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Genomic Prediction (GP) is commonly performed using tens of thousands, even 

millions of single-nucleotide polymorphism (SNP) markers. Associations among the 

phenotypes and genotypes of a training population are used to predict the performance 

of un-phenotyped target populations. Traditionally, the markers used in these studies 

are treated similarly, irrespective of their position in the genome, their proximity to 

regulatory elements, or whether they reside within biologically-relevant genes. The 

content of this dissertation aims to both identify “functional” regions in the cassava 

(Manihot esculenta) genome and test whether the incorporation of prior biological 

knowledge enhances the accuracy of GP models in this crop. 

 

In 2013, at the onset of this research, very few genomic resources were available 

within the cassava research community; a draft of the genome sequence had recently 

been released and a solid platform for low-coverage genotyping using genotyping-by-

sequencing (GBS) was online. As a means of generating more genomic resources, we 

first began by identifying nucleotide-binding site leucine-rich repeat (NBS-LRR) genes 

associated with biotic resistance across the cassava genome. We then leveraged the 



 

NBS-LRR information, together with genomic annotations and a transcriptomics 

experiment, in a second study to identify genes involved in the interaction of cassava 

with Cassava Brown Streak Virus (CBSV). We later used biologically-informed GP 

methods to compare models with and without biologically-relevant information. 

 

Until the final phase of our research, our efforts had focused on identifying 

functional elements within the coding fraction of the genome.  In an effort to build upon 

several genome-wide association (GWA) studies illustrating the importance of 

regulatory regions outside genes, the third study explored cassava’s nascent 

transcriptome. In doing so, we were able to identify key components of plant 

transcriptional regulation and candidate enhancer regions that not been previously 

described. Moreover, we showed that these candidate enhancer regions contributed 

disproportionately to the SNP heritability of several complex traits. The research 

presented herein provides holistic insight into cassava’s genomic resources, and it is our 

hope that it is useful to future research and breeding endeavors within this staple crop 

species. 
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CHAPTER 1 

IDENTIFICATION AND DISTRIBUTION OF THE NBS-LRR GENE FAMILY 

IN THE CASSAVA GENOME1 

 

ABSTRACT 

 

Plant resistance genes (R genes) exist in large families and usually contain both a 

nucleotide-binding site domain and a leucine-rich repeat domain, denoted NBS-LRR. 

The genome sequence of cassava (Manihot esculenta) is a valuable resource for 

analysing the genomic organization of resistance genes in this crop. 

With searches for Pfam domains and manual curation of the cassava gene 

annotations, we identified 228 NBS-LRR type genes and 99 partial NBS genes. These 

represent almost 1% of the total predicted genes and show high sequence similarity to 

proteins from other plant species. Furthermore, 34 contained an N-terminal 

toll/interleukin (TIR)-like domain, and 128 contained an N-terminal coiled-coil (CC) 

domain. 63% of the 327 R genes occurred in 39 clusters on the chromosomes. These 

clusters are mostly homogeneous, containing NBS-LRRs derived from a recent 

common ancestor. 

This study provides insight into the evolution of NBS-LRR genes in the cassava 

genome; the phylogenetic and mapping information may aid efforts to further 

characterize the function of these predicted R genes. 

 

 

                                                 
1 Lozano, R., Hamblin, M. T., Prochnik, S., & Jannink, J.-L. (2015). Identification and 

distribution of the NBS-LRR gene family in the Cassava genome. BMC Genomics, 

16(1), 360. 
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INTRODUCTION 

 

In the tropics, cassava (Manihot esculenta) is the third biggest source of 

carbohydrates after rice and maize, feeding almost a billion people daily (www.fao.org). 

Most importantly, it is one of the major food crops in sub-Saharan Africa. However, 

two viral diseases threaten cassava productivity: Cassava Mosaic Disease (CMD)  and 

Cassava Brown Streak Disease (CBSD) [1,2]. While these viruses were previously 

associated with lowlands, a new variant of the Cassava Brown Streak virus was found 

recently to infect this crop at altitudes above 1000 m [3]. In Uganda, the disease is 

pandemic, and its devastating effects, makes this virus a major concern for food security 

in central and east Africa [4]. Because of these diseases, an understanding of the 

molecular basis of disease resistance in cassava is a priority. As a first step, we have 

used the cassava genome sequence to identify and classify members of a major class of 

disease-resistance genes. 

Studies in model plant species have shown that, unlike vertebrates, plants lack a 

somatic adaptive immune system [5]. To resist pathogens, plants have developed an 

advanced innate immune system consisting of a multiple layered network of defense 

proteins. One of these layers, Effector-Triggered Immunity (ETI), acts inside the cell 

via proteins encoded by a class of defense genes called R genes [6]. The most common 

disease resistance genes cloned to date are those belonging to the NBS-LRR family, 

named after the domains they typically contain: the nucleotide binding sites (NBS) and 

the leucine-rich repeat (LRR). This highly conserved gene family has structural and 

functional homology to the mammalian nucleotide-binding oligomerization domain 

(NOD)-LRR protein family, which functions in inflammatory and immune responses 

[7,8].   
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The NBS domain is part of the larger ~300 amino acid NB-ARC domain and 

contains strictly ordered motifs [9]. The NBS region binds and hydrolyzes ATP and 

GTP and primarily works as a signal transduction switch following pathogen 

recognition. LRR domains typically consist of 20-30 amino acid repeats that are often 

implicated in protein-protein interaction and, more precisely, bind to pathogen-derived 

molecules [10]. The LRR domain is thought to be the primary determinant of pathogen 

recognition specificity [11–13]. NBS-LRR proteins can recognize a wide variety of 

taxonomically unrelated pathogens, including viruses, bacteria, fungi, and even insects 

[14]. Activation of these genes results in a hypersensitive response (HR), a localized 

form of host-programmed cell death [15].  

Resistance genes encoding NBS domains can be further classified into two major 

groups according to the presence or absence of different domains in the N-terminal 

region. The first group is comprised of proteins carrying the TOLL/interleukin-1 

receptor (TIR) and are named TNL proteins (for TIR-NBS-LRR). The second, non-TIR-

NBS-LRR group is usually known as CNL (for CC-NBS-LRR), because most of its 

members encode a coiled-coil (CC) N-terminal domain. Despite the name, we can find 

members of this group with Zinc finger or RPW8 domains instead of a coiled-coil [16–

18]. This division is reflected in both phylogenetic analysis and their signaling pathways 

[19]. Both TIR and CC domains are involved in downstream specificity and signaling 

regulation [20]. 

While molecular techniques can be used to analyse NBS-LRR genes in plants 

lacking a genome sequence [21], the increasing number of sequenced plant genomes 

has facilitated the study of the NBS-LRR family in dicots and monocots, including 

Arabidopsis thaliana [22], Arabidopsis lyrata [23], Oriza sativa [24,25], Vitis vinifera 

[26], Glycine max [27], Malus domestica [28], Solanum tuberosum [29,30], and 
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Solanum lycopersicum [31]. In most of these studies, the NBS-LRR genes exist in large, 

diverse families that are clustered on the genome [32,33].  

The genomic clustering of R genes is thought to facilitate rapid R gene evolution in 

plant genomes via recombination. These clusters vary in size and complexity and fall 

into two types based on the phylogenetic relationship of their members. Commonly, 

clusters contain closely-related genes (same recent ancestor) of the same type, but they 

can also be heterogeneous, with NBS-LRR genes that are phylogenetically distant from 

each other (i.e., clusters can contain both TNL and CNL genes) [14, 34].  

In a recent effort to accelerate functional R gene discovery in cassava, several 

Resistant Gene Analogs (RGA) were identified using molecular techniques [35]. The 

Manihot esculenta genome comprises 12,977 scaffolds (L50= 258,147 bp) [36] and 

together with gene annotations, and the genetic map [37], represent powerful tools for 

identifying and mapping resistance genes.   

Among the 30,666 annotated protein-coding genes, we identified 228 belonging to 

the NBS-LRR family. Annotation of functional domains, physical position, as well as 

expression profiling and phylogenetic analysis was performed on these genes. Our 

results provide significant insights into the evolution of this gene family in the cassava 

genome, and the results also generated an extensive R gene database that will accelerate 

future efforts for disease resistance breeding in this crop. 

 

METHODS 

 

Cassava genome resources 

The whole v4.1 genome assembly of the AM560-2 genotype comprising 12,977 

scaffolds, as well as the whole genome annotation (30,666 genes), were downloaded 

from Phytozome [38] (http://www.phytozome.net/ accessed on 01/24/2014). 
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Subsequently, a genetic map was used to anchor scaffolds from v4.1 onto the genetic 

map, creating 18 pseudomolecules (M. esculenta v5.0, http://phytozome.jgi.doe.gov). 

Identification of NBS-LRR genes 

Predicted proteins from the cassava genome were scanned using HMMER v3 [39] 

using the Hidden Markov Model (HMM) corresponding to the Pfam [40] NBS (NB-

ARC) family (PF00931; http://pfam.sanger.ac.uk/). From the proteins obtained using 

the raw NBS HMM, a high-quality protein set (E-value < 1 x 10-20 and manual 

verification of an intact NBS domain) was aligned and used to construct a cassava-

specific NBS HMM using hmmbuild from the HMMER v3 suite. This new cassava-

specific HMM was used, and all proteins with an E-value lower than 0.01 were selected. 

NBS-LRR genes were further filtered based on manual curation and functional 

annotation against both the closest homolog from Arabidopsis and the UNIREF100 

sequence database. Most of the proteins that were removed had at least a partial kinase 

domain, but no relationship to NBS-LRR genes; this result was expected because the 

NBS domain has smaller kinase subdomains (Additional file 1). 

NBS-associated conserved domains  

NBS-encoding resistance genes usually have additional domains such as TIR, CC, 

or RPW8 in the N-terminal domain and a variable number of LRR domains in the 

carboxy-terminal region [5]. Conserved, associated domains were identified using a 

hmmpfam comparison to Pfam v27 [40].  The raw TIR HMMs (PF01582), RPW8 

(PF05659), and LRR (PF00560, PF07723, PF07725, and PF12799) were downloaded 

(http://pfam.xfam.org) and used to mine the previous NBS-encoding gene candidates to 

identify distinct domains. Results were confirmed using both the NCBI Conserved 

Domains Tool [41] and Multiple Expectation for Motif Elicitation (MEME) [42]. 

http://pfam.sanger.ac.uk/
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Paircoil2 was used [43] with a P score cut-off of 0.03, because coiled-coil domains 

cannot be identified through conventional Pfam searches (Additional file 2). 

Identification of partial NBS-LRR genes 

Due to the rapid evolution of the NBS-LRR family, our pipeline might not identify 

some genes that belong to the NBS-LRR cluster, but which have lost the NBS domain, 

or a large part of it. To try to identify all of these genes, we used an in-house script to 

download all the proteins from NCBI that included an “NBS-LRR” tag in their names. 

Later these proteins were formatted as a BLAST database. The remaining proteins from 

the cassava annotation were searched with BLAST [44] against this database. We kept 

high similarity genes as partial genes that could be pseudogenes caused by deletion, 

insertion, or frameshift mutation.  

Alignment and phylogenetic tree estimation 

We conducted this analysis to confirm the separation between the two main NBS-

LRR groups in cassava and to learn about the phylogenetic history of the genes within 

each main branch. The NB-ARC domain region for every protein that carried a full-

length NBS, as revealed by MEME [42], was extracted (counting 250 aa after the p-

loop). Sequences with less than 90% of the full-length NB-ARC domain were excluded 

from posterior analysis. The multiple alignment was performed using clustalW [45] on 

157 full NBS-domain cassava genes under default parameters. The resulting alignment 

was manually curated using Jalview [46], and poorly aligned regions at both ends were 

trimmed. A phylogenetic tree was then inferred in MEGA6 [47] by using the Maximum 

Likelihood method based on the Whelan and Goldman + freq. Model [48]. The tree with 

the highest log-likelihood was selected. Initial trees for the heuristic search were 

obtained by applying the Neighbour-Joining method to the matrix of pairwise distances 



 

7 

 

estimated using a JTT model [49]. The nodes were tested by bootstrap analysis with 

1000 replicates. Two additional trees were constructed using the same methodology, 

but which included reference resistance NBS-LRR genes from other species (Additional 

file 3). All trees were rooted using the NBS domain of the Human apoptotic protease-

activating factor-1 (APAF-1). 

Anchoring NBS-LRR genes to the cassava pseudomolecules 

The NBS-LRR candidate genes were mapped to their physical position in the 

cassava genome using the cassava pseudomolecule assembly v5 and the genes from 

annotation v4.1 (Phytozome, http://phytozome.jgi.doe.gov). Genes were mapped to 

their position in the pseudomolecule file using Blast+ [50]. Only the top hit was 

considered (full coverage of both query and subject). CIRCOS [51] and Mapchart [52] 

were used for visualization. 

Genes were arranged in different clusters. As described previously [29], an NBS-

LRR cluster is defined as two or more NBS-LRR genes that are closer than 200kb and 

separated by no more than eight non-NBS-LRR genes. To test the statistical significance 

of this definition, we compared the cluster frequencies of NBS-LRR genes with the 

mean cluster frequencies obtained from 1000 iterations of a random sample of genes. 

Each random sample consisted of 205 genes, which is the same number of NBS-LRR 

genes that is anchored to its chromosomal positions. 

Expression analysis of NBS genes under biotic stresses 

RNAseq data were obtained from two experiments. The first measured changes in 

the transcriptome after infecting plants with Cassava Brown Streak Virus (CBSV) [53]. 

This study was focused on detecting genes involved in the steady state defence response 

by carrying out a transcriptome analysis 12 months after graft inoculation of CBSV. In 

http://phytozome.jgi.doe.gov/
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the experiment, leaf samples were collected from three CBSV-inoculated and control 

plants, and two cassava genotypes were used, Kaleso (resistant to CBSV) and Albert 

(susceptible). RNA was sequenced using the Illumina Hiseq 2000 platform to generate 

50bp single end reads. BWA aligner was used to map the reads against the cassava 

genome. FPKM (Fragments per Kilobase of exon per Million fragments mapped) were 

calculated for each gene, but only transcripts showing an FPKM > 1 were kept for 

further analysis. Differential expression was calculated using the R package DEGseq 

[54]. 

 The second RNAseq experiment measured the transcriptome response of a 

susceptible cassava plant (cultivar MCOL1522) infected with both a pathogenic and a 

non-pathogenic strain of Xanthomonas axonopodis pv. Manihotis (causal agent of 

Cassava Bacterial Blight) [55]. Two biological replicates were performed and RNA 

samples were collected at 0, 5, and 7 days post inoculation. RNAseq was run using 

Illumina technology to give 100bp pair-end reads. FPKM values for all annotated 

cassava genes were obtained using cufflinks v2.0.2 [56]. Differential expression was 

calculated using NOISeqBIO v2.6.0 [57] 

Differentially expressed genes from both experiments were scanned for NBS-LRR 

genes. It was expected that these genes were overexpressed during infection if they were 

contributing to the response against the pathogens.  

Availability of supporting data 

Phylogenetic raw data are available through the Data Dryad digital repository, 

Doi:10.5061/dryad.tp030. Nucleic acid and protein sequences for every gene presented 

in this article are available in the Phytozome v10.1 repository, 

http://phytozome.jgi.doe.gov (Manihot esculenta v4.1). 

 

http://phytozome.jgi.doe.gov/
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RESULTS  

Identification of NBS-LRR genes 

The cassava-specific HMM for the NBS-LRR domain identified 490 gene 

candidates. This initial dataset was filtered based on several criteria (Additional File 1). 

Finally, a total of 228 non-redundant NBS-encoding R gene candidates were identified 

in the v4.1 release of Manihot esculenta genome, as well as 99 partial genes (without 

the NBS domain) (Table 1.1, Additional file 4). Analysing each NBS-LRR candidate 

allowed us to classify them into the TNL or CNL families (Table 1.1). Proteins 

belonging to the CNL group include 117 with full-length domains (CC, NBS and LRR). 

However, 64 proteins from this group lacked a domain and were classified as follows; 

NCC (10, only NBS domain from the CC type), CN (11, N terminal domain and NBS, 

but lacking the LRR), NLCC (43, NBS and LRR from the CC type, but lacking the N 

terminal domain). The remaining 47 genes belonged to the TNL group and were 

distributed as follows: TNL (29), NTIR (4), TN (5), NLTIR (9).  

The average number of exons among the full-length NBS-encoding genes (CNL and 

TNL) in the cassava genome was 3.35, a value that is approximately half the average 

number of exons among all predicted cassava genes (6.17). As expected from previous 

studies, the average number of exons from the TNL family was higher (5.48) than those 

in CNL genes (2.82). Moreover, 35% of all the CNL genes were encoded by a single 

exon. This result is consistent with Arabidopsis thaliana, Malus domestica, or Brassica 

rapa, where CNLs and TNLs have 2.2, 2.3, 3.4, and 5.3, 5.2, 6.4 exons per gene on 

average, respectively [18,22,28].  
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Phylogenetic Analysis 

To study the evolutionary relationships among the newly discovered NBS-LRR 

genes, we built a phylogenetic tree using the conserved NB-ARC domain. Predicted 

NBS-LRR genes that contained no or partial NB-ARC domain were excluded. 

Alignment of the amino acid sequences revealed the NBS-subdomains, including the p-

loop, kinase-2, kinase-3, and GLPLA. This alignment also showed a previously reported 

diagnostic site [58] that can differentiate CNL and TNL proteins right after the kinase-

2 sub-domain (Additional file 5). As expected, the phylogenetic tree separated TNL and 

CNL genes into two different clades (Figure 1.1). For clarity, we labelled the genes with 

their type and chromosome position. The TNL clade is comprised of 33 genes, including 

several incomplete genes (NLTIR, NTIR). These genes are distributed among nine 

chromosomes (Figures 1.1 and 1.2), with a relatively high density on chromosome 17. 

