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Abstract
Evolutionary  histories  of  effector  proteins  secreted  by  fungal  pathogens  to  mediate  plant
colonization remain largely elusive. While most functionally characterized effectors modulate
plant immunity,  recent  discoveries  have revealed novel functions in targeting host-associated
microbiota.  We now developed  an  Antimicrobial  Activity  Predictor  for  Effector  Candidates
(AMAPEC), and identified a wealth of antimicrobial effectors, including many highly conserved
ones — suggesting ancient evolutionary origins. Surprisingly, several plant immune-modulating
effectors  display  antimicrobial  activity.  We  propose  that  these  evolved  from  ancestral
antimicrobials while retaining their original functions. In addition to roles in suppressing host
immunity,  they  may  manipulate  plant  microbiota  to  promote  colonization.  We  argue  that
microbial  antagonism  is  a  fundamental  fungal  effector  function  and  suggest  that  fungi
repurposed ancient antimicrobials to serve multiple roles during host-pathogen co-evolution.
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Introduction
Under  continuous  threat  of  microbial  parasitism,  organisms  evolved  immune  systems  to
withstand pathogenic  encounters  (1–4).  Conversely,  pathogens evolved strategies  to  interfere
with immune responses and support host colonization. Plant-pathogenic fungi secrete effectors
that target a wide variety of molecular mechanisms  in planta, resulting in compromised host
immunity and resilience (5, 6). While well-documented effector targets include plant metabolism
and immunity,  effectors  may  also  serve  in  microbial  competition,  as  revealed  by  the  recent
identification of effectors with selective antimicrobial properties that suppress antagonistic plant
microbiota  members  with  disease-suppressive  functions  (7–14).  It  is  generally  accepted  that
effectors are the products of long co-evolutionary “arms races” in which plants and pathogens
aim to defend and overcome defenses, respectively (1,  3). Yet, the evolutionary histories and,
more particularly, the molecular origins of most effectors remain enigmatic, although some may
originate  from gene  divergent  evolution,  genome  recombination  or  horizontal  gene  transfer
during host adaptation (15–18).

Here, we investigate evolutionary histories of effectors in the light of the recent discovery of
antimicrobial  effectors.  As  we reveal  that  many  secreted  antimicrobial  proteins  show broad
conservation throughout  the fungal kingdom, suggesting ancient  origins, we hypothesize that
effectors with functions in host physiology manipulation evolved from ancient antimicrobials.
We validate  this  hypothesis  by  demonstrating  that  effectors  with  reported  functions  in  host
immunomodulation  have  ancestral  antimicrobial  properties  that  may  serve  in  microbial
antagonism during  plant  colonization.  Thus,  our  study  provides  unprecedented  insights  into
fungal evolution and the origins of key factors required for host colonization. 

Results

Accurate prediction of effector antimicrobial activity

We first sought to identify novel fungal effectors with antimicrobial activities. Machine learning
classifiers have previously supported the identification of antimicrobial peptides (AMPs) that are
shorter  than  100 amino  acids  in  length,  based  on their  physicochemical  properties  (19–21).
However, these are not suited to predict antimicrobial activities of effectors, as they are generally
longer and form more complex structures (fig. S1). To train an adequate predictor, we curated a
dataset of experimentally  validated antimicrobial  proteins from diverse organisms in the size
range  of  effectors  (35–642  amino  acids,  median  =  125.5;  Fig.  1,  A  and  B  and  table  S1).
Additionally,  we  curated  a  negative  training  set  of  equivalent  proteins  unlikely  to  have
antimicrobial  activity according to their  functional annotation (table S2). Carbohydrate-active
enzymes  (CAZymes)  were  not  included  since,  although  several  families  target  microbial
structures, it is often unknown whether individual members compromise microbial growth and
can  thus  be  classified  as  genuine  antimicrobials.  For  each  protein  in  the  training  sets,  we
calculated  properties  from their  amino acid sequences  and predicted  high-confidence  protein
structures  (Fig.  1,  C  and  fig.  S2),  representing  70  numerical  values  reflecting  diverse
physicochemical properties (table S3). Moreover, we queried for the presence/absence of six k-
mers that are over- or underrepresented in the sequences of the antimicrobial proteins (Fig. 1, C
and table S3). All data were used to train a Support Vector Machines classifier and subsequently
estimated its quality through leave-one-out cross-validation, revealing that our classifier has high
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accuracy, recall and specificity, particularly for fungal proteins (Fig. 1, D). Analysis of support
vector  coefficients,  representing  the  importance  of  individual  properties  for  the  prediction,
revealed a role for hydrophobicity, charge, secondary structures, identity of exposed amino acids,
disulfide  bonds  and  structural  cavities  (fig.  S3).  To  confirm  that  our  predictor  can  reliably
identify novel fungal antimicrobial proteins, we tested whether it correctly calls out seven more
recently characterized fungal antimicrobials that were not included in the training set (22–26). As
all  seven proteins were correctly  classified as antimicrobials  (table  S4), we implemented the
predictor in the novel software package AMAPEC (antimicrobial  activity prediction for fungal
effector candidates; Fig. 1, E), available at https://github.com/fantin-mesny/amapec.

We  used  AMAPEC to  identify  candidate  antimicrobial  proteins  in  the  secretomes  of  three
phylogenetically distant fungi with distinct lifestyles,  namely the mycorrhizal  glomeromycete
Rhizophagus irregularis, the saprotrophic basidiomycete Coprinopsis cinerea and the ubiquitous
plant-pathogenic ascomycete  Verticillium dahliae,  that causes vascular wilt disease in a wide
diversity  of  host  plants,  including  a  variety  of  crops  (27) (Fig.  2,  A  to  C).  Functional
compositions  of  fungal  secretomes  remain  largely  elusive,  as  they  comprise  a  significant
proportion of  proteins  without  functional  annotations  (Fig.  2,  A) and proteins  for which the
assigned annotations are poorly informative (tables S5-S7). Surprisingly, AMAPEC prediction
revealed that one third to half of each of their secretomes is composed of antimicrobial proteins
(Fig. 2, B). Orthology analysis revealed that some antimicrobials are conserved across the three
fungi, despite their wide phylogenetic spread, and thus ancestral to the three phyla (Fig. 2, C).
Moreover, antimicrobials show significantly greater conservation across species (i.e. occurrence
of orthologs) than non-antimicrobials  (Fig.  2,  C; Fisher’s exact  test:  odd’s ratio = 2.19,  P =
3.6×10-4), suggesting that microbial antagonism predates other secretome functions.

Secreted antimicrobial proteins are conserved throughout the fungal kingdom

The evolution of antimicrobial proteins was further investigated in 150 genomes of diverse soil-
and plant-associated fungi, spanning 3 phyla, 9 classes and 24 orders (fig. S4 and table S8). This
dataset encompasses over 700 million years of fungal evolution, whereas pathogenicity towards
land  plants  only  evolved  after  plants  colonized  lands,  about  500  million  years  ago.  After
classifying  secreted  proteins  into  sequence-related  families  through  orthology  prediction,
antimicrobial activities were predicted for the most representative protein of each family (table
S9).  Remarkably,  many  of  the  most  conserved  protein  families,  which  occur  in  fungi  with
diverse lifestyles, were predicted as antimicrobials (Fig. 2, D). We calculated the percentage of
predicted antimicrobial families across different levels of conservation (Fig. 2, E) and identified
a significant decrease from 56.9% of multi-phyla families to 49.1% of genus-specific families
(Cochran-Armitage test for trend: statistic = 5129.0,  P < 2.36×10-5). This overrepresentation of
predicted  antimicrobials  among  the  most  conserved  secreted  protein  families  signifies  their
ancient origins, preceding fungal phyla divergence, and corroborates that fungi have relied on
antimicrobials  long before establishing  symbioses with multicellular  eukaryotes  such as land
plants and animals (28). While the most conserved secreted protein families expectedly exhibit
the  most  diverse  sequences,  certain  predicted  antimicrobial  families,  including  previously
characterized  ribonuclease-like  antimicrobials  (11,  29),  display  low  sequence  diversity,
suggesting  purifying  selection  (Fig.  2,  F).  Together,  our  results  demonstrate  that  microbial
antagonism through the secretion of antimicrobial proteins is an ancient and conserved trait that
likely supports fungal fitness across a wide diversity of habitats. 
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Effectors of plant-pathogenic fungi display antimicrobial activities

