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Abstract

Variables of phytopathological interest correlated to the impact of plant diseases, such as incidence and severity, may
display a spatial pattern resulting from an underlying, yet unknown gradient. Along the main direction of the gradient the
variable assessed at the site level either increases, or decreases. Spatial gradients may also arise because of the movement
of a front of invasion, an imaginary moving contour separating areas already infested by a plant pathogen from those still
pathogen-free. Adequate geostatistical tools may shed light on gradients directional properties, as well as on the direc-
tion the front of invasion is coming from or moving to. Tools currently available for that may be impractical due to the
advanced computational and programming skills required for their application. Hence, the goals of this study were: (I)
to develop, test and validate a new user-friendly geostatistical tool named DirGrad (Direction of Gradient) aimed at ana-
lyzing spatial gradients resulting from the impact of plant diseases; (II) to build an algorithm able to run DirGrad on R,
one the most widespread open source software for statistics; and (III) to apply DirGrad for the ex post modelling of the
invasion front dynamics. The designed algorithm was successfully validated both in silico and in the field by using data
from real case studies such as those of the invasive fungal pathogens Heterobasidion irregulare and Ophiostoma novo-
ulmi in a forest stand of Central Italy and across the Swedish island of Gotland, respectively. The algorithm is released
as a user-friendly open-source script.

Keywords Algorithm - Biological invasions - Epidemiology - Monte Carlo method - Theoretical plant pathology

Introduction

Biological invasions following entry, establishment and
spread of alien plant pathogens are on the rise as a conse-
quence of massive international and intercontinental trade
of plant commodities, climate change, and human activity
altering ecosystems structure and functioning (Bradley et
al. 2010; Liebhold et al. 2017; IPPC Secretariat 2021). The
last two factors may also lead to the resurgence of endemic
diseases caused by native plant pathogens by contributing
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to their further spread and by increasing their impact, geo-
graphic distribution and host range (Anderson et al. 2004,
Raza and Bebber 2022).

Once plant pathogens invade newfound areas, the spatial
progression of the disease may be represented by an imagi-
nary moving contour (i.e. invasion front) dividing the space
in two regions. In the first region, the pathogen is present
and the disease is affecting the invaded ecosystems, while in
the other the pathogen is still absent (Azimzade et al. 2020).
Although for native plant pathogens the term “invasion
front” may be technically improper to define their local spa-
tial spread, the same concept of a moving contour separat-
ing colonized and non-colonized areas may apply. Indeed,
within the overall borders of their current distribution areas,
native pathogens may occupy new areas or spread across
ecosystems previously not infested (Labbé et al. 2017,
Numminen and Laine 2020). Hence, in the frame of this
study, the notion of invasion front will be used in a broad
sense, including both alien and native pathogens.
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The real-time mapping of the invasion front is possible
by conducting phytosanitary surveys over successive years
across a target geographic area, in combination with field
samplings followed by the diagnosis of the pathogen and
the quantification of its abundance and impact (Kottelen-
berg et al. 2021). The displacement of the invasion front
may also be assessed through the follow-up of the disease
symptom progression analyzed with the support of aerial or
satellite imagery acquired over time series, or at given time-
points (Prospero and Cleary 2017). However, the real-time
mapping of the invasion front displacement may be hardly
achievable due to practical constraints, and often the inva-
sion history of a given plant pathogen needs to be recon-
structed ex post from existing records, provided that they
are available. For instance, first/new reports usually include
information about the site coordinates and the date of detec-
tion of plant pathogens, thus providing the data needed to
appraise their progressive spread across a region. Just to
mention some relevant examples, real-time mapping or ex
post reconstruction of the invasion history of plant patho-
gens were applied to different case studies targeting:

e the bacterium Xylella fastidiosa subsp. pauca in Apulia
(Italy), the causal agent of the quick decline syndrome
of olive (Olea europaea L.) during the early 2000’ (Kot-
telenberg et al. 2021);

e the fungal ascomycete Cryphonectria parasitica (Mur-
rill) MLE. Barr in USA, the chestnut blight pathogen
leading to the virtual extinction of American chestnut
(Castanea dentata (Marsh.) Borkh.) at the beginning of
the 1900’ (Gravatt 1949);