On the other hand, the CNL clade has three main groups: CC(I), CC(II), and a separate 

clade that includes those proteins encoding an RPW8 (Resistant to powdery mildew in 

Table 1.1 NBS-LRR genes and their classification in different genomes 
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A. thaliana) domain. This strong separation has not been observed in previous studies 

where the RPW8s genes grouped together with the CC(II) group [29]. 

For comparative purposes, we included well characterized and manually curated 

resistance genes from Arabidopsis thaliana, Cucumis melo, Hordeum vulgare, Solanum 

tuberosum, and Zea mays, among others (Additional file 3) into a second phylogenetic 

tree (Figure 1.3, additional file 6). Most of the clades grouped as previously observed. 

All the TNL reference genes grouped into the TNL cluster (red), including Gro1.4 

(Solanum tuberosum), N (Nicotiana glutinosa), and KR1 (Glycine max); however, these 

proteins tended to cluster separately from other TNL cassava genes. RPS4 (Arabidopsis 

thaliana), for example, clustered separately from all the other TNL members, as was 

previously reported in potato [30]. 

The CC-1 clade (blue) harbored more than half of the total NBS-LRR genes, and 

most of the reference R genes clustered inside this group as well. The introduction of 

the reference genes, however, influenced the topology of the tree, and resulted in a 

division within this group into two separate clades, CC-1a and CC-1b (Figure 1.3, 

additional file 6). CC-1a grouped 58 cassava CNL genes. As was observed inside the 

TNL group, most of the reference R genes tended to cluster apart from the cassava 

resistance candidates, although two functionally validated genes, FOM-2, (Cucumis 

melo) and Pl8 (Helianthus annuus), showed sequence similarity to some cassava genes. 

FOM-2 clustered together with NB000657 and NB034199 with high bootstrap support, 

while PI8 was part of a sub-branch that contained several cassava genes. The CC-1b 

clade had 27 cassava genes; when adding the reference R genes, the topology of this 

subgroup broke apart (Additional file 6). Most of the reference genes in this clade 

belonged to grass species (Hordeum vulgare, Oriza sativa, or Triticum aestivum) and, 

thus, it was not a surprise that none of these clustered together with any cassava genes.  
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Figure 1.1 Phylogenetic reconstruction of the NBS-LRR proteins in Manihot esculenta. A 

maximum likelihood tree was constructed using 157 NBS domains. Percent bootstrap values 

(1000 iterations) are indicated in every branch. Each protein is encoded as follows: NB + ID 

number (same as phytozome ID) + Domains present (TNL, TN, NTIR, NLTIR, CNL, CN, NCC, 

NLCC) + chromosome assignment (if available). Red, green, purple, and blue correspond to 

TIR, CNL-2, RPW8, and CNL-1 clades, respectively. APAF-1 was used as an outgroup 
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The NBS-LRR family in grasses has a markedly different evolution that is 

represented by a significant underrepresentation of TNL genes.  [59]. 

The RPW8 clade (purple), containing three cassava genes, clustered with two ADR1 

genes from Arabidopsis and the N-required gene 1 (NRG1) from Nicotiana 

benthamiana. Two sub-clades were evident; one contained ADR1 genes and 

NB001747, and the other contained NRG1, NB001794, and NB024731.  

It is clear (Figure 1.2, Figure 1.4) that the distribution of NBS-LRR genes is not 

even among the chromosomes and that they tend to form clusters. This clustered 

arrangement has been thought to facilitate sequence exchange through recombinational 

mispairing [34]. To identify NBS-LRR clusters, we used a previous definition [29] that 

a NBS-LRR cluster has two or more genes that are closer than 200kb and separated by 

no more than eight non-NBS-LRR genes. Using this approach, we identified 39 clusters 

containing 143 NBS-LRR genes. Thus, 62 (30%) are singleton genes that do not map 

near other resistance genes. The size of the clusters varied across the genome from 2 to 

10 members; the clusters can be classified further as homogeneous or heterogeneous 

based on how related the members of each cluster are (Additional file 9).    

Chromosome 16 has the highest number of R genes (40, ~20% of mapped genes) 

distributed in 9 clusters plus 9 singletons. The number of members per cluster in this 

chromosome varies from 2 to 10. Cluster 35, for example, contains 10 genes belonging 

to the CC-1a clade (Figure 1.1, additional file 9) with homology to RGA-2 (Resistance 

protein to P. infestans in tomato and potato). Multiple sequence alignment, followed by 

phylogenetic tree reconstruction of the proteins that belong to that group, shows that 

there are two subgroups within the cluster that represent two different origins 

(Additional file 9).  
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Figure 1.2 Distribution of Cassava predicted NBS-LRR resistance genes. The relative map 

position of 205 NBS-LRR genes is shown on each of the 18 cassava chromosomes. Each gene 

is represented by a colored tick mark. TNL genes are represented by red ticks, while CNL and 

partial genes are represented by blue and black tick marks, respectively. NBS-LRR clusters are 

evident on chromosomes 16 and 17. In the center, gene expression densities in healthy cassava 

leaves (outer histogram) and roots (inner histogram) depict transcriptional activity of the NBS-

LRR rich regions. Expression densities were obtained by mapping RNASeq reads to the genome 

and were plotted using 0.5 Mb windows. 



 

15 

 

Cluster 31 also carries 10 NBS-LRR genes, and belongs to the CC-2 clade with 

homology to putative resistance genes. There are only five TNL proteins in this 

chromosome, and only two of them are close enough to be considered a cluster by our 

criterion (cassava4.1_031642m and cassava4.1_001210m); these proteins encode close 

homologs to the TMV resistant protein N.  

We only observed TNL clusters in chromosomes 7, 16, and 17. Most of the clusters 

comprise paralogs derived from the same recent common ancestor. It is less common to 

find TNL proteins clustered together with CNL proteins. In chromosome 17, for 

example, we found two neighbouring clusters (37 and 38) that encoded TNL genes; the 

first cluster carried 6 members of the TNL group with homology to TMV resistant 

protein N, and the second cluster contained 3 TNL and 6 CNL proteins. Two of the TNL 

genes lacked some domain (NTIR, TN) and were very short, 633 and 480 bp, 

respectively, and the remaining gene, cassava4.1_027701m (975bp), appeared to be a 

pseudogene caused by a frameshift mutation. While these TNL proteins might be the 

remnants of previously functional genes that were defeated by pathogens, we cannot 

exclude the possibility of a sequencing/annotation error. The CNL proteins in the cluster 

belong to the CC-1b clade and are closely related. 

We also checked the genome distribution of the RPW8-NBS-LRR proteins (purple 

clade in figure 1.2). Three proteins belong to this clade, NB001747 (homologous to 

ADR1 Arabidopsis gene), NB001794, and NB024731 (homologous to NRG1 from 

Nicotiana). Genes that encode these proteins are distributed on chromosomes 10, 18, 

and 8, respectively, with sizes that range from 794 to 828. None of these genes are 

located close to another resistance protein. All the members of this clade have strong 

homologs in Populus trichocarpa, Riccinus communis, and Jatropha curcas. 
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Figure 1.3 Phylogeny of a subset of cassava NBS-LRR proteins with functional 

resistance genes from other species. Phylogenetic analysis of the NBS domain was 

carried out by the Maximum likelihood method using cassava NBS-LRR proteins as 

well as cloned functional R genes from different species including Arabidopsis, rice, 

and more (Additional file 3). For ease of visualization, we only used a subset of cassava 

genes that represents each clade (see Additional file 6 for the full tree). Red, green, 

purple, and blue represent TIR, RPW8, CNL-2, and CNL1 clades, respectively. The 

bottom clade in the CNL1-1b group is compressed, because it groups resistance proteins 

that are specific to grasses and does not cluster together with any cassava NBS-LRR 

protein. Members of this clade include Pi genes from Oryza sativa, Lr genes from 

Triticum aestivum, and Mla genes from Hordeum vulgare, for example. 

 

Expression of NBS-LRR genes under biotic stresses 

Recently a study on changes in the cassava transcriptome under Cassava Brown 

Streak Virus (CBSV) infection [53] found no significant differential expression of NBS-

LRR genes in the Cassava genome one year after infection, either in a resistant or 

susceptible genotype. Only 235 NBS-LRR genes were identified in this study (based on 

conserved domains), contrasting with our finding of 327. We also found that some of 

the genes called as NBS-LRR in that study were miss-annotated and belonged to 

members of other families. FPKM (Fragments Per Kilobase of exon per Million 

fragments mapped) values were obtained for the 327 NBS-LRR genes that we found 

and, confirming the observation of Maruthi et al, we saw no significant changes in 

expression between the infected and the control plant (Additional file 10). 

Similar results were obtained in the plants infected with Xanthomonas axonopodis 

pv manihotis (causal agent of Cassava Bacterial Blight). In this experiment only one 

partial NBS-LRR cassava gene (cassava4.1_006209m) was differentially expressed 

during infection with the pathogen. There are however high expression of several of this 

genes across all conditions suggesting that they may still have a role in cassava's 

response to these pathogens. 
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DISCUSSION  

 

Cassava is a staple crop for millions of people in Africa, being their primary source 

of calories (FAO, 2003). This crop has a high yield potential under good conditions 

[60], yet it faces many biotic stresses. Given the importance of cassava, breeding for 

disease resistance is essential; the availability of the recently published cassava genome 

sequence allowed us to identify, classify, and map the NBS-LRR members, the biggest 

disease resistance gene family in plants.  

According to our bioinformatics analysis the cassava genome carries a total of 327 

NBS-LRR genes. From these, we annotated 99 as partial NBS-LRR genes that encode 

none or only a small part of the NBS domain, but they have high similarity with full-

sized NBS-LRR genes. Partial genes may be the result of pseudogenization, given the 

rapid evolution of this gene family, but we cannot eliminate the possibility that these 

genes were incorrectly annotated because we did not perform a manual re-annotation to 

examine for sequencing errors. The 327 NBS genes found in the cassava reference 

genome represent 0.9% of the total number of coding sequences. The frequency of NBS 

sequences in the cassava genome fall within the range previously observed for other 

species (0.6% - 1.76%) [61]. 

No functional resistance genes have been cloned in cassava; genes found in this 

study, however, have strong homology with previously reported cassava Resistance 

Gene Candidates (RGCs) and NBS-LRR genes from other species. [35,58]. Lopez et al. 

(2003) [58] reported 12 Resistance Gene Candidates (RGC) in the cassava genome. The 

sequences for nine of these RGC regions were made available publicly. Eight of the 

nine RGCs aligned with >90% identity to NBS-LRR genes found in this study 

(Additional file 11). Additionally, the same study reported an RGC cluster at the end of 
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linkage group J using a BAC library and RGC6 sequence as a probe. This region 

corresponded to the top of chromosome 4, which we found carries an NBS-gene cluster 

that contains the closest RGC6 homolog: cassava4.1_023508m (Additional file 12). 

More recently, Gedil et al (2012) [35] reported the sequence of several Resistance Gene 

Analogs (RGA) from different cassava varieties. All of the sequences reported as NBS-

LRR-like were associated with 13 NBS-LRR sequences found in this study (Additional 

file 11). 

 

Figure 1.4 TNL, CNL, and partial genes distribution. Gene distribution for each 

class is shown across the cassava chromosomes. Bars are divided into CNL genes (blue), 

TNL genes (red), and partial genes (green). 

 

Association studies and QTL identification for disease resistance are scarce in 

cassava. Most of these are related to Cassava Bacterial Blight (CBB), which is caused 

by different strains of the pathogen Xanthomonas axonopodis (Xam) [62–65]. One of 

these QTLs, which is associated with resistance to Xam strain CIO151 exclusively, 
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explained 61% of the phenotypic variance and was located in linkage group U [65]. 

While the molecular marker associated with this QTL was not available, a nearby CAPS 

marker, DR11, is located at position ~16Mb of chromosome 16, in the center of the 

largest NBS-LRR supercluster found in this study. Another major effect QTL was 

reported that confers resistance to Cassava Mosaic Disease (CMD) on cassava 

chromosome 8 [66]. This region, however, lacks any mapped NBS-LRR gene. More 

association studies on different diseases using different cassava genotypes may reveal a 

role for genes and clusters that we detected in this study. 

Of the 228 full-length NBS-LRR genes, 181 belong to the CNL class, and 47 to the 

TNL class. This means that there are 3.8x more CNL than TNL genes. This ratio is 

indeed variable, and Leister (2004) [67] suggested that the over-representation of one 

of these groups could reflect the adaptation of the R genes to the predominant pathogens.  

For example, in Oriza sativa and Sorghum bicolor, members of the TNL family are 

present in a low frequency of approximately 1% [24,68]. In general, most grasses 

analysed contain only a few or no TNLs [59,69,70], which suggests that this class is 

specific for dicotyledons [28]. It is also interesting that most CNL genes from grasses 

presented in this study have no homologs among dicots (Figure 1.3, Additional file 6), 

which demonstrates that the evolution of NBS-LRR genes diverged significantly 

between monocots and dicots. Species of Brassicaceae, however, have a high percentage 

of TNLs: Arabidopsis thaliana (64%) and Brassica rapa (64%) [18,22]. Finally, there 

are some examples of ratios similar to what we found: in grapevine, for example, the 

proportion of CNL over TNL proteins is 3.8x [26] and in potato that ratio increases to 

4.7x [29]. The over-representation of CNL in potato may be because CNL genes are 

typically responsible for resistance to Pythopthora infestans [29]. It was expected that 

the evolution of this family would be tightly linked with the pathogens affecting each 
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species. Moreover, the rapid evolution of these genes may be visible among different 

cultivars from the same species in environments with different biotic stresses.  

Previous studies showed that the CNL group forms two phylogenetic clades, the 

canonical one and the CNL-R group, including members that encode an RPW8 domain 

in their N-terminal region. It is interesting, however, that the CNL branch in cassava 

does not include the RPW8 clade. We found that RPW8 genes were strongly separated 

from all other CNL genes, which was supported by strong bootstrap results (Figure 1.1, 

Figure 1.3). The RPW8 clade was described previously and referred to as CNL-A [22] 

or the CCR-NB-LRR encoding genes [71]. This family is thought to be one of the most 

ancestral of the major CC-NB-LRR clades [22], and it has been suggested to work 

differently than the more common CNL genes [71–73]. The ADR1 gene, present in this 

clade, is known to be an atypical CNL gene from Arabidopsis, which encodes 

abnormally conserved LRR domains and two conserved additional motifs in the NBS 

surroundings [74]. The homology and conservation of motifs is evident among proteins 

of this group, as shown by MEME (Additional file 13). 

We tried to find close homologs from a set of known functional resistance genes 

(Figure 1.3, Additional file 6) for members of every clade, but there are a significant 

number of branches, especially in clade CC-2, that show no significant similarity to any 

of these well characterized genes. These genes might provide resistance to unknown 

cassava pathogens or may play a role in non-host resistance responses [75]. 

As mentioned previously, the cluster arrangement of NBS-LRR genes is considered 

to facilitate rapid gene evolution [76]. Several mechanisms have been proposed to 

contribute to the genomic diversity and distribution of this gene family: intragenic and 

unequal crossovers, gene conversion, positive and diversifying selection, and tandem 

duplications [67]. Most of the cassava NBS-LRR genes (70% of mapped genes) are 
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located within a cluster; the biggest cluster is located in chromosome 16 with 10 CNL 

members. In homogeneous clusters like this, expansion is associated with tandem 

duplications. While most clusters are comprised of closely related genes, there are 

exceptions where members belong to different phylogenetic lineages; cluster 38 is an 

example, within which we found members of both TNL and CNL families. The 

formation of these heterogeneous clusters is thought to be the result of transposition, 

ectopic recombination, or chromosomal translocations [77]. As suggested before, this 

kind of genome evolution may be the result of positive selection for a higher complexity 

that can serve as the basis of new NBS-LRR – pathogen effector specificities [28,78]. 

In an effort to clarify the “cluster” definition, simulations were conducted to 

determine if the distribution observed in the NBS-LRR genes was caused by chance 

(see methods).  We observed that clusters of 2 and 3 genes occurred at the same 

frequency in a random sample of genes than when analysing NBS-LRR genes 

(Additional file 14). For clusters containing more than 4 members, the difference in 

frequencies is clear, which suggests that, at least for cassava, only clusters with 4 or 

more members might be significant. 

While the definitions used to detect clusters might be arbitrary, cassava NBS-LRR 

genes tend to lie in more evident superclusters, such as the 43 NBS genes on the end of 

chromosome 16 and the 19 genes in the middle of chromosome 17 (Figure 1.2). 

Collectively, these genes represent more than 30% of the total number of mapped NBS-

LRR genes. Superclusters have been observed in other plants such as Arabidopsis, rice, 

and Medicago. In Medicago, an NBS-LRR supercluster represents more than 5% of all 

the genes present in the upper arm of the chromosome where it is located. In this 

scenario, the authors suggested that NBS superclusters may have played an important 

role in genomic remodelling during the evolution of those chromosome regions [16]. 
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It is interesting that a high percentage of NBS-LRR genes are expressed 

constitutively in cassava leaves (72%). Moreover, 77% of the partial genes that might 

be considered as pseudogenes exhibit evidence of an RNAseq expression. Whether 

these genes have an actual function or whether their expression is a temporary genome 

drag remains unclear. While not analysed in this study, the percentage of pseudogenes 

in NBS-LRR genes in plants can be very high. In rice, it was found to be as high as 55% 

[79] Truncated NBS-LRR genes are often located close to intact NBS-LRR genes and 

are also clustered on specific chromosomes [16,30], a pattern that is followed commonly 

by the partial genes in cassava (black on Figure 1.2). The function of NBS-LRR 

pseudogenes are not well defined; they are usually only considered as genes that will be 

eliminated from the genome or sources of genetic diversity that may be used through 

recombination [19]. However, there may be a larger role for these genes. For example, 

in mice an expressed pseudogene played a role in maintaining the stability of its full-

length homolog mRNA by interfering with the local silencing system [80]. In plants, 

truncated NBS-LRR peptides produced by alternative splicing (similar to what 

expressed pseudogenes look like) have a role in promoting disease resistance [81]. 