We  recently  showed  that  V.  dahliae  secretes  effector  proteins  with  selective  antimicrobial
activity to manipulate resident microbiota at various life stages, including host colonization (7–9,
14).  Intriguingly,  we  noticed  that  several  V.  dahliae effectors  previously  characterized  to
modulate host immunity have predicted antimicrobial properties (table S10), including VdCP1
(30), Vd424Y (also known as VdXyn4) (31,  32) and Vd2LysM (33), a member of the LysM
effector family which represses chitin-triggered plant immunity and has an ancient origin since
family members occur throughout the fungal kingdom (34,  35).  Based on these findings, we
hypothesized  that  plant-pathogenic  fungi  have  evolved  effectors  to  manipulate  plant  host
physiology from ancestral antimicrobial proteins. In support of this hypothesis, we found that
most functionally characterized effectors registered in PHI-base (36) (n=76/133), some of which
are  broadly  conserved throughout  our  dataset  of  150  genomes  (Fig.  3,  B),  have  predicted
antimicrobial properties (Fig. 3, A and table S11). To validate these predictions, we subsequently
selected five effectors for experimental validation: the LysM effector Ecp6 from the tomato leaf
mould fungus Cladosporium fulvum (37), AGLIP1 from the root rot fungus Rhizoctonia solani
(38), AVR-Pita from the rice blast fungus Magnaporthe oryzae (39) and Vd424Y (31,  32) and
VdCP1 (30) from V. dahliae. All proteins were heterologously produced in Escherichia coli and
employed in antimicrobial activity assays using a diverse set of microbes including 12 bacteria,
four  yeasts  and  three  filamentous  fungi.  Interestingly,  despite  their  well-characterized  host
targets, all five effectors exhibited antimicrobial activities  in vitro with highly distinct activity
spectra at micromolar concentrations (Fig. 3, C and D, and fig. S6-S15). As homologs of all five
proteins occur in fungi that do not live in association with plants, and most homologs in their
protein families are predicted antimicrobials (fig. S5 and table S12-16), antimicrobial activity is
likely ancestral and predates the evolution of host manipulation.  Overall, our data suggest that
pathogen  effectors  evolved  from  ancient  antimicrobial  proteins  that  retain  their  ancestral
functions while acquiring the ability to manipulate host physiology. 

Dual roles of effectors in host manipulation and microbial antagonism

Since many fungal effectors have evolutionary conserved ancestral antimicrobial properties (Fig.
3),  we  hypothesize  that,  in  addition  to  manipulation  of  host  physiology,  they  antagonize
microbial competitors during infection. To address this hypothesis, we focused on the V. dahliae
effector Vd424Y, which is known to exert xylanolytic and cytotoxic activities in planta (31, 32).
Vd424Y was previously demonstrated  to  localize  into  host  cell  chloroplasts  and nuclei  and,
accordingly, carries a chloroplast transit peptide (cTP) and a nuclear localization signal (NLS).
While the cTP is sparsely detected throughout the Vd424Y family (fig. S16, A) and shows a high
degree of sequence variation (fig. S16, B), the occurrence of the NLS is restricted to a single
clade that is exclusively composed of proteins secreted by plant pathogens and endophytes from
the  Sordariomycete  genera  Verticillium,  Fusarium and  Cylindrocarpon  (Fig.  4,  A),  which
diverged about 250 million years ago (40). This finding supports the hypothesis that contrary to
antimicrobial properties, plant cell nuclear localization, which is required for immunomodulation
and  cytotoxicity  in  planta (31),  is  a  trait  that  emerged  recently  in  the  family  of  Vd424Y
homologs.  To  investigate  whether  Vd424Y  functions  in  microbial  competition,  we  first
measured effector gene expression in a diverse set of ten soils, in absence of a plant host (fig.
S17). We found that V. dahliae expresses the Vd424Y gene in these soils, suggesting functions

4

5

10

15

20

25

30

35

40

45

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 14, 2025. ; https://doi.org/10.1101/2024.01.04.574150doi: bioRxiv preprint 

https://doi.org/10.1101/2024.01.04.574150
http://creativecommons.org/licenses/by-nc-nd/4.0/


beyond host physiology manipulation. Next, we tested if the antimicrobial activity of Vd424Y
plays  a  role  during  plant  colonization,  by  performing  tomato  inoculation  experiments  in  a
gnotobiotic system, allowing to study virulence contributions of effector genes in the presence
and absence of host-associated microbiota (41). We identified a significant microbiota-dependent
contribution of Vd424Y to V. dahliae virulence, as disease development was compromised upon
Vd424Y deletion in the presence, but not in the absence of host-associated microbes (Fig. 4, B
and  C).  This  finding  suggests  that  Vd424Y plays  a  role  in  microbiota  manipulation  during
tomato plant infection, and thus that it retained its ancestral antimicrobial property throughout
co-evolution with plant hosts. 

Discussion
Before plants colonized land about 500 million years ago,  fungi lived as saprotrophs and/or
parasites  of  bacteria  and  primitive  algae  in  (semi)aquatic  environments  (42).  Pathogenicity
towards land plants thus represents a relatively recent trait in the 1.5 billion year-long fungal
evolutionary history, which evolved multiple times independently across the fungal tree of life
(43).  Effector-based strategies to manipulate  host physiology are essential  for the pathogenic
lifestyle (5, 6), yet their evolutionary origins remained elusive. The broad conservation of certain
effector families throughout the fungal kingdom (Fig. 3, B), together with their occurrence in
fungi that do not colonize plants, demonstrates ancient origins of these effectors and suggests
their primary roles beyond plant host manipulation. As here we found that many effector proteins
have ancestral  antimicrobial  properties,  we identified  a  fundamental  function  of  effectors  in
microbial  antagonism,  which  likely  supported  fungal  fitness  in  (semi)aquatic  environments
before fungi engaged in symbioses with land plants (28). In line with this discovery, previous
studies  identified  peptides  with  dual  functions  in  microbial  antagonism  and  immunity
modulation,  suggesting these two protein activities may often co-occur given their functional
complementarity (44,  45). Moreover, a recent study identified that changes in protein domain
organization may have repurposed an effector from antimicrobial to immunomodulator, thereby
mediating  a  recent  fungal  lifestyle  transition  from  saprotroph  to  plant  symbiont  (46).
Hypothetically,  the  co-option  of  antimicrobial  proteins  for  host  manipulation  mediated  the
compatibility  of  the first  fungal  symbioses  with land plants  and predates  the evolution  of  a
plethora  of  other  molecular  mechanisms  that  underly  more  specific  pathogenic  interactions.
Indeed,  some  fungal  effectors  represent  recent  innovations,  as  evidenced  by  their  lineage-
specificity,  and likely result  from fungal  adaptation to  specific  plant  lineages  (15,  47).  Such
effectors are generally thought of as products of co-evolutionary “arms races” in which plant
immune systems and fungi aim to detect and overcome detection, respectively (1, 3). While this
study focuses on the occurrence of antimicrobial properties among the most conserved effector
families, it paves the way for further research on effector evolution, particularly to investigate
how recently evolved antimicrobial effectors may mediate host and niche adaptation (48). More
generally, this study, and more particularly the AMAPEC software, will support the discovery of
novel fungal antimicrobial proteins and assist studies on their modes-of-action, which currently
remain largely unknown. Furthermore, the broad variety of fungal secreted antimicrobials and
their  crucial  role  in  supporting  host  colonization  are  important  factors  to  consider  when
designing novel biocontrol strategies to protect crops efficiently from pathogenic fungi. Finally,
the  evolutionary  trajectories  identified  in  this  study  are  likely  to  be  relevant  beyond  plant
colonization,  given the need for human- and animal-pathogenic fungi  to manipulate  immune
responses of their hosts during infection too (49).
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Materials and Methods

Curation of a training dataset for antimicrobial activity prediction

To develop the AMAPEC predictor, a positive training set of antimicrobial proteins (table S1)
was  curated  from  literature.  Only  proteins  for  which  antimicrobial  activity  has  been
experimentally  demonstrated in  vitro (i.e. restricting  the  growth  of  bacteria  and/or  fungi  in
culture medium) were selected.  While not restraining the dataset to proteins encoded by any
phylogenetic group, we paid particular attention to include all the fungal antimicrobial proteins
reported  in  scientific  literature.  Importantly,  secretion  signal  peptides  were  removed  from
sequences (SignalP v6.0 (55)), since the antimicrobial function of proteins occurs after secretion.
Considering sequence lengths of fungal secreted proteins, peptide with mature sequence lengths
below 40 amino acids were excluded (fig. S1), not to enrich the protein set in AMPs, for which
dedicated predictors exist (19,  56–60). By largely spanning the size range of typical effector
proteins, this protein set should support the prediction of effector antimicrobial activity without
bias towards the recognition of short AMPs, that are the most described antimicrobial proteins in
the literature.

