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Abstract
Recent advances in single-cell research have allowed transcriptomes of nuclei to be
sequenced. This created opportunities for differential expression analysis to explore
cell-type-specific genes from previously difficult to isolate cell types. Marker genes
are essential to differentiate cells into different types during differential expression
analysis. However, marker genes are not available for all species and tissues. Here, we
explore the potential of single nucleus RNA sequencing (snRNA-seq) for the discovery
of candidate marker genes in difficult to isolate cell types. We performed clustering on
snRNA-seq to identify marker genes characteristic for each cluster and verified these
using homologs of known marker genes. The results found a single M. truncatula
candidate marker gene for the pericycle, which was biologically reasonable but could
convincingly distinguish pericycle clusters from other clusters. Future research should
improve the selection of viable cells to increase confidence in the selected candidate
marker genes.
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Introduction

The nitrogen-fixing trait observed in the endosymbiotic relationship between Medicago
truncatula and nitrogen-fixing rhizobia is a sought-after and sustainable alternative to
external nitrogen sources [1]. M. truncatula creates nitrogen-fixing root nodule composed
of multiple plant root cell types which are characteristic to this symbiosis [2]. So far, the
transferal of this trait to non-legume crop plants has been unsuccessful. This raises the
question of whether all genes with nodule-specific function are accounted for [3].
The currently known genes with nodule-specific function can be determined by comparative analysis between nodulating and non-nodulating species, in the nitrogen-fixing clade
using transcriptomes generated by bulk RNA-sequencing (RNA-seq) [4]. This method is
limited to measuring average RNA abundance across a population of cells [5], which is
insufficient to capture the heterogeneous gene expression profiles found in nodules. This
entails that bulk RNA-seq cannot be used to detect cell-type-specific genes involved in the
nodulation process.
Other RNA-seq methods can detect cell-type-specific genes by extracting RNA from individual cells [6]. One method is single-cell RNA sequencing (scRNA-seq), where the
transcriptomes of single-cells are isolated and measured. ScRNA-seq was originally developed for animal cells, and faced complications when isolating plant tissue due to the
presence of cell walls [7]. This is why it has remained impossible to isolate single cells from
infected plant root nodules [8]. Alternative approaches have instead opted to use segments
of a cell. For instance, protoplasts were successfully used to capture the expression profiles
of Arabidopsis thaliana root nodules [9]. Protoplasts have the advantage of not having a
cell wall and retain all RNA in a cell, but their creation is technically challenging, labour
intensive, and cannot freely be applied to all tissue types [10, 11]. Another method called
single-nucleus RNA sequencing (snRNA-seq) uses nuclei instead of protoplasts. The advantage of nuclei is that their isolation is straightforward and applicable to various plant
tissues [12].
One technique used for both scRNA-seq and snRNA-seq is that of microfluidics, which
gained traction due to its low costs and low amount of material required from samples [13].
Microfluidics encapsulate the transcriptomes of individual cells or nuclei into oil vesicles,
which serve as individual reaction chambers to retrieve intracellular mRNA [14]. If successful, the vesicles will each contain the transcriptome of a single successfully isolated cell
or nucleus that are called viable cells or nuclei. This encapsulation process does not always
result in viable cells or nuclei. When cells or nuclei have been unsuccessfully isolated or
damaged during the isolation process they yield inaccurate RNA transcripts. Another
possibility is when multiple (doubles or multiplets) or no (empty droplets) cells or nuclei
are captured instead of viable ones during the encapsulation process [15]. From hereafter,
the transcriptome extracted from a single vesicle will be referred to as the transcriptional
unit or t-unit, and all cells or nuclei apart from viable cells will be referred to as nonviable cells or nuclei. Both scRNA-seq and snRNA-seq data are sparse by nature (caused
by empty droplets) which could hinder downstream analysis [16]. Additionally, both have
access to a small amount of RNA, insufficient for downstream Next-Generation Sequencing (NGS) [17]. This is especially the case for snRNA-seq data which contains ∼ 10 %
of the cellular RNA [18]. To compensate, cDNA molecules are amplified during library
construction, which consequently complicates demultiplexing by introducing amplification
biases [17]. During cDNA amplification the mRNA is labelled with barcodes (short random sequences unique to each vesicle), to ensure that transcripts can be associated with
their corresponding vesicle. Furthermore, a number of methods also incorporate unique
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molecular identifiers (UMIs), which are unique per copy of the same mRNA molecule.
This ensures high-quality quantification of transcripts which effectively removes the amplification bias [14]. An example of a system that uses both barcodes and UMIs is the
microfluidics-based 10X Genomics Chromium [19]. This system has recently been used
to create transcriptomes from both protoplasts [9] and nuclei [20]. The availability of a
system compatible with nuclei as well as the previously discussed advantages of nuclei
isolation over protoplasts and bulk, make snRNA-seq a promising technique for increasing
the resolution of transcriptomes to cover individual cells.
One approach to identify Differentially Expressed (DE) genes is to group cells together into
clusters that share similar RNA-seq profiles. In post hoc analysis, cell-type-specific marker
genes (hereafter referred to as marker genes) are used to assign a cell type to clusters [21].
Marker genes have been developed through cell biology experiments with fluorescent tags
[22]. Alternatively, candidate marker genes can be developed by clustering cells based on
their similarity [23], assigning clusters to cell types by comparing their expression profiles
to known marker genes [22], and selecting genes that are distinct per cluster [9]. Each
of these steps has a multitude of methods, which may provide varying results that affect
downstream processing and thus the selection of marker genes [24].
The usage of snRNA-seq data for the identification of genes involved in the nodulation
process could be achieved through DE analysis between infected root nodules and nonnodulating roots. This would require marker genes for M. truncatula cell types [25].
However, there are currently no marker genes for M. truncatula to link clusters back to
a cell type [3]. Here, a candidate M. truncatula marker gene is proposed that has been
extracted from snRNA-seq data and assigned to a cell type based on homology with A.
thaliana marker genes [9].
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Material & Methods