e Hymenoscyphus fraxineus (T. Kowalski) Baral, Queloz
& Hosoya, an invasive ascomycete causing dieback on
ash (Fraxinus excelsior L.) since the first years of the
1990’ in Europe, where it has triggered one of the most
detrimental epidemics in forest ecosystems (Timmer-
mann et al. 2011; Queloz et al. 2017);

e Ophiostoma novo-ulmi Brasier, a fungus responsible of
the Dutch elm disease, associated with high mortality
rates on Ulmus spp. in North America and Europe since
the first half of the 1900°. The invasion of O. novo-ul-
mi across the pathogen-free zone of the Gotland island
(Sweden) was monitored extensively since the onset of
the first disease foci in 2005 until 2013, when most of
the territory was infested (Menkis et al. 2015).

The reconstruction of the spatial and temporal dynamics of
the invasion front may shed light not only on the history
of biological invasions or epidemic resurgences, but it may
also allow to make predictions on possible future scenarios
(Harwood et al. 2011). Modelling the spread of both alien
and native plant pathogens is a key topic for theoretical
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plant pathologists (Van Maanen and Xu 2003; Cunniffe et
al. 2015). Not surprisingly, an increasing body of literature
is devoted to the development of geostatistical tools to ana-
lyze invasion front dynamics (Azimzade et al. 2020; Kot-
telenberg et al. 2021). However, a relevant issue hampering
the modelling of the invasion front is represented by the
lack of spatial and temporal explicit data about the pres-
ence/absence of the pathogen (i.e. the data used to model the
spread of X. fastidiosa, C. parasitica, H. fraxineus and O.
novo-ulmi in the previously cited studies). Nonetheless, in
many cases, the progressive colonization of new ecosystems
by plant pathogens may result in a gradient, namely a spa-
tial trend of the pathogen’s incidence and impact increasing
along a given direction (Gregory 1968). Although many bio-
logical, ecological, epidemiological and evolutionary fac-
tors may influence the spread of plant diseases (Garbelotto
etal. 2010), sites where the pathogen’s arrival and establish-
ment occurred earlier are those more likely to display higher
levels of disease-related impact. For instance, Gonthier et
al. (2014) reported a reconstruction of the invasion history
of Heterobasidion irregulare Garbel. & Otrosina, a basid-
iomycete accidentally introduced in the 1940’ from US and
currently invasive in central Italy, where it causes root rots
and wood decay in conifer stands, in association with high
mortality rates of its hosts. This reconstruction was based
on previous studies connecting possible introduction path-
ways (Gonthier et al. 2004), the current distribution area
of H. irregulare (Gonthier et al. 2007), and the allelic rich-
ness of the pathogen’s population (Garbelotto et al. 2013).
Noteworthy, in sites were H. irregulare had established first,
canopy gaps associated with host mortality were substan-
tially larger, diminishing their average extent towards the
putative location of the invasion front (Gonthier et al. 2014).
Comparable findings were obtained from a study targeting a
completely different model system and spatial scale (Parker
et al. 1997). Following artificial inoculations conducted in
a tomato (Solanum lycopersicum L.) field, the foliar patho-
gen Septoria lycopersici Speg. induced symptoms of leaf
spot characterized by a spatial and temporal severity gradi-
ent (Parker et al. 1997). Indeed, disease severity raised with
time, while its magnitude displayed a decreasing trend at
increasing distances from the inoculation point (Parker et
al. 1997).

If spatial gradients resulting from the impact of plant
diseases arise, adequate geostatistical tools may shed light
on the directional properties of their underlying cause, such
as the density of the pathogen’s infectious inoculum, the
occurrence of suitable environmental conditions, as well
as the movement of the front of invasion (Gregory 1968;
Campbell and Noe 1985). Although the notion of gradient is
well-known in calculus, its assessment may be impractical
since it may involve vector algebra, manipulation of partial
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differential equations, or complex spatial interpolations,
requiring the support of specialized proprietary software or
high-level skills in computing and programming (Mitchell
2005, 2013; Crawley 2013; Oliver and Webster 2014; Awa-
nge and Palancz 2016; Lione and Gonthier 2016). In addi-
tion, plant pathologists analyzing disease gradients may be
often interested in finding the answer to a basic question:
which is the likely overall compass direction of the gradient,
putatively resulting from the movement of the front of inva-
sion? Hence, the goals of this study were: (I) to develop, test
and validate a new user-friendly geostatistical tool named
DirGrad aimed at analyzing spatial gradients resulting from
the impact of plant diseases assessed in the form of continu-
ous variables (e.g. incidence, severity, yield losses, and so
on); (I) to build an algorithm able to run DirGrad on one the
most widespread open source software available for statis-
tics (i.e. R); and (III) to apply and validate DirGrad for the
ex post modelling of the invasion front dynamics.

