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Abstract

Little is understood about the mechanisms of the majority of Pseudomonas syringae’s
type III secreted effector repertoire, so here we developed a proof-of-principle methodol-
ogy to characterize them based on the transcriptional response they individually elicit in
the host.

Using the PtoDC3000D36E knockout strain to individually administer HopAB1 (AvrP-
toB), HopB1, and HopN1 into Arabidopsis thaliana, we demonstrated that at 1 h and 8 h
after infection each effector induces a unique transcriptional response that serves as a
’transcriptional fingerprint’. Furthermore, each transcriptional fingerprint was shown to
significantly correlate with its corresponding effector’s sub-cellular localization, functional
mechanism, and targets.

We believe that these findings will allow for transcriptional fingerprints to guide future
research into effector functionality in planta, and shed new light on those already partially
characterized.
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0.1 Introduction

0.1.1 Background

Pseudomonas syringae is one of the most destructive and widespread plant pathogens
that affect modern agriculture. Infecting a huge variety of plant species via its large
family of strains, the gram-negative bacterium is responsible for billions of lost dollars in
crop damage every year. From this variety of strains, P. syringae pv. tomato DC3000 has
become the de facto model strain due to its unique ability to infect the model plant species
Arabidopsis thaliana; creating a model system for studying plant-pathogen interaction.

A. thaliana utilises a bicameral immune response to defend against pathogens like
DC3000. First, pathogen-associated molecular patterns (PAMP), for example flagellin
proteins, are recognized by respective cell wall-bound pattern recognition receptor (PRR)
proteins [Laflamme et al., 2020, Xin et al., 2018]. Upon recognition, PRRs trigger a
gene expression pattern called PAMP-triggered immunity (PTI), a form of innate (basal)
immunity [Laflamme et al., 2020, Bjornson et al., 2021]. PTI helps inhibit P. syringae
growth by inducing reactive oxygen species (ROS) bursts via the respiratory burst oxidase
homolog D (RBOHD) protein, alongside other defense mechanisms such as transcriptional
reprogramming and callose deposition [Bjornson et al., 2021]. Following ROS bursting,
botrytis-induced kinase 1 (BIK1) and brassinosteroid insensitive 1-associated receptor
kinase 1 (BAK1), among other molecules, contribute to immune signaling cascades that
lead to transcriptional up-regulation of various defense genes [Xin et al., 2018, Bjornson
et al., 2021]. In the context of biotrophic or hemibiotrophic pathogens like P. syringae
infection, the PTI response also prioritizes salicylic acid (SA) signalling over jasmonic acid
(JA) signalling, as the former is more effective for defence against bio- and hemi-biotrophs
like P. syringae, and vice-versa [Xin et al., 2018, Bjornson et al., 2021]. Evidence for this
SA prioritization can be found in the up-regulation of pathogenesis-related 1 (PR1, a
marker gene for SA signalling) and isochorismate synthase 1 (ICS1, a rate-limiting enzyme
in SA biosynthesis) [Xin et al., 2018, Bjornson et al., 2021]. Ultimately, because SA and
JA pathways are antagonistic due to resource allocation trade-offs, anti-P. syringae PTI
also exhibits down-regulation of vegetative storage protein 2 (VSPT2) and lipoxygenase
2 (LOX2), key components of the JA pathway [Xin et al., 2018, Bjornson et al., 2021].

Given the perpetual arms race host-pathogen systems participate in, P. syringae
evolved to evade pattern-triggered immunity using its type-III secretion system (T3SS).
DC3000’s T3SS injects a set of 36 type-III secreted effectors (T3SE) into plant cells to
collaboratively suppress the PTI response and thus enable growth. The functions and
targets of most of DC3000’s individual effectors are largely unknown. If they become
known, phytoimmune treatments could be developed for A. thaliana to prevent P. sy-
ringae growth, a solution that could eventually be designed to work in cash crops.

Eventually, A. thaliana evolved another layer of immunity against P. syringae called
effector-triggered immunity (ETI). ETI is A. thaliana’s second line of defence against
PTI-subverting pathogens like DC3000 and depends on nucleotide-binding leucine-rich
repeat (NLR) proteins to detect effector activity [Laflamme et al., 2020]. Upon recog-
nizing an effector, NLRs can trigger amplified immune outputs including hypersensitive
response (HR)-associated cell death in some cases, though HR is not strictly required
for pathogen growth restriction [Laflamme et al., 2020]. Transcriptional reprogramming
during ETI exhibits intensified SA pathway dominance, with PR1 and ICS1 induction
magnitudes exceeding PTI benchmarks by 3-5 fold [Yuan et al., 2021]. This binary de-
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tection system, combining broad-spectrum PTI with NLR-mediated effector surveillance,
creates overlapping immune gradients that DC3000’s T3SE arsenal has evolved to sup-
press [Laflamme et al., 2020, Kvitko et al., 2009].

Model System

Currently, one of the most valuable research platforms available for studying individual
effectors in planta is P. syringae pv. tomato DC3000D36E [Wei et al., 2015, 2018].
Developed by Wei and Collmer [2018], DC3000D36E (henceforth referred to as D36E )
is a mutant of DC3000 with all of its T3SE genes silenced, effectively disarming the
bacterium without affecting the T3SS itself [Wei et al., 2015, 2018]. Because its T3SS is
still operational, D36E will still secrete any T3SE it is programmed to transcribe [Wei
et al., 2015, 2018]. This fact allows D36E to serve as a test bed for D36E function by
allowing for a controlled administration of individually transcribed effectors, should one
be inserted into the bacterium via a genetic vector.