This section discusses the process in which candidate marker genes were acquired from
snRNA-seq data. The major steps are data generation, pre-processing, clustering subpopulations, identification of marker genes, and cell type assignment (see Appendix fig. A1
for an overview of the workflow).

2.1

snRNA-seq data generation

Four snRNA-seq datasets were generated from M. truncatula root tips or infected root
nodules with the 10X Genomics Chromium system. An overview of the datasets and their
origin can be found in table 1. All datasets were demultiplexed before use and mapped
to the latest reference genome of M. truncatula (MtrunA17r5.0-ANR) [26] with the Cell
Ranger software (version 3.1.0) [27]. The datasets were further analysed with Python
(version 3.7.7) [28] using the Scanpy (version 1.5.1) [29] package with standard settings
unless specified otherwise.

2.2

Pre-processing snRNA-seq data

Raw snRNA-seq data contains many non-viable nuclei that impede analysis. An important value used during selection for viable nuclei is the counts, which is the number of
reads aligned to a gene. Selection for viable nuclei was based on selecting thresholds for
three Quality Control covariates (QC covariates): 1) total number of counts per nucleus
(hereafter referred to as total counts), 2) number of different genes per nucleus (hereafter
referred to as total genes), and 3) the fraction of counts in a nucleus that aligned to
mitochondrial genes (hereafter referred to as mitochondrial fraction). The datasets were
initially filtered by discarding nuclei with a mitochondrial fraction higher than 0.1 as mitochondrial genes cannot be used as marker genes for it M. truncatula. Next, the datasets
were filtered according to multiple thresholds. These were: 1) ranges based on the location of potential viable nuclei using the total counts and total genes (ranges), and values
varying in stringency for 2) the minimum number of genes in a nucleus (min. genes), and
3) the minimal number of nuclei a gene must be present in (min. nuclei). These thresholds
were used to split the data into 192 datasets and were labelled by to the following format:
<Sample name> <Range min> <Range max> <Min. genes> <Min. nuclei>.
An overview of the chosen parameters can be found in table 1. The number of datasets was
reduced by discarding datasets that retained the same nuclei after filtering (maintaining
the one with stricter filtering values) or contained less than 100 nuclei or individual genes.
The remaining datasets were normalized using counts per million (CPM) and natural logtransformed (Log). Biological processes are connected to one other, which means that
correcting for one biological covariate may affect the signal of the biological process of interest [15]. Omitting regression would retain the global structure more which is beneficial
for clustering. Hence, regression to correct for biological covariates has not been performed
in this workflow. Although the subsequent steps are described for a single dataset, this
workflow was identical for all datasets.
Table 1: Dataset overview: Each row represents a dataset, the plant tissue and the different parameters
applied for filtering. Range = minimum and maximum total counts and total genes, Min. Genes =
minimum genes in a nucleus, Min. Nuclei = minimal number of nuclei a gene must be present in.

