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Fig. S1 Soil moisture content for the glasshouse experiment on combined drought stress/rewatering and

pathogen infection in Eucalyptus grandis. a. Pot weight at different timepoints. Changes in moisture content were

monitored by randomly selecting pots from well-watered, water-stressed and re-watered treatments at different

timepoints. Days 3, 7, 17, and 22 represent measurement and stem sampling timepoints (Fig. 1). The small red and
large blue dots respectively indicate the mean and individual pot weight measurements. b. Relationship between
gravimetric soil moisture content and pot weight. One pot was randomly selected in each measurement time point,

and gravimetric soil moisture content was determined. The line represents a mean of soil moisture content
determined for soil from the top, middle and bottom of the pot.
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Fig. S2 Principal component analysis (PCA) of RNA-seq data for the sample sets used in the
study before and after batch correction. a. PCA before batch correction b. PCA after batch

correction. The ellipses indicate samples in the different batches.
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Fig. S3 Co-expression network analyses and identification of key modules. a. Pipeline of co-expression network analyses b. Module
preservation analysis ¢. Module-trait correlation analysis. MIWW = Mock-inoculated/well-watered, UIWW = uninoculated/well-
watered, INWW = inoculated/well-watered, MIWS = Mock-inoculated/water-stressed, INWS = inoculated/water-stressed, KME =

module membership, GS = gene significance



(b)

U]




Fig. S4. Representative photos showing stem lesion development in Eucalyptus grandis inoculated with Chrysoporthe austroafricana under well-watered,
water stressed, and rewatered conditions at different measurement timepoints. a. Well-watered at 3 days post inoculation (dpi) b. Water stressed at 3 dpi c.
Well-watered at 7 dpi d. Water stressed at 7 dpi e. Well-watered at 18 dpi f. Rewatered at 18 dpi g. Well-watered at 22 dpi h. Water stressed at 22 dpi i. Rewatered
at 22 dpi. The experimental design and measurement timepoints are depicted in Figure 1. The timepoints 3, 7, 18, and 22 dpi respectively correspond to 10-, 14-,

25-, and 29-days after withholding water. For the rewatered treatments, the timepoints 18 and 22 dpi respectively correspond to 1 and 5 days following rewatering.
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Fig. SS Heatmap of expression for selected co-expression modules. a. Darkgreen b. Darkslateblue ¢. Floralwhite d. Darkgrey e.

Darkolivegreen f. Darkgrey g. Honeydew|1 h. Lightyellow i. Royalblue j. Saddllebrown k. Steelblue 1. Tan m. Yellow The heatmaps
represent the expression pattern of genes in the key modules selected using module-trait correlation analysis (highly correlated modules, a-j) and those selected
using module preservation analysis (unpreserved modules, k-m). The log, foldchange (L2FC) between different comparisons was used to plot the heatmap using

the R package ComplexHeatmap. MIWW = Mock-inoculated-well-watered, MIWS = Mock-inoculated-water-stressed, INWW = Inoculated-well-watered, INWS



= Inoculated-water-stressed, TAGS and ZG14 refer to comparisons between the respective inoculated and mock-inoculated treatments using the data from
Mangwanda et al., (2015), drought and pathogen respectively refer to comparisons of MIWS and INWW with MIWW based on the data from the present

experiment.
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Fig. S5 Heatmap of expression for selected co-expression modules. a. Darkgreen b. Darkslateblue c. Floralwhite d. Darkgrey e.

Darkolivegreen f. Darkgrey g. Honeydew1 h. Lightyellow i. Royalblue j. Saddllebrown k. Steelblue I. Tan m. Yellow. The heatmaps
represent the expression pattern of genes in the key modules selected using module-trait correlation analysis (highly correlated modules, a-j) and those selected
using module preservation analysis (unpreserved modules, k-m). The log, foldchange (L2FC) between different comparisons was used to plot the heatmap using
the R package ComplexHeatmap. MIWW = Mock-inoculated-well-watered, MIWS = Mock-inoculated-water-stressed, INWW = Inoculated-well-watered, INWS
= Inoculated-water-stressed, TAGS and ZG14 refer to comparisons between the respective inoculated and mock-inoculated treatments using the data from
Mangwanda et al., (2015), drought and pathogen respectively refer to comparisons of MIWS and INWW with MIWW based on the data from the present

experiment.