Uncovering the function of these expressed pseudogenes would be a major step to fully 

understanding plant-pathogen interactions.  

Recently, studies of the cassava transcriptome under CBSV [53] and CBB [55] 

infection reported no significant differential expression of NBS-LRR genes among 

different time points and cassava genotypes. The lack of upregulation of these genes 

during infection is not surprising, and there are several explanations for this behaviour. 

Resistance to CBSD and CBB is considered to be quantitative and multigenic [1,53], so 

that NBS-LRR genes may not be involved in the resistance phenomena at all. While this 

is a possibility, we should also consider that many NBS-LRR genes are expressed 
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constitutively, meaning that NBS gene products will be present already in the plant cells 

to promote resistance even before the infection. Under this second scenario, NBS-LRR 

genes are not necessarily over-expressed to act in disease resistance. Additionally, when 

comparing susceptible and tolerant genotypes, gene expression might not be as relevant 

as the presence/absence of the specific resistance allele. We have to consider that the 

reference cassava genotype, AM560-2, is a partially inbred line derived from the Latin-

American cassava cultivar MCOL-1505, that may lack NBS-LRR genes present in other 

genotypes. Moreover CMD and CBSV are recent diseases specific to Africa and are not 

present in the center of cassava domestication; comparing this analysis with some 

African genotypes would be valuable to see if evolution has caused divergence in the 

NBS-LRR gene family. Finally, high throughput methodologies, such as Resistance 

gene enrichment sequencing (RenSeq) [82] coupled with QTL or GWAS studies for 

other cassava diseases, would allow us to start mapping NBS-LRR clusters to specific 

pathogens.  

 

CONCLUSIONS 

 

We have identified 228 NBS-LRR type genes plus 99 partial genes related to the same 

family in the cassava genome. Information on the phylogeny of these genes and, most 

importantly, their physical positions on the chromosomes represent a valuable tool in 

future efforts to identify novel functional resistance genes in different cassava genotypes 

and other Manihot species. High throughput genotyping can also serve to explore the 

diversity of these regions across different genotypes. This kind of analysis would help 

decipher the recent evolution and dynamics of NBS-LRR genes in this clonally 

propagated crop. 
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CHAPTER 2 

LEVERAGING TRANSCRIPTOMICS DATA FOR GENOMIC PREDICTION 

IN CASSAVA2

 

 

ABSTRACT 

 

Genomic prediction models are, in principle, developed to include all the available 

marker information. Models using this traditional approach have provided moderate to 

high predictive accuracies in numerous crop species. Previous studies in cassava have 

demonstrated that, even with relatively small training populations and low-density GBS 

markers, prediction models are feasible for genomic selection. In the present study, we 

prioritized SNPs in close proximity to genomic regions of biological importance to a 

given trait. We used a number of strategies to select variants that were then included in 

single and multi-kernel GBLUP models. Specifically, our strategies included 

transcriptomics, GWAS, and immunity-related genes, with the ultimate goal to increase 

prediction accuracies for Cassava Brown Streak Disease (CBSD) severity.  

We used single and multi-kernel GBLUP models with markers imputed to whole 

genome sequence level to accommodate various sources of biological information. 

Fitting more than one kinship matrix allowed for differential weighting of individual 

marker effects. We applied these GBLUP approaches to CBSD phenotypes (i.e., root 

infection and leaf severity three and six months after planting) in a Ugandan Breeding 

Population (n = 955). Three means of exploiting an established RNAseq experiment of 

                                                 
2 Lozano R, Pino del Carpio DP, Kayondo SI, Amuge T, Adebo OA, Ferguson M & 

Jannink JL. (2017). Leveraging Transcriptomics Data for Genomic Prediction Models 

in Cassava. bioRxiv, 208181 
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CBSD-infected cassava plants were evaluated. Compared to the biology-agnostic 

GBLUP model, the accuracy of the informed multi-kernel models increased the 

prediction accuracy only marginally (1.8% to 2.5%).  

Our results show that markers imputed to whole genome sequence level do not 

provide enhanced prediction accuracies compared to using standard GBS marker data 

in cassava. The use of transcriptomics data and other sources of biological information 

resulted in prediction accuracies that were nominally superior to those obtained from 

traditional prediction models. 

 

INTRODUCTION 

 

Genomic Selection (GS) [1] is a breeding method that exploits high-throughput 

genotyping technologies, novel statistical methods and the availability of genomic 

information. It has been used extensively in animal breeding and promises to impact 

plant breeding, particularly within clonally propagated and perennial plant systems [2].  

GS approaches tend to avoid marker selection, and, more commonly, all marker 

information is incorporated into the prediction models. In scenarios where the number 

of predictors (p) is greater than the number of available observations (n), also known as 

the “p >> n problem,” traditional regression models achieve poor predictive ability as a 

result of multicollinearity among the predictors and overfitting [2,3]. Several statistical 

methods have been explored to overcome these problems. Shrinkage methods, where 

the regression coefficients are shrunk towards zero, are widely used for genomic 

predictions [4]. These methods include Genomic Best Linear Unbiased Predictions 

(GBLUP) [5], Bayesian regression [1,6], Least Absolute Shrinkage and Selection 

Operator (LASSO) [4] and ridge regression BLUP (rr-BLUP) [7]. Recently, machine 

learning methods have been proposed for genome-enabled predictions as they are 
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capable of dealing with the dimensionality problem in a flexible manner [8,9]. 

Performance comparisons among these models have been conducted in several plant 

species [10–13], indicating that the superior statistical approach depends on the trait and 

the species under study. Genomic prediction models tend to use unannotated, 

anonymous markers, and most models do not consider whether SNPs are close to genic 

or regulatory regions. When imputing markers to whole sequence level, the number of 

predictors utilized increases significantly and so does the p >> n problem; this might 

prevent the model to put sufficient weight on the causal variants [19] thus affecting 

prediction accuracies. The use of biological priors has been proposed as a solution to 

both alleviate this problem and reduce the computational burden associated with models 

using millions of imputed markers [20].  

GS predictions rely on linkage disequilibrium (LD) between the markers and the 

Quantitative Trait Loci (QTL). Given the dramatic drop in sequencing costs, full-

genome sequence data was proposed to be used in genomic predictions [14]. Simulation 

studies suggest that the use of whole genome sequence data results in increased accuracy 

of genomic predictions [14–16] because the accuracy that can be achieved by the 

prediction model is no longer tied to the LD-QTL relationship as the causal mutations 

are present in the dataset [15].  

Whole-genome sequencing is still prohibitively expensive for most crop breeding 

programs, as the number of individuals evaluated can reach the tens of thousands. An 

efficient and cost-effective approach is to impute the whole-genome sequence variants 

of the individuals using a low-density genotyping platform and a previously sequenced 

reference population  [17]. This system is widely used in human genetics, where large-

scale sequencing efforts, like the “1000 Genomes Project” [18], provide standard 

reference panels for imputation.  
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In livestock and some agronomic crops, breeding populations are typically derived 

from a small group of common ancestors within a few generations in the past. Thus, 

these populations tend to have a small effective population size (Ne); this is a perfect 

scenario for performing accurate whole genome imputation (WGI), as haplotypes 

inherited from each ancestor can be adequately traced using low-density markers [15].  

Over the last few years, several methods have been developed to incorporate 

biological or gene function information into Association Studies and Genomic 

Prediction.  In cattle, for example, Fortes et al. used an Associated Weighted Matrix 

(AWM) [21] to infer a set of genes related to beef tenderness. They later demonstrated 

that genomic predictions conducted with only those SNPs near the inferred genes for 

beef tenderness resulted in prediction accuracies that were higher than when the entire 

marker set was used [22]. Other methods have sought to exploit biological information 

while avoiding marker selection all together. Su et al. [23] for example, tested a genomic 

BLUP (GBLUP) model where the relationship matrix was weighted using prior 

Bayesian models or GWAS summary statistics [23,24]. 

In contrast to the traditional GBLUP that assumes that all SNPs have the same 

effect-size distribution, methods like GFBLUP [25] or MultiBLUP [26] estimate two or 

more genomic random effects that quantify the importance of different marker sets. 

These marker sets are typically defined by some source of biological information (i.e., 

metabolic pathway, sequence annotation, transcriptomics, evolutionary constraints). 

A Bayesian method, BayesRC [27], has also been implemented to leverage 

biological information in prediction efforts. BayesRC [28] uses a mixture of normal 

distributions to model SNP effects and include prior biological knowledge.  Ultimately, 

this allows the user to a priori allocate SNPs into classes, where each class is believed 

to have a different probability of containing causal variants for a given trait. The 
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aforementioned genomic feature modeling approaches (GFBLUP, MultiBLUP, and 

BayesRC) were designed to improve prediction accuracies of complex traits, provided 

the groups of selected markers were enriched for causal variants [28,29].  

Transcriptomics studies have allowed researchers to investigate gene expression 

levels of different individuals in different tissues, conditions or developmental stages 

[30]. They can be used to aid gene discovery and elucidate pathways involved in the 

regulation of complex traits, potentially revealing genomic regions enriched in variants 

affecting specific traits [25,31]. Transcriptomics studies have already been used 

effectively as a source of biological priors to predict complex traits in cattle [20,25]. 

These studies showed that using informed models slightly improved prediction 

accuracies when making same breed predictions and that the observed improvements 

were more evident with a greater genetic distance between the training and validation 

population (i.e., across-breed predictions).  

Cassava (Manihot esculenta) is a major staple crop in parts of sub-Saharan Africa 

and is the primary source of calories for millions of people across the world [32]. 

Cassava Brown Streak Disease (CBSD) is a viral disease that hampers the production 

of cassava and is considered a serious threat to food security in Africa [33,34]. CBSD 

is caused by two distinct single-stranded RNA viruses, Cassava Brown Streak Virus 

(CBSV) and Ugandan Cassava Brown Streak Virus (UCBSV) [34–36]. Recently, 

transcriptomics data in cassava have been used to unravel the transcriptional dynamics 

of cassava plants under infection by both UCBSV [37] and CBSVs [38]. 

In the present study, CBSD phenotypes (root infection and leaf severity measured 

three and six months after planting) from a Ugandan Breeding Population (n=955) were 

analyzed using whole genome imputation (WGI) data (~5 million SNPs) and multiple 

sources of biological information, including transcriptomics experiments [37,38], 
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Genome-Wide Association Studies (GWAS) [39] and in-silico identification of 

immunity-related genes [40,41]. Our main objective was to first assess the feasibility of 

performing whole genome imputation in cassava and, secondly, evaluate whether 

prediction accuracies can be enhanced by exploiting WGI combined with biological 

priors in GBLUP-derived models. 

 

METHODS 

Plant material 

Two diverse cassava (Manihot esculenta) populations were combined and used as a 

composite set for this study.  Individuals in this composite data set represented the 

genetic diversity of the Ugandan cassava gene pool. The first population (“Training”) 

was comprised of a panel of 414 cassava accessions from the breeding program of the 

National Crops Resources Research Institute (NaCRRI) in Namulonge, Uganda. This 

population was the first used to train genomic prediction models for applied breeding at 

NaCRRI. The second population, (“GWAS”) was developed by Kayondo et al. [39]  and 

was comprised of 540 accessions. This population is derived from 49 parents from the 

International Institute of Tropical Agriculture (IITA), The International Center for 

Tropical Agriculture (CIAT) in Colombia and some landraces of East Africa. Briefly, 

the “Training” panel was evaluated in two years (2012-2013), and three locations in an 

alpha-lattice design, and the “GWAS” panel was evaluated in a single year (2015) at 

three locations using an augmented randomized complete block design [39]. For a list 

of the accessions used in population development, see Table S1. 

Phenotyping Platform 

The composite plant population was phenotyped for three separate traits: foliar 

CBSD severity measured three (CBSD3) and six (CBSD6) months after planting and 
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CBSD severity in the storage roots (CBSDR) after a year. Briefly, CBSD severity was 

scored in both leaves and roots using a 5-point categorical scale. A score of “1” denoted 

an asymptomatic plant and a score of “5” indicated over 50% of leaf vein clearing for 

foliar symptoms (CBSD3 and CBSD6) and 50% of a root-core exhibiting necrotic tissue 

due to CBSDR [39]. 

Genotyping by sequencing and imputation 

Genotyping-by-sequencing (GBS) libraries [42] were constructed as previously 

described [43]. Marker genotypes were called using the TASSEL 5.0 GBS discovery 

pipeline [44] after aligning the reads to the Manihot esculenta Version 6 assembly. 

Genotype calls were stored in 18 Variant Calling Format (VCF) files (one per cassava 

chromosome). The VCF files were filtered using VCFtools [45]: individual marker calls 

were masked if the read depth was lower than 3x and cassava genotypes with > 80% 

missing calls and SNP markers missing more than 60% were removed from further 

analysis. Insertions, deletions, and multi-allelic markers were also removed from the 

dataset. Beagle 4.1 software [46] with default parameter settings was used for 

imputation. In total, 173k SNPs were called among 986 individuals. This dataset was 

further filtered by an Estimated Allelic r-squared statistic (AR2) > 0.3 and a minimum 

Minor Allele Frequency (MAF) of 1%. The final set herein referred to as the “GBS” 

dataset, included 41,530 SNP markers among the 954 individuals. 

Imputation to whole-genome sequence data 

Beagle 4.1 [46] and Impute2 [47,48] were tested and compared for imputation 

accuracy, marker density, and marker distribution. For both softwares, a Cassava 

Haplotype Map (HapMap) of 241 accessions was used as the reference panel. This 



 

40 

 

reference panel represented cultivated, hybrid and wild cassava relatives, and contained 

28 million SNP markers [49].  

Beagle Imputation 

Imputation using Beagle 4.1 was performed in two steps (Figure S1). During the 

“BEAGLE Stage I” phase, a subset of the HapMap markers was used, including bi-

allelic SNPs with MAF greater than 1%. Additionally, a 10bp thinning filter was used 

such that only one marker per 10bp was allowed. The resulting set included 716k 

markers with MAF > 1% and AR2 > 0.3. The BEAGLE Stage I marker set was then 

used in the second round of full HapMap imputation. The second marker dataset, 

“BEAGLE Stage II” had 2 million markers exposed to the same MAF and AR2 filters. 

The genetic positions of the HapMap markers were inferred using a smooth spline fit to 

the 22,403-marker composite map published by the International Cassava Genetic Map 

Consortium (ICGMC) [50]. The genetic positions were forced to be monotonically 

increasing, which is a requirement for BEAGLE to run properly. Beagle 4.1 ran with 

default parameters. For this manuscript, only the ‘BEAGLE Stage II” markers were 

considered, and will be referred to as the “BEAGLE” dataset.  

Impute2 Imputation 

Imputation using IMPUTE2 was performed in a single step (Figure S2). The number 

of haplotypes used as “custom” reference panel (-k_hap) was set to 400, the effective 

population size (Ne) to 1000, and the imputation window to 5Mb. The genetic positions 

of the HapMap were inferred as described in the “Beagle Imputation” section of this 

manuscript. The IMPUTE2 software, however, requires knowing the recombination rate 

between the current position and next position on the map.  This recombination rate was 

calculated using the following formula:  
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𝑹𝑹 =
𝒄𝑴𝒊+𝟏 −  𝒄𝑴𝒊

𝑴𝒃𝒊+𝟏 −  𝑴𝒃𝒊
 

Where cM represents the genetic position of each marker “i” and Mb notes the 

physical position in megabases. The accuracy of the imputation was assessed using 

internally-calculated concordance tables.  Briefly, IMPUTE2 masked the genotypes of 

one variant at a time from the study data (GBS markers) and then imputed the masked 

genotypes with information from the reference panel and the nearby variants. The 

percentage of concordance between the masked and the imputed genotypes for each 

5Mb imputed window were subsequently calculated (Figure S3). Additionally, allele 

frequencies and imputation quality distributions were calculated and depicted by the 

IMPUTE2 information measure statistic “info” [48] (Figure S4) and imputation quality 

by allele frequencies (Figure S5).  

Biological Information 

Three sources of biological information related to CBSD resistance were used. 

Transcriptomics profiling 

RNAseq data were obtained from two experiments. The first experiment [37] 

focused on profiling the transcriptome response across seven time-points after infection 

with UCBSV. Two contrasting cassava genotypes were used: ‘Namikonga’ (CBSD 

resistant) and ‘Albert’ (CBSD susceptible) (Figure S6). The 84 libraries (Table S2) were 

checked for read quality using FastQC [51]. The Tuxedo Suite of programs [52,53] was 

then used to process the sequenced data. Reads in FASTQ formats were aligned to the 

M. esculenta reference genome v6 [54] using TopHat v2.1.1/Bowtie v2.2.8 [55]/[56]. A 

reference annotation of the cassava gene models (v6.1) from the Phytozome database 

was provided (https://phytozome.jgi.doe.gov). This version of the gene annotation 

contained a total of 33,033 transcripts. The minimum and maximum intron length were 

https://phytozome.jgi.doe.gov/
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set to 10 and 15,000bp respectively; the remaining parameters were set to default values. 