Sample Name

Plant Tissue

Range

Min. Genes

1 nodule
2a root1
2b root1
3 root2

Infected root nodule
Root tip
Root tip
Root tip

0-7, 7-40, 40-250
0-50, 50-150, 150-500
0-50, 50-150, 150-500
0-25, 25-100, 100-500

15,
15,
15,
15,

5

100,
100,
100,
100,

150,
150,
150,
150,

Min. nuclei
200
200
200
200

3,
3,
3,
3,

10,
10,
10,
10,

50,
50,
50,
50,

100
100
100
100
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2.3

Clustering on low-dimensional data

A snRNA-seq dataset is highly dimensional because many genes are still expressed after
filtering. Many of these genes are uninformative to the dataset or contain a low number of
counts [15], which needlessly increases the computational burden. Here, the dimensionality of the data is reduced using various dimension reduction methods. First, the number
of genes was reduced by filtering for genes that contain relevant information about the
uniqueness of the nuclei. This was achieved by selecting Highly Variable Genes (HVGs)
by binning genes based on their mean expression, normalizing and scaling these values
by the mean expression and standard deviation of the bin, and selecting genes with the
highest variance-to-mean ratio from each bin [30]. Subsequently, a subset of HVGs was
selected. A smaller subset would reduce noise from irrelevant genes but increase the risk
of discarding interesting biological signals. It is unknown how to determine a value that
provides an optimal trade-off so 2000 top HVGs were selected arbitrarily. Second, Principal Component Analysis (PCA) [31] was performed on the top HVGs to denoise the
data and further reduce the number of variables by revealing the main axes of variation.
Datasets were filtered to explain at least 50% of the variance using up to a maximum of
200 principal components (PCs). These were chosen to balance the explained variance
against the computational power required for computing and embedding the neighbourhood graph for Uniform Approximation and Projection (UMAP) [32]. UMAP was chosen
over T-distributed Stochastic Neighbor Embedding(T-SNE) [33] since the former has a
faster implementation in Scanpy. Hyperparameters were set to alter distances between
data points within clusters (local structure) and between clusters (global structure). The
minimal distance was set to 0.1 and the amount of approximate nearest neighbours was
set to 100 to conserve the global structure as much as possible, and to easily distinguish
individual clusters from one another during visualization. Next, the neighbourhood graph
was used for Leiden clustering [34]. The clustering was performed in order to separate
nuclei into clusters with similar transcriptomes, where all nuclei within a subgroup would
ideally belong to one root cell-type.

2.4

Extraction of candidate marker genes

Differentially expressed genes qwew observed to have a statistically significant difference
in expression level between the nuclei within a cluster, and all nuclei outside that cluster.
DE genes were ranked based on Wilcoxon rank-sum test score [35] and adjusted p-values
from the Benjamini-Hochberg procedure [36]. Up to 20 genes with adjusted p-values below
0.05 were selected to retain genes with the strongest ability to distinguish one group of
nuclei from another and therefore are the best candidate marker genes.

2.5

Marker genes assignment to root cell-types through homology

Assigning marker genes to root cell-types requires an M. truncatula gene identifier to be
linked to known marker genes. First, orthogroups sharing homologous sequences were created with Orthofinder (Version 2.4.0) [37] from the proteomes of M. truncatula [26] and A.
thaliana [38], and proteomes retrieved from Phytozome (version 13) [39] including Brassica
rapa [40], Capsella rubella [41], Eucalyptus grandis [42], Fragaria vesca [43], Glycine max
[44], Populus trichomcarpa [45] and Solanum lycopersicum [46]. These orthogroups were
filtered to contain known cell-type markers from A. thaliana and corresponding M. truncatula gene identifiers. The gene identifiers of M. truncatula candidate marker genes that
were found in these orthogroups were assigned a root cell-type based on the corresponding
root cell-type of the A. thaliana marker gene. Finally, the datasets containing candidate
marker genes that could be linked to a cell type were visualized based on UMAP.
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Results & Discussion

The following subsections will describe and analyse the results of the steps taken during
the production of marker genes from snRNA-seq data.