A comprehensive, standardized library of plasmid vectors carrying P. syringae effec-
tors was developed by Laflamme et al. [2020]: the P. syringae Type III Effector Com-
pendium (PsyTEC). It was developed by reducing a pan-genomic set of 5127 effector
sequences from 494 P. syringae strains down to a set of 529 synthetic representative al-
leles, spanning the entire pan-genome effector diversity of P. syringae [Laflamme et al.,
2020]. This library of representative alleles, stored on plasmid vectors in Escherichia coli,
allow for reproducible, standardized assays with P. syringae effectors while minimizing
strain-to-strain variation in effector composition. Ruiz-Bedoya et al. [2023] then suc-
cessfully conjugated each PsyTEC plasmid representing DC3000 T3SE alleles into D36E
hosts, and demonstrated that D36E’s T3SS could secrete PsyTEC a single type of effector
from a plasmid. While they primarily used the D36E-A. thaliana system for studying
emergent cooperative virulence from effector repertoire (effectorome) composition, the
system developed by Ruiz-Bedoya et al. [2023] served as a solid platform for designing
single-effector assays to study DC3000 effector function.

0.1.2 Hypothesis

We hypothesized that each DC3000 effector, carried on a plasmid in D36E, individually
triggers a unique set of response genes in A. thaliana upon infection, comprising an
expression profile, depending on the effectors function. If true, this hypothesis carries
significant implications:

1. Every DC3000 T3SE has a uniquely-identifiable “transcriptional fingerprint” that
it elicits in A. thaliana.

2. A DC3000 T3SE’s function could be predicted based on the transcriptomic patterns
observed in its gene expression profile.

We tested this hypothesis using three D36E strains carrying PsyTEC DC3000 T3SE al-
leles that were conjugated by Ruiz-Bedoya et al. [2023]: D36E::HopN1a, D36E::HopB1a,
and D36E::HopAB1j (HopAB1j is also known as AvrPtoB). These effector-carrying strains
were chosen for three reasons: first, unlike most of the DC3000 effectorome, these three
effectors have well-characterised behaviour and effects in A. thaliana. Second, if their
transcriptional responses in A. thaliana align with their function, these three effectors
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would allow us to further observe the resolution of their transcriptional responses. Ac-
cording to Xin et al. [2018], HopAB1 and HopB1 both localize at the plant cell mem-
brane to target PRR signalling, whereas HopN1 localizes at the chloroplast to target
programmed cell death. This difference in localisation between the two subsets of the
three effectors would allow us to observe if the transcriptional responses elicited by each
effector varied depending on where in the phytoimmune pathway they function. Further-
more, HopAB1 and HopB1 both target different PRRs: both target BAK1 but HopAB1
can also target FLS2 [Schreiber et al., 2021]. Because the two effectors differ in target
within the same locale, differences in their gene expression profiles would demonstrate
a ‘transcriptional fingerprint’ resolution great enough to differentiate individual effector
targets. In short, D36E::HopN1a, D36E::HopB1a, and D36E::HopAB1j provide a conve-
nient way to measure multiple levels of transcriptomic response resolution simultaneously
based well-researched effector functions.

Predictions

We expected D36E, on its own, to elicit PTI as it, by design, lacks the effector repertoire
necessary to evade it. Thus we expected a transcriptomic response from A. thaliana to
follow the known gene expression patterns for PTI, being an up-regulation of genes related
to defence and ROS production, and a down-regulation of genes in the jasmonic acid (JA)
pathway. The specific gene markers we chose to look for were RBOHD (ROS burst), BIK1
(kinase signalling), BAK1 (PRR co-receptor), FRK1 (flagellin response), WRKY22/29
(transcription response), PR1 (SA marker) and ICS1 (SA biosynthesis) up-regulation, and
LOX2 (JA biosynthesis), VSP2 (JA response), and JAZ1/10 (JA signalling repressors)
down-regulation, as these markers capture the core PTI components (ROS burst function
and SA and JA pathways) critical for anti-P. syringae immunity.

HopN1 principally degrades PsbQ, a critical component of photosystem II’s oxygen-
evolving complex, which suppresses ROS bursts during infection [Rodŕıguez-Herva et al.,
2012]. ROS suppression in this manner likely contributes to observed down-regulation
of ROS-responsive genes like RBOHD following D36E::HopN1a infection. Furthermore,
by dampening ROS, HopN1 indirectly inhibits SA-dependent signalling. Thus, we ex-
pected to see down-regulation of ICS1 and PR1 following D36E::HopN1a infection, as
these genes’ expressions depend on SA signalling. Additionally, due to D36E::HopN1a’s
predicted SA pathway disruption, we expected to observe an up-regulation of LOX2
and VSP2. Finally, we also expected to observe an up-regulation in MC1 (metacas-
pase), as the chloroplast disruption induced by D36E::HopN1’s PsbQ degradation triggers
stress-induced programmed cell death through the antagonistically-enhanced JA pathway
[Schreiber et al., 2021].

Because HopB1 targets membrane PRRs like BAK1 to suppress PTI signalling, we ex-
pected to observe a down-regulation of PTI markers compared to D36E::EV like RBOHD,
FRK1, andWRKY22/29. Furthermore, because callose deposition is often impaired when
PRR signalling is disrupted, we also expected to observe a down-regulation of CALS1 (a
callose synthase), although its direct transcriptional regulation by BAK1 remains unchar-
acterized [Hong et al., 2001]. Additionally, PR1 and ICS1 down-regulation were expected
due to HopB1’s disruption of PRR-induced SA biosynthesis and signalling, alongside a
complementary antagonistic up-regulation of LOX2 and VSP2 in the JA pathway.

HopAB1j acts as an E3 ligase targeting PRRs (like FLS2 and BAK1) for degrada-
tion, which disrupts PTI and SA signalling [Lu et al., 2011]. Consequently, we predicted
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D36E::HopAB1j would elicit down-regulation of BAK1, FRK1, WRKY22/29, PR1, and
ICS1 and up-regulation of LOX2 and VSP2, given HopAB1j’s PRR-targeting E3 ubiq-
uitin ligase behaviour. Additionally, we predicted an up-regulation of BAG6 (an anti-
apoptotic chaperone protein). While the mechanistic link is speculative, we posited this
because by degrading PRRs and E3 ligases (like PUB12/13), HopAB1j triggers endoplas-
mic reticulum (ER) stress, which activates cellular survival pathways like the unfolded
protein response (UPR), which up-regulates BAG6, in an attempt to counter the effector-
induced stress [Lu et al., 2011]. Finally, because HopAB1j-induced degradation of FLS2,
we expected to observe a compensatory transcriptional down-regulation of FLS2 to avoid
futile synthesis of what the plant perceives as a compromised receptor to occur, similarly
to during miR172b/TOE1/2-mediated repression of FLS2 occurs [Zou et al., 2018].