Subsequently, the Cuffdiff program within Cufflinks version 2.2.1 [57] was used to 

identify differentially expressed (DE) genes at each time-point among infected plants 

and controls. A false discovery rate of 0.01 after Benjamini-Hochberg correction for 

multiple testing was used. 

The second transcriptomics dataset was taken from Anjanappa et al. [38]. In this 

experiment, two cassava genotypes, the resistant ‘KBH 2006/18’ and the susceptible 

‘60444’, were challenged with a mix of CBSV strains (CBSV-TAZ-DES-01 and 

UCBSV-TAZ-DES-02). RNAseq was performed 28 days after infection. This time 

point was selected because it showed homogenous virus titer levels across the biological 

replicates in the susceptible genotype. Raw reads were not re-analyzed, but a list of DE 

genes was extracted from the Anjanappa et al. manuscript (Table S3). 

Quantitative Trait Loci 

Kayondo et al. recently reported two major QTLs for CBSD foliage symptoms [39], 

one near the end of chromosome 11 and another on chromosome 4 that collocates with 

a previously reported, large introgression from wild cassava (Figure S7). Bi-parental 

QTL mapping has also identified hits on chromosomes 4 and 11 for foliar symptoms 

[58] and on chromosome 11 for root necrosis [59]. Small effect QTLs related to CBSD 

symptoms on roots were also detected in these studies, but we did not consider them. 

Immunity-related genes 

The most common disease resistance genes in plants are those belonging to the 

NBS-LRR family [60]. This highly conserved gene family has already been identified 

and positioned on a previous version of the cassava genome (Cassava Genome v5.0) 

[61]. In that study 228 NBS-LRR and 99 partial NBS-LRR genes were reported. 

Positions for each NBS-LRR genes were updated to fit in the latest cassava genome 
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assembly (http://phytozome.gov, Cassava Genome v6) using Blast+ [62] (Table S4). 

Additionally, immunity-related genes listed by Soto et al. [41] were added to the NBS-

LRR list (Table S4).  

Associating markers with genes 

Markers that appeared within the coding region of a gene (defined as 5’UTR to 

3’UTR, including introns) were considered to be “tagging” that gene. Bedtools [63,64] 

and in-house scripts (available from the GitHub page of this manuscript) were used to 

associate SNP markers to genes of interest.   

Co-expression Networks using WGCNA 

Weighted Co-expression Network Analysis (WGCNA) [65,66] was used to identify 

highly correlated genes across different time-points based on their expression. Briefly, 

Fragments Per Kilobase of exon region per Million reads (FPKMs) were log2 

transformed. Genes without variation across the seven timepoints were filtered out using 

a Coefficient of variance (𝐶𝑉 =  𝜎/𝜇) cutoff of 0.9. Analyses were performed using the 

‘WGCNA’ package in R programming software [67]. As previously described [66], 

‘WGCNA’ calculates an expression Pearson’s correlation matrix for the genes, this 

matrix is later raised to a power β (0.8 in this study) before continuing with the clustering 

procedure. The ‘WGCNA’ treecut parameter was set to 0.85; values for these three 

parameters (CV, β and treecut) were selected based on the number and quality of the 

co-expression modules identified. All other parameters were set to the package’s default 

values. To visualize the general trend of each module, eigengenes were calculated as 

the first principal component of the normalized expression values of all genes within a 

module and plotted as a heatmap [68,69]. 

http://phytozome.gov/
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Genomic Selection Models 

A two-step approach was used to evaluate genomic predictions. This method was 

used to increase computational efficiency and control for differences in experimental 

design between different datasets. The first step accounted for trial-design variables 

using linear mixed models to calculate de-regressed Best Linear Unbiased Predictions 

(BLUPs), and the second step used the de-regressed BLUPs as phenotypes in the 

prediction model. 

Genotypic value estimation 

De-regressed BLUPs were calculated according to Garrick et al. [70]. The procedure 

has been described previously [12,71] and, for this composite population specifically, 

in Kayondo et al. [39]. A mixed model was fit with the population mean and location as 

fixed effects and clone and breeding design variables (i.e., block, range) as random 

effects. Clonal BLUPs represent estimates of the total genetic value (estimated genetic 

value, EGV). Clone effect BLUPs (EGVs) were then extracted as the de-regressed 

BLUPs following: 

𝒅𝑩𝑳𝑼𝑷𝒔 =  
𝑩𝑳𝑼𝑷𝒔

𝟏 −
𝑷𝑬𝑽
𝝈𝝁

𝟐

 

Where 𝝈𝝁
𝟐 is the genetic variance and PEV is the prediction error variance of the 

BLUPs. Solutions for both 𝝈𝝁
𝟐 and PEV were retrieved from the mixed models using the 

lmer function of ‘lme4’ package [72] in R software.  

Prediction models 

We used three variations of the classic GBLUP to predict estimated breeding values 

(GEBV) for CBSD related traits: 

GBLUP was fit using a linear mixed model of the form: 
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𝒅𝑩𝑳𝑼𝑷𝒔 = 1𝑛𝛽0 + 𝑍𝑔 + 𝑒,        𝒈 ~ 𝑁(0, 𝐾𝜎𝑔
2)    ,    𝒆 ~ 𝑁(0, 𝐼𝜎𝑒

2) 

where the solution for g represents the GEBVs. Briefly, 𝜷𝟎 is the population mean, 

vector g is the random effect for individuals Z is a design matrix pointing observations 

to genotype identities, and e are the residuals. We assume that g has a known covariance 

structure defined by the genomic realized relationship matrix K. The genomic 

relationship matrix K was constructed using SNP dosages and an Rcpp [73] 

implementation of the function A.mat in the R package ‘rrBLUP’ [74]. GBLUP 

predictions ran using the function emmreml in the ‘EMMREML’ R package [75].   

GFBLUP [29,76] is a modification of the traditional GBLUP that includes an additional 

genetic random effect; the linear mixed model followed the form: 

𝒅𝑩𝑳𝑼𝑷𝒔 =  1𝑛𝛽0 + 𝑍𝑓 + 𝑍𝑟 + 𝑒,    𝒇 ~ 𝑁(0, 𝐾𝑓𝜎𝑓
2) ,   𝒓 ~ 𝑁(0, 𝐾𝑟𝜎𝑟

2) , 

𝒆 ~ 𝑁(0, 𝐼𝜎𝑒
2) 

where  𝑲𝒇 and 𝑲𝒓 are genomic relationship matrices built using the SNPs within and 

outside the genomic feature. Specifically, 𝑲𝒇 was calculated with markers thought to be 

enriched for causal variants, and 𝑲𝒓 was calculated with the remainder of the markers 

in the genome. The relationships matrices were calculated as previously described, and 

the GFBLUP predictions were conducted using the emmremlMultiKernel function in 

the ‘EMMREML’ R package [75]. 

MULTIBLUP [26] was also used. This method is similar to GFBLUP but allows for 

multiple genetic random effects. As with GFBLUP method, predictions were conducted 

using the emmremlMultikernel function implemented in the ‘EMMREML’ R package. 

Cross-validation 

The accuracy of genomic prediction was measured as the correlation between the 

total genetic value (EGV, the random genetic effect from the first step regression model, 
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not de-regressed) and the GEBVs.  We used 25 replications of a five-fold cross-

validation scheme to obtain unbiased estimates of the prediction accuracies. The process 

of cross-validation used in this study was previously detailed by Wolfe et al. [13]. 

 

 

 

 
Figure 2.1 Describing the Breeding Population. A. Local LD patterns across the 18 cassava 

chromosomes as depicted by the mean LDscore of each marker. B. LD decay plot, A random 

subset of all the r2 values of SNPs closer than 15Mb were plotted. Chromosomes 1 and 4 were 

plotted separately to highlight the distortion in their LD patterns due to introgressions. 

C. Principal component analysis using the SNP marker matrix, the two breeding populations 

that were merged in this study are shown in different colors. D. Distribution of the reference 

allele frequencies between the two breeding populations. 

  



 

47 

 

RESULTS 

 

Describing the population 

We used the GBS marker dataset (~40K SNPs) to describe the LD patterns, 

population structure, and MAF distribution within a composite set of cassava varieties 

(Figure 1). After plotting the mean LD score (as in GCTA-LDS [77]) of each variant, 

we noted a high level of LD heterogeneity across the cassava genome. Major LD peaks 

were not observed in centromeric regions, as would be expected given low 

recombination rates there.  Some high LD clusters were observed, however, near to the 

telomeres (Figure 1a). High LD across chromosome 4 and at the end of chromosome 1 

were consistent with two relatively recent introgressions from a wild cassava relative 

[54]. The unique LD pattern in these two chromosomes was evident after plotting a 

regular LD decay plot (Figure 1b). Principal component analysis (PCA) on the dosage 

marker matrix (Figure 1c) indicated that there is little genetic differentiation between 

the two populations merged for composite analysis in this study. Moreover, the 

percentage of variance explained by the first two PCs was only 8.95%. The allele 

frequency distribution was also similar between the two populations (Figure 1d). 

Imputation to whole genome sequence 

We compared two different methods to impute the GBS dataset to a whole-genome 

sequence. BEAGLE and IMPUTE2 methods have been previously compared regarding 

imputation accuracy and computational time, the results of which suggest that both 

approaches are sufficiently robust [78]. To select genetic markers for “tagging” 

candidate genes, we focused on the number and distribution of higher quality imputed 

SNPs (AR2/info > 0.3, MAF > 0.01) across the cassava genome. The IMPUTE2 method 

resulted in higher-quality markers, more tagged genes (Figure 2a), and better marker 

distribution (Figure 2b, Figure S8) than BEAGLE. The total number of predicted genes 
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in the current cassava assembly was 33,033. We tagged 32% of them using GBS 

markers, 70% using the BEAGLE imputed dataset, and 91% using IMPUTE2. Other 

quality control tests were performed on the IMPUTE2 dataset, including imputation 

accuracies per chromosomal segments, distribution of allele frequencies, and “info” 

quality scores (Figure S3-S5).  

Impact of Imputation level on Genomic Prediction accuracies 

Prediction accuracies of a regular GBLUP model for three CBSD-related traits are 

shown in Figure 3. Specific conclusions regarding the impact of different imputation 

levels on prediction accuracies are not possible, as there is not a common trend among 

the three traits.  We did note, however, that there was not a significant increase in  

 

Figure 2.2 Imputation to whole-genome sequence. a Percentage of genes “tagged” using 

different SNP marker sets, the numbers inside the plots represents the number of markers. All 

markers considered had a MAF higher than 1% and an imputation quality value AR2/info higher 

than 0.3 b Marker distribution across chromosome 12, each bar represents a bin of 0.5Mb. The 

red colored bars represent the “true” distribution of variability as reported in the cassava 

HAPMAP, in orange, the distribution of the IMPUTE2 dataset (~5M markers) and in blue the 

Beagle dataset (~2M markers). 

 

prediction accuracy using different imputation levels. Moreover, when evaluating 

Cassava Brown Streak Disease severity six months after planting (CBSD6), the 

accuracy using only GBS data was consistently higher than any of the imputation 

methods tested. We also compared the prediction accuracies using one subset of markers 
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from IMPUTE2 matching the position of the GBS markers (Impute2GBS) and another 

subset using only SNPs imputed with the highest reliability (AR2/info > 0.9, Impute290, 

n = 371,524). The prediction accuracies resulting from these subsets were nearly 

identical to those obtained using the full GBS and IMPUTE2 datasets (Figure 3). 

Accounting for known QTLs 

Kayondo et al. [39] previously conducted a Genome Wide Association Study 

(GWAS) in which  two large effect QTLs for foliar CBSD severity were identified using 

the same cassava population presented in this manuscript. The first identified QTL had 

a wide support interval and located in the middle of chromosome 4. This QTL appeared 

to co-locate with a recent introgression from a wild cassava relative. The second QTL 

was located at the end of chromosome 11 (Fig. S7). 

 

 

 

 

 

 

 

 

 

Figure 2.3 Impact of Imputation level on Genomic Prediction Accuracies. Comparing 

prediction accuracies for three traits; CBSD severity on leaves 3 months after planting 

(CBSD3MAP), 6 months after panting (CBSD6MAP) and CBSD severity on roots one year 

after planting (CBSDR) when using GBS (42k SNPs), the whole-genome sequence imputed 

datasets using IMPUTE2 (~5M) and also prediction accuracies for a subset of the IMPUTE2 

markers matching the position of the GBS set (Impute2GBS) and only marker with an “info” 

imputation quality score higher than 0.9 (Impute290) 
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To evaluate the relative importance of these QTLs in genomic prediction accuracy, 

we ran a genomic prediction GBLUP model which included two genomic random 

effects: the first built with markers from chromosome 4 and the second built with 

markers from chromosome 11. We compared the partial and total accuracies of this 

model with another two-kernel GBLUP model built with two random chromosomes, 

excluding chromosomes 4 or 11 (Figure 4). A clear difference in prediction accuracy 

was observed when chromosomes containing QTLs (blue) and random chromosomes 

(white) were compared. We observed that chromosomes 4 and 11 did better predicting 

foliar symptoms (CBSD6) than they did root necrosis (CBSDR). This difference likely 

arose because the QTLs on 4 and 11 were detected using foliar phenotypes. 

Additionally, when we compared the total accuracy of the model including only 

chromosomes 4 and 11, we observed that prediction accuracy for CBSD6 was very close 

to that of the model including all 18 cassava chromosomes. We then fit a model with 

three kernels (i.e., chromosome 4, chromosome 11, and the rest of the genome) to 

investigate if there was any additional variance beyond the chromosomes containing the 

important QTL (Figure S9). The total prediction accuracy increased slightly for each 

measured trait, but it did not reach the accuracy level obtained when all markers were 

used in a single kernel model. This result suggests that marker partitioning has a 

prediction accuracy cost. 
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Figure 2.4 Accounting for the effect of previously reported QTLs. Comparing the maximum 

accuracy using whole-genome imputation (yellow) with two kernel GBLUP model using 

chromosome 4 and 11 only (blue) and random chromosomes excluding 11 and 4 (white) in each 

cross-validation iteration. Partial accuracies are shown under Chr4, Chr11, K1 and K2. Full 

model prediction accuracies are shown in “Total”. CBSD6: Foliar symptoms, CBSDR: Root 

symptoms. 

 

 

 
 

Figure 2.5 Transcriptional response to 

Infection with UCBSV. The test for 

differentially expressed genes was 

conducted at each timepoint between the 

infected and control plants using 

Cuffdiff. Genes considered to be 

differentially expressed had a q-value < 

0.01 (Benjamini-Hochberg correction for 

multiple testing).  

 

*h = hours after infection, d = days after infection 
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Using Transcriptomics data  

Amuge et al. [37] profiled the response of two contrasting cassava genotypes to 

infection with UCBSV. RNA samples were collected across seven time points after 

inoculation by grafting with UCBSV and deep sequenced using the Illumina platform 

(Figure S6). Relative virus titer was quantified from the RNAseq libraries as the number 

of reads mapping to either CBSV or UCBSV genomes (Figure S10). Additionally, reads 

mapped to either genome were de-novo assembled using Trinity [79] as a means of 

confirming the virus infecting the plant was only UCBSV and not CBSV (Figure S11). 

As demonstrated by Amuge et al. [37], the transcriptional response of the two genotypes 

evaluated was radically different after UCBSV infection. While the tolerant cassava 

variety (‘Namikonga’) showed a strong response across most of the seven timepoints, 

the susceptible variety (‘Albert’) showed no transcriptional response between 24 hours 

and 8 days after infection (Figure 5, Table S5). Under the assumption that tagging and 

prioritizing SNPs close to genes contributing to the plant-virus interaction would 

increase prediction accuracies, we proceeded to explore different means of exploiting 

this dataset to locate these genes of interest.   

Figure 2.6 Using DE genes for Genomic 

Prediction. GFBLUP models (Two-kernel 

GBLUP) were fitted. For each model, the 

Genomic feature kernel comprised SNPs inside 

the genes that were DE at each time point for 

each genotype. Three models for the susceptible 

DE genes (A6h, A45d and A54d), seven for the 

tolerant (N6h – N54d) and one for the combined 

DE genes (DE.all) were performed. Boxplot 

were the result of 25 replications of 5-fold cross-

validation. 

 

*A = Albert, N = Namikonga, h = hours after infection, d = days after infection 
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Differentially expressed genes 

The most direct way to use the transcriptome dataset was to apply a GFBLUP 

procedure using the SNPs inside each Differentially Expressed (DE) gene as genomic 

features. We ran this analysis for two traits (CBSD6, CBSDR) and compared prediction 

accuracies between each GFBLUP model and the regular GBLUP model using the 

whole genome sequence imputed dataset (WGI) (Figure 6). In total, we ran eleven 

different GFBLUP models, including one comprised of DE genes across all time points 

(DE-all). While there were differences in the mean prediction accuracies between the 

models, none of them were significant.  

Genes having a significant interaction between genotype and inoculation status 

An alternative means of selecting genes of importance across all genes was to 

consider those genes whose expression showed a significant genotype-by-inoculation 

interaction (herein referred to as GxI genes). To accomplish this, a mixed model was fit 

for each gene: 

𝐸 ~ 𝑟𝑒𝑝𝑠 + 𝐺 ∗ 𝐼 ∗ 𝑇 + 𝑒 

Where E is expression in FPKM, reps encompasses the three replicates as a random 

effect and G * I * T describes the three-way, fixed effect interaction among inoculation 

status (I, infected or control), Genotype (G, susceptible or resistant) and the different 

time points (T). The p-values for each G * I interaction were extracted and corrected for 

multiple testing using a 5% FDR. Out of the total set of 33,033 genes in the cassava 

genome, 1,392 showed a significant GxI interaction at 5% FDR and 292 at 1% FDR 

(Table S6). The genomic distribution of these genes appeared to be uniform (Figure 7a). 