3.1

Selection of viable nuclei

To remove non-viable nuclei from the datasets, an initial inspection was conducted using
QC covariates. Violin plots of the QC covariates (see fig. 1) show an almost flat violin
around 0, which signified that the largest proportion of nuclei are found to have a low
number of total counts, total genes and mitochondrial fraction. This limited the ability
to select thresholds as outliers, which are hard to distinguish from viable nuclei. A more
detailed view of the total counts can be seen in fig. 2. The logarithmic scale depicts peaks
gradually decreasing in total counts until it levels off at 0, followed by a single peak.
The total genes follow a similar pattern (see Appendix fig. A2). The location of peaks
that predominantly contain viable nuclei differs per dataset and must be selected on an
individual basis. The range thresholds were set around the location of the peaks and also
included the area behind the second peak to avoid excluding viable nuclei. The filtering
step removed 114 of the initial 192 datasets. An overview of these 78 remaining datasets
and their respective number of genes and nuclei can be found in Appendix table A1). The
table shows that the ranges determine the maximum amount of genes and nuclei. The
second range contains the most cells and the third range contains the least. A higher min.
genes reduced the number of nuclei found in the dataset and a higher min. nuclei reduced
the number of genes found in a nucleus. In general, more stringent filtering settings result
in fewer retained genes and nuclei, and result in a dataset being discarded when the number
of genes or nuclei reaches below 100.
The goal of this filtering step was to improve the quality of the data by filtering for
viable nuclei. However, this step does not have the means to determine the quality of
the data because the ground truth (cell-type) of the nuclei is unknown. It can instead be
approximated through downstream analysis such as clustering and cluster annotation [15].
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Figure 1: Violin plot of QC covariates: Each row represents the QC covariates for a given
dataset. Total counts=number of counts per cell, n genes by counts=number of genes per cell and
pct counts mt=percentage of counts belonging to mitochondrial RNA in each cell.

Figure 2: Detailed QC variants of number of counts per barcode: Each row represents the number
of counts per barcode in each dataset with a log-transformed view, and the individual ranges specified in
table 1.

.
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3.2

Selection of highly variable genes from normalized data

The datasets contain nuclei that vary in expression due to biological variability which
has been corrected using CPM. Subsequently, HVGs were extracted. The effect of CPM
normalization and the selection of HVGs is shown in fig. 3. The normalized data (fig. 3
B) shows a distribution similar to a normal distribution with all the genes above the grey
area signifying HVGs. CPM normalization was designed for bulk RNA-seq methods. This
method assumes that all nuclei in the dataset contain an equal number of mRNA molecules
and count depth, with differences in expression arising from sampling errors. However,
this assumption does not hold for the samples used in this research, because the samples
are comprised of roots containing a heterogeneous cell population.

Figure 3: Highly variable gene selection from normalized gene expression data: Highly variable
genes found in the 3 root2 100 500 15 50 dataset are represented as black dots, all other genes are shown
in grey. A) The HVGs coloured based on the normalized data shown on the not normalized dataset, B)
HVGs from normalized data.

3.3

Reducing dimensionality further with PCA

PCA was the second step in reducing the dimensionality of the data. The cumulative
explained variance for PCA is shown per sample in Appendix fig. A3. Datasets that could
not explain at least 50% of the variance using 200 PCs were discarded, which removed
16 out of the 78 datasets. Of the 62 remaining datasets, the first PC explained less than
∼ 2% of the variance in the data on average. Visualization based on the first two PCs
was performed because they would only represent a small fraction of the variance found
in the dataset and lead to misinterpretations.
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3.4