It is worth noting that while we expected certain gene expression patterns, our expec-
tations made up only a relatively miniscule portion of A. thaliana’s transcriptome, and
there could have been far greater differences than anticipated.

Execution

Keeping these expected transcriptional responses in mind, we pressure-infiltrated each
strain, suspended in 10mM MgSO4, into four-week-old A. thaliana plants in biologi-
cal triplicate. As negative controls, we included identically prepared D36E::EV (empty
vector, i.e., carrying no effector allele) and sterile MgSO4 as a mock control. We then
harvested and froze the infected leaves 1 h and 8 h post-infection, then extracted RNA
from them and ran an RNA-seq pipeline for analysis.
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0.2 Methods

0.2.1 Plant Preparation

Figure 1: 28 d old A. thaliana plants with their leaves marked to be infected with
D36E::HopAB1 via pressure infiltration. Photo taken approximately 1 h before infec-
tion.

Figure 2: 28 d old A. thaliana plants with their leaves marked to be infected with
D36E::HopB1 or MgSO4 via pressure infiltration. Photo taken approximately 1 h be-
fore infection.
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Figure 3: 28 d old A. thaliana plants with their leaves marked to be infected with
D36E::HopN1 or D36E::EV via pressure infiltration. Photo taken approximately 1 h
before infection.

Arabidopsis thaliana plants used in this study are in Col-0 ecotype background. The soil
in which they were sown was prepared with fertilizer diluted in water at 1 ng/L. The
plants were grown at 22 ◦C under a 12 h day-night cycle of 44 lamp intensity until they
were 28 days old (sizes visible in figures 1, 2, and 3). They were watered every few days
based on subjective judgement of soil surface dryness.

0.2.2 Bacteria Culturing

Two days before infection, D36E strains conjugated with the PsyTEC plasmid vectors of
the three active treatments were streaked from a glycerol stock previously prepared by
Ruiz-Bedoya et al.. D36E::EV was also streaked from a glycerol stock. Plating media was
50% agar, 50% King’s B mix, with 50 µg/mL of rifampicin, and 100µg/mL of kanamycin
and streptomycin mixed in. The plates were then incubated at 30 ◦C overnight.

The day before infection, a sample of bacteria from each of the incubated plates were
harvested with a pipette tip and suspended in a respective 400 µL volume of MgSO4.
The samples were mixed by moving the pipette tip up and down and swirling it until
the solution became homogeneous, and then the volumes were pipetted onto respective
new plates of identical media composition. The pipetted volumes were spread around the
plates by placing 3-5 5mm-diameter glass beads onto each plate and shaking vigorously.
The plates were left to air dry in a biosafety cabinet until the solution no longer flowed
when the plate was held sideways, and then incubated at 30 ◦C overnight.

0.2.3 Infection

Infiltrant preparation

To re-suspend the four overnight-incubated lawns of the treatment strains, 5µL of MgSO4

was added to each plate. The four plates were then shaken for 20min at speed setting 500
on a plate shaker. Afterwards, the amalgamated lawns were gently scraped to suspend
them in the MgSO4 and then pipetted into respective microfuge tubes.
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Each strain’s 600 nm optical density was measured using a spectrophotometer by
diluting 10mL of it into 990µL MgSO4 in a cuvette. The recorded values were then
multiplied by 100 to get the 600 nm optical density of the original undiluted sample.

Each sample was then diluted to a 600 nm optical density of 2.0. This was done by
calculating the amount of MgSO4 solvent that would be needed to dilute 400 µL of the
strain to that optical density, using the following equation:

VMgSO4 = Cundiluted sample × Vstrain −
Cdesired × Vstrain

Cdesired

Where Vstrain is the volume of the bacterial strain to dilute, VMgSO4 is the volume of
MgSO4 to dilute Vstrain into, Cundiluted sample is the concentration of the undiluted sample
(the 600 nm optical density of Vstrain), and Cdesired is the desired solution concentration
following dilution (in this case, a 600 nm optical density of 2.0).

Once a 600 nm optical density of 2.0 was achieved for the four treatment solutions, they
were serially 1

10
diluted in MgSO4 until four 50mL volumes with 600 nm optical densities

of 0.0002 remained, serving as the treatment infiltrants. 50mL of leftover aliquoted
MgSO4 was additionally prepared in its own tube to be used as a mock treatment.

Infiltration

Pressure infiltration was conducted using disposable 10mL syringes. For each treatment,
three leaves per plant up to six plants were pressure infiltrated. The time of day was
recorded upon infiltrating the last plant of a treatment. Infiltration for each treatment
continued until 1 h had passed since completing the first round of infiltration. Upon
reaching that timepoint, the leaves of three of that treatment’s plants were cut at the
petioles and stored into three tubes (one per plant). Each tube was immediately frozen
in liquid nitrogen upon harvesting completion. This process of infiltration and leaf har-
vesting was repeated until all the 1 h post-infection leaves had been harvested and the
remaining plants were still in-tact. 8 h after the recorded timepoint, the remaining plants
were harvested in a similar manner.

The end result was 30 tubes, each containing 3 leaves of the same plant, where 15
tubes corresponded to the 1 h timepoint and the other 15 to the 8 h timepoint. Once
harvesting was complete, all the tubes were stored at −80 ◦C.

0.2.4 RNA Extraction & Purification

All RNA extraction and purification methods were completed in an environment that
was de-RNAsed 20 minutes in advance.

