 3.91E-
04 
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signaling 
pathway 

g1027_INpme_PRJNA287152_DN40071_c2_g2 Rrp5 mRNA 
processing 

Insecta wasp_2 0.50 1.62E-
04 

g1027_RDmus_PRJNA316996_DN123191_c2_g
3 

Rrp5 mRNA 
processing 

Mammalia mouse_2 -0.70 1.85E-
04 

g1027_RDmus_PRJNA529794_DN597388_c0_g
1 

Rrp5 mRNA 
processing 

Mammalia mouse_3 6.08 3.52E-
04 

g1788_INdme_PRJNA302146_DN75320_c0_g1 Scrb1 adhesion of 
symbiont to host 

Insecta fly_1 2.21 2.47E-
04 

g1788_RDmus_PRJNA316996_DN14139_c0_g1 Scrb1 adhesion of 
symbiont to host 

Mammalia mouse_2 -3.30 1.98E-
06 

g1788_RDmus_PRJNA316996_DN14139_c0_g3 Scrb1 adhesion of 
symbiont to host 

Mammalia mouse_2 2.35 3.63E-
05 

g1788_RDmus_PRJNA316996_DN14139_c0_g5 Scrb1 adhesion of 
symbiont to host 

Mammalia mouse_2 -3.04 2.27E-
04 

g1788_FIswo_PRJNA381689_DN4047_c0_g1 Scrb1 adhesion of 
symbiont to host 

Actinopteri swordtail 0.95 3.41E-
06 

g1788_RDmus_PRJNA529794_DN77528_c0_g1 Scrb1 adhesion of 
symbiont to host 

Mammalia mouse_3 6.31 1.32E-
04 

g207_RDmus_PRJNA316996_DN121201_c1_g1 Stb5l exocytosis Mammalia mouse_2 -0.30 3.02E-
03 

g207_RDmus_PRJNA529794_DN93164_c1_g2 Stb5l exocytosis Mammalia mouse_3 6.26 7.81E-
05 

g207_IName_PRJNA541005_DN201708_c2_g2 Stb5l exocytosis Insecta bee -0.42 6.44E-
04 

g788_RDmus_PRJNA316996_DN322184_c0_g3 Tba4a microtubule 
cytoskeleton 
organization 

Mammalia mouse_2 0.17 1.26E-
05 

g788_RDmus_PRJNA316996_DN46705_c3_g2 Tba4a microtubule 
cytoskeleton 
organization 

Mammalia mouse_2 0.17 1.67E-
05 
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g788_IName_PRJNA541005_DN203746_c4_g2 Tba4a microtubule 
cytoskeleton 
organization 

Insecta bee 0.48 3.02E-
04 

g560_INdme_PRJNA302146_DN74885_c0_g1 Ubp40 protein 
deubiquitination 

Insecta fly_1 2.79 7.40E-
06 

g560_INdme_PRJNA302146_DN75296_c1_g2 Ubp40 protein 
deubiquitination 

Insecta fly_1 1.99 2.46E-
04 

g560_FIswo_PRJNA381689_DN1131_c0_g1 Ubp40 protein 
deubiquitination 

Actinopteri swordtail 1.68 1.20E-
06 

g174_INdme_PRJNA302146_DN78331_c0_g1 Vpp3 apoptotic 
process 

Insecta fly_1 1.59 1.48E-
03 

g174_INdme_PRJNA302146_DN73747_c0_g1 Vpp3 apoptotic 
process 

Insecta fly_1 4.99 6.51E-
18 

g174_RDmus_PRJNA316996_DN123539_c0_g1 Vpp3 apoptotic 
process 

Mammalia mouse_2 0.25 1.83E-
05 
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Figure A. 4 Hierarchical clustering of species in Amphibia, Actinopteri, and Chromadorea for the 
differential expression level of 40 Learning-cOGGs. Numbers at the nodes indicate support for the clustering. 
Bootstrap probability (BP) values and approximately unbiased (AU) probability values (p-values) were both 
calculated with same distance measurement (“Euclidean”) and clustering method (“average”). 
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