Assessing the effects of filtering on the data

In this sub-section, the effect of each parameter used in the filtering step will be assessed
based on the visualization of the clustering through UMAP. The specific amount of nuclei
and genes of the datasets used in the following section can be found in Appendix table A1.
The ranges parameters were based on the general pattern (see fig. 4 B) in the total counts
and total genes to split the data into three ranges: 1,2 and 3. fig. 4 A, visualizes the
clustering of the three ranges in sample 2b root1. It shows that range 1 forms a few distinguishable clusters, range 2 has no distinguishable clusters and range 3 contains clusters
that overlap one another. Across the four samples, ranges 2 and 3 tend to form indistinguishable or overlapping clusters. These are possibly a result of t-units containing a high
amount of doublets and/or multiplets which creates highly interconnected t-units. The
overlapping clusters may reveal some underlying structure in the data but cannot be used
to produce distinguishable clusters, including making adjustments to UMAP hyperparameters(for a schematic overview see Appendix fig. A4). Range 1 does not show perfectly
separated clusters but may contain viable cells based on the discussed flaws of ranges 2
and 3. The clustering can be improved by modifying the filtering thresholds and/or tuning
the hyperparameters of UMAP.
The min. nuclei parameter retains genes that are present in a minimum number of nuclei.
fig. 5 has visualized the clustering based on different ranges. Distinguishable clusters form
when the number of nuclei and genes in a dataset is high (see fig. 5 1A). If the min.
nuclei parameter is increased, it will start to remove genes that are uniquely expressed by
certain nuclei, which make the clusters indistinguishable from one another (see fig. 5 1B).
Alternatively, indistinguishable clusters are created when the number of genes exceeds the
number of nuclei because the noise created by the abundance of genes masks the expression
profiles that make cell types unique (see fig. 5 2A). Increasing the min. nuclei parameter is
beneficial in this case as it can improve clustering by filtering out the noise (see fig. 5 2B).
The min. genes parameter changes the selected nuclei based on the minimum amount of
genes found in the nuclei. Increasing this value from 15 to 100, drastically reduced the
number of cells in the dataset which frequently led to the removal of the dataset because
of insufficient t-units. Due to a lack of comparable datasets no results could be derived
from the changes in this parameter.
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Figure 4: Clustering of the 2b root1 dataset on different ranges: A) Visualization of the clustering
based on UMAP of the 2b root1 dataset on different ranges. B) The datasets are compared to the general
pattern found in the total counts and total genes on a logarithmic scale.

Figure 5: The effect of the min. nuclei parameter: Visualization of the clustering based on UMAP
of the 1 nodule dataset with different min. nuclei thresholds..

11

3

RESULTS & DISCUSSION

3.5

Selecting and visualizing top candidate marker genes

The gene identifier of each top marker gene was compared to a list of M. truncatula
gene identifiers that shared homology to A. thaliana genes marker. The M. truncatula
top candidate marker gene “MtrunA17 Chr2g0322861” was the only gene that could be
assigned to a cell type through this method. MtrunA17 Chr2g0322861 shared a homology
group with the A. thaliana marker gene RCI3A which is a marker gene for the endodermis
[47]. MtrunA17 Chr2g0322861 was found as a top marker gene in 19 out of the 62 datasets
left after PCA and across all samples except for 1 nodule. Additional information about
MtrunA17 Chr2g0322861 rank, score and adjusted p-values per dataset can be found in
Appendix table A2. One dataset per sample containing MtrunA17 Chr2g0322861 as a
top marker gene has been visualized based on UMAP and is shown in fig. 6. Only a
single dataset corresponded to range 1, which was assumed to contain the most viable
cells based on better clustering (see section 3.4 Assessing the effects of filtering on the
data). Nonetheless, all the datasets contained indistinguishable or overlapping clusters,
and none of the clusters annotated as endodermis were seen in a distinguishable cluster
(see fig. 6 A). Additionally, the expression of MtrunA17 Chr2g0322861 is not unique to
the annotated clusters as it is expressed by t-units across the whole dataset (see fig. 6 B).
The selection of top candidate genes is currently based on a non-parametric test because
the data cannot be assumed to be normally distributed without testing. This selection
can be improved by increasing statistical power through parametric tests if the data is
confirmed to have a normal distribution [48]. Additionally, the likelihood of finding marker
genes homologous to known marker genes will be improved by incorporating more known
markers genes [6, 22].
The candidate marker gene was found to have homology with RCI3A which encodes for
a cold-inducible cationic peroxidase [49, 50]. The stele contains a vascular system that
spreads throughout the plant, and the endodermis is the final boundary between the cortex
and the stele. This protein can thus be expected to be found in the endodermis to protect
the vascular from harm by breaking down toxic hydrogen peroxide (H2 O2 ). According to
fig. 6 B, the gene appears to be expressed all around the dataset which may be attributed
to the weak clustering of nuclei. However, previous research has shown the endodermis to
have sufficiently distinct transcriptome profiles to form a separate cluster [9, 51]. Besides,
UMAP is strong at conserving the local structure of the data which should be able to
cluster nuclei from the endodermis together.
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Figure 6: Visualization of candidate marker genes: UMAP projection of the datasets containing
MtrunA17 Chr2g0322861 as a top marker gene. A) The annotated based on Leiden clustering and renamed based on in which cluster the candidate marker gene was found. B) highlights the expression of
MtrunA17 Chr2g0322861 across the t-units based on a gradient scale.
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Conclusion