Tissue Homogenisation

Each of the thirty plant samples were ground into powder with a respective mortar
and pestle that had been frozen via submersion in liquid nitrogen. The samples were
then scraped into an open frozen microcentrifuge tube using a frozen metallic spatula,
both of which had been similarly frozen via liquid nitrogen submersion. The tubes were
then closed and frozen via liquid nitrogen submersion while the rest of the samples were
similarly homogenized. In a fume hood, 1.5mL of TRIzol was added to each tube, followed
by an immediate vigorous manual shaking for 1min. The tubes were then stored on ice.
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Phase Separation

The TRIzol-suspended samples were centrifuged at 12 000×g for 10min at 4 ◦C. The
supernatants were then transferred into new respective 2mL microcentrifuge tubes and
incubated at room temperature (∼24 ◦C) for 5min. In a fume hood, 300 µL of chloroform
was added to each tube, followed by an immediate vigorous manual shaking of the tube for
15 s. The tubes were then incubated for 3min at room temperature, and then centrifuged
at 12 000×g for 15min at 4 ◦C. The clear upper supernatant phase was then transferred
into new respective microcentrifuge tubes.

Column Purification

Column purification was performed using the RNeasy� Plant Mini Prep Kit. 1 volume
of RLC buffer was added to each RNA aqueous solution and then inverted several times
to mix. 1

2
volumes of ethanol was added and once again inverted several times to mix.

The solution was filtered through a pink RNeasy� spin column at 7400×g for 15 s. After
discarding the flow-through, 700µL of RW1 buffer was then filtered through the column
at 10 000 rpm for 15 s, with the flow-through being discarded. This was then repeated
twice more with 2 × 500µL RPE buffer at 10 000 rpm, first for 15 s and then for 2min.
The columns were then transferred into new tubes and centrifuged at FULL SPEED for
1min. Finally, the columns were transferred to new microcentrifuge tubes while ensuring
they did not touch the flowthrough, and 90 µL of RNase-free water was spun through
each of them to yield the purified RNA.

0.2.5 Sequencing

The purified RNA solutions were sequenced on an Illumina� NextSeq 2000 by the Centre
for the Analysis of Genome Evolution and Function (CAGEF).
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0.2.6 Computation

Table 1: Utilized Bioinformatic Pipeline Software

Software Name Version Author(s)

R 4.4.2 R Core Team
FastQC 0.12.1 Andrews et al.
Trimmomatic 0.39 Bolger et al.
HISAT2 2.2.1 Kim et al.
SAMtools 1.21 Danecek et al.
featureCounts 2.0.8 Liao et al.
DESeq2 1.46.0 Love et al.
ggplot2 3.5.1 Wickham
org.At.tair.db 3.20.0 Carlson
AnnotationDbi 1.68.0 Pagès et al.
g:Profiler2 0.2.3 Kolberg et al.
pheatmap 1.0.12 Kolde
reshape2 1.4.4 Wickham
gridExtra 2.3 Auguie and Antonov
purrr 1.0.4 Wickham and Henry

Sequence Pre-Processing

A set of thirty .fastq files were outputted from the sequencer, comprising of three RNA
sequences for each of the five treatments at each of the two timepoints. First, the quality
of the sequences were verified by running them through FastQC version 0.12.1. Once
all the sequence qualities were deemed good enough to continue, they were fed into
Trimomatic version 0.39, with the TRAILING and MINLEN parameters set to 10 and 36,
respectively. The outputted trimmed files were then quality checked for the next step of
the pipeline using FastQC.

Alignment and Counting

Using HISAT2 version 2.2.1, the pre-processed sequences were aligned to the 55th version
of the A.thaliana TAIR10 reference genome developed by Yates et al.. This was done by
first indexing the reference genome using HISAT2’s HISAT2-build command to ensure
efficient alignment, with the index files stored in a subdirectory called indexes. The name
of each input .fastq file was then sanitized to remove spaces and special characters to
ensure compatibility with downstream tools. Next, the paired-end sequencing reads were
aligned to the indexed reference genome by executing the HISAT2 command with the -q
option enabled, the -x option pointing to the HISAT2 index in indexes, and the -1 and
-2 options specifying the R1 and R2 paired-end read files, respectively. The output of
HISAT2 was piped directly into samtools sort to generated sorted binary alignment
map (BAM, .bam) files.

To count the mapped reads in the BAM files, they were ran through featureCounts
version 2.0.8 with the -p (paired-end read counting) option enabled and the 55th version
of the A. thaliana TAIR10 annotation (developed by Yates et al.) specified using the
-a option. The raw count matrices were then processed using the UNIX cut command
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to retain only columns 1 (containing the gene identifiers) and 7 (containing sample count
data). This left three files as outputs: output data.txt, output data.txt.summary,
and clean counts.txt.

Differential Expression Analysis

The clean counts.txt output file was used as the basis for the differential expression
analysis powered by DESeq2 version 1.46.0. A metadata file was also manually written
for this analysis step. The metadata file was a comma-separated values file with three
columns labelled sample name, treatment, and timepoint. The sample name column
contained the sample filenames listed in clean counts.txt with the rest of the file name
removed (e.g. data/alignments/A10 S1.bam was written as A10 S1). The treatment

column contained the biological treatments associated with the samples in sample name

(e.g. ”HopB1a”, ”D36E EV”, etc.). And the timepoint column contained the harvesting
timepoints associated with the samples in sample name (e.g. ”8h” or ”1h” for each
sample).

In an R script, once metadata.csv was loaded using read.table with the header
lines skipped and the row names set to gene identifiers to prepare a count matrix. The
metadata was cleaned by renaming columns, updating treatment names to remove re-
dundant suffixes (e.g. HopN1a → HopN1). Then, the metadata and count matrix were
aligned to ensure consistent sample ordering, with samples not present in both datasets
being removed.

Next, a DESeq2 object was created using the DESeqDataSetFromMatrix function,
with the count matrix as countData, metadata as colData, and the following design
formula: treatment + timepoint + treatment:timepoint. When it came time to
actually execute the DESeq2 pipeline, it was executed sequentially. First, size factors
were estimated to normalize library sizes. Then dispersion estimates were calculated,
followed by an application of a negative binomial Wald test to fit the generalized linear
model and test for differential expression. The final DESeq2 object was then saved for
downstream analysis.