Materials and methods
Design of the DirGrad general algorithm

The general algorithm of DirGrad (Direction of Gradient)
was designed based on a series of biological and mathemati-
cal assumptions and conditions, as described below. For a
given number N ofsites S indexed by the subscript integer
i ranging from 1 to N, a continuous quantitative variable
of phytopathological interest ) is assessed at the site level.
For each site, the corresponding spatial Cartesian coordi-
nates (z, y) in a projected metric system are known. Since
the reference system translation is invariant for the purpose
of this algorithm, without loss of generality, site coordinates
are set to values © > 0 and y > 0. An arbitrary vertical
line perpendicular to the x-axis is defined outside the z
-range of sites and located towards the positive z semi-axis,

2
asfollows: TE = max (\/112 + y?) + 0,5\/ 1V<1 ) ’

In the previous equation max (\/ 2+ yf) is the maximal
distance separating sites coordinates from the origin of the

N-1

\2
reference Cartesian system (0,0), while 0 5\/ PO <""f‘"”>

is half the standard deviation of the sites coordinates (Craw-
ley 2013). The front of invasion is assumed linear in shape,
parallel to zp (i.e. with generic equation z = zr), and
progressing with time from zp towards the origin of the
reference system, so that £ < g and, for any At > 0,
TR(t+Aat) < TF(1).

New coordinates (z',3y’) of sites are calculated result-
ing from the anticlockwise rotation of the reference
system based on the angle «, according to the classi-
cal equations 2’ = xcosa + ysina for the z-axis and
Yy = —xsina + ycosa for the y-axis. Although the spa-
tial system of the Cartesian coordinates is arbitrary, without
loss of generality, the spatial directions corresponding to
angles o are labelled as octants, following the windrose (i.e.
compass) direction as follows: o« = 0° (East, E); o = 45°
(Northeast, NE); o = 90° (North, N) ); a = 135° (North-
west, NW); o = 180° (West, W); o = 225° (Southwest,
SW); o = 270° (South, S); and o« = 315° (Southeast, SE).
The above angles expressed in sexagesimal degrees corre-
spond to radians 0; 7; 7 ; iw T jw ; 37?; and _7171'

It is assumed that for a given, yet unknown angle o *
the distance d = |2’ — xp| determines the onset of a lin-
ear decreasing gradient of the variable of phytopathological
interest )\ in the form A (d) = md + ¢, with the constraint
m < 0and ¢ = —m - maz (d;). The gradient is also implic-
itly time-dependent, resulting from the passage of the mov-
ing front of invasion of the pathogen across the location of
each site. Hence, it is also assumed that )\ is an unknown
differentiable function f of time (¢), for which the property
01(‘9(;1-,0 > 0 applies. In other terms, if the front of invasion
TF(1) of a plant pathogen moving from direction o * crossed
a site Sj prior than another site sy, this implies that d; < dj,
and that A(d;) > A(dy), thus implying a monotonically
decreasing pattern of the spatial gradient.

The core of the DirGrad method is finding which
unknown octant o * determined the onset of the gradient
of the variable of phytopathological interest ) , thus recon-
structing the direction from which the front of invasion is
more likely to come from. Since the gradient A (d) is a linear
and decreasing function of (, the Pearson’s linear correla-
tion coefficient R (Crawley 2013) calculated between )\ and
d is expected to be minimal and negative for the value of
o * from which the front of invasion is coming from (i.e.
R, +), while maximal and positive at radians « * + = where
the front is moving towards (i.e. R, «:+,). Since, by defini-
tion, ¢ varies depending on the initial arbitrary location of
zp, the calculation of R is standardized and made compa-
rable among different sets of sites S by ranking the values of
d (Conover and Iman 1981). The value of o that minimizes
the Pearson’s linear correlation coefficient R between the
observed values of )\ and rank (d) is the outcome of the
algorithm assessing the most likely value of o *. The gradi-
ent directions are consequently assigned by accounting for
the sign and the magnitude of the index R, as follows: the
direction of a decreasing gradient from an octant O, (R <0)
to the opposite O, (R > 0) is expressed as O;—O, (¥R) and,
similarly, the direction of an increasing gradient from an
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octant O; (R>0) to the opposite O, (R<0) is expressed as
0,—-0, (xR).