Using GFBLUP, partitioning SNPs into two kernels based on whether they tagged GxI 

genes (at both 0.05 and 0.01 FDR thresholds) did not increase prediction accuracies 

(Figure S12).   
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Based on previous results demonstrating the importance of large-effect QTLs on 

chromosomes 4 and 11, we partitioned the GxI SNPs into three kernels:  chromosome 

4, chromosome 11 and the rest of the genome. In this model, however, only SNPs inside 

significant GxI genes (5% FDR) were considered. This was in contrast to the GFBLUP 

approach, where a kernel representing information from the entire rest of the genome 

was fit without prior selection.  Thus, the number of SNPs used was much lower than 

the GFBLUP approach. The prediction accuracies using this three-kernel model were 

similar to those using the WGI dataset, despite using less than 2% of the SNPs (Figure 

7b). To test that the GxI associated SNPs were relevant for prediction, we also ran 25 

models each using a different random set of SNPs during each of 25 rounds of cross-

validation.  These random SNPs were in approximate linkage equilibrium with the GxI-

associated SNPs. The GxI-associated SNPs showed significantly better prediction 

accuracies than the random SNPs (Figure 7b). Finally, we fit the same model with an 

extra kernel to account for the rest of the genome and while we expected an additional 

boost in prediction accuracies, we did not observe an increase (Figure S13). 
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Figure 2.7 Filtering DE genes. A. A linear mixed model was used to calculate the genes that 

showed a significant interaction between inoculation status and genotype. In the Manhattan plot 

–log10 “q-values” (FDR corrected p-values) for the G x I interaction term was plotted for the 18 

cassava chromosomes. The blue line is the threshold for 5% FDR and the red one for 1% FDR 

B. Genomic predictions using three kernel GBLUP models. In red, the partial prediction 

accuracies (Chr11, Chr4 and RG = rest of the genome) and total accuracy using only markers 

associated with significant GxI genes are compared with a three-kernel model of random SNPs 

in blue and the regular single kernel GBLUP prediction using all the markers in yellow. 

 

Co-expression modules 

We used Weighted Gene Correlation Network Analysis (WGCNA) [65,66] to 

identify correlated genes based on their expression patterns across the different 

timepoints. WGCNA allows the identification of modules of genes that are more 

correlated within each module than they are to genes outside the module [65]. This 

unsupervised method was used to identify modules of co-expressed genes and test if 

any of these modules were more important or enriched in causal variants.  If so, we 

would expect to see increased prediction accuracies for a CBSD trait under a GFBLUP 

framework. 

Of the 33,033 total genes in the reference cassava genome, 5,574 passed an ad-hoc 

Coefficient of Variance filter (CV = 0.9) and were used in downstream analysis. Of 

these 5,574 genes, 2,789 were assigned to 16 modules containing between 43 and 991 

genes (Table S7). A total of 2,785 genes could not be assigned to any module (Grey 
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module). Eigengenes for each module were calculated and plotted in a heatmap 

depicting modules as rows and the timepoints, genotypes, and inoculation status as 

columns (Figure 8A). While some modules showed a broad co-expression pattern across 

different timepoints and conditions, some of them were correlated under only one or 

two conditions (yellow, etan, and green). Other modules varied based on post-infection 

time period, regardless of genotype or inoculation status (turquoise). Two modules 

(black and cyan) grouped genes with ‘Namikonga’ and ‘Albert’ specific expression 

across all timepoints (Figure 8A). 

We then used the identified modules to fit a GFBLUP model for each module. The 

accuracies obtained are shown in Figure 8B. For CBSD severity six months after 

planting (CBSD6) and severity on roots (CBSDR), none of the GFBLUP models 

provided a significant advantage in prediction accuracy over the traditional GBLUP 

(WGI). For CBSD severity three months after planting (CBSD3), however, one of 

GFBLUP module modes (red, 154 genes, 3,558 SNPs) obtained a prediction accuracy 

higher than that of the WGI model. Using WGCNA as a proxy to identify genomic 

features helped to marginally improve the genomic prediction accuracy for only one of 

the measured traits. 
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Figure 2.8 Co-expression network analysis. A. Heatmap of eigengenes representing each co-

expression module as obtained by WGCNA. All timepoints for both genotypes including 

controls were included and presented as columns. The 16 identified co-expression modules are 

presented in each row. The eigengene values are a relative measure of expression levels of the 

genes in the module. B. GFBLUP predictions using the modules information. As in figure 6 the 

genes in each module were used to build a GFBLUP model, one kernel using SNPs within each 

module genes and the other covering the rest of the genome.  Total prediction accuracies were 

plotted. 

 

Other biological data 

As a final step in this analysis, we incorporated all the available biological 

information, including large-effect QTL peaks, GxI genes, and previously identified 

immunity-related genes to the prediction models. The immunity-related genes included 

NBS-LRR genes[40], immunity-related genes as annotated by Soto et al. [41], and DE 

genes proposed to have a major role in the resistance response against joint UCBSV and 

CBSV infection in a single-point transcriptomics study (Table S3) [38].   

Multi-kernel GBLUP models were fit with SNPs tagging each biological 

information category; chromosome 11 large-effect QTL, chromosome 4 large-effect 

QTL, GxI significant genes, and immunity related genes (Fig 9). A small increase in 

prediction accuracy for each of the traits was obtained through various combinations of 

the information above. For CBSD3, a three-kernel model with the chromosome 11 

large-effect QTL, tagged GxI genes, and genes present in the red WGCNA module 
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increased accuracy by 1.7% (Fig 9A). For CBSD6, a four-kernel model using QTLs 

from both chromosome 11 and chromosome 4, tagged GxI genes, and the immunity-

related genes resulted in a 2.5% increase in prediction accuracy (Fig 9B). Finally, a 

three-kernel model considering only the chromosome 11 large-effect QTL, the 

immunity related genes, and the tagged GxI genes resulted in a prediction accuracy 

increase of 2.5% for roots phenotyped one year after planting (Fig 9C).   

 

 

Figure 2.9 Combining sources of evidence. Four and three kernel GBLUP models including 

markers surrounding previously reported QTLs (chr4 and chr11), GxI genes found in this study, 

immunity related genes and the red WGCNA module (blue). Partial and Total accuracies are 

compared with the regular GBLUP model (yellow). A nominal increase in prediction accuracy 

of 1.7%, 2.5% and 2.5% was found for CBSD3, CBSD6 and CBSDR respectively.  
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DISCUSSION 

 

We explored the improvement of genomic prediction in cassava through the 

integration of transcriptomics data, the genetic architecture of CBSD, biological priors, 

and whole sequence variants. Our results provide insight on how incorporating 

biological information into prediction models can impact genomic prediction within this 

important staple crop. Also, we explored models that can be extended to use in 

conjunction with other sources of biological data such as regulatory elements, 

evolutionary conserved regions, chromatin accessibility assays, and eQTLs. 

SNP imputation to Whole-genome sequence 

Compared to the prediction accuracies obtained using GBS markers, imputed 

sequence data produced no advantage when applied to CBSD related traits. This 

behavior has been noted in other animal empirical studies, where marginal [80] or absent 

increases in prediction accuracy and reliability were observed [19,81–83]. Simulation 

studies, however, have reported significant gains in prediction accuracy under some 

circumstances (e.g., low MAF of the causal variants) [14–16]. As reviewed before [19], 

several reasons may account for this lack of increase in prediction accuracy when using 

imputed sequence data. Problems with the imputation method itself, small reference 

panels, and causal variants with low MAF may result in difficulties imputing sequence 

data. Additionally, many markers could result in models failing to sufficiently weigh 

causal variants (i.e. a severe “p >> n” problem).  

In our study, an imputation reference panel of only 241 individuals was used to 

impute a dataset of 955 related individuals from NACRRI (Namulonge, Uganda). 

Additionally, the cassava genome has at least two major and recent introgressions from 

wild relatives [54] on chromosomes 1 and 4. Since wild cassava individuals are 
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underrepresented in the reference panel [49], imputation accuracies dropped 

significantly within introgressed regions (Fig S3). Moreover, the overall imputation 

accuracy in this dataset was significantly lower than when a larger and more diverse 

target panel was used. While these factors may have affected the prediction accuracies, 

the purpose of using imputed sequence data in this study was to tag the maximum 

number of biologically-relevant genes rather simply increasing predictive accuracies by 

imputing to sequence level.  That is, imputation was performed as a means of ensuring 

relevant genes could be tagged and used as additional information in the model. 

Genetic Architecture of CBSD 

Genetic architecture of a trait is an important consideration when implementing 

different genomic prediction models. Genetic architecture varies not only from trait to 

trait but also among species. For example, in maize, most agronomic traits are controlled 

by many small effect loci.  This is in contrast to rice, where many agronomic traits, 

including grain yield, have large effect QTLs [84].  

Resistance to CBSD in cassava was historically considered to be a quantitative trait 

under the control of several contributing loci. However, large-effect QTLs were recently 

detected using both association studies within a diverse population [39] and traditional 

bi-parental QTL mapping [58,59]. In the present study, we showed that when genomic 

predictions were performed using only markers belonging to chromosomes containing 

the large-effect QTLs (i.e. chromosomes 4 and 11), nearly the same prediction 

accuracies were obtained as when markers across the genome were used (Fig 4a). Since 

these QTLs were originally detected in leaves, it was no surprise that the prediction 

accuracies were not as high when the same models were used to predict CBSD severity 

on roots (Fig 4b). These data suggest an absence of correlation between root and shoot 

symptoms in cassava plants affected by CBSD. This phenomenon has been previously 
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described: infected plants may show severe shoot symptoms and mild root necrosis or 

vice versa [85]. Moreover, the severity of symptoms has been demonstrated not to be 

correlated with virus titer, especially for resistant or tolerant varieties [85].  

Previous research has tackled the problem of incorporating genotype-phenotype 

associations to boost genomic prediction by either adding significant markers as fixed 

effects [86,87] or by weighting the Genomic Relationship Matrix (GRM) with marker 

association information [88,89]. While we did not focus on any of these methods, 

tracking known QTLs allowed us to better use the information obtained from the 

transcriptomics experiment.  

On using Transcriptomics to Aid Genomic Prediction 

Transcriptomics data has been used before as a source of biological priors for 

genomic prediction in cattle [25,28]. Similar to the present study, Fang et al. [25] used 

transcriptomic regions responsive to Intra Mammary Infection (IMI) to fit a GFBLUP 

model that included a separate genomic effect of SNPs within DE genes. Similarly, 

MacLeod et al. used a novel Bayesian method (BayesRC), that allowed the 

incorporation of biological information by defining classes of variants likely to be 

enriched for causal mutations [28]. Both studies showed a minimal increase in 

prediction accuracies for within-breed predictions while significant benefits were 

observed when predictions were performed across-breeds. 

In this study, we analyzed existing transcriptomic data using three different 

approaches to explore multiple hypotheses related to the introgression of 

transcriptomics into genomic prediction models. The first approach exploited DE genes 

specific to each measured disease timepoint and cassava genotype (i.e DE genes six 

hours after infection in Namikonga) to fit a series of GFBLUP models. This approach 

explored whether any timepoint-genotype combination would be more enriched for 



 

62 

 

causal variants and, thus, more useful for improving prediction accuracies. No increase 

in prediction accuracy was observed across timepoints.  This result suggests that the 

response of individual genotypes at an specific timepoint might not be representative of 

the entire population. Further, there were a total of 9,379 DE genes found in at least at 

one time point. This number is close to one-third of the entire predicted gene set in the 

cassava reference genome.  

To narrow the number of DE genes, we then hypothesized that genes exhibiting a 

significant statistical interaction between inoculation status (Control vs. Infected) and 

genotype (‘Namikonga’ vs. ‘Albert’) might be more relevant for CBSD related traits. 

Only 1,391 genes were significant to GxI (q < 0.05). While the multi-kernel GBLUP 

models performed better than when selecting the same number of random genes, the 

prediction accuracy remained the same as the full GBLUP model.  

Finally, we used WGCNA to infer modules of co-expressed genes within the 

RNAseq dataset. This method has been used in several organisms to identify 

biologically meaningful gene modules, and it has helped to generate useful insights into 

how genes interact under varying conditions [66,69,90–92]. We assumed that modules 

consisting of highly interconnected genes would be enriched in causal variants and 

promote an increase in prediction accuracy under a GFBLUP framework. Only one 

module for one trait (red, CBSD3), however, showed a marginal increase in prediction 

accuracy. 

There are many reasons why we think the approaches using transcriptomics did not 

result in larger increases in prediction accuracy. First, the RNAseq data came from only 

two cassava varieties, and their transcriptome response may not be representative of the 

composite set of clones used in this study. Second, samples were collected during the 

early (i.e., <54 days) response of the plant to the infection.  In contrast, the phenotypes 
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we analyzed were collected in the field three, six, and twelve months after planting. 

Third, the plants were infected with only UCBSV (as confirmed by de-novo assembly 

of the viral reads, Fig S11), while under field conditions it is common to observe co-

infection of CBSV and UCBSV [93]. Anjanappa et al. [38] previously showed that the 

response of cassava to a combined CBSV and UCBSV infection was significantly 

stronger in the susceptible variety than in the resistant variety. These results are in 

contrast to the current study, where ‘Namikonga’ showed a stronger response when only 

infected by UCBSV. Consequently, we can infer that the transcription response of 

cassava plants infected only with UCBSV may not be representative of infected plants 

in the field. 

Increasing the accuracy of predictions using closely related individuals with long-

range LD might not be an easy task in future breeding efforts. Rather, genomic 

prediction methods that incorporate biological priors may be more beneficial for across-

breed predictions, where the LD decays more rapidly [28,76,82]. Specifically, Fang et 

al. found only a small increase (3.2% to 3.9%) in prediction accuracies by using 

transcriptomics-informed GFBLUP models when predicting milk traits within Holstein 

cows. The same study observed a 164% gain in prediction accuracy when the prediction 

was performed across-breeds. 

Cassava Brown Streak Disease is currently present only in East and Southern Africa. 

Thus the Western African material cannot be evaluated for resistance to this disease 

because of the dangers of propagating the disease. In this scenario, a genomic selection 

model might be trained in the eastern African population(s) to predict resistance to 

CBSD in western germplasm. While these populations are not as divergent as cattle 

breeds, we expect that the LD structure between these two populations would be weaker 

and thus favor a model that uses prior biological information. 
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CONCLUSIONS 

 

The genomic prediction approach using prior biological information and markers 

imputed to whole-genome sequence level achieved only a marginal increase in the 

accuracy of prediction for CBSD related traits. We believe that additional functional 

genomics research, combined with larger reference panels to improve imputation 

accuracies and a more precise phenotyping platform, are necessary to unlock the 

potential of biology-assisted prediction models.  

 

REFERENCES 

 

 

1. Meuwissen TH, Hayes BJ, Goddard ME. Prediction of total genetic value using 

genome-wide dense marker maps. Genetics. 2001;157:1819–29.  

2. Desta ZA, Ortiz R. Genomic selection: genome-wide prediction in plant 

improvement. Trends Plant Sci. Elsevier Ltd; 2014;19:592–601.  

3. Jannink J-L, Lorenz AJ, Iwata H. Genomic selection in plant breeding: from theory 

to practice. Brief. Funct. Genomics. 2010;9:166–77.  

4. de Los Campos G, Hickey JM, Pong-Wong R, Daetwyler HD, Calus MPL. Whole-

genome regression and prediction methods applied to plant and animal breeding. 

Genetics. Genetics Society of America; 2013;193:327–45.  

5. Kolbehdari D, Schaeffer LR, Robinson JAB. Estimation of genome-wide haplotype 

effects in half-sib designs. J. Anim. Breed. Genet. 2007;124:356–61.  

6. de los Campos G, Naya H, Gianola D, Crossa J, Legarra A, Manfredi E, et al. 

Predicting quantitative traits with regression models for dense molecular markers 

and pedigree. Genetics. 2009;182:375–85.  

7. Hoerl AE, Kennard RW. Ridge Regression: Biased Estimation for Nonorthogonal 

Problems. Taylor & Francis Group; 2012;  

8. Long N, Gianola D, Rosa GJM, Weigel KA, Avendaño S. Machine learning 

classification procedure for selecting SNPs in genomic selection: application to early 

mortality in broilers. J. Anim. Breed. Genet. 2007;124:377–89.  



 

65 

 

9. Machine learning methods and predictive ability metrics for genome-wide 

prediction of complex traits. Livest. Sci. Elsevier; 2014;166:217–31.  

10. Heslot N, Yang H-P, Sorrells ME, Jannink J-L. Genomic Selection in Plant 

Breeding: A Comparison of Models. Crop Sci. The Crop Science Society of 

America, Inc.; 2012;52:146.  

11. Ornella L, Singh S, Perez P, Burgueño J, Singh R, Tapia E, et al. Genomic 

Prediction of Genetic Values for Resistance to Wheat Rusts. Plant Genome J. 

2012;5:136.  

12. Rutkoski JE, Heffner EL, Sorrells ME. Genomic selection for durable stem rust 

resistance in wheat. Euphytica. 2010;179:161–73.  

13. Wolfe MD, Del Carpio DP, Alabi O, Ezenwaka LC, Ikeogu UN, Kayondo IS, et 

al. Prospects for Genomic Selection in Cassava Breeding. Plant Genome. Crop 

Science Society of America; 2017;0:0.  