The first major differential expression analyses were the between-treatment timepoint
comparisons. For each timepoint comparison, D36E::EV was compared to MgSO4 at
that timepoint. Each active treatment in that timepoint were then compared against
D36E::EV and then had the DEGs from the aforementioned D36E::EV-MgSO4 compari-
son filtered out. A data frame was then created for the results of the filtered comparison,
with all of the DEGs with an adjusted p-value greater than 0.01 or a log2 -fold change less
than 2 removed. Finally, for ease of interpretation, TAIR locus identifiers were mapped
to their corresponding gene symbols using R’s org.At.tair.db (version 3.20.0) using the
mapIDs function. It was employed with “TAIR” as the keytype and “SYMBOL” as the
column option. If a single TAIR ID mapped to multiple gene symbols, the first listed
symbol was selected (multiVals = "first"). Finally, a Manhattan plot and a volcano
plot was generated and saved for each active treatment comparison.

The second major differential expression analyses were the within-treatment timepoint
comparisons. These were conducted as simple pairwise comparisons between each active
treatment’s 8 h and 1 h timepoint data. For each treatment, a custom contrast was con-
structed combining the main time effect (timepoint 8h vs 1h) with treatment-specific
temporal interaction terms (e.g., A10 S1.timepoint8h), effectively modelling how each
treatment’s expression patterns evolve over time. Significant genes were filtered using the
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same dual thresholds as in the between-treatment timepoint comparisons after filtering
out non-applicable results. Volcano and Manhattan plots were also generated for each
comparison as before.

Visualization

The .csv files generated by DESeq2 listing the filtered DEGs for each timepoint were im-
ported for visualization using read.csv. For each of the two timepoints, DEG heatmaps
were generated containing the three active treatments, followed by a gene ontology (GO)
analysis, and concluded by the generation of a GO term heatmap.

To generate the DEG heatmaps, significant genes from each treatment comparison
were combined into union lists per timepoint, with expression matrices being constructed
with genes as rows and treatments as columns populated with log2 -fold change values.
The adjusted p-value threshold and absolute log2 -fold change cutoff remained the same
as before (0.01 and 2, respectively). To process the matrices while reducing noise, only
genes with more than 2 observations across treatments were retained. Winsorization
then capped extreme values at the 99th percentile of the timepoint’s log2 -fold change
distribution. Missing values were inputted as 0 to maintain matrix integrity. Next came
the functional annotation, which involved functionally profiling gene clusters who had
more than 5 members using gProfiler2. Enriched terms from GO Biological Processes,
KEGG, and Reactome were identified with a p < 0.05 threshold and g SCS correction
method. The top terms per cluster were annotated directly onto the heatmap.

The last step before visualization was completed with the GO enrichment analysis.
Genes were split into up-regulated/down-regulated sets for each treatment and adaptive
minimum gene thresholds were applied (3 genes for HopN1, 5 for the other 1 h treatments,
and 10 for the other 8 h treatments). A 3-attempt retry system with 5 s intervals was
implemented for gProfiler queries, which included exclusion of root GO terms (biological
process, molecular function, and cellular component). The result columns were then
validated to ensure data integrity. This step concluded with the top 15 terms per data
source being selected, their gene ratios being calculated ( intersecting genes

total query genes
), and appending

the treatment/timepoint/direction data.
To generate the GO term heatmap from the GO enrichment analysis results, the first

step was to aggregate − log1 0(p− values) across treatments into matrix format, followed
by the creation of unique term identifiers combining ID and name. Next, terms with
less than 1 valid observation, or a variance less than 0.1, were removed, following by a
capping of extreme values at p− value = 1 × 10−20 ≡ − log1 0(p− value) = 20. Finally,
the original term order was preserved for biological interpretability, and the heatmaps
were sized dynamically for readability (∼0.3mm per row).

After the GO term heatmaps were generated, the 1 h timepoint’s heatmap was regen-
erated with the noise-reduction step retaining only genes with more than 1 observation
across treatments, rather than 2 observations. This was because no heatmap could be
generated for that timepoint otherwise, as so few DEGs were found.
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0.3 Results

0.3.1 Sequencing

The 30 purified RNA samples had RNA integrity numbers (RIN) with values around 6.

0.3.2 Computational Metrics

Both before and after trimming, none of the sequences were flagged as poor quality by
Trimmomatic. featureCounts alignment rates were all above 85%.

0.3.3 DEGs by timepoint

Table 2: Genes significantly differentially expressed in A.
thaliana in response to each active treatment comparison

Effector* Time Post-Infection Total Induced Repressed

HopN1a 1 h 2 1 1
HopN1a 8 h 14 4 10
HopB1a 1 h 1 1 0
HopB1a 8 h 960 659 301
HopAB1j 1 h 5 4 1
HopAB1j 8 h 543 474 69

* Administered aboard a D36E-conjugated plasmid vector and
compared against D36E::EV.
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Table 3: DEGs at 1 hour post-infection by effector treatment.

Effector* Locus Locale Regulation Product�

HopN1a AT1G53035 Chloroplast Up Transmembrane
protein

HopN1a AT5G51720 Chloroplast Down NEET, involved
in ROS home-
ostasis

HopB1a AT2G45080 Cytoplasm Up Cyclin P3, en-
ables protein ki-
nase binding

HopAB1j AT1G08630 Cytosol Up THA1, degrades
Thr → Gly

HopAB1j AT1G68050 Cytosol &
nucleus

Up FKF1, SCF
ubiquitin ligase
complex compo-
nent

HopAB1j AT1G06160 Nucleus Up ORA59, master
regulator of JA
pathway

HopAB1j AT4G33980 Nucleus Up COR28

HopAB1j AT3G48360 Nucleus Down BT2, part of
TAC1-mediated
telomerase path-
way

* Administered aboard a D36E-conjugated plasmid vector and
compared against D36E::EV.