10



Methods S1 RNA-seq data and bioinformatic analysis pipeline used in the study

We used RNA-seq data from the combined pathogen infection and drought
stress/recovery treatments of the present study as well as previous single stress studies. Paired
end (PE) RNA-seq data from 100 and 150 base pairs (bp) libraries were obtained for three
biological replicates each of the well-watered/mock-inoculated (WWMI), well-
watered/inoculated (WWIN), water-stressed/mock-inoculated (WSMI), and water-
stressed/inoculated (WSIN) combined stress treatments on day 3 as well as the WWMI,
WWIN, rewatered/mock-inoculated (RWMI), and rewatered/inoculated (RWIN) recovery
treatments on day 17 (Fig. 1). The RNA-seq data from previous studies included 100 and 150
bp PE RNA-seq data for unwounded-well-watered TAG5 stem samples deposited on the
repository of the national centre for biotechnology information (NCBI, accession number
PRJINAB896601) (Teshome et al., 2023), and 50 bp PE RNA-seq data for samples inoculated
with Chrysoporthe austroafricana with the respective mock-inoculated controls at 3 days post
inoculation for both TAG5 and ZG14 with three biological replicates each deposited on the
NCBI repository (accession number PRINA280236) (Mangwanda et al., 2015). Additionally,
50 bp PE RNA-seq data from a previous in vitro experiment involving culturing of C.
austroafricana on minimal and complete media with three biological replicates each were used

for the pathogen (Mangwanda et al., 2016).

The RNA-seq data were pre-processed using the same tools and pipeline described in
Teshome et al. (2023). We used FASTQC version 0.11.7 for quality assessment both before
and after quality trimming using Trimmomatic version 0.36 (Bolger et al., 2014). We used
Spliced Transcripts Alignment to a Reference (STAR) (Dobin et al., 2013) to align the RNA-
seq data to the concatenated references of the E. grandis genome v2.0 (Myburg et al., 2014)
and C. austroafricana genome (Wingfield et al., 2015) followed by transcript quantification
using StringTie version 1.3.4d (Pertea et al., 2015). Subsequently, we used tximport to import
the transcript quantification files into the R package DESeq2 version 1.32.0 (Love et al., 2014)
and summarize them into a transcripts per million (TPM) matrix for the combined drought
stress-pathogen infection treatments and differential expression analyses for the recovery

treatments and pathogen transcripts.

To identify genes that were differentially expressed (DE) in one or more of the
experimental conditions for the rewatering treatments in the host, we conducted Venn

intersection analysis using GOVenn in the R package GOplot (Walter et al., 2015). We then
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used the R package GOseq (Young et al., 2010) to analyse the overrepresentation of gene
ontology biological processes (GO) terms in each Venn intersection. GO enrichment analysis
was conducted for the sets of up- and downregulated DEGs in each Venn intersection
separately. DEGs with contrasting pattern of expression between the different time points
formed separate data sets for GO enrichment analysis. We also identified transcription factors
(TFs), whose target genes were significantly (P < 0.05) overrepresented in each set of unique
and shared DEGs identified by Venn intersection using the TF enrichment analysis online tool
provided by the Plant Transcriptional Regulatory Map database (Tian et al., 2020). The
expression patterns of enriched TFs, which were significantly DE in one or more of the
experimental conditions were visualized in heatmaps generated using the R package

ComplexHeatmap (Gu et al., 2016).

We took a selection of specific genes based on the co-expression network analysis for
the combined stress treatments as well as previous studies. Then, we identified the genes which
were DE in one or more of the experimental conditions during recovery with a specific
consideration of the major GO terms overrepresented in the different sets of DEGs. We selected
genes related to response to C. austroafricana infection in E. grandis (Naidoo et al., 2013;
Mangwanda et al., 2015; Visser et al., 2015), growth and response to drought stress in different
Eucalyptus spp. (Thumma et al., 2012; Spokevicius et al., 2017; Laubscher et al., 2018;
Favreau et al., 2019; Wierzbicki et al., 2019; Takawira et al., 2023), response to and recovery
from drought stress in E. grandis (Teshome et al., 2023), and the combined effect of drought
stress and pathogen infection in E. grandis based on the co-expression network analysis in this
manuscript. In addition, we used some well-known genes from Arabidopsis and other annual
crops to select DEGs related to response to drought stress (Benny et al., 2019; Balti et al.,
2020) and pathogen infection during recovery from drought stress (Gupta & Senthil-Kumar,
2017). We visualized the expression pattern of these genes across the different experimental
conditions in heatmaps generated using the R package ComplexHeatmap (Gu et al., 2016). For
convenience with visualization, we manually categorized the genes according to the major
signalling pathway or biological process they are involved in based on Kyoto Encyclopedia of
Genes and Genomes (KEGG) (Kanehisa & Goto, 2000), MAPMAN (Thimm et al., 2004), and
Plant Metabolite Network 15 (PMN 15) (Hawkins et al., 2021) annotations as well as the

information from the respective previous studies that investigated the individual genes.