A negative training dataset was assembled by gathering presumable non-antimicrobial proteins
(table S2). As previously suggested (19, 57), this negative set was curated by retrieving proteins
which  functional  annotation  does  not  suggest  any  antimicrobial  activity  from  the  UniProt
database (61). To do so, Gene Ontology (GO) terms associated to antimicrobial activity were
filtered  out  (i.e. GO:0090729,  GO:0001878,  GO:0045087,  GO:0050830,  GO:0050829,
GO:0042742,  GO:0071222,  GO:0071224,  GO:0001530,  GO:0031640,  GO:0050832).
Additionally, only well-annotated proteins without any known function in microbial antagonism
or  immunity  were  selected.  To  prevent  strong  effects  of  potential  misjudgment  during  the
curation process, the negative training dataset includes twice as many non-antimicrobial proteins
as there are antimicrobials  in the positive set.  For each antimicrobial  in the positive set, two
presumably non-antimicrobial proteins encoded by the same organism (or a close relative) and
with similar sizes (+/- 4 amino acids) were included in the negative set. We paid attention to
include at least as many secreted proteins (signal peptide detected and removed with SignalP
(55)) in the negative set as in the positive set, not to bias the prediction towards apoplastically
released  proteins.  Finally,  since  11  proteins  in  the  positive  training  set  were  annotated  or
described as ribonucleases, 11 ribonucleases, unlikely to exert antimicrobial functions according
to their  annotation  (for instance,  involved in transfer RNA maturation)  were included in the
negative set.

Calculation of protein properties

The  AMAPEC predictor  was  trained  on  a  set  of  70  numerical  variables  reflecting  protein
physicochemical properties (table S3). Some of these values (n=15) were calculated from amino
acid sequences, using R v4.2.0 and the library Peptides v2.4.4 (62). However, to better describe
the physicochemistry of proteins, their predicted structures were used to calculate 55 numerical
values  per  protein  that  reflect  structural  properties.  Protein  structures  were  predicted  using
AlphaFold v2.0  (63) with  parameters  “--max_template_date=2021-05-14  –preset=casp14”.
Structure properties were calculated from AlphaFold best models (“ranked_0.pdb” output files)
using  Python  v3.11.5  and  the  PDB  parser  implemented  in  Biopython  v1.78  (64).  Some
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previously published code and formula from diverse sources (65–67) (details in table S3) were
implemented  in  AMAPEC’s  Python  scripts.  For  properties  linked  to  protein  secondary
structures, DSSP v3.0.0 (68, 69) was used to assign individual amino acids to different types of
secondary structures. Additionally, pocket structures in proteins were predicted using Fpocket
v4.0.2 (70), and information related to their number, size and properties were implemented as
variables.

In addition to sequence- and structure-derived physicochemical properties, the presence/absence
of certain k-mers in the protein sequences was implemented as variable. To reduce sequence
complexity,  a  reduced amino acid alphabet  was used,  as  previously implemented  in  various
machine learning methods applied to protein sequences (57, 71). A novel 7-letter alphabet based
on amino acid properties was designed, to define k-mers that may represent key motifs in protein
physicochemistry: small amino acids (G, A) were mapped to ‘0’, nucleophilic amino acids (S, T,
C) were mapped to ‘1’, hydrophobic amino acids (V, L, I, M, P) were mapped to ‘2’, aromatic
amino acids (F, Y, W) were mapped to ‘3’, acidic amino acids (D, E) were mapped to ‘4’, amide
amino acids (N, Q) were mapped to ‘5’ and basic amino acids (H, K, R) were mapped to ‘6’. The
k-mer compositions of transformed sequences in the training set was profiled using MerCat2
v1.0 (72), with k-mer sizes 3, 4, 5 and 6 amino acids. Then, chi-squared multiple testing was
computed, as implemented in function feature_selection.SelectFdr(chi2, alpha=0.05) of Python
library  scikit-learn v1.2.1  (73),  to  identify  k-mers  that  are  over-  or  under-represented  in
antimicrobial  protein  sequences.  This  aimed  to  select  for  k-mers  that  are  likely  biologically
meaningful, and to prevent later overfitting of our prediction model that can occur if training is
performed on numerous variables which combination describes protein sequences in too much
detail.  With  chi-squared  testing,  six  k-mers  (five  4-mers  and  one  3-mer)  of  interest  were
identified. Their presence/absence was implemented in the set of protein properties used to train
the AMAPEC predictor (table S3).

Classifier training and quality estimation

Numerical variables reflecting properties of our 456 proteins were standardized using function
preprocessing.StandardScaler() of Python library scikit-learn v1.2.1 (73). Then, a Support Vector
Machines  (SVM) classifier  with a linear  kernel  was trained using function svm.SVC() from
scikit-learn. The correct the imbalance of the training set (152 proteins in the positive set and 304
in  the  negative  set),  the  weight  of  antimicrobials  was  set  to  2  and  the  weight  of  non-
antimicrobials  to  1.  A second model  was  trained  to  predict  the  probability  of  antimicrobial
activity,  by computing  Platt  scaling  over  the  SVM binary  classifier.  To do so,  the  function
calibration.CalibratedClassifierCV(method=’sigmoid’, cv=’prefit’) from sci-kit learn was used.
Both models were exported using function dump() from Python library joblib v1.2.0.

Due to the small size of the training dataset (n=456), classifier quality testing was performed
through  leave-one-out  cross-validation.  As  implemented  in  function
cross_val_score(cv=KFold(n_splits=456)) of scikit-learn, 456 SVM classifiers were trained with
a train/test split of 455/1 to classify individual proteins using as a basis, protein properties in the
rest of the dataset. Protein classifications into “antimicrobial” or “non-antimicrobial” were then
analyzed  by  counting  numbers  of  true  positives,  false  positives,  true  negatives  and  false
negatives. These counts allowed the estimation of the overall classifier accuracy (R2) but also its
precision,  recall,  specificity  and  F-score.  Such  quality  estimates  were  also  calculated  by
exclusively taking the classification correctness of fungal proteins into account, to identify if the
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predictor is suited for the annotation of fungal proteins. Finally, the predictor was tested on seven
recently  characterized  fungal  proteins  demonstrated  to  have  antimicrobial  activities  (22–26),
after structure prediction with ESMFold v1.0.3 (74) (table S4).

A bash pipeline allowing both the calculation of protein properties and antimicrobial  activity
prediction using the trained predictors  was written,  resulting in  the software AMAPEC v1.0
(https://github.com/fantin-mesny/amapec),  (developed  and  tested  on  operating  system
GNU/Linux Ubuntu v20.04.3 LTS).