� All information in this column was gathered from The Ara-
bidopsis Information Resource (TAIR)

13

https://web.archive.org/web/20250401212226/https://www.arabidopsis.org/


Figure 4: DEG patterns by treatment 8 hours post-infection. Effectors were administered
aboard D36E-conjugated plasmid vectors. Only genes with more than 2 observations
across treatments were included in this figure.
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Figure 5: DEG patterns by treatment 1 hour post-infection. Effectors were administered
aboard D36E-conjugated plasmid vectors.

Many hundreds of elicited DEGs were identified among the three active treatments at
the 8 h timepoint, as can be seen in table 2. Describing the results of this timepoint with
a resolution down to the individual DEG would be so grand as to be beyond the scope
of this report. However, the high-level results of this timepoint, visible in figure 4, do
possess notable results. D36E::HopB1a was observed to significantly down-regulate genes
functionally characterised as relating to the plant’s response to auxin, while significantly
up-regulating genes characterised as relating to the plant’s responses to stress and to
external biotic stimuli, as well as relating to biological processes involved in interspecies
interaction between organisms. The genes related to the plant’s response to stress that
were up-regulated by D36E::HopB1a were also observed to be but a subset of those sim-
ilarly up-regulated by D36E::HopAB1j; demonstrating overlap in the induced responses
of the two treatments. D36E::HopAB1j was also observed to significantly down-regulate
genes related to the plant’s sulfur compound metabolic process and its nicotianamine
metabolic process. Finally, D36E::HopN1a induced only a relatively minuscule few dozen
DEGs when compared to the other two treatments. These DEGs mostly related to the
plant’s biological processes involved in interspecies interaction between organisms.

When it came to the 1 h timepoint, a more manageable number of genes were found
to be significantly differentially expressed. At this timepoint, D36E::HopB1a was found
to only differentially express one gene locus: AT2G45080. This up-regulated gene en-
codes cyclin P3, cytoplasm-localized protein that enables protein kinase binding [Kaun-
dal et al., 2010]. D36E::HopN1a on the other hand induced differential expression of two
loci: it up-regulated AT1G53035 and down-regulated AT5G51720. AT1G53035 encodes
a chloroplast-localized transmembrane protein and AT5G51720 encodes a chloroplast-
localized NEET protein, which acts upstream or within the plant’s ROS metabolic process
[Kaundal et al., 2010, Nechushtai et al., 2012].
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Finally, D36E::HopAB1j had the most diverse differential gene expression pattern of
the three at this timepoint, up-regulating AT1G08630 (which encodes threonine aldolase
1, A.K.A. THA1), AT1G68050 (which encodes flavin-binding kelch repeat f box 1, A.K.A.
FKF1), AT1G06160 (which encodes octadecanoid-responsive Arabidopsis AP2/ERF59,
A.K.A. ORA59), and AT4G33980 (which encodes cold-regulated gene 28, A.K.A. COR28)
while down-regulating AT3G48360 (which encodes BTB and TAZ domain protein 2,
A.K.A. BT2) as well. THA1 enables, and acts upstream or within, the threonine catabolic
process in the cytoplasm [Joshi et al., 2006], while FKF1 enables protein binding within
the SCF ubiquitin ligase complex in the nucleus [Kim et al., 2007, Kuroda et al., 2012].
ORA59, perhaps the most significantly of all, enables DNA binding to regulate DNA-
templated transcription in the nucleus [Fujimoto et al., 2000, Kaundal et al., 2010]; it
is also a master regulator of the JA pathway, acting upstream or within the plant’s re-
sponse to jasmonic acid [Pré et al., 2008]. Furthermore, COR28 enables protein binding
for a variety of processes, including negative regulation of DNA-templated transcription,
in the nucleus [Li et al., 2020, 2016], while BT2, the sole protein down-regulated by
D36E::HopAB1j at this timepoint, enables calmodulin and protein binding in the nu-
cleus to contribute to DNA-binding transcription factor activity [Du and Poovaiah, 2004,
Robert et al., 2009, Ren et al., 2007]. A summary of these DEGs induced by the three
treatments can be found in table 3.
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0.4 Discussion

0.4.1 Interpretation of Results

The Existence of ‘Transcriptional Fingerprints’

Many hundreds (exact numbers available in table 2) of elicited DEGs were identified
between the three active treatments at the 8 h timepoint. Due to time constraints, we
were not able to perform an in-depth analysis of this timepoint’s results down to the
level of individual genes as such an endeavour’s scope could comprise an entire future
computational project of its own. However, the high-level results of this timepoint, visi-
ble in figure 4, do contain important patterns. Firstly, it is immediately apparent upon
viewing figure 4 that unique patterns of differential gene expression were induced between
the three effector treatments. This maintains a foundation of our hypothesis: that A.
thaliana’s transcriptional response would differ between effector treatments. This point
is further validated from the results of the 1 h timepoint shown in figure 5, where no two
effector treatments had the same differential gene expression pattern (or, in more prac-
tical terms, none of the three columns are identical to eachother). These observations
supports the idea that effector-induced transcriptional responses as a sort of “transcrip-
tional fingerprint” that can serve as a unique identifying marker of a DC3000 effector in
A. thaliana.

HopAB1

Due to the aforementioned time constraints, we primarily focused on the 1 h time-
point DEG data for the analysis of transcriptional fingerprint functional characterization.
D36E::HopAB1 altered five DEGs at this timepoint, perhaps the most significant of which
being its up-regulation of ORA59. HopAB1 is known to ubiquitinate JAZ proteins for
proteasomal degradation, and by doing so liberates MYC2 transcription factors that are
known to activate JA-responsive genes like ORA59. Thus, the observed up-regulation of
ORA59 aligns with this behaviour, which suggests that HopAB1 is inducing JA to sup-
press the SA pathway via SA-JA antagonism. By suppressing SA, this pathway redirec-
tion would thus benefit the bacterium by repressing PTI. Moreover, this finding suggests
that up-regulation of ORA59 can serve as a biomarker for HopAB1j’s JAZ degradation
activity, distinguishing it from HopB1 and HopN1. Furthermore, D36E::HopAB1j’s up-
regulation of FKF1, a part of the SCF ubiquitin ligase complex, could perhaps reflect an
attempt by the host to compensate for HopAB1’s E3 ubiquitin ligase activity. Therefore
think an up-regulation of this gene in response to a pathogen effector may be a marker
for the effector carrying out E3 ligase activity. Further A. thaliana post-infection tran-
scription assays using other known E3 ubiquitin ligase activity-exhibiting effectors would
be necessary to solidify this hypothesis.