14. Meuwissen T, Goddard M. Accurate Prediction of Genetic Values for Complex 

Traits by Whole-Genome Resequencing. Genetics. 2010;185:623–31.  

15. Druet T, Macleod IM, Hayes BJ. Toward genomic prediction from whole-genome 

sequence data: impact of sequencing design on genotype imputation and accuracy of 

predictions. Heredity (Edinb). Nature Publishing Group; 2014;112:39–47.  

16. Clark SA, Hickey JM, van der Werf JH. Different models of genetic variation and 

their effect on genomic evaluation. Genet. Sel. Evol. 2011;43:18.  

17. Yan G, Qiao R, Zhang F, Xin W, Xiao S, Huang T, et al. Imputation-Based 

Whole-Genome Sequence Association Study Rediscovered the Missing QTL for 

Lumbar Number in Sutai Pigs. Sci. Rep. 2017;7:615.  

18. Auton A, Abecasis GR, Altshuler DM, Durbin RM, Abecasis GR, Bentley DR, et 

al. A global reference for human genetic variation. Nature. 2015;526:68–74.  

19. Calus MPL, Bouwman AC, Schrooten C, Veerkamp RF. Efficient genomic 

prediction based on whole-genome sequence data using split-and-merge Bayesian 

variable selection. Genet. Sel. Evol. BioMed Central; 2016;48:49.  

20. MacLeod IM, Bowman PJ, Vander Jagt CJ, Haile-Mariam M, Kemper KE, 

Chamberlain AJ, et al. Exploiting biological priors and sequence variants enhances 

QTL discovery and genomic prediction of complex traits. BMC Genomics. 

2016;17:144.  

21. Fortes MRS, Reverter A, Zhang Y, Collis E, Nagaraj SH, Jonsson NN, et al. 

Association weight matrix for the genetic dissection of puberty in beef cattle. Proc. 



 

66 

 

Natl. Acad. Sci. U. S. A. 2010;107:13642–7.  

22. Snelling WM, Cushman RA, Keele JW, Maltecca C, Thomas MG, Fortes MRS, et 

al. Breeding and Genetics Symposium: networks and pathways to guide genomic 

selection. J. Anim. Sci. 2013;91:537–52.  

23. Su G, Christensen OF, Janss L, Lund MS. Comparison of genomic predictions 

using genomic relationship matrices built with different weighting factors to account 

for locus-specific variances. J. Dairy Sci. 2014;97:6547–59.  

24. de Los Campos G, Vazquez AI, Fernando R, Klimentidis YC, Sorensen D. 

Prediction of complex human traits using the genomic best linear unbiased predictor. 

PLoS Genet. Public Library of Science; 2013;9:e1003608.  

25. Fang L, Sahana G, Ma P, Su G, Yu Y, Zhang S, et al. Exploring the genetic 

architecture and improving genomic prediction accuracy for mastitis and milk 

production traits in dairy cattle by mapping variants to hepatic transcriptomic 

regions responsive to intra-mammary infection. Genet. Sel. Evol. 2017;49:44.  

26. Speed D, Balding DJ. MultiBLUP: improved SNP-based prediction for complex 

traits. Genome Res. Cold Spring Harbor Laboratory Press; 2014;24:1550–7.  

27. Kemper KE, Reich CM, Bowman PJ, Vander Jagt CJ, Chamberlain AJ, Mason 

BA, et al. Improved precision of QTL mapping using a nonlinear Bayesian method 

in a multi-breed population leads to greater accuracy of across-breed genomic 

predictions. Genet. Sel. Evol. 2015;47:29.  

28. MacLeod IM, Bowman PJ, Vander Jagt CJ, Haile-Mariam M, Kemper KE, 

Chamberlain AJ, et al. Exploiting biological priors and sequence variants enhances 

QTL discovery and genomic prediction of complex traits. BMC Genomics. BioMed 

Central; 2016;17:144.  

29. Edwards SM, Sørensen IF, Sarup P, Mackay TFC, Sørensen P. Genomic 

Prediction for Quantitative Traits Is Improved by Mapping Variants to Gene 

Ontology Categories in Drosophila melanogaster. Genetics. 2016;203.  

30. Lowe R, Shirley N, Bleackley M, Dolan S, Shafee T. Transcriptomics 

technologies. PLoS Comput. Biol. Public Library of Science; 2017;13:e1005457.  

31. Costa V, Aprile M, Esposito R, Ciccodicola A. RNA-Seq and human complex 

diseases: recent accomplishments and future perspectives. Eur. J. Hum. Genet. 

2013;21:134–42.  

32. Fauquet C, Fargette D, Munihor C. African Cassava Mosaic Virus : Etiology , 

Epidemiology , and Control. 1990;74.  



 

67 

 

33. Monger WA, Alicai T, Ndunguru J, Kinyua ZM, Potts M, Reeder RH, et al. The 

complete genome sequence of the Tanzanian strain of Cassava brown streak virus 

and comparison with the Ugandan strain sequence. Arch. Virol. Springer Vienna; 

2010;155:429–33.  

34. Ndunguru J, Sseruwagi P, Tairo F, Stomeo F, Maina S, Djinkeng A, et al. 

Analyses of Twelve New Whole Genome Sequences of Cassava Brown Streak 

Viruses and Ugandan Cassava Brown Streak Viruses from East Africa: Diversity, 

Supercomputing and Evidence for Further Speciation. Melcher U, editor. PLoS One. 

Public Library of Science; 2015;10:e0139321.  

35. Maruthi MN, Hillocks RJ, Mtunda K, Raya MD, Muhanna M, Kiozia H, et al. 

Transmission of Cassava brown streak virus by Bemisia tabaci (Gennadius). J. 

Phytopathol. Blackwell Verlag GmbH; 2005;153:307–12.  

36. Mware B, Narla R, Amata R, Olubayo F, Songa J, Kyamanyua S, et al. Journal of 

General and Molecular Virology. J. Gen. Mol. Virol. Academic Journals; 2009.  

37. Amuge T, Berger DK, Katari MS, Myburg AA, Goldman SL, Ferguson ME. A 

time series transcriptome analysis of cassava (Manihot esculenta Crantz) varieties 

challenged with Ugandan cassava brown streak virus. Sci. Rep. 2017;7:9747.  

38. Anjanappa RB, Mehta D, Okoniewski MJ, Szabelska A, Gruissem W, 

Vanderschuren H. Molecular insights into cassava brown streak virus susceptibility 

and resistance by profiling of the early host response. Mol. Plant Pathol. 2017;  

39. Kayondo SI, Pino Del Carpio D, Lozano R, Ozimati A, Wolfe MD, Baguma Y, et 

al. Genome-wide association mapping and genomic prediction unravels CBSD 

resistance in a Manihot esculenta breeding population. bioRxiv. 2017;  

40. Lozano R, Hamblin MT, Prochnik S, Jannink J-L. Identification and distribution 

of the NBS-LRR gene family in the Cassava genome. BMC Genomics. 

2015;16:360.  

41. Soto JC, Ortiz JF, Perlaza-Jiménez L, Vásquez AX, Lopez-Lavalle LAB, Mathew 

B, et al. A genetic map of cassava (Manihot esculenta Crantz) with integrated 

physical mapping of immunity-related genes. BMC Genomics. ???; 2015;16:190.  

42. Elshire RJ, Glaubitz JC, Sun Q, Poland JA, Kawamoto K, Buckler ES, et al. A 

robust, simple genotyping-by-sequencing (GBS) approach for high diversity species. 

PLoS One. Public Library of Science; 2011;6:e19379.  

43. Hamblin MT, Rabbi IY. The Effects of Restriction-Enzyme Choice on Properties 

of Genotyping-by-Sequencing Libraries: A Study in Cassava (). Crop Sci. The Crop 



 

68 

 

Science Society of America, Inc.; 2014;54:2603.  

44. Glaubitz JC, Casstevens TM, Lu F, Harriman J, Elshire RJ, Sun Q, et al. TASSEL-

GBS: a high capacity genotyping by sequencing analysis pipeline. PLoS One. Public 

Library of Science; 2014;9:e90346.  

45. Danecek P, Auton A, Abecasis G, Albers CA, Banks E, DePristo MA, et al. The 

variant call format and VCFtools. Bioinformatics. 2011;27:2156–8.  

46. Browning BL, Browning SR. Genotype Imputation with Millions of Reference 

Samples. Am. J. Hum. Genet. 2016;98:116–26.  

47. Howie B, Marchini J, Stephens M. Genotype Imputation with Thousands of 

Genomes. G3 Genes, Genomes, Genet. 2011;1.  

48. Howie BN, Donnelly P, Marchini J. A Flexible and Accurate Genotype Imputation 

Method for the Next Generation of Genome-Wide Association Studies. Schork NJ, 

editor. PLoS Genet. Public Library of Science; 2009;5:e1000529.  

49. Ramu P, Esuma W, Kawuki R, Rabbi IY, Egesi C, Bredeson J V, et al. Cassava 

haplotype map highlights fixation of deleterious mutations during clonal 

propagation. Nat. Genet. 2017;49:959–63.  

50. International Cassava Genetic Map Consortium (ICGMC). High-resolution linkage 

map and chromosome-scale genome assembly for cassava (Manihot esculenta 

Crantz) from 10 populations. G3 (Bethesda). 2014;5:133–44.  

51. Simon Andrews. FastQC A Quality Control tool for High Throughput Sequence 

Data [Internet]. 2010 [cited 2017 May 24]. Available from: 

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/ 

52. Trapnell C, Williams BA, Pertea G, Mortazavi A, Kwan G, van Baren MJ, et al. 

Transcript assembly and quantification by RNA-Seq reveals unannotated transcripts 

and isoform switching during cell differentiation. Nat. Biotechnol. 2010;28:511–5.  

53. Trapnell C, Pachter L, Salzberg SL. TopHat: discovering splice junctions with 

RNA-Seq. Bioinformatics. 2009;25:1105–11.  

54. Bredeson J V, Lyons JB, Prochnik SE, Wu GA, Ha CM, Edsinger-Gonzales E, et 

al. Sequencing wild and cultivated cassava and related species reveals extensive 

interspecific hybridization and genetic diversity. Nat. Biotechnol. 2016;34:562–70.  

55. Kim D, Pertea G, Trapnell C, Pimentel H, Kelley R, Salzberg SL. TopHat2: 

accurate alignment of transcriptomes in the presence of insertions, deletions and 

gene fusions. Genome Biol. 2013;14:R36.  



 

69 

 

56. Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2. Nat. 

Methods. 2012;9:357–9.  

57. Trapnell C, Hendrickson DG, Sauvageau M, Goff L, Rinn JL, Pachter L. 

Differential analysis of gene regulation at transcript resolution with RNA-seq. Nat. 

Biotechnol. 2012;31:46–53.  

58. Nzuki I, Katari MS, Bredeson J V, Masumba E, Kapinga F, Salum K, et al. QTL 

Mapping for Pest and Disease Resistance in Cassava and Coincidence of Some QTL 

with Introgression Regions Derived from Manihot glaziovii. Front. Plant Sci. 

Frontiers Media SA; 2017;8:1168.  

59. Masumba EA, Kapinga F, Mkamilo G, Salum K, Kulembeka H, Rounsley S, et al. 

QTL associated with resistance to cassava brown streak and cassava mosaic diseases 

in a bi-parental cross of two Tanzanian farmer varieties, Namikonga and Albert. 

Theor. Appl. Genet. Springer Berlin Heidelberg; 2017;130:2069–90.  

60. Meyers BC, Dickerman  a W, Michelmore RW, Sivaramakrishnan S, Sobral BW, 

Young ND. Plant disease resistance genes encode members of an ancient and 

diverse protein family within the nucleotide-binding superfamily. Plant J. 

1999;20:317–32.  

61. Lozano R, Hamblin MT, Prochnik S, Jannink J-L. Identification and distribution 

of the NBS-LRR gene family in the Cassava genome. BMC Genomics. 

2015;16:360.  

62. Camacho C, Coulouris G, Avagyan V, Ma N, Papadopoulos J, Bealer K, et al. 

BLAST+: architecture and applications. BMC Bioinformatics. 2009;10:421.  

63. Quinlan AR, Quinlan, R. A. BEDTools: The Swiss-Army Tool for Genome 

Feature Analysis. Curr. Protoc. Bioinforma. Hoboken, NJ, USA: John Wiley & 

Sons, Inc.; 2014. p. 11.12.1-11.12.34.  

64. Quinlan AR, Hall IM. BEDTools: a flexible suite of utilities for comparing 

genomic features. Bioinformatics. Oxford University Press; 2010;26:841–2.  

65. Zhang B, Horvath S. A general framework for weighted gene co-expression 

network analysis. Stat. Appl. Genet. Mol. Biol. 2005;4:Article17.  

66. Childs KL, Davidson RM, Buell CR, Coggill P, Sammut S. Gene Coexpression 

Network Analysis as a Source of Functional Annotation for Rice Genes. El-Sayed 

NM, editor. PLoS One. Public Library of Science; 2011;6:e22196.  

67. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation 

network analysis. BMC Bioinformatics. 2008;9:559.  



 

70 

 

68. Langfelder P, Horvath S. Eigengene networks for studying the relationships 

between co-expression modules. BMC Syst. Biol. 2007;1:54.  

69. Massa AN, Childs KL, Lin H, Bryan GJ, Giuliano G, Buell CR. The 

Transcriptome of the Reference Potato Genome Solanum tuberosum Group Phureja 

Clone DM1-3 516R44. Zhang J, editor. PLoS One. Public Library of Science; 

2011;6:e26801.  

70. Garrick DJ, Taylor JF, Fernando RL. Deregressing estimated breeding values and 

weighting information for genomic regression analyses. Genet. Sel. Evol. 

2009;41:55.  

71. Wolfe MD, Rabbi IY, Egesi C, Hamblin M, Kawuki R, Kulakow P, et al. 

Genome-Wide Association and Prediction Reveals Genetic Architecture of Cassava 

Mosaic Disease Resistance and Prospects for Rapid Genetic Improvement. Plant 

Genome. 2016;9:0.  

72. Bates D, Mächler M, Bolker B, Walker S. Fitting Linear Mixed-Effects Models 

Using lme4. J. Stat. Softw. 2015;67:1–48.  

73. Eddelbuettel D, François R. Rcpp : Seamless R and C++ Integration. J. Stat. 

Softw. 2011;40:1–18.  

74. Endelman JB. Ridge Regression and Other Kernels for Genomic Selection with R 

Package rrBLUP. Plant Genome J. Crop Science Society of America; 2011;4:250.  

75. Akdemir D, Okeke UG. EMMREML: Fitting Mixed Models with Known 

Covariance Structures. https://cran.r-project.org/package=EMMREML. 2015;R 

package version 3.1.  

76. Fang L, Sahana G, Ma P, Su G, Yu Y, Zhang S, et al. Exploring the genetic 

architecture and improving genomic prediction accuracy for mastitis and milk 

production traits in dairy cattle by mapping variants to hepatic transcriptomic 

regions responsive to intra-mammary infection. Bioinformatics. BioMed Central; 

2017;49:44.  

77. Bulik-Sullivan BK, Loh P-R, Finucane HK, Ripke S, Yang J, Consortium SWG of 

the PG, et al. LD Score regression distinguishes confounding from polygenicity in 

genome-wide association studies. Nat Genet. Nature Publishing Group; 

2015;advance on:1–7.  

78. Ma P, Brøndum RF, Zhang Q, Lund MS, Su G. Comparison of different methods 

for imputing genome-wide marker genotypes in Swedish and Finnish Red Cattle. J. 

Dairy Sci. 2013;96:4666–77.  



 

71 

 

79. Haas BJ, Papanicolaou A, Yassour M, Grabherr M, Blood PD, Bowden J, et al. De 

novo transcript sequence reconstruction from RNA-seq using the Trinity platform 

for reference generation and analysis. Nat. Protoc. 2013;8:1494–512.  

80. Heidaritabar M, Calus MPL, Megens H-J, Vereijken A, Groenen MAM, 

Bastiaansen JWM. Accuracy of genomic prediction using imputed whole-genome 

sequence data in white layers. J. Anim. Breed. Genet. 2016;133:167–79.  

81. van Binsbergen R, Calus MPL, Bink MCAM, van Eeuwijk FA, Schrooten C, 

Veerkamp RF. Genomic prediction using imputed whole-genome sequence data in 

Holstein Friesian cattle. Genet. Sel. Evol. BioMed Central; 2015;47:71.  

82. Veerkamp RF, Bouwman AC, Schrooten C, Calus MPL. Genomic prediction 

using preselected DNA variants from a GWAS with whole-genome sequence data in 

Holstein-Friesian cattle. Genet. Sel. Evol. BioMed Central; 2016;48:95.  

83. Ni G, Cavero D, Fangmann A, Erbe M, Simianer H. Whole-genome sequence-

based genomic prediction in laying chickens with different genomic relationship 

matrices to account for genetic architecture. Genet. Sel. Evol. BioMed Central; 

2017;49:8.  

84. Spindel J, Begum H, Akdemir D, Virk P, Collard B, Redoña E, et al. Genomic 

Selection and Association Mapping in Rice (Oryza sativa): Effect of Trait Genetic 

Architecture, Training Population Composition, Marker Number and Statistical 

Model on Accuracy of Rice Genomic Selection in Elite, Tropical Rice Breeding 

Lines. Mauricio R, editor. PLOS Genet. International Rice Research Institute; 

2015;11:e1004982.  

85. Kaweesi T, Kawuki R, Kyaligonza V, Baguma Y, Tusiime G, Ferguson ME. Field 

evaluation of selected cassava genotypes for cassava brown streak disease based on 

symptom expression and virus load. Virol. J. 2014;11:216.  