Secretome analysis on three phylogenetically distant fungi

Sets of proteins associated to the published genomes of three phylogenetically distant fungi with
distinct  lifestyles  were  downloaded: Verticillium  dahliae JR2  (75) (annotation VDAG_JR2
v.4.0 downloaded from the database Ensembl Fungi (76)), Coprinopsis cinerea AmutBmut pab1-
1 (77) (annotation Copci_AmutBmut1 v1.0 downloaded from the database JGI Mycocosm (78))
and Rhizophagus  irregularis DAOM197198 (79).  SignalP v6.0  (55) was then  used  to  predict
secretion signal peptides in protein sequences and thereby define the secretomes of these fungi.
Sequences  with  removed  signal  peptides  were  used  in  all  subsequent  analyses.  Functional
annotation  of  proteins  in  these  secretomes  was carried  out  using emapper v2.0 (80) and the
database EggNog v5 (81). CAZymes and transmembrane proteins were specifically annotated in
these  secretomes  using  dbCAN v4.0  and  TMBed  v1.0.0  respectively  (82,  83).  Structure
predictions were computed with ESMFold v1.0.3 (74), using default parameters, of all secreted
proteins  besides  CAZymes.  The  structures  of  two  proteins  from V.
dahliae (VDAG_JR2_Chr4g10970 and VDAG_JR2_Chr1g22375) could not be predicted due to
high computational requirements linked to their size (>2500 amino acids) and were excluded
from our analyses. To validate that the quality of protein structures predicted by ESMFold is
sufficient, structure prediction for 626/635 non-CAZyme secreted proteins of V. dahliae was also
performed  with  AlphaFold  v2.0  (63) with  parameters  --max_template_date=2021-05-14  --
preset=casp14, with nine predictions failing due to high computational requirements. Average
structure pLDDT values were compared between AlphaFold and ESMFold (fig.  S18).  Then,
AMAPEC v1.0 was used to predict the antimicrobial activity of proteins secreted by V. dahliae,
C. cinerea and R. irregularis, while excluding CAZymes and transmembrane proteins. ESMFold
(74)-predicted structures, which pLDDT confidence scores are in tables S5-7, were used as an
input.  To  analyze  the  conservation  of  predicted  antimicrobials  and  non-antimicrobials,  an
orthology prediction was computed on the three fungal secretomes with OrthoFinder v2.5.5 (84).
The  conservation  of  antimicrobials  and  non-antimicrobials  was  studied  independently,  after
subsetting the OrthoFinder-generated ‘orthogroups’ tables to only contain proteins from each
group.

Comparative genomics in a dataset of 150 fungal genomes

A set of 150 fungal genomes was assembled, based on a previously published dataset of 120
fungal genomes for which fungal lifestyles had been manually curated (85). This dataset was
supplemented with 23 genomes of plant-pathogenic fungi and 7 genomes of Glomeromycetes
(see  details  in  table  S8).  An orthology  prediction  was  performed  on total  sets  of  annotated
proteins with OrthoFinder v2.5.5 (84) to generate a phylogenomic tree with the implemented
method ‘STAG’ (86). This genome-scale phylogeny is displayed on Fig. 2D and fig. S4. In all
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150  genomes,  sets  of  proteins  carrying  SignalP  v6.0  (55)-annotated  signal  peptides  were
considered  to  form secretomes.  A second orthology prediction  with  OrthoFinder  v2.5.5 was
performed on these 150 secretomes. In each secreted protein family (i.e. ‘orthogroup’) defined
by this  orthology prediction,  the  most  central  and representative  protein  was identified  with
phylorep v0.1 (87) using OrthoFinder-generated gene trees (relying on method FastTree (88)) as
inputs.  CAZymes  and  transmembrane  proteins  among  these  family  representatives  were
annotated using dbCAN v4.0 and TMBed v.1.0.0, respectively (82, 83). The structures of other
representative proteins were predicted with ESMFold v1.0.3 (74) then submitted to antimicrobial
activity prediction with AMAPEC v1.0. Protein family conservation analyses were performed
considering the presence/absence of families in each genome (i.e. considering the occurrence of
orthologs  but  not  the  numbers  of  paralogs).  Specifically,  each  family  was  assigned  a
conservation level according to the clade (phylum, class, order, family or genus) its occurrence is
restricted to, in the 150 genome dataset.  Proportions of protein families which representative
members  are  predicted  antimicrobials/non-antimicrobials  were analyzed,  excluding CAZyme-
and transmembrane protein-encoding families.  Then,  sequence diversity  within the 600 most
conserved secreted protein families (excluding CAZymes) was estimated through k-mer based
Shannon index calculation with MerCat2 v1.0 (72) using a k-mer size of 3 amino acids. 

Analysis of predicted antimicrobials in PHI-base

Sequences of proteins that have been studied for their contribution to host-pathogen interactions
were  downloaded  from the  PHI-base  database  (36) (accessed  in  January  2024).  To  identify
proteins  previously  studied  for  their  contribution  to  fungal  virulence  in  the  V.  dahliae JR2
secretome, SignalP v6.0 (55)-predicted secreted proteins in the V. dahliae genome were blasted
against the downloaded PHI-base sequences using blastp v2.5.0 with parameters -evalue 0.0001 -
max_target_seqs  1  and  additional  filtering  to  only  keep  hits  with  more  than  95% sequence
identity to query proteins (table S10). To investigate more generally if previously characterized
fungal effectors have antimicrobial activities, the PHI-base dataset was subsetted to only retain
proteins from fungi that have secretion signal peptides according to SignalP v6.0 (55) and that
were classified as “effectors  (plant  avirulence  determinants)”  in the database.  After  structure
prediction with ESMFold v1.0.3 (74), the antimicrobial activity of these proteins was predicted
with AMAPEC v1.0. To estimate the conservation of these effectors across the fungal kingdom,
the protein family of the most similar protein in the 150-genome dataset was considered and the
number of genomes in which it occurs was used as a proxy for effector conservation (Fig. 3, A).
To identify previously characterized fungal effectors with confidently predicted antimicrobial
activity and broad conservation across the fungal kingdom (Fig. 3, B), the following filtering
criteria were used: highly confident effector structure prediction with an average pLDDT>70,
predicted antimicrobial activity, presence of an effector homolog with more than 80% sequence
identity  in  the 150-genome dataset  and representation  of  the associated  family in  more than
100/150 genomes.

Effector protein production and purification

For heterologous production of the AGLIP1, AVR-Pita, Ecp6, Vd424Y and VdCP1 effectors,
protein  sequences  were  retrieved  from  PHI-base  (36),  then  codon-optimized  nucleotide
sequences  encoding for  mature  proteins  were  subcloned into  pET-15b (AVR-Pita,  Vd424Y,
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AGLIP1),  pET-28a(+)  (VdCP1) or  pETSUMO (Ecp6) expression vectors.  All  the  constructs
with  an  N-terminal  His6 tag  (Gene  Universal,  Newark,  DE,  USA)  were  transformed  into
Escherichia  coli BL21  or  Shuffle  cells  by  heat  shock  (45  s  at  42  °C,  5  min  on  ice). The
transformed BL21 cells (AGLIP1, AVR-Pita, Vd424Y and VdCP1) were grown at 37 °C with
constant shaking at 180 rpm in 2x YT medium (16 g/l tryptone, 10 g/l yeast extract, 5 g/l NaCl)
containing  100 μg/ml  ampicillin.  Protein production  was induced with 1 mM  isopropyl-ß-d-
thiogalactoside (IPTG) when cultures reached an optical density (OD600) of 2.0. Induction was
performed for 2 h at 37 °C for AVR-Pita and Vd424Y, 4 h at 37 °C for AGLIP1, and 2 h at 42
°C for VdCP1, all with constant shaking at 180 rpm. For protein extraction, the bacterial cells
were pelleted and then resuspended in denaturing 6 M guanidinium chloride (GdmCl), 10 mM β-
mercaptoethanol  and 10 mM Tris, pH 8.0, and incubated overnight at  4 °C with continuous
rotation. The lysate was centrifuged at 16,000 × g for 1 h and the resulting cleared supernatant
was collected for protein purification by metal affinity chromatography using a nickel His60 Ni
Superflow Resin (Takara, San Jose, CA, USA) column in the ÄKTA go™ protein purification
system (Cytiva, Marlborough, MA, USA). After column equilibration with 6 M GdmCl, 10 mM
Tris at pH 8.0, denatured protein was loaded onto the column and weakly bound protein was
washed off with 6 M GdmCl, 10 mM Tris, 20 mM Imidazole at pH 8.0 before the His6-tagged
protein  was eluted  with  6 M GdmCl,  10  mM Tris,  200 mM Imidazole  at  pH 8.0.  Purified
proteins were dialyzed (Spectra/Por™ 3 RC Dialysis Membrane Tubing 3500 Dalton molecular
weight cut-off; Spectrum Laboratories – Rancho Dominguez, CA, USA) sequentially against 20
volumes of buffers  with decreasing GdmCl concentrations  (table  S17) to  promote refolding.
Each dialysis step lasted a minimum of 24 h. Finally, depending on their isoelectric point, the
proteins were dialyzed twice against 200 volumes of 30 mM sodium phosphate buffer (pH 7.0
for Vd424Y, pH 5.8 for AGLIP1) or 30 mM potassium phosphate buffer (pH 7.5 for AVR-Pita,
pH  6.5  for  VdCP1).  Final  concentrations  were  determined  with  a  Qubit  4  Fluorometer
(Invitrogen – Waltham, MA, USA). For the heterologous protein production of Ecp6 (89, 90), E.
coli Shuffle  cells  carrying  pETSUMO-Ecp6  were  grown  at  37°C  in  lysogeny  broth  (LB)
containing 50 μg/mL kanamycin until an OD600  of 0.8. Protein expression was induced with 0.2
mM IPTG, followed by incubating at 18°C overnight. Cells were pelleted and resuspended in
cell lysis buffer (50 mM Tris-HCl pH 7.5, 150 mM NaCl, 10% glycerol, 6 mg/ml lysozyme, 2
mg/ml deoxycholic acid, 60 µg/ml DNase I (Roche – Basel, Switzerland; ref. 04536282001) and
one protease inhibitor cocktail pill (Roche; ref. 11836170001)), then incubated either at room
temperature for 3 h or at 4 °C overnight with stirring. The lysate was centrifuged at 20,000 × g
for 1 h, and the cleared supernatant was collected for protein purification. His6-tagged SUMO-
Ecp6 was purified using His60 Ni Superflow Resin,  pre-equilibrated with 20 mM Tris, 150 mM
NaCl, 5 mM imidazole, pH 8.0. Bound protein was eluted with 20 mM Tris, 150 mM NaCl, 300
mM imidazole, pH 8.0. The His6-SUMO affinity tag was removed by incubation overnight with
ULP-1 protease (Sigma-Aldrich – St. Louis, MO, USA; ref. SAE0067) in dialysis buffer (20 mM
Tris, 100 mM NaCl, 2% glycerol, pH 8.0). Non-cleaved fusion protein was removed by a second
round of affinity purification using His60 Ni Superflow resin, and the flow-through containing
cleaved  Ecp6  was  dialyzed  overnight.  The  final  protein  concentration  was  determined
spectrophotometrically at 280 nm.