Moving on to D36E::HopAB1j’s up-regulation of COR28, this protein is known to
repress circadian evening genes (PRR5, ELF4) that coordinate defence timing [Wang
et al., 2017]. Therefore, up-regulation of this protein could repress the host’s immune re-
sponse by desynchronizing temperature-responsive immunity and the diurnal expression
of pathogen-responsive genes. Another one of COR28’s known functions is to promote
hypocotyl elongation by repressing HY5’s transcriptional activity through physical inter-
action with COP1 and HY5 [Li et al., 2020]. This suggests that part of HopAB1j’s im-
mune suppression strategy is to induce prioritization of host biomass production over host
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defense—a common pathogen strategy to exploit metabolic resources. This suggested pri-
oritization of growth over defense mirrors known BZR1-mediated trade-offs, where brassi-
nosteroid signaling suppresses immunity to favor growth [Lozano-Durán et al., 2013].

Next, D36E::HopAB1j’s up-regulation of THA1. THA1 catalyzes the reaction con-
verting threonine into glycine and acetaldehyde [Joshi et al., 2006], the former serving as
a precursor to glutathione (GSH)—a key antioxidant that neutralizes ROS produced dur-
ing PTI [Zhu et al., 2021]. A larger host glycine pool could thus enhance GSH synthesis;
thus by up-regulating THA1, HopAB1j is likely directly suppressing PTI by silencing the
host’s ROS bursts as part of its immune repression strategy. It is worth noting, however,
that THA1’s impact on glycine pools is likely tissue-specific and may be negligable in
mature leaves. Furthermore, while GSH does scavenge ROS, its depletion in organelles
is also known to be a defence signal. Thus, direct measurement of glycine and GSH
levels in infected leaves at 1 h and 8 h may be necessary to clarify this potential aspect of
HopAB1j’s function.

Lastly in the scope of D36E::HopAB1j’s induced DEGs at 1 h post-infection is its
down-regulation of BT2. BT2 contains a BTB structural domain, which in other proteins
facilitates the assembly of CUL3-based E3 ubiquitin ligases [Canning et al., 2013, Pintard
et al., 2004]. If BT2 exhibits such facilitation, its downregulation by D36E::HopAB1j may
be an attempt to alter host ubiquitination dynamics by interfering with the processes that
target pathogen effectors for degradation. This could help HopAB1, with it’s E3 ubiquitin
ligase activity, evade host countermeasures by exploiting BT2, which would align with
HopAB1’s broader strategy of suppressing JA signalling and ubiquitin-mediated defences.

Regarding D36E::HopAB1j’s induced DEGs at 8 h post-infection, its up-regulation
of genes related to the host’s response to stress can be attributed to a combination of
mechanisms. HopAB1’s E3 ubiquitin ligase activity, in disrupting proteostasis, could
be activating the unfolded protein response (UPR) pathways, which up-regulates chap-
erone genes and endoplasmic reticulum stress genes. Similar host response behaviour
has been observed in response to DSS1 mutants, which show heightened oxidative stress
sensitivity; linking proteasome dysfunction to stress gene induction [Nikolic et al., 2023,
2021]. Furthermore, D36E::HopAB1j’s previously-discussed PTI suppression via THA1
up-regulation to neutralize ROSs may have triggered ROS-responsive transcription fac-
tors in response to the disruption in redox homeostasis. Such redox-sensitive responses
have been observed in A. thaliana during NADPH oxidase (RBOHD)-mediated immune
signalling, where depletion of glutathione activates stress-related transcription factors in-
dependent of ROS accumulation [Schaubelt et al., 2014]. This also mirrors findings in A.
thaliana DSS1 mutants, where proteasome dysfunction increases oxidative stress sensi-
tivity despite antioxidant up-regulation [Lu et al., 2023]. In short, it seems as though the
up-regulation in stress response genes at 8 h is a direct response to the effects of the DEGs
induced at the 1 h timepoint. Furthermore, D36E::HopAB1j’s down-regulation of genes
related to nicotianamine metabolism at the 8 h timepoint could be due to a strategic
homeostatic disruption of iron and zinc homeostasis. What we believe may be happening
is that the THA1-up-regulation-driven glycine pool expansion, as discussed previously,
may be leading to an increase in GSH. While GSH neutralizes ROS, it is also known to
chelate metals [Haydon et al., 2012]. Thus, the down-regulation in nicotianamine synthe-
sis could be the host compensating for this increased chelation to alter metal speciation.
While DSS1-like proteasome dysfunction isn’t addressed in the provided sources, the link
between proteotoxic stress and glutathione-mediated metal chelation is supported by evi-
dence that GSH depletion alters auxin signaling and root meristem development through
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redox-regulated cell cycle control [Schaubelt et al., 2014].

HopB1

At the 1 h timepoint, D36E::HopB1a’s up-regulation of cyclin P3 (CYCP3;1) was ob-
served. CYCP3;1 is a P-type cyclin known to form complexes with CDKB2;1, which
regulates the G2-M phase progression [Andriéu et al., 2008]. While there is no direct
link between CYCP3;1 and RNA polymerase II phosphorylation, CDK12 is known to
phosphorylate RNA polymerase II Ser2 residues to promote transcriptional elongation
[Bartkowiak et al., 2010]. Thus, HopB1-induced up-regulation of CYCP3;1 could sug-
gest two possible effects. One possibility is that an acceleration in RNA polymerase II
phosphorylation could enable rapid transcription of stress-responsive genes like MYC2 or
ERF1, amplifying JA and ethylene signaling pathways, which antagonize salicylic acid
signaling similarly to HopAB1’s up-regulation of ORA59, as discussed previously [Ngou
et al., 2020]. Alternatively, CYCP3;1 up-regulation could indirectly lead to reduced Ser2
phosphorylation of RNA polymerase II, causing premature termination of immune-related
transcripts such as PR1 and FRK1, thereby suppressing PTI [Rouvière et al., 2022]. We
predict the latter is the more likely outcome, as it synergizes with HopB1’s known protease
activity and represents a more targeted mechanism, making it the more parsimonious hy-
pothesis. To experimentally verify this hypothesis, phospho-Ser2 RNA Pol II ChIP-seq
in D36E::HopB1a-infected versus control plants could identify premature termination at
PR1/FRK1 loci. Additionally, RT-qPCR targeting 3’ truncated transcripts could confirm
incomplete elongation.