86. Bian Y, Holland JB. Enhancing genomic prediction with genome-wide association 

studies in multiparental maize populations. Heredity (Edinb). Nature Publishing 

Group; 2017;118:585–93.  

87. Spindel JE, Begum H, Akdemir D, Collard B, Redoña E, Jannink J-L, et al. 

Genome-wide prediction models that incorporate de novo GWAS are a powerful 

new tool for tropical rice improvement. Heredity (Edinb). Nature Publishing Group; 

2016;116:395–408.  

88. Fragomeni BO, Lourenco DAL, Masuda Y, Legarra A, Misztal I. Incorporation of 

causative quantitative trait nucleotides in single-step GBLUP. Genet. Sel. Evol. 

2017;49:59.  



 

72 

 

89. Lee J, Cheng H, Garrick D, Golden B, Dekkers J, Park K, et al. Comparison of 

alternative approaches to single-trait genomic prediction using genotyped and non-

genotyped Hanwoo beef cattle. Genet. Sel. Evol. BioMed Central; 2017;49:2.  

90. Botía JA, Vandrovcova J, Forabosco P, Guelfi S, D’Sa K, Hardy J, et al. An 

additional k-means clustering step improves the biological features of WGCNA gene 

co-expression networks. BMC Syst. Biol. 2017;11:47.  

91. Forabosco P, Ramasamy A, Trabzuni D, Walker R, Smith C, Bras J, et al. Insights 

into TREM2 biology by network analysis of human brain gene expression data. 

Neurobiol. Aging. 2013;34:2699–714.  

92. Ballouz S, Verleyen W, Gillis J. Guidance for RNA-seq co-expression network 

construction and analysis: safety in numbers. Bioinformatics. 2015;31:2123–30.  

93. Ogwok E, Alicai T, Rey MEC, Beyene G, Taylor NJ. Distribution and 

accumulation of cassava brown streak viruses within infected cassava ( Manihot 

esculenta ) plants. Plant Pathol. 2015;64:1235–46.  

 



73 
 

CHAPTER 3 

 

 

EXPANDING THE CASSAVA FUNCTIONAL GENOME USING PRO-SEQ3

 

 

ABSTRACT 

 

 

Defining functional DNA elements is a complicated task, as the definition of “function” is not 

straightforward when presented in the context of genomics. Genic segments are easily recognized as 

important for any organism but defining functional regions outside genes is a much more difficult task. 

Here, we present the first scan of nascent RNA in the cassava genome using precision run-on sequencing 

(PRO-seq). Mapping of engaged polymerases surrounding coding regions revealed the accumulation of 

nascent RNAs near the polyadenylation site and absence of divergent transcription around the transcription 

start sites, as had been previously reported in plants. Prominent promoter-proximal pausing in most cassava 

genes was also evident, a phenomenon that was believed to be non-existent in plants. Moreover, we 

identified enhancer candidate regions that presented a bidirectional pattern of nascent transcription 

(eRNAs), a specific methylation profile, and enrichment for conserved transcription factor binding motifs. 

These enhancer-like regions also contributed higher than expected SNP heritability for several complex 

traits. Together, these results contrast with previous conclusions regarding transcriptional regulation 

features in plants and suggest transcription among eukaryotes might exist within a more unified framework 

than previously believed. 

 

 

 

                                                           
3 Lozano R, Booth G, Omar BY, Lis J, Jannink J-L., Pino del Carpio D. (2018) The Cassava Functional Genome 
Identified by Pro-Seq. Manuscript in Preparation. 



74 
 

INTRODUCTION 

 

Gene expression in plants is a highly regulated process that controls the production of coding 

and noncoding RNA molecules and is central to phenotypic plasticity and development. The 

nuclear transcriptional regulation begins with RNA polymerase recruitment, followed by the 

formation of the pre-initiation complex (PIC), initiation, elongation, and, finally, termination. The 

dynamics of transcriptional regulation have been extensively studied in several model organisms, 

including humans, yeast, and Drosophila melanogaster [1]. Previous studies have revealed a 

complex network of molecular elements that interact to orchestrate precise gene expression 

patterns that shape the unique transcriptional landscape of each organism. Failure in gene 

regulation has a detrimental effect on development and can lead to disease [2].   

Transcription initiates at the core promoter region which typically spans 50-100bp. The core 

promoter acts as a platform where the polymerase, together with transcription factors (TFs) and 

other proteins, assembled the PIC. This complex can cover up to a hundred bases around the 

Transcription Start Site (TSS) [3]. The proximal promoter region is situated ~100-200bp upstream 

the core promoter region, and binding of TFs in the proximal promoter area can increase the rate 

of transcription by either facilitating the assembly of the transcriptional complex or by recruiting 

distal regulatory elements (enhancers) to the core promoter [4,5]. 

Nascent RNA sequencing techniques like global nuclear run-on sequencing (GRO-seq) [6] or 

precision nuclear run-on sequencing (PRO-seq) [7,8] have been used to identify unstable 

transcripts and their role in gene regulation. These studies identified promoter-proximal pausing 

of Polymerase II (Pol II) and divergent transcription [9] as widespread phenomena in metazoans. 

The pausing of Pol II occurs after the PIC is assembled and, while the polymerase remains 

associated with the nascent RNA, its elongation is interrupted [1]. Pol II pausing has been 

suggested as a mechanism to fine-tune the expression of specific genes in response to external 

regulatory signals and might also play a role in stabilizing the open chromatin state around the 

promoter region [1].  
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Divergent transcription is found in active regulatory regions including promoters and 

enhancers. In promoters, Pol II transcribes in a bi-directional fashion, creating an unstable short 

RNA in one direction and a stable precursor of the mRNA in the other direction. Transcription 

within enhancers, however, occurs in both directions, creating short and unstable RNAs called 

“enhancer RNAs” (eRNAs). The exact function of these short unstable RNA fragments has not 

been fully elucidated, but it has been suggested that they directly affect the stability of the 

transcriptional complex or the enhancer-promoter interaction. Other studies have even suggested 

that divergent transcription promotes new gene origination in the transcribed regions [10]. This 

divergent pattern has been used to train machine learning algorithms that can identify 

Transcriptional Regulatory Elements from Pro-seq/Gro-seq data directly [11]. 

Only recently, Gro-seq experiments have been performed in plants, Zea mays [12] and 

Arabidopsis thaliana seedlings [13], revealing important aspects of plant transcription. These 

studies provided evidence for the absence of divergent transcription, promoter-proximal pausing, 

and eRNAs within plants. Rather, prominent 3’ pausing was present in both maize and Arabidopsis 

[13]. This data suggested that gene regulation in plants might have diverged from what is observed 

in other eukaryotes and the authors suggested that the presence of Pol IV and Pol V (absent in 

metazoans) [14] might reflect a different evolutionary approach to gene regulation within the 

Plantae kingdom.  

Current human genetics research supports the notion that intergenic regions play important 

roles in complex traits [15]. Further, open chromatin regions (OCRs), which are mostly located in 

intergenic and intronic regions, can play different roles in DNA replication, nuclear organization 

and gene transcription [16]. Such OCRs have been previously shown to contribute 

disproportionately to the phenotypic variance of common diseases in humans [17] and to several 

key traits in maize [18]. These OCRs have also been shown to colocalize with active enhancers 

and promoters.  
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By identifying regulatory elements in the Cassava genome, we aim to define functional DNA 

elements outside genes, expecting that these “functional” regions of the genome will be enriched 

with causal loci for several agronomic traits. 

Here we report the nascent transcriptome of cassava seedlings as revealed by Pro-seq. We 

identified transcripts encoding protein-coding genes together with other non-coding RNAs 

including potential eRNAs and close to 10,000 putative enhancers. These putative enhancers may 

be regulating complex traits as revealed by genomic partitioning of the SNP heritability. In contrast 

to previous reports in Arabidopsis and maize, we found a clear pattern of promoter-proximal 

pausing in addition to the 3’ pausing reported in these two plant species. While divergent 

transcription is not the norm in Cassava gene promoters, we were able to find several genes with 

this pattern. The data reported in this study suggest that cassava’s transcriptional regulation 

exhibits patterns that are closer to those found in other metazoans.  

METHODS 

 

Plant Materials and Nuclei Isolation 

Cassava accession “Nase 3” (synonymous with “IITA-TMS-IBA30572” and “Migyera”) cuttings were 

grown in tubes containing enriched medium. Tubes were placed in growth chambers with 12 hours of light 

at 30°C for 6 weeks before tissue collection. Stem and leaves of approximately 25gr were ground with 

liquid nitrogen to a fine powder using a mortar and a pestle. The resulting powder was transfer to a coffee 

grinder containing cold 1X NIB buffer. Then, we used the CelLytica PN Plant nuclei isolation/extraction 

kit (Sigma-Aldrich) following the instructions for the “Highly-pure preparation of Nuclei.” The resulting 

solutions were frozen in liquid N2 and stored at -80° C. Most of the nuclei extraction protocol took place in 

a cold room (4° C) with all reagents on ice. A fraction of the nuclei preparations were stained with DAPI 

and visualized under a fluorescence microscope to test for concentration and nuclei integrity. 
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Pro-seq library preparation and sequencing 

The Pro-seq protocol was performed as described by Mahat et al. [8]. Briefly, native 

nucleotides are washed away to halt transcription without removing DNA polymerases attached 

to DNA or affecting their enzymatic activity. Later, the preparation was incubated with NTPs 

labeled with biotin and transcription resumed. The resulting fragments were hydrolyzed with 

NaOH to generate size fragments appropriate for sequencing (~100bp). The RNA produced after 

incorporation of the biotinylated dNTPs were extracted using streptavidin-coated magnetic beads. 

There were two additional steps of biotinylated RNA enrichment. The next steps of the protocol 

included the ligation of 3’ adaptors, 5’ de-capping, and phosphorylation, followed by the ligation 

of the 5’ RNA adaptor and reverse transcription. The cDNAs produced were amplified and size 

selected (140bp - 350bp) before the sequencing. This protocol generated strand-specific libraries 

with every read starting from the 3’ end of the RNA. The libraries were indexed with TruSeq 

adapters and amplified using Illumina TruSeq primers and assessed for quality on a bioanalyzer 

prior to sequencing on a HiSeq2500 with 100bp single reads. A total of 89 and 103 million reads 

were generated for the first and the second libraries respectively. 

Analysis of NGS data 

Processing and read alignment 

First, the fastq files were scanned for any residual adapter sequence (5’ 

TGGAATTCTCGGGTGCCAAGG -3’) using fastx_clipper from the FASTX_toolkit 

(http://hannonlab.cshl.edu/fastx_toolkit/), and the 3’ molecular barcode was  removed. Then, reads 

were trimmed to a maximum length of 36bp, and the reverse complement was calculated because 

the HiSeq2500 starts sequencing from the 5’ end. All downstream alignments were performed 

using Bowtie2 [19].  

The Pro-seq method is not exclusive to transcripts produced by the nuclear DNA Polymerase 

II, therefore the first step of the mapping was to align the reads to the chloroplast genome to 

http://hannonlab.cshl.edu/fastx_toolkit/
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eliminate transcripts produced in this organelle. The remaining reads were mapped to the Manihot 

esculenta reference genome v6.1 (www.phytozome.com). Low-quality alignments were removed 

and only reads mapping once to the genome were considered for further analysis. Bedtools [20] 

was used to get bedgraph files reporting only the number of 3’ end reads at each position. Finally, 

BigWig files were obtained from the bedgraph files using kentUtils (https://github.com/ENCODE-

DCC/kentUtils). 

Pro-seq read distribution 

The percentage of the cassava genome transcribed was calculated using bedtools. A saturation 

curve, which calculates the number of unique positions covered as a function of read depth was 

obtained using the bed-metric scripts (https://github.com/corcra/bed-metric.git). Normalized 

BigWig files representing the mapped reads were used to visualize each strand of the genome 

separately in the Integrative Genomics Viewer (IGV) [21]. The Metagene plots, histograms, peak 

scanning and gene expression values were generated using the HOMER software [22]. Since the 

cassava genome is not readily available to work with HOMER, feature annotations were created 

separately, and the HOMER config files were modified. We approximated the TSS as the 

beginning of the 5’ UTR because the cassava annotation lacks precise TSS sites. 

Quantifying Pausing and Divergent Transcription 

Genes were ranked based on their pausing index [23]. The average coverage in the promoter 

region (100bp upstream of the TSS to 300bp downstream of the TSS) divided by the average 

coverage of the gene body (300bp downstream of the TSS to the Polyadenylation site, PAS). 

Divergent transcription indices were calculated similarly by taking the average coverage of the 

upstream promoter region (1kb upstream the TSS to the TSS) in the antisense strand (with respect 

to the gene) divided by the average coverage of the TSS proximal region (300bp upstream the TSS 

to 300bp downstream the TSS) in the sense strand.  

We modeled the degree of promoter-proximal pausing and divergent transcription as measured 

by these indices by different factors including gene length, gene expression measured in RPKM 

http://www.phytozome.com/
https://github.com/ENCODE-DCC/kentUtils
https://github.com/ENCODE-DCC/kentUtils
https://github.com/corcra/bed-metric.git
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(Reads per Kb of genic region per million mapped reads), cDNA length and number of exons using 

a linear model. The pausing/divergent index and the other covariate calculations were automated 

using a python script (Pausing_index.py) which can be accessed at the GitHub page associated 

with this article (see code availability). 

Enhancer candidate analysis 

We used “discriminative Regulatory Element detection from GRO-seq” (dREG) [11] to identify bi-

directional transcription outside the coding regions. Bi-directional transcription is a footprint observed in 

active promoters and enhancers in mammal genomes, and dREG was developed to identify active 

transcription regulatory elements (TREs) using only nascent RNA-seq data. We ran the program with 

default values using the BigWig files as input for both strands. We used the dREG model trained in mammal 

genomes. The elements identified were excluded if they overlapped with any gene and we only kept regions 

that were evolutionarily conserved as indicated by GERP scores higher than 1 as calculated previously for 

every position of the cassava genome [24]. After this filtering, the remaining 9,665 sequences were referred 

to as “enhancer candidate regions.” 

Cassava methylation data produced by Wang et al. [25] was used to identify methylation patterns 

around the enhancer candidate regions. Methylation data for CpG, CHG, and CHH was download directly 

from the Phytozome JBrowse in BedGraph format. Meta-gene maker (https://github.com/bdo311 

/metagene-maker.git) was used to produce metagene plots with the methylation data. The enhancer 

candidate regions were scanned for transcription factor binding motifs using HOMER. 

Genomic Partitioning 

Genomic Partitioning is a method that allows researchers to explore the genetic architecture of complex 

traits [26,27]. In this step, we calculated the heritability contributions from the enhancer candidate regions 

in the cassava genome and compared it with a random set of similarly-distributed sequences across the 

cassava chromosomes.   

Plant material and phenotypes 

https://github.com/bdo311%20/metagene-maker.git
https://github.com/bdo311%20/metagene-maker.git
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We analyzed data from the IITA cassava breeding program in Nigeria, including a fraction (689 plants) of 

the Genetic Gain (GG) collection, which comprises 709 elite and historically important clones, and 2302 

clones that were developed as the cycle 1 of the genomic selection (GS) breeding program led by the 

NextGen Cassava Breeding Project. In total, 3011 individuals were used as source for phenotypes. For 

further details on the populations used, refer to Wolfe et al. [28, 29]. We analyzed 6 traits: dry matter content 

(DM), mean cassava mosaic disease severity (MCMDS), root number (RTNO), root weight (RTWT), shoot 

weight (STWT) and fresh yield (FYLD). The phenotyping trials used in this study have been previously 

described [28] and the full phenotype matrix is provided in the “Additional file 1”.  

Genotyping Data  

Genotyping-by-sequencing (GBS) libraries were prepared as described previously [30]. Marker genotypes 

were called using the TASSEL-GBS discovery pipeline [31] on the Manihot esculenta genome assembly 

v6.1 (www.phytozome.net). The GBS markers were imputed to whole genome sequence level in a single 

step by using IMPUTE2 [32, 33] and the Cassava HapMap v2.0 that includes variants for 241 deep 

sequenced cassava accessions [24]. The imputation procedure was performed as in Lozano et al. [34] where 

the number of haplotypes used as the reference panel was set to 400, the effective population size (Ne) to 

1000 and the imputation window to 5Mb. The resulting Oxford files where converted into the plink [35] 

binary format. In total, 3 million markers with a quality “info” score higher than 0.3 and Minor Allele 

Frequency (MAF) > 0.01 were obtained for the 3011 individuals used in this study. Quality control of the 

Imputed dataset are included in the Additional file 2. 

Variance component estimation 

Genomic partitioning analyses have less clear-cut results when performed on small populations 

because of high LD between categories of variants. We mitigated this problem by eliminating 

markers in high LD with the 9,665 enhancer candidate regions by eliminating genomic SNPS that 

were both within 100kb of an enhancer SNP and had an r2 > 0.9 with an enhancer SNP. We then 

built a random set of 9,665 regions with the same average length and approximate distribution in 

the genome. This random set was filtered in the same way as the enhancer set (Figure 1). 

 

http://www.phytozome.net/
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Figure 3.1.- Diagram of the sets used for Genomic Partitioning.  The left set (green) is comprised of 

two disjoint regions: region (2) only includes the segments annotated as enhancer candidates and region (1) 

represents the rest of the genome. The right set (pink) is similar to the green one, but (2) now represents 

random intergenic regions. In both sets the striped area represents markers that were removed from (1) 

because of high LD and close proximity with SNPs in (2).  