In vitro microbial growth inhibition assays

A diverse set of twelve bacteria previously isolated from tomato plants (41) were grown on LB
agar plates at room temperature in the dark, then transferred into low-salt tryptic soy broth (ls-
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TSB; 17 g/l tryptone, 3 g/l soy peptone, 0.5 g/l sodium chloride, 2.5 g/l dipotassium phosphate,
and 2.5 g/l glucose) and grown overnight at 28 °C while shaking at 180 rpm. Overnight cultures
were  resuspended  to  the  final  OD600  = 0.025  in  equal  parts  of  fresh  ls-TSB and  AVR-Pita,
Vd424Y, AGLIP1, VdCP1 or Ecp6 in phosphate buffer of the corresponding pH (see above;
final protein concentration: 8 µM) or in the respective phosphate buffer only as a control. Total
volumes of 100 µl were incubated in clear 96-well flat-bottom polystyrene tissue culture plates
in  a  CLARIOstar  plate  reader  (BMG Labtech – Ortenberg,  Germany)  at  25 °C with double
orbital  shaking every 15 minutes  (10 seconds at  300 rpm). The optical  density  was measured
every  15 minutes  at  600 nm.  After  OD600 normalization,  areas  under  curves  in  presence  and
absence of effector proteins were calculated using the trapezoidal method.
Four yeasts,  i.e.  Pichia  pastoris GS115,  Cyberlindnera jadinii (DSM 70167),  Debaryomyces
vanrijiae (DSM 70252)  and  Rhodotorula  bogoriensis (DSM 70872),  were  grown on  potato
dextrose agar (PDA; ROTH – Karlsruhe, Germany, ref. X931) at room temperature in the dark
then transferred into 0.05X potato dextrose broth (PDB) and grown overnight at 25 °C while
shaking at 180 rpm. Overnight cultures were resuspended to the final OD600 = 0.025 in equal parts
of  fresh  0.05X  PDB  and  AVR-Pita,  Vd424Y  or  AGLIP1  in  phosphate  buffer  of  the
corresponding pH (see above; final protein concentration: 8 µM) or in the phosphate buffer only
as a control.  Additionally,  spores from filamentous fungal  strains  of  Alternaria brassicicola,
Cladosporium cucumerinum,  Trichoderma viride (from our in-house culture  collection)  were
harvested from PDA plates after culture at room temperature in the dark, then separated from the
mycelium with a sterile 40 μm nylon filter (VWR – Radnor, PA, USA) and suspended in equal
parts  of  0.05X  PDB  and  AVR-Pita,  Vd424Y  or  AGLIP1  in  phosphate  buffer  of  the
corresponding pH (see above; final protein concentration: 8 µM) or in the respective phosphate
buffer only as a control to a final concentration of 104 spores/ml. Total volumes of 100 µl were
incubated in clear 96-well flat-bottom polystyrene tissue culture plates at 25 °C overnight. For
both  filamentous  fungi  and  yeasts,  fungal  growth  was  imaged  using  an  CKX41  inverted
microscope  (Olympus  –  Shinjuku  City,  Japan)  with  DP20  camera  (Olympus).  Images  were
analyzed with ImageJ (91): Each image was first subjected to binarization and next to particle
analysis to measure total particle area. 

Analysis of the evolutionary histories of effectors with validated antimicrobial 
activities

The evolutionary histories of effectors AGLIP1, AVR-Pita, Vd424Y and VdCP1 were analyzed
by reconstructing the protein family phylogenies. All sequences in the protein families (defined
through orthology prediction in the 150-genome dataset) including these effectors were used to
reconstruct maximum-likelihood phylogenetic trees using IQ-TREE v2.0.3 (model ‘LG’, default
settings) (53) after multiple sequence alignment with MAFFT v7.310 (default parameters) (92).
Since fungal LysM effectors are thought to represent a single effector family but exhibit large
sequence  diversity  and  therefore  occur  in  multiple  protein  families  defined  by  orthology
prediction, the LysM effector family was identified through functional annotation, following a
previously introduced procedure (34). In the 150-fungal genome dataset, and additionally in the
genome of the fungus  Cladosporium fulvum which secretes the well-characterized Ecp6 LysM
effector (37), functional domains were annotated using InterProScan v5.65-97.0 (93). Secreted
proteins  containing  LysM domains  (IPR036779,  IPR018392,  IPR045030),  but  not  any other
functional domains (e.g. chitinase domains), were considered as LysM effectors. All annotated
LysM effectors were used to reconstruct a protein phylogenetic tree with IQ-TREE (model ‘LG’)
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after sequence alignment with MAFFT, as performed for the four other effector families. In all
five effector families, antimicrobial activities were predicted using AMAPEC v1.0 after structure
prediction  with ESMFold v1.0.3 (74).  Protein family  phylogenetic  trees  were visualized  and
annotated with antimicrobial activity prediction results using iTOL (94). 

The  recent  evolution  of  the  Vd424Y  effector  family  was  further  studied  focusing  on  the
subfamily  (clade identified  on the total  protein  family  tree,  fig.  S5) containing  Vd424Y. As
previously (32),  chloroplastic transit peptides and nuclear localization signals were annotated
using ChloroP v1.1 (95) and cNLS Mapper (54) (used online with default parameters in May
2025:  https://nls-mapper.iab.keio.ac.jp/),  respectively.  To  analyze  sequence  variations  in  the
Vd424Y subfamily, subfamily-members were aligned using MAFFT and a figure was generated
with iTOL (94), referring to a previously published domain annotation of Vd424Y to highlight
the domain organization of the proteins (32). 

Measurements of V. dahliae effector gene expression in soils

Soil  extracts  were  prepared  from  10  previously  sampled  soils  with  distinct  properties  and
microbial communities (96). To do so, 20 g of soil (stored at 4 °C) were mixed with 100 ml of
sterile water (1:5, w/v) followed by incubation at room temperature for 2 days. Soil particles
were removed by centrifugation at 4,000 × g for 30 min, and the resulting supernatant was used
as soil extract.