At the 8 h timepoint, D36E::HopB1a’s significant down-regulation of genes related to
the host’s response to auxin aligns with its known protease activity targeting immune
hubs. While HopB1 cleaves BAK1, a key immune co-receptor, there is no direct ev-
idence that it targets auxin signaling components such as Aux/IAA proteins or ARF
transcription factors. The observed auxin-related gene down-regulation may instead re-
flect indirect crosstalk between immune and auxin pathways. Furthermore, the shared
up-regulation of genes related to the host’s response to stress with D36E::HopAB1j (al-
though notably fewer in D36E::HopB1a) aligns with the two effectors’ distinct mecha-
nisms: HopAB1 directly perturbs JA signaling [Li et al., 2016], while HopB1’s cleavage
of BAK1 triggers compensatory NLR-mediated defenses [Wu et al., 2020]. This simul-
taneous induction of stress genes and suppression of auxin-related pathways suggests
that HopB1’s broader strategy revolves around redirecting resources from growth to de-
fense. Finally, the up-regulation of genes related to the host’s response to external biotic
stimuli and biological processes involved in interspecies interaction between organisms
may reflect compensatory up-regulation of receptor-like kinases (RLKs). Because HopB1
is known to cleave BAK1, destabilizing immune receptor complexes, this could prompt
feedback mechanisms involving RLKs, which are annotated as ”interspecies interaction”
in The Arabidopsis Information Resource (TAIR). To experimentally validate this hy-
pothesis, we suggest future BAK1 cleavage assays and RLK phosphorylation profiling in
D36E::HopB1a-infected A. thaliana.

HopN1

While little useful functional information was listed on TAIR regarding the AT1G53035
locus up-regulated by D36E::HopN1a at the 1 h timepoint, the other locus it induces
differential expression in, AT5G51720 (NEET), is significant. Knowing that HopN1 works
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to disrupt ROS burts by down-regulating targeting photosystem II with it’s cysteine
protease activity, the functional mapping of this DEG directly correlates with what we
would have expected from its behaviour [Rodŕıguez-Herva et al., 2012].

Finally, D36E::HopN1’s relatively few differentially expressed gene clusters at the 8 h
timepoint can most likely be attributed to the effector targeting a more precise location
in the host (the chloroplast) compared to the other two effectors. Ultimately, there is
much more room to explore with the dataset of this timepoint. A crucial future direction,
we suggest, is, for each treatment effector, to formulate possible functional hypotheses
based on the observed DEG clusters, and verify them in planta. Alongside the suggested
future directions we discussed previously for the 1 h timepoint findings, in-depth analysis
beyond the scope of this proof-of-principle report can serve as a roadmap for further
investigation. We furthermore suggest a future repetition of this experiment with a
greater variety of timepoints, to see how variable the effector’s observed transcriptional
fingerprints may be between 0 h and 8 h. It would be of use to discover that the size of
the transcriptional fingerprint (the number of DEGs) increases linearly over time, as it
would allow for greater control over dataset size for analysis.

0.4.2 Limitations

RNA Extraction Quality

The most forefront limitation of this experiment was the RNA extraction. For unknown
reasons (most likely related to manual technique) that months of troubleshooting was
not able to resolve, the RNA samples extracted from the infected frozen leaf samples
all yieled an RNA integrity number of around 6 (an ideal score would be 10, and the
generally accepted minimum standard at CAGEF is around 7 for RNA sequencing).
RNA integrity numbers generally decrease due to either contamination with genomic
DNA or due to degradation. Our extracted RNA samples, upon closer inspection via an
Agilent�TapeStation analyis, showed no genomic DNA contamination. And while it did
show RNA degradation, the degradation was manageable enough so that we reasoned we
would still be able to observe mRNA transcripts, as they tend to be shorter than the
length of the observed degraded fragments.

Minimal Timepoints

This experiment was originally planned to observe the host transcriptional responses at
more than two timepoints, but given the high cost of next-gen RNA sequencing, we had
to compromise with just the 1 h and 8 h timepoints to stay within budget. This design
choice was made while recognizing the potential response variances we were not able to
observe.
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0.5 Conclusion

This study provided compelling evidence that individual Pseudomonas syringae type-III
secreted effectors elicit unique transcriptional responses in Arabidopsis thaliana, func-
tioning as distinct ”transcriptional fingerprints.” By leveraging the DC3000D36E strain
as a model platform for individual effector study, we demonstrated that the effectors
HopN1, HopB1, and HopAB1 induce differential gene expression patterns reflective of
their functional roles, cellular localization, and molecular targets in the host, affirming
our hypothesis that each effector can be characterized via its transcriptional fingerprint,
offering a novel approach for effector identification and functional prediction.

While this study focused on two timepoints (1 h and 8 h post-infection), future work
could expand the temporal resolution to capture the full scope of gene expression change
over time. Further experiments integrating proteomic and metabolomic analyses could
complement the transcriptomic data generated in this study to provide a more com-
prehensive understanding of each effector’s function. Ultimately, this comparative tran-
scriptomic assay serves as a proof of principle for a novel framework for systematically
characterizing type-III secreted effector function in planta.

21



Bibliography

Simon Andrews, Pierre Lindenbaum, Brian Howard, and Phil Ewels. Fastqc: a qual-
ity control tool for high throughput sequence data. Available online at http://

www.bioinformatics.babraham.ac.uk/projects/fastqc/. Version 0.12.1, released
March 01, 2023.
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