The geostatistical approach proposed by Lione and Gon-
thier (2016) was fine-tuned to build an algorithm to assess
the performance of the DirGrad fitting. The bootstrap distri-
bution of R was obtained for each octant by sampling with
replacement the column-vector )\ from the original dataset
through 10* iterations, running the DirGrad algorithm on
all bootstrapped column-vectors ) * to derive the bootstrap
series of R™ values (Tibshirani and Efron 1993; Carsey and
Harden 2013; Crawley 2013). From the above bootstrap
distributions of R, the 0.05 and 0.95 quantiles were calcu-
lated to build a one-tailed test comparing the observed val-
ues of R to the corresponding critical thresholds R, ;s and
Ry 95 (Tibshirani and Efron 1993; Carsey and Harden 2013;
Crawley 2013; Lione and Gonthier 2016). Positive R values
were compared with R, o5, while negative ones were con-
trasted with R, s, retaining R, = and R+, if fulfilling the
conditions R, < Ry o5 and Ry «+» > Ro.95 (Tibshirani and
Efron 1993; Carsey and Harden 2013; Crawley 2013; Lione
and Gonthier 2016).

The resulting DirGrad algorithm was embedded in a
user-friendly R language script in order to be available as
open source tool for plant pathologists (Lione and Gonthier
2016; R Core Team 2023).

In silico application

The DirGrad algorithm was tested in silico by conducting
three separate runs: the first was conducted by applying the
algorithm to a simulated spatial gradient complying with the
underlying assumptions of the model, the second run was
carried out on a gradient violating such assumptions, while
the third run was performed on a gradient meeting only part
of the assumptions. Hence, the goal of the first runs was to
verify whether DirGrad could successfully reconstruct the
most likely compass direction of the gradient, putatively
resulting from the movement of a linear front of invasion.
Conversely, the goal of the second run was to check if the
algorithm could exclude the presence of a linear front of
invasion in case the front was circular. Finally, the third run
was aimed at testing if the DirGrad algorithm may be more
robust against violations of linearity than of monotonicity
in the increasing/decreasing pattern. All single-run applica-
tions of the DirGrad algorithm were conducted through the
R language script (see section “Results”) that was compiled
by following the theoretical approach outlined in the pre-
vious section. Spatial gradients constructed to conduct the
three runs were built as described below.

In the first run, a linear decreasing gradient of the vari-
able of phytopathological interest was built with the equa-
tion of A (d) parametrized by setting m = —3 and plotting

@ Springer

the resulting xy graph of the function within an x range set
from 0 to 10°. The above equation was used to simulate a
front of invasion coming from East and moving towards
West E-W (FR). Overall, N =20 sites were randomly
located in a Cartesian plane by drawing the corresponding
coordinates from a continuous uniform distribution (Carsey
and Harden 2013). The seeds for the single run simulation
(Carsey and Harden 2013) were fixed at 16,393 for x and
16,394 for y. A subsequent translation of the above coordi-
nates was conducted by adding a positive constant attaining
twice the minimum value extracted for the x-and y-coordi-
nate, respectively. To simulate a A (d) gradient from East
(0°) to West (180°), the equation following the application