Conidiospores of  V. dahliae JR2 were harvested from mycelium cultured on PDA plates for 7
days. The spores were washed once with sterile water and collected by centrifugation at 10,000 ×
g for 2 min. Spore concentration was determined by counting with a hemocytometer, and 1×10⁶
spores were inoculated into 10 ml of PDB in 50 ml flasks. Cultures were incubated at 22 °C with
shaking  at  130 rpm for  2  days.  Mycelia  were  then  collected,  rinsed  with  sterile  water,  and
transferred into 10 ml of prepared soil extracts in new 50 ml flasks. After 2 days of incubation,
the mycelia were collected using Miracloth, rinsed with sterile water, and blotted dry with tissue
paper.  The samples were transferred to 2 ml tubes containing two 2.3 mm iron beads,  flash-
frozen in liquid nitrogen, and ground using a tissue lyser. Total RNA was extracted using TRIzol
reagent (Thermo Fisher Scientific – Waltham, MA, USA). For each sample, 500 ng of RNA was
reverse transcribed using the HiScript® III RT SuperMix for qPCR (+gDNA Wiper) (Vazyme
Biotech Co., Ltd. - Nanjing, China; ref. R323-01). The resulting cDNA was diluted 10 fold with
nuclease-free water. Quantitative real-time PCR was performed using SsoAdvanced™ Universal
SYBR®  Green  Supermix  (Bio-Rad,  Hercules,  CA,  USA).  Primers  5’-
TGTTACCAAAGCAGCACACAAGG-3’ and 5’-CCTTATGCCTCGTTCCCTTCCAC-3’ were
used  to  amplify  the  Ave1-encoding  gene  (positive  control,  (7)),  primers  5’-
GCAAGCGAGGACTGACAAGATC-3’ and 5’-CGACGGAATGGACGGCGTG-3’ were used
to  amplify  the  Tom1-enconding  gene  (negative  control,  (97)),  newly  designed  primers  5’-
TCGGGCGGTTTCTACTACTC-3’  and  5’-TGTTGTTCTTCCAGCTGACG-3’  were  used  to
amplify  the  Vd424Y-encoding  gene  (VDAG_JR2_Chr5g00880),  and  the  primers  5’-
CGAGTCCACTGGTGTCTTCA-3’  and  5’-CCTCAACGATGGTGAACTT-3’  were  used  to
amplify the glyceraldehyde 3-phosphate dehydrogenase gene (GAPDH, house-keeping gene).
The PCR cycling conditions were as follows: initial denaturation at 95 °C for 3 mins, followed
by 40 cycles of denaturation at 95 °C for 10 s and annealing/extension at 60 °C for 30 s with
fluorescence signal collection. After amplification, a melt curve analysis was performed from
65 °C to  95 °C,  increasing  by  0.5 °C  every  5 seconds,  to  verify  the  specificity  of  the  PCR
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products. Gene expression levels of effector genes were normalized to the  V. dahliae GAPDH
using the ΔCt method. 

Vd424Y gene deletion in Verticillium dahliae

Gene deletion was performed following previously published protocols for V. dahliae protoplast
transformation  (98) and CRISPR-Cas9-based fungal  genome editing (99).  After  culturing  on
PDA plates at room temperature for 7-15 days in the dark, 3×107 spores of V. dahliae JR2 were
harvested from the mycelium surface and inoculated into 100 ml of liquid Complete Medium
(CM) composed of 0.6% yeast extract (Duchefa – Haarlem, The Netherlands; ref. Y1333), 0.6%
casein hydrolysate (ROTH; ref. AE41) and 1% sucrose (VWR; ref. 0335) in milli-Q water. After
20 hours in culture at 28 °C with agitation, mycelium was harvested on a Falcon® 40μm nylon
filter (ref. 352340) and washed with a sterile 0.7 M NaCl solution. Then, the harvested mycelium
was incubated in 10 ml of sterile-filtered driselase solution (0.2% of enzyme in 0.7 M NaCl,
Sigma-Aldrich – St. Louis, MO, USA; ref. D9515) for 2.5 hours at 33 °C with agitation. The
resulting solution was passed through a 40 μm nylon filter, then centrifugated at 3000 × g for
5min. After supernatant removal, the protoplast pellet was resuspended in 1 ml of sterile STC
(20% Sucrose, 10 mM Tris-HCl pH 8.0 and 50 mM CaCl2 in milli-Q water) and centrifuged at
3000  × g for  5  min.  This  last  step  was  repeated  twice  to  thoroughly  wash the  protoplasts.
Protoplasts were counted under a microscope, and their concentration was adapted to 5  ×  106

protoplasts/ml in STC. After adding 1% of DMSO, protoplast solutions were kept at -80 °C. 

To delete the gene of interest, two single guide RNA (sgRNA) were designed using CRISPick
(https://portals.broadinstitute.org/gppx/crispick/public)  to  target  the  upstream and downstream
regions  of  the  Vd424Y-encoding  gene  (VDAG_JR2_Chr5g00880):
CATACGTCCTGTTCAGCCGG  (upstream)  and  GCCATCCGACCAGCATTCAG
(downstream).  A blastn  was performed (with  parameter  --word_size  11)  to  check that  these
sgRNA protospacer sequences only occur near the targeted gene in the V. dahliae JR2 genome.
Oligonucleotides with sequences corresponding to the designed sgRNA protospacer in between
sequences  5’-AAGCTAATACGACTCACTATA-3’  and  5’-
GTTTTAGAGCTAGAAATAGCAAG-3’  were  ordered.  To  synthesize  sgRNA  from  these
oligonucleotides, 1 µl of oligonucleotide (100 µM) was mixed with 1 µl of oligonucleotide 5’-
AAAAGCACCGACTCGGTGCCACTTTTTCAAGTTGATAACGGACTAGCCTTATTTTAA
CTTGCTATTTCTAGCTCTAAAAC-3’ (100 µM) and 8 µl of nuclease-free water. This mixture
was incubated in a thermocycler for annealing with the following program: 95 °C for 5 min, 95
°C to 85 °C at 2 °C/sec, 85 °C to 25 °C at -0.1 °C/sec. Then, 2.5 µl of dNTPs (10 mM each), 2 µl
of NEBuffer™ r2.1 (10X, New England Biolabs – Ipswich, MA, USA; ref. B6002S), 0.5 µl T4
DNA polymerase (New England Biolabs; ref. M0203S) and 5 µl nuclease-free water were added
to the mixture, followed by an incubation at 12 °C for 20 min. Products of this reaction were
purified  with  a Monarch® PCR & DNA Cleanup  Kit  (New England  Biolabs;  ref.  T1030L).
Concentration in DNA was then measured with a NanoDrop device.  To transcribe the DNA
molecules into sgRNA, 2 µg of DNA was mixed with 6µl of RNA NTPs (25 mM each), 1.5 µl of
T7 buffer (10X), 1.5µl of HiScribe® T7 polymerase (New England Biolabs; ref. E2040S), 1 µl of
DTT (0.1 M) and nuclease-free water up to 20 µl total volume. After incubation overnight at 37
°C,  14  µl  of  nuclease-free  water,  4  µl  of  RQ1  DNase  buffer  (10X,  Promega  –  Walldorf,
Germany; ref.  M198A) and 2 µl of RQ1 DNAse (Promega;  ref. M610A) were added in the
reaction tube. An incubation of 30 min at 37 °C followed to digest remaining DNA. sgRNA
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molecules were then purified using RNA Clean & Concentrator (Zymo Research – Irvine, CA,
USA; ref. R1017 & R1018) kit. Purified sgRNA were stored at -80 °C until transformation. 

Double-stranded donor DNA corresponding to the 50 bp-sequence upstream of the expected
Cas9-mediated cut in the fungal genome, followed by the 50 bp-sequence downstream of the
second expected  cut  was synthesized.  Through homologous recombination,  this  donor DNA
promoted genome repair excluding our target gene upon double-stranded cuts by Cas9.