The purpose of this research was to develop M. truncatula candidate marker genes from
snRNA-seq root data. This was done by filtering for viable cells according to multiple
thresholds, selecting for important variables by dimension reduction, and verifying the
candidate marker gene based on homology with known cell markers. We found only a
single M. truncatula candidate marker gene; MtrunA17 Chr2g0322861. However, this gene
was only found in datasets which did not show strong clustering, nor was it exclusively
expressed by the annotated clusters.
Future work seeking to improve the selection of candidate marker genes could explore the
following approaches. Firstly, the selection of HVGs should be performed with normalization methods that are made to allow for more cellular heterogeneity, such as Scran’s
pooling-based size factor estimation method [52]. This has proven to outperform other
normalization methods designed for scRNA-seq data [53]. Secondly, the selection of viable
cells should be filtered using smaller step sizes between thresholds, that gradually become
more stringent until better clustering is achieved [15]. Thirdly the evaluation of clustering
structures can also be sped up by automating validation techniques with internal cluster validation [54]. The hyperparameters for UMAP should be adjusted after clustering,
and strictly for fine-tuning the visualisation. Lastly, other clustering algorithms could be
explored to improve the clustering [23].
This research contributes to the literature on marker gene selection by exploring the potentials and pitfalls that might be encountered during snRNA-seq analysis for the identification of M. truncatula candidate marker genes. The findings suggest that, with careful
management of the clusters, snRNA-seq analysis is a promising approach for selecting
marker genes.
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Appendix
A

Figures

Figure A1: Schematic overview of the workflow: Raw snRNA-seq data is produced and aligned to a
reference sequence returning the count matrices. Data quality is improved by quality control normalization,
and the dimensionality of the data is reduced. The clusters in the data are visualized and later annotated
after marker genes are selected, adapted from (Adapted from Luecken, M. D. & Theis, F. J. Current best
practices in single-cell RNA-seq analysis: a tutorial. Mol. Syst. Biol. (2019). doi:10.15252/msb.20188746).
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Figure A2: Detailed QC variants of Number of genes per barcode: Each row represents the
number of genes per barcode in each dataset with a log-transformed view, and the individual ranges
specified in table 1.

Figure A3: Cumulative PCA: The cumulative explained variance in the PCA of each dataset per
sample.
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Figure A4: Schematic overview of the effect multiplets have on clustering: Transcripts that
contain nuclei of a single cell type cluster into an individual group (A, B, C and D) while transcripts of
one or more cell types cluster into the area in between their respective groups (AB, ABC, ABC, etc).
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Tables

Table A1: Overview of the datasets post filtering: Overview of the datasets after filtering, with
their respective number of retained t-units and genes.

Dataset

Number of t-units

Number of genes

1520
1520
38285
38285
38285
38285
5469
5469
5469
5469
4162
4162
4162
4162
1398
1398
1398
1398
564
564
564
564
2150
2150
16477
16477
16477
16477
4933
4933
4933
4933
1216
1216
1216
1216
871
871
871
871
339
339
339

2796
435
20611
15792
7167
3925
17140
11133
3157
1401
16451
10189
2612
1116
13142
6367
1080
405
9758
3517
423
137
5005
1105
19413
14378
5724
2972
15818
9273
2279
1018
11942
5156
817
301
10804
4230
588
181
7374
2099
157