2
‘ SN (wi-e .
Of'ma:L' (\/‘LZZ + yZQ) + 0.5\/ 1( ) for computing xg

N-1

was used, and the corresponding distances ¢ were calculated
accordingly prior to their inclusion in the A (d) equation.
The resulting values of \ were assigned to the simulated
site locations. Sites were labelled numerically with numbers
increasing with increasing values of ¢. Subsequently, for
the preselected values of o corresponding to each compass
octant, site coordinates rotation was calculated along with
the new corresponding distances from « g, while original )
values assigned were maintained unaltered. At any rotation,
the underlying gradient was rendered by using an ordinary
spatial kriging interpolation fitted with the spherical option
at 7 lags and 300 pixels raster resolution, corresponding to 8
A heatmaps (Awange and Palancz 2016; Olmedo 2022). A
visual assessment of the raster heatmaps was conducted to
check the consistency between the kriging interpolation and
the orientation of the simulated underlying gradient decreas-
ing from East to West. The consistency check was based on
the principle that, by construction, the heatmap color ramp
from right to left must correspond to the decreasing gradient
associated to the angle «, set for the coordinate system rota-
tion. The Pearson’s linear correlation coefficients R between
) and the ranked distances gathered from each value of o
were calculated. The correctness of outcome resulting from
the DirGrad algorithm was quantitatively assessed by veri-
fying that the value of o * minimizing R corresponded to
the A (d) gradient from East to West set to conduct the simu-
lation (i.e. minimum and negative R at 0°, maximum and
positive R at 180°). The performance of the DirGrad fitting
was assessed by testing whether the decreasing gradient
E—W (+R) fulfilled the condition R, + < Ry 5.

In the second run, a circular spatial gradient violating
the assumptions of linearity and with a pattern not mono-
tonically increasing/decreasing along any given direction
was built prior to the application of the DirGrad algorithm.
The circular spatial gradient was built from the probability
density of a bivariate normal distribution parametrized with
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1 =ps=0 and 01 =09=1 (Krishnamoorthy 2006)
and cropped within a squared Cartesian window with the
x and y range set from —3 to 3. A total of 50 points were
selected by randomly drawing their Cartesian coordinates
(x, y) from a uniform distribution with lower and upper
limits set to —3 and 3, respectively (Carsey and Harden
2013). The 50 corresponding values of the probability den-
sity obtained from the bivariate normal distribution were
assigned to )\ . The spatial gradient and the point locations
were rendered and analyzed with the DirGrad algorithm as
described for the previous run.

In the third run, a circular spatial gradient was built by
following the same process described for run 2, but only
the sector included in the first Cartesian quadrant and 13
point locations were considered. This gradient violated
the assumptions of linearity (i.e. the front was circular
and the pattern decreased non-linearly, deriving from a
Gaussian curve), was monotonically decreasing along
any given direction departing from the axes center (i.e.
S—N, SW—NE, W—E), but not from NW—SE or SE—
NW where decreasing/increasing monotonicity was not
met.

In silico validation

DirGrad was validated in silico through a series of Monte
Carlo simulations (Carsey and Harden 2013; Lione and
Gonthier 2016; Lione et al. 2016) conducted by mirror-
ing the approach described for the first run application of
the algorithm, although with some adjustments described
below.

The single scenario with the equation of A (d) param-
etrized by setting m = —3 was iterated for 10* random and
independent repetitions, each one drawing a different set of
N =20 sites. At each repetition, the linear gradient \ (d)
direction was maintained from East (0°) to West (180°).
A pre-allocation matrix was built to store the labels cor-
responding to each directional octant (column-wise), and
the values obtained from the Pearson’s linear correlation
coefficients R between )\ and the ranked distances at each
repetition (row-wise). At the end of the Monte Carlo simula-
tion the above matrix was pivoted by averaging the R val-
ues column-wise and calculating the associated 95% Bias
Corrected and accelerated confidence intervals (950,50,C1)
(DiCiccio and Efron 1996), whose bounds were obtained
from 10* bootstrap resamplings as described in Lione et
al. (2021). The correctness of outcome resulting from the
Monte Carlo simulation of the DirGrad algorithm was
appraised by checking that the barplot of the R averages dis-
played the lowest negative bar for the East octant column,
and the symmetric highest and positive bar for the oppo-
site direction (i.e. West octant column). Identical Monte

Carlo simulations were replicated with the same number of
iterations, by reparametrizing the equation of A (d) by set-
ting m=-5-10"", m=—-5-10% m=—5- 107%, and
m=—5- 107"

In field validation on case studies

The DirGrad algorithm was validated on two case studies
documenting the spread of invasive plant pathogens and the
spatial progression of their invasion front over the years.