The commercial  enzyme EnGen®  Spy Cas9 HF1 (New England Biolabs; ref. M0667M) was
used  for  protoplast  transformation.  First,  4  µM  of  this  Cas9  enzyme  was  mixed  to  2X  of
NEBuffer™  r3.1 (New England Biolabs; ref. B6003S) and 0.3 µg/µl of sgRNA. The mixture
was incubated at 25 °C for 30 min to bind sgRNA and enzyme. Both prebound Cas9-sgRNA
complexes were then mixed with 200 µl of fungal protoplasts (5 × 106 protoplasts/ml), 20 pmol
of  double-stranded  donor  DNA and  6  µg  of  telomeric  vector pTEL-Hyg (99) containing  a
hygromycin  resistance  gene.  After  30min  of  incubation  on  ice,  1.5  ml  of  PEG-STC (60%
polyethylene glycol 4000, 20% of sucrose, 10 mM of Tris-HCl pH 8.0 and 50 mM CaCl2 in
milli-Q water)  was  added to  the  mixture  and gently  mixed by tube  rotation.  This  tube  was
incubated at room temperature for 15 min. Then, 5 ml of TB3 medium (3% yeast extract, 3%
casein hydrolysate and 20% sucrose in water) were added to the mixture, stimulating protoplast
regeneration over an 18 hour-incubation in the dark at room temperature.

Regeneration medium was centrifuged at 3000 × g for 5 min. The supernatant was removed and
pelleted fungi were resuspended in sterile water to be plated on PDA medium containing 50
µg/ml  of  hygromycin.  Plates  were  incubated  at  room temperature  for  5  days.  Then,  visible
colonies  were  screened  by  PCR  using  a  pair  of  primers  targeting  ~500  bp  upstream  and
downstream of the gene of interest (forward: 5’-ACATATCGCGACGAGTTCCC-3’, reverse:
5’-CTCTTCTTCTCGAGCGACCC-3’). One colony for which the amplicon size was the one
expected  upon  successful  gene  deletion  was  identified.  Sanger  sequencing  of  the  amplicon
confirmed the successful gene deletion. After cultivation of this mutant on PDA+hygromycin
plate, spores were harvested and inoculated on hygromycin-free PDA medium. A colony that
successfully grew in absence of hygromycin and that was confirmed to have lost the pTEL-Hyg
vector was used as Vd424Y deletion line (∆424Y). 

Before to be used in plant recolonization experiments, growth of the newly generated mutant line
was tested to verify it is not impaired in growth. V. dahliae JR2 wild-type and the ∆424Y mutant
were cultured on PDA plates for 10 days. Conidiospores were harvested and washed twice with
sterile milli-Q water. The final concentration was adjusted to 1 × 10  spores/ml in 1 ml of PDB⁶
medium. This spore solution was incubated horizontally at 25 °C with shaking for 48 hours.
Following incubation, fungal cells were collected by centrifugation at 13,000 rpm for 5 minutes,
and 900 µl of the supernatant was carefully removed to avoid disturbing the pellet. As an internal
control, 1 ng of synthetic spike-in plasmid (100) was added to each sample, and genomic DNA
was extracted from the resulting pellets using the DNeasy PowerSoil Pro Kit (Qiagen – Hilden,
Germany; ref. 47014), following the manufacturer’s protocol. V. dahliae biomass was quantified
by  real-time  PCR  using  species-specific  primers  VdITS1-F  (5’-
AAAGTTTTAATGGTTCGCTAAGA-3’)  and  STVe1-R  (5’-
CTTGGTCATTTAGAGGAAGTAA-3’) targeting the internal transcribed spacer (ITS) region.
The  spike-in  plasmid  was  amplified  in  the  same  solutions  using  primers  qRT-Spike-F  (5’-
TTTCTTTTCCAAGGTTTGTGC-3’)  and  qRT-Spike-R  (5’-
AACATTTACCCTGCTTGTAGCTCT-3’).  A fungal  growth index was calculated  from both
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amplifications’ Ct values: index = 2-(CtITS/CtSpike). The growth index values of V. dahliae wild-type
and ∆424Y mutant were then compared to check that the ∆424Y mutant line is not impaired in
growth (fig. S19). 

Tomato plant inoculation assays in a gnotobiotic system

The protocol applied here follows an adaptation of the FlowPot gnotobiotic  system (101) to
tomato plant inoculations with V. dahliae strains (41). FlowPot substrate, a 1:1 mixture of peat
and vermiculite  (Balster  Einheitserde  –  Frödenberg,  Germany;  LIMERA Gartenbauservice  –
Geldern-Walbeck, Germany) was sterilized by two consecutive autoclaving rounds. Following
substrate sterilization, FlowPot units were created by filling truncated 50 ml Luer lock syringes
(Terumo Europe, Leuven, Belgium) with sterilized substrate and autoclaving for a third time on a
liquid cycle. Additionally, a recolonized condition was created, by mixing sterilized substrate
with  non-sterile  substrate  in  a  9:1  ratio,  followed  by  an  incubation  at  room  temperature
overnight. To remove toxic compounds, that may accumulate during autoclaving, the substrate
was flushed using 30 ml of sterile milliQ-water using a vacuum system. Further, substrate was
enriched  using  30 ml  of  half-strength  Murashige  & Skoog medium (Duchefa;  ref.  M0222).
Following  FlowPot  preparation,  tomato  seeds  (Solanum  lycopersium L.;  cultivar
“MoneyMaker”) were surface sterilized as described previously (102), stratified at 8  for 24℃
hours and sown into each FlowPot unit. Subsequently, up to 5 FlowPot units were placed into
Microbox containers with 4 air filters (SacO2; Deinze, Belgium) and kept in a greenhouse (17
hours of light at 23  followed by 7 hours of darkness at 22 ). After 14 days of growth,℃ ℃
tomato plants were inoculated using Verticillium dahliae wild-type and ∆424Y strains as well as
∆Ave1 (7) a control. To this end, Microboxes were opened in a sterile hood, and plants were
carefully  uprooted  from  the  substrate.  Roots  were  rinsed  using  sterile  milliQ-water  and
subsequently  placed  into  a  V.  dahliae spore  suspension,  containing  106 spores/ml.  After  8
minutes of incubation, plants were placed back into the FlowPots and Microboxes were placed
back  into  the  greenhouse  chamber.  Symptom  development  was  assessed  at  14  days-post
inoculation by measuring tomato shoot fresh weight. 

Statistics

Fisher’s exact tests were computed using the function stats.fisher_exact in SciPy v1.13.0 (103).
Mann-Whitney U tests were performed using the function stats.mannwhitneyu of SciPy v1.13.0.
Cochrane-Armitage  tests  for  trend  were  calculated  with  the  function
stats.contingency_tables.Table.test_ordinal_association of statsmodels v0.14.0 (104). In case of
multiple  testing,  p-values  from  the  tests  mentioned  above  were  adjusted  using  Benjamini-
Hochberg  correction  with  the  function  stats.multitest.multipletests(method=’fdr_bh’) of
statsmodels  v0.14.0.  Measurements  from  in  vitro microbial  growth  restriction  assays  were
analyzed in R v4.4.1, first by using the shapiro.test function and Q-Q plots to assess normality of
the datasets (Shapiro-Wilk test  P>0.05) then since all data was normally distributed, pairwise
one-sided Student’s t-tests comparing microbial growth in presence and absence of protein were
performed using the function t.test(alternative=’less’). To analyze the tomato shoot fresh weight
measurements,  a square-root transformation (in R: lm(sqrt(ShootFreshWeight)~Condition)) was
applied  to  reach  normal  distribution  of  the  data  (Shapiro-Wilk  test  P>0.05),  then  statistical
comparison between treatments  was performed using an ANOVA test  and a post-hoc Tukey
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HSD test (functions aov and TukeyHSD of R v4.2.0). Letters reflecting the significant differences
between  treatments  were  obtained  with  function  multcompLetters4 from  R  package
multcompView v0.1-1 (105).