3 root2 0 25 15 3
3 root2 0 25 15 10
3 root2 25 100 15 3
3 root2 25 100 15 10
3 root2 25 100 15 50
3 root2 25 100 15 100
3 root2 100 500 15 3
3 root2 100 500 15 10
3 root2 100 500 15 50
3 root2 100 500 15 100
3 root2 100 500 100 3
3 root2 100 500 100 10
3 root2 100 500 100 50
3 root2 100 500 100 100
3 root2 100 500 150 3
3 root2 100 500 150 10
3 root2 100 500 150 50
3 root2 100 500 150 100
3 root2 100 500 200 3
3 root2 100 500 200 10
3 root2 100 500 200 50
3 root2 100 500 200 100
2a root1 0 50 15 3
2a root1 0 50 15 10
2a root1 50 150 15 3
2a root1 50 150 15 10
2a root1 50 150 15 50
2a root1 50 150 15 100
2a root1 50 150 100 3
2a root1 50 150 100 10
2a root1 50 150 100 50
2a root1 50 150 100 100
2a root1 150 500 100 3
2a root1 150 500 100 10
2a root1 150 500 100 50
2a root1 150 500 100 100
2a root1 150 500 150 3
2a root1 150 500 150 10
2a root1 150 500 150 50
2a root1 150 500 150 100
2a root1 150 500 200 3
2a root1 150 500 200 10
2a root1 150 500 200 50

21

B

TABLES

Dataset
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
2b root1
1 nodule
1 nodule
1 nodule
1 nodule
1 nodule
1 nodule
1 nodule
1 nodule
1 nodule
1 nodule

Number of t-units

Number of genes

11330
11330
11330
11330
22557
22557
22557
22557
2365
2365
2365
2365
1350
1350
1350
1350
1014
1014
1014
1014
395
395
395
28063
28063
28063
28063
3383
3383
3383
3383
330
330

12481
5311
854
324
20096
15435
6760
3650
12469
5669
1002
423
12840
5877
967
366
11836
5012
749
242
8478
2635
227
16919
9695
2274
984
11733
4650
666
226
4383
877

0 50 15 3
0 50 15 10
0 50 15 50
0 50 15 100
50 150 15 3
50 150 15 10
50 150 15 50
50 150 15 100
50 150 100 3
50 150 100 10
50 150 100 50
50 150 100 100
150 500 100 3
150 500 100 10
150 500 100 50
150 500 100 100
150 500 150 3
150 500 150 10
150 500 150 50
150 500 150 100
150 500 200 3
150 500 200 10
150 500 200 50
7 40 15 3
7 40 15 10
7 40 15 50
7 40 15 100
40 250 15 3
40 250 15 10
40 250 15 50
40 250 15 100
40 250 100 3
40 250 100 10
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Table A2: Overview of top marker genes: Overview of the datasets where the candidate marker
gene MtrunA17 Chr2g0322861 was found in the top 20 marker genes.

Dataset

Marker rank

Score

Adjusted p values

2a root1 0 50 15 10
2a root1 50 150 15 3
2a root1 50 150 15 3
2a root1 50 150 100 10
2a root1 50 150 100 100
2a root1 150 500 100 10
2a root1 150 500 100 50
2a root1 150 500 150 10
2b root1 50 150 15 3
2b root1 50 150 100 100
2b root1 150 500 100 50
2b root1 150 500 100 100
2b root1 150 500 150 50
2b root1 150 500 150 100
2b root1 150 500 150 100
3 root2 25 100 15 3
3 root2 100 500 15 3
3 root2 100 500 15 10
3 root2 100 500 200 100

2
3
4
4
2
7
5
2
7
2
3
3
3
3
3
6
4
6
2

5.758925914764403
11.608503341674805
7.044075965881348
4.182267665863037
7.044293880462647
4.07881498336792
4.114624500274658
6.072227478027344
7.522028923034668
5.469532012939453
4.456308364868164
3.6959192752838135
4.637712478637695
3.378546953201294
3.705602645874024
5.936840534210205
5.388041973114014
6.317054271697997
3.9084126949310303

4.676962405167898e-06
2.4142449703950555e-27
9.060829272641116e-09
0.019116694311182656
4.743984615440262e-10
0.03334151866540417
0.006336822924998493
2.668031120335726e-06
1.3547863829186094e-10
9.54341194992282e-06
0.002015786983619343
0.020046975657812112
0.0008795415050805213
0.04592154564629365
0.012758768453293464
4.27776479850286e-06
0.00017441047572071765
4.2400127827551225e-07
0.006363956171472838
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