For the pathogen transcripts, we selected the top 100 highly expressed genes for drought
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stress and rewatering treatments as well as the respective controls and compared the expression
patterns with in vitro and in planta data from previous studies (Mangwanda et al., 2015; 2016).
We also computed the differential expression of genes and conducted BLASTp against the
pathogen host interactions database (PHI-base) and the carbohydrate-active enzyme annotation
database (dbCAN3) to identify DEGs specifically related to the pathogenicity of C.
austroafricana. We visualized the expression pattern of the selected genes in heatmaps

generated using the R package ComplexHeatmap (Gu et al., 2016).

Methods S2 Co-expression network construction, module detection, and identification
of key modules and hub genes

To check for a possible batch effect among the different RNA-seq data sets as suggested
in Chowdhury et al. (2019), we conducted principal component analysis (PCA) which showed
variations between the different data sets (Fig. S1A). After conducting batch correction on the
TPM matrix using the ComBat function (Johnson et al., 2007) of the R package SVA (Leek et
al., 2012), a repeat of PCA (Fig. S1B) confirmed that the batch correction was successful.

We used the batch corrected RNA-seq data to construct two co-expression networks
which consisted of ‘unstressed’ and ‘stressed’ sets of samples using similar methods of data
pre-processing and co-expression network construction (Fig. S2A). The ‘unstressed’ set
consisted of either unwounded or mock-inoculated well-watered samples while the ‘stressed’
set included samples exposed to C. austroafricana infection, drought stress, or a combination
of both stresses. The mock-inoculated samples were included in the ‘unstressed’ set because
wounding was common to all the samples in the ‘stressed’ group, and thus, will allow a better
comparison of the individual and combined stresses. We confirmed that there were no outlier
samples using cluster plots and selected genes which were expressed in at least 80% of the
samples. Then, we selected 17887 genes with TPM values of at least one and standardized the
expression of these genes across samples. We used Pearson correlation coefficient to measure
co-expression between genes and the R package Weighted Gene Co-expression Network
Analysis (WGCNA) version 1.70-3 (Langfelder & Horvath, 2008) to detect co-expression
modules. Soft thresholding powers of 9 and 5, which gave a scale free topology fit R? of at
least 0.8, were selected to create unsigned adjacency matrices for the ‘unstressed’ and ‘stressed’
sample networks, respectively. These matrices were then converted to topological overlap
matrices. Module detection using hierarchical clustering and dynamic tree cutting methods
with at least 50 genes in a module was followed by calculation of module eigengenes and
merging close modules at a height of 0.2.
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To confirm the biological relevance of the detected co-expression modules, gene
ontology biological processes (GO) and transcription factor (TF) enrichment analyses were
conducted using the R package GO-seq and the TF Enrichment web tool of plant transcriptional
regulatory map (PlantRegMap) (Tian et al., 2020), respectively. We employed two different
but complementary methods for the identification of key modules with respect to the
experimental conditions of interest from the two networks. For the network of the ‘unstressed’
samples, modules of interest were identified using module preservation analysis where the
‘unstressed’ set of samples was used as a reference to conduct module preservation analysis
(MPA) using the WGCNA R package. Two composite module preservation statistics and cut-
off points, Zsummary < 10 and medianRank > 8, suggested in (Langfelder et al., 2011) were used
to identify unpreserved modules. For the network of the ‘stressed’ set, the biweight
midcorrelation coefficients between module eigengenes and experimental conditions (module-
trait correlation analysis, MTCA) was used to identify modules with strong correlations with
the target experimental conditions. GO and TF enrichment analyses were used to further select
key modules and hub genes were identified from the key modules selected from both networks.
For the key modules selected using MPA, 88 hub genes were identified using the absolute value
of module membership (kME) > 0.9 as a selection criterion. For the key modules selected using
MTCA, 305 hub genes were selected using |[KME| > 0.8 and the absolute value of gene
significance (GS) > 0.8 as selection criteria.
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