Code availability

Data  and  scripts  used  for  analyses  in  this  study  are  available  or  linked  at
https://github.com/fantin-mesny/Scripts_analysis_ancient_fungal_antimicrobials.
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Fig. 1. AMAPEC accurately predicts antimicrobial activities of fungal effector proteins. (A)
Phylogenetic origin of the proteins in the dataset (green: number of proteins in positive dataset;
red: number in negative dataset) used to train the predictor. (B) Number of proteins included in
the training dataset and proportion of secreted proteins. (C)  Diagram presenting a schematic
overview  of  the  training  pipeline.  In  addition  to  physicochemical  properties  retrieved  from
protein sequences and structures, the pipeline considers the presence/absence (P/A) in protein
sequences of six short motifs (k-mers) that are over- or underrepresented in the positive training
set.  These k-mers are encoded in a reduced amino acid alphabet,  which groups amino acids
according to their physicochemical properties. (n= number of variables). (D) Estimation of the
classifier quality, based on “leave-one-out” cross-validation in the training dataset. The top bar
plot  and pie  chart  show quality  estimates  calculated  on  the  total  dataset  (n=456),  while  the
bottom charts analyze only the classifications of fungal proteins (n=87) during the “leave-one-
out” cross validation. (E) Schematic overview of AMAPEC v1.0 showing its inputs and outputs
with an example of three proteins.
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Fig.  2. Predicted  antimicrobials  are  abundant  in  fungal  secretomes  and  exhibit  high
conservation. (A)  Selected set  of  three fungi  with broad phylogenetic  diversity  and distinct
lifestyles,  together  with the  functional  annotation  of  their  predicted secretomes.  Parts  of  the
secretomes framed with black rectangles were used for antimicrobial effector prediction with
AMAPEC. The species-level phylogenetic tree was generated with phyloT (phylot.biobyte.de)
based on NCBI taxonomy data (50). It is annotated with median taxa divergence times registered
in  the  database  TimeTree  (40).  (B)  Results  of  AMAPEC  antimicrobial  activity  prediction,
highlighting proportions and numbers of predicted antimicrobials in the secretomes (excluding
transmembrane  proteins  and  CAZymes)  of  the  arbuscular  mycorrhizal  Glomeromycota
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Rhizophagus irregularis (Ri), the saprophytic basidiomycete  Coprinopsis cinerea (Cc) and the
plant-pathogenic  ascomycete  Verticillium  dahliae (Vd).  (C)  Orthology  prediction  analysis
revealing the numbers of conserved predicted antimicrobial effectors (red Venn diagram) and
non-antimicrobials  (grey Venn diagram) across  the three secretomes.  On the  right,  a  barplot
shows numbers of secreted protein families and highlights with darker colors and a dash line the
proportions  of  conserved  antimicrobials  and  non-antimicrobials  across  the  three  secretomes.
Fisher’s exact test (odd’s ratio = 2.19, P = 3.6×10-4) revealed an overrepresentation of conserved
effectors  among  predicted  antimicrobials.  (D)  Analysis  of  the  150  most  conserved  secreted
protein families (according to orthology prediction) in a diverse dataset of 150 fungal genomes.
On the left, a phylogeny describes the genomic dataset composition, with phylogenetic classes
and lifestyles annotated in colors. In the central heatmap, each column corresponds to a secreted
protein family with black and white squares highlighting the presence/absence of these families
in each genome. Protein family conservation decreases from left to right. On top, a barplot shows
average protein sequence lengths. At the bottom, colored bars highlight the CAZyme annotation
or results of AMAPEC antimicrobial activity prediction performed on a representative member
of each protein family. (E) On the left, a barplot depicts numbers of predicted antimicrobial and
non-antimicrobial  families  (prediction  performed  on  one  representative  protein  per  family,
excluding  families  which  representative  protein  was  annotated  as  transmembrane  protein  or
CAZyme) across effector family conservation levels in the 150-genome dataset. On the right, a
scatterplot  presents  proportions  of  predicted  antimicrobials  along  the  same  effector  family
conservation  levels.  These  proportions  follow  a  significantly  descending  trend  according  to
Cochran-Armitage test (statistic = 5129.0,  P < 2.36×10-5). (F) Intra-family sequence diversity
indexes (Shannon alpha-diversity calculated from k-mer composition of amino acid sequences)
of effector families is plotted as a function of decreasing family conservation across the dataset
of 150 fungal genomes, with dot color corresponding to antimicrobial activity prediction on a
representative member of each family. A logarithm function was fitted to these data. Two protein
families  labeled  1  and  2  include  previously  experimentally  validated  fungal  antimicrobial
proteins (11, 29, 51).
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Fig. 3. Immunomodulatory effectors also possess antimicrobial properties.  (A) Scatterplot
showing the antimicrobial  activity  prediction for  fungal  effectors  from the curated PHI-base
database (36) together with their number of orthologs in our dataset of 150 fungal genomes as a
proxy for their conservation across the fungal kingdom. (B) Presence/absence patterns in the
dataset of 150 fungal genomes of eight secreted protein families, including effectors that were
previously demonstrated to act on plant hosts. On the right, a barplot shows the name of the
previously studied effectors together with their AMAPEC-predicted antimicrobial activity. The
eight  families  were  selected  because  they  include  a  highly  similar  protein  to  the  PHI-base
reference effectors (≥80% amino acid sequence identity), they show high conservation across the
fungal kingdom (family represented in ≥100 genomes in the 150-genome dataset) and because
the associated reference effectors are predicted antimicrobials  with highly confident structure
prediction  (mean  pLDDT  ≥  70).  Effector  names  in  bold  indicate  effectors  selected  for
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experimental validation of predicted antimicrobial activities. (C) Heatmap highlighting bacterial
growth restriction induced by the presence of 8 µM of effector protein in the growth medium. A
phylogenetically diverse set of 12 bacteria was used and is described with a species phylogeny
on the left (generated with Taxallnomy (52)). Each heatmap column corresponds to a different
fungal effector. Percentages of effector-induced growth restriction were calculated after 16 hours
of growth. Asterisks highlight significant differences between from bacterial growth in presence
and in absence of effector protein, identified with Student’s T-tests on area under curve (AUC)
values. (D) Heatmap highlighting fungal growth restriction induced by the presence of 8 µM of
effector protein in the growth medium. A phylogenetically diverse set of 7 fungi (4 yeasts and 3
filamentous fungi) was used and is described with species phylogeny on the left (tree generated
with  Taxallnomy  (52)).  Each  heatmap  column  corresponds  to  a  different  fungal  effector.
Percentages  of  effector-induced growth restriction  were calculated after  16 hours  of  growth.
Asterisks  highlight  significant  differences  between  from  fungal  growth  in  presence  and  in
absence of effector protein, identified with Student’s T-tests. More details on the results of  in
vitro assays depicted on panels C and D can be found in fig. S6-S15.
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Fig.  4. The  effector  Vd424Y  acts  in  Verticillium  dahliae  antagonism  towards  plant
microbiota  members.  (A)  Maximum-likelihood phylogenetic  tree (computed  with IQ-TREE
(53), model ‘LG’) of Vd424Y homologs in a dataset of 150 fungal genomes. These proteins
occur  in  the  same  subfamily  as  Vd424Y  (i.e. large  clade  identified  in  the  total  family
phylogenetic tree, see fig. S5). The tree was manually rooted at the protein identified as the
optimal outgroup by IQ-TREE and annotated with the lifestyles of the fungus secreting each
protein, the results of antimicrobial activity as well as the occurrence of a nuclear localization
signal (NLS), annotated using cNLS Mapper (54). The annotated NLS sequences in the effector
family are all identical (fig. S16, B). (B) Representative photographs of tomato plants upon mock
or fungal  inoculation in  a gnotobiotic  system in absence (sterilized matrix;  top)  or  presence
(recolonized matrix; bottom) of a soil microbiota. Fungal strains used for plant infections include
wild-type V. dahliae (Vd WT),  Vd424Y deletion mutant (Vd ∆424Y), and as a control, an Ave1
deletion mutant lacking the Ave1 effector previously demonstrated to contribute to  V. dahliae
virulence through both an antimicrobial  activity  targeting plant  microbiota  members  and the
manipulation of plant physiology (7, 41). (C) Tomato shoot fresh weight values reflecting plant
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health after mock or fungal inoculation in a gnotobiotic system. Plants were grown axenically
(sterilized matrix; white boxes) or in presence of microbes (recolonized matrix; grey boxes). The
Vd424Y deletion mutant (Vd ∆424Y) is highlighted with red boxplot borders. Between 38 and 52
tomato plants were grown per condition, over three independent biological replicates. Letters on
the  boxplot  highlight  significant  differences  between  treatments  identified  by  ANOVA test
(P<0.05) followed by Tukey HSD post-hoc test (adjusted P<0.05).
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