 

Genomic relationship matrices (GRMs) were calculated for each genomic partition using the software 

LDAK5 following the ideas of Speed et al. [27]. Briefly, LDAK5 relationship matrices control short-range 

LD by assigning marker weights. Markers residing in low LD regions will have higher weights and are 

assumed to contribute more than markers in high LD regions. The LDAK model also assumes that the SNP 

heritability depends on the MAF, the α value was set to -0.25 as suggested in the manuscript [27]. Finally, 

the relationships matrices built with LDAK account for genotyping certainty as higher-quality markers 

should contribute more than poor imputed markers. Genomic relationship matrices were calculated for the 

enhancer candidate regions partition and the rest of the genome partition. For the random sets, three 

different random sets were created independently. A python script with details on how the random sets were 

calculated can be accessed at the GitHub repository associated with this article (see “Code availability”). 

The model fit to calculate the variance components was specified as follows: 

𝒀 = 𝑿𝜷 +  𝒁𝒍𝒐𝒄.𝒚𝒆𝒂𝒓𝒍 +  𝒁(𝟏)𝒈 +  𝒁(𝟐)𝒉 + 𝒆 
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Where Y represents a vector with raw phenotypic observations, B represents the intercept. The 

random effects include a single intercept for each location-year combination with 𝒍~𝑵(𝟎, 𝑰𝝈𝒍
𝟐) 

where I is the identity matrix and 𝝈𝒍
𝟐 is the associated variance component. The random effects 

include g and h where 𝒈 ~ 𝑵(𝟎, 𝑮𝑹𝑴(𝟏)𝝈𝒈
𝟐  ) and 𝒉 ~ 𝑵(𝟎, 𝑮𝑹𝑴(𝟐)𝝈𝒉

𝟐. These two terms have 

known covariance structure represented by the GRMs calculated using LDAK5. The terms Zloc.year, 

Z(1) and Z(2) are incidence matrices relating observations to the levels of each factor. Variance 

components were estimated using the ‘emmremlMultikernel’ function implemented in the 

‘EMMREML’ R package [36]. 

Data Access 
The raw sequencing files have been submitted to the NCBI Gene Expression Omnibus (GEO; 

http://www.ncbi.nlm.nih.gov/geo/) under accession GSE###### (pending)  

 

Code Availability 
Custom scripts for the NGS analysis, pausing index calculations, metagene plots and genomic 

partitioning, among others, have been made publicly available through the GitHub repository; 

https://github.com/tc-mustang/Pro-seq-Cassava.  

https://github.com/tc-mustang/Pro-seq-Cassava
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RESULTS 

 

Nascent transcript landscape in Manihot esculenta 

We used PRO-seq to characterize the transcription in cassava and further explore the presence 

of Transcriptional Regulatory Elements (TREs) in the intergenic regions of the genome. Pro-seq 

is a technique that can capture nascent RNAs and has been used before to map RNA polymerase 

active sites with base-pair resolution. In total, we observed active transcription covering ~27% of 

the cassava genome in 6-week-old seedlings at 85 million reads that were trimmed to 36bp (Figure 

2). This percentage was smaller than what was observed in Arabidopsis (~40%), and this might be 

due to the difference in genome sizes. 

 

Figure 3.2.- Transcribed portion of the genome.  The cumulative percentage of the genome covered by 

Pro-seq reads is plotted as a function of depth. The first dot in the graph should be read as: “27% of the 

genome was covered by at least one read,” and the tenth dot as: “10% of the genome is covered by 10 or 

more reads.” 

This percentage should be taken with caution as it is dependent on sequencing depth and the 

saturation curve showed that the number of reads is still insufficient to estimate the transcription 

coverage accurately (Additional file 3). Still, the percentage of coverage when going from 30 to 

85 million reads increased by only 5%, suggesting that 27% might be close to the actual value.  

As was observed in Arabidopsis the cassava chloroplast showed active transcription in both 

strands for most genes. Close to 39 million reads were mapped to the 160kb cassava Chloroplast 
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genome, thus having an ultra-high coverage. Almost 68% of the chloroplast genome was actively 

transcribed (Figure 3), close to the 76% found previously for Arabidopsis chloroplasts. 

 
Figure 3.3.- Transcribed portion of the chloroplast genome.  The cumulative percentage of the 

chloroplast genome covered by Pro-seq reads is graphed as function of depth. The depth is so high that the 

estimate for coverage is more accurate than with the nuclear genome.   

 

Metagene analysis around the promoter regions showed a striking pattern of promoter-

proximal pausing (herein refered to as pausing, Figure 4a), contrasting the apparent lack of pausing 

identified in Arabidopsis (Figure 4b). Cassava showed an absence of divergent transcription 

around the TSS as found in other plants, however, there is a small bump around -200bp upstream 

the TSS representing a small fraction of genes showing divergent transcription. Nascent 

transcription around the TSS in cassava thus looks like a hybrid between what was found in 

humans and other mammals (Figure 4c) and Arabidopsis (Figure 4b). 
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Figure 3.4.- Metaplot of nascent RNAs around the TSS in three different species. A. Metaplot of PRO-

seq read signal around the TSS. Plots were constructed considering the strand of each gene. The reads 

mapping to each region were normalized on the y-axis, the distance from the TSS is plotted on the x-axis, 

26 thousand genes with available 5’UTR were used for this analysis. B. Metaplot of GRO-seq signal from 

annotated Arabidopsis genes (extracted from [13]). C. Metaplot of GRO-seq signal from human IMR-90 

cells (extracted from [13]).  All the samples were analyzed using HOMER. 

 

Similarly, metagene plots were calculated for the region around the polyadenylation site (PAS) 

which was annotated as the end of the 3’ UTR of each gene. Interestingly, a high degree of 3’ 

pausing (Figure 5a) was present, similar to what was found in maize and Arabidopsis (Figure 5b). 

This might represent a footprint of plant transcript regulation as the degree of 3’ pausing observed 

in human cells is much more modest (Figure 5c).   
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Figure 3.5.- Metaplot of nascent RNAs around the PAS in three different species. A. Metaplot of PRO-

seq reads signal around the PAS region. Plots were constructed considering the strand of each gene. The 

reads mapping to each region were normalized on the y-axis, the distance from the TSS is plotted on the x-

axis. B. Metaplot of GRO-seq signal from annotated Arabidopsis genes (extracted from [13]). C. Metaplot 

of GRO-seq signal from human IMR-90 cells (extracted from [13]). All the samples were analyzed using 

HOMER. 

 

Defining cassava’s functional genome 

In an effort to define functional DNA elements in the cassava genome we calculated the 

fraction of the genome that lies within genes, transcribed regions (as identified with PRO-seq) and 

regions that are evolutionarily conserved as revealed by GERP++ [37]. Genome positions having 

GERP values higher than 1 (previously identified in the cassava genome by Ramu et al. [24]) were 

considered as evolutionarily conserved. This data represents three different kinds of evidence to 

support functionality, and we defined seven categories resulting from the intersection of these 

sources (Figure 6). The categories defined were: 

I. Conserved, transcribed genes  

II. Conserved and transcribed intergenic regions  

III. Orphan genes (Transcribed genes but not conserved) 

IV. Tissue/Developmental time specific (Conserved genes, not transcribed) 

V. Transcribed non-conserved intergenic regions 
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VI. Conserved, not transcribed intergenic regions. 

VII. Annotation errors, pseudogenes (Non-conserved, non-transcribed genes) 

In total the three categories (Genes, GERP > 1 and PRO-seq) cover 45.8% of the cassava 

genome. Genes represented 21.6%, conserved regions 20% and transcribed regions 27%. More 

details on each category are presented in Figure 6. Special attention was paid to category number 

II as it represents intergenic regions that are conserved and transcribed, potentially carrying 

functional regulatory elements, like enhancer, lncRNAs, or miRNAs.  

 

 

 

Enhancer candidate regions 

Previous studies in mammals have shown that enhancers produce short unstable RNAs known 

as eRNAs. The first study of nascent RNA in plants concluded from aligning GRO-seq reads to 

open chromatin sites, that if plants have enhancers, they do not produce transcripts [13]. To further 

explore this possibility, we used HOMER to identify PRO-seq peaks outside the coding regions 

(3kb distant from the 5’UTR and the 3’ UTR of any gene). We identified ~2000 peaks in intergenic 

regions showing a bi-directional pattern similar to what was observed in mammals and other 

metazoans (Figure 7a).  

Figure 3.6. Cassava genome divided into 

functional categories. This Venn diagram 

represents the percentage of the genome that 

is covered by each category. The percentage of 

the total cassava genome comprised by each 

category is shown below each header. Most of 

the genes, as expected, fall into conserved and 

transcribed regions. A small fraction of the 

annotated genes falls either under the 

“orphan” genes (III), the condition specific (IV) 

or the pseudogene (VII) categories.   
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Since the pattern observed was similar to what was previously observed in mammalian 

Transcriptional Regulatory Elements (TREs), we used dReg [11] to scanned the PRO-seq mapped 

reads. dReg identified 34k regions across the genome, of which 16.8k were located in intergenic 

regions, and 9665 were also evolutionary conserved. These 9665 segments were considered 

“enhancer candidates” and represent a subset of the category II described previously. These 

enhancer candidates represent close to 1% of the sequenced cassava genome. Metagene plots 

centered in the middle of these candidates show a clear assymetric pattern of transcription (Figure 

7b).  Unfortunately, no open chromatin assays were available for cassava, and we could not 

replicate the analysis performed in Arabidopsis. 

 

 

Figure 3.7. Metaplot of nascent RNA in intergenic regions. A. Metaplot of PRO-seq signal around the 

peaks identified using HOMER that were at least 3k distant from genes (n = 2000). B. Metaplot of PRO-

seq signal around intergenic peaks identified using dREG (n = 9665). Blue and orange lines represent 

normalized reads at the negative and positive strands respectively. 

Recently, DNA methylation patterns were explored in the cassava cultivar TME7 [25]. This 

study found that DNA methylation in three DNA contexts (CpG, CHG, and CHH) were on average 

higher than those observed in Arabidopsis. We plotted the methylation level around the candidate 

enhancer regions we identified (Fig. 8a) and found that these regions have a specific methylation 

profile that is distinct from genic (Fig. 8b) and random regions across the genome (Fig. 8c). 
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Figure 3.8.- Methylation profiles in the cassava genome. Methylation data in the three possible contexts 

was plotted around A. the enhancer candidate regions, B. coding genes and C. a random set of regions same 

in number and size as the enhancer candidate regions.  The size of each region was scaled and divided into 

bins to plot from 0% to 100%, the methylation patterns 3kb up/downstream were also plotted.  

 

To further characterize these possible regulatory regions, we annotated transcription factor 

binding sites using HOMER and found that these sites are slightly enriched when compared to a 

random set of sequences (Additional file 4). 

Genomic Partitioning 

We used 3011 cassava individuals that were part of the NextGen Cassava Breeding Project 

material to calculate the percentage of the SNP heritability that was explained by markers inside 

enhancer regions for several traits. We partitioned the genome into two sets, the first containing 

markers that were inside enhancer regions and the second set representing the rest of the genome. 

To account for LD between the two sets, we eliminated genomic markers from the analysis that 

were in linkage disequilibrium (r2 > 0.9) and were closer than 100kb of any enhancer marker. 
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Similarly, three sets of random segments in the intergenic region, matched for the number, length 

and chromosomal distribution of the enhancer set were generated. Genomic relationship matrices 

(GRM) for each partition were calculated using LDAK5 following the recommendations in Speed 

et al. [27].   

Next, using these GRMs, we partitioned the total genetic variance by fitting the GRMs of both 

marker sets (enhancer versus genomic) simultaneously in a joint analysis. We analyzed six 

different traits with different genetic architectures, Dry matter content (DM), Fresh yield (FYLD), 

number of roots (RTNO), root weight (RTWT), shoot weight (SHTWT) and Cassava Mosaic 

Disease severity (MCMDS). The percentage of phenotypic variance explained by the enhancer set 

was higher than the random sets for most traits except for CMD severity and Root number. More 

random tests were not included because of the high computational burden (Figure 9). The full table 

including variance explained by the genomic kernel and the environmental kernel are presented in 

Additional file 4. 

 
 

 
Figure 3.9.- Genomic Partitioning. The percentage of the phenotypic variance explained by the enhancer 

candidate regions (orange) and the random partitions (blue) is plotted for six different traits.  
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DISCUSSION 

 

 

This study presents novel insights into cassava transcriptional regulation, and, to the best of 

our knowledge, it is the first analysis of nascent RNA in plants assayed by PRO-seq. Our work 

revealed a clear pattern of promoter-proximal pausing (pausing), a phenomenon previously 

understood to be non-existent in plants. Furthermore, we identified enhancer candidate regions 

exhibiting a bidirectional transcription pattern, a specific methylation profile, and enrichment for 

transcription factor binding motifs. These findings represent evidence that transcriptional 

regulation in plants shares more features with metazoans than previously thought. Additionally, 

we have shown that intergenic regulatory elements can be identified using methods developed for 

mammalian systems and that these elements contribute disproportionately to the SNP heritability 

of complex traits. 

Promoter proximal pausing, a transcriptional regulation feature widely distributed among 

metazoans, was first studied in the 1970’s and early 1980’s [38, 39]. Pausing was identified as an 

additional step of gene regulation after transcription initiation and was originally studied in the 

context of heat shock proteins (HSPs) and other stimuli dependent genes [40]. The Negative 

Elongation Factor (NELF) complex was found to be one of the key components that regulates the 

entry of Polymerase II (Pol II) into the “paused state”  [1,41]. Specifically, recent studies 

demonstrated that knocking down NELF resulted in a global reduction of Pol II occupancy at the 

promoter region [42]. The identification of  pausing in cassava was unexpected, not only because 

this feature was not reported in previous Arabidopsis thaliana or Zea mays studies, but also 

because cassava, and plants in general, lack any negative elongation factor (NELF) homologs 

[43,44]. 

A pausing-like pattern among the promoters of Schizosaccharomyces pombe was recently 

observed [45], which is particularly interesting given that yeast also lacks the NELF complex.  

This pattern suggests that NELF might not be essential for triggering the “paused state.” Moreover, 
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a further study identified that Pol II-associated Factor 1 (PAF1) plays a significant role in the 

regulation of pausing [23,46]: reductions in PAF1 levels led to an increased release of paused Pol 

II in thousands of genes. PAF1 has homologs both in plants and yeast and it might be playing a 

major role in pausing regulation in the absence of NELF. Cassava has two PAF1 homologs on 

chromosomes 4 and 11 (Manes.04G134200 and Manes.11G033700) that were actively transcribed 

in 6-week-old cassava seedlings. It would be interesting to functionally asses the role of PAF1 in 

plant transcription. While the pattern of pausing was evident from the experiments performed in 

this study, we must be cautious about generalizing our findings to other plants since we have only 

analyzed seedlings of one cassava genotype. Pausing in plants might be a regulation mechanism 

that is restricted to specific tissues, developmental stages or plant lineages.  

The second unexpected discovery of this work included the presence of eRNAs, around what 

we described as “enhancer candidate regions.” Transcription of genomic enhancers was first 

described in 1992 [47], but lack of adequate technology prevented further research on the subject 

until the late 2000’s [5,48]. While direct functions have been proposed for eRNAs as regulators of 

gene expression in metazoans [5,23] there is no evidence of this in plants yet. Previous work within 

Arabidopsis did not identify eRNAS within the species [13].  In fact, the authors of that research 

stated that “if plants have enhancers, they rarely, if at all, produce transcripts.” Unfortunately, 

genome-wide open chromatin assays have not yet been performed in cassava, and we are unable 

to replicate the procedures of [13]. Based on much supporting research [49–53], however, we 

believe the existence of plant enhancers is likely commonplace and independent of whether or not 

they are transcribed. Zhu et al. [54] provided supporting evidence for this statement when they 

tested a small portion of nearly a thousand enhancer candidates in Arabidopsis thaliana using a 

reporter assay; 71% of the 14 enhancer candidates were validated in their study. 

In this study we used dREG [11], a trained support vector regression algorithm, to identify 

mammalians Cis-Transcribed Regulatory Elements (CRES). We hope this model can be optimized 

for plants after the CRES identified in cassava are validated with, for example, co-localization 
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assays at open chromatin sites or association with specific histone markers. To search for cassava 

enhancer candidate regions, we first narrowed down the dREG-identified sequences by retaining 

only those with evolutionarily-conserved nucleotides (GERP > 1).  Subsequently, we noted that 

the remaining sequences had a clear pattern of bi-directional transcription and a characteristic 

methylation profile. (Figure 8). In the absence of open-chromatin data, however, it is difficult to 

validate these sequences as real enhancers.  In lieu of these data, we utilized quantitative genetics 

to calculate the relative “importance” of these genomic regions in explaining several complex traits 

in cassava. Remarkably, the enhancer marker sets explained more phenotypic variance than their 

“random” counterparts for 5 of the 6 traits that were evaluated. The only trait for which our regions 

of interest didn’t explain more variance than their random counterparts was cassava mosaic disease 

severity, a trait known to be predominantly controlled by a single locus on chromosome 12. Given 

the particular genetic architecture of this trait, the results make sense and represent a good negative 

control indicating that our validation method is working.  

In summary, the nascent transcriptome of cassava, as revealed by Pro-seq, showed features of 

transcriptional regulation that weren’t present or detected in previous experiments in plants, 

including promoter proximal pausing and the transcription of enhancer regions. We also found that 

quantitative genetics analyses, through the use of genomic partitioning, were useful to validate 

functional regions in the genome.  

We think that it is an exciting time to study gene regulation in plants as shared features between 

plants and animals can be used for the discovery of regulatory elements in the former. Genome-

wide in-depth characterization and validation of plant enhancers through molecular assays 

should be a priority in coming studies and will allow confirmation of some of the observations 

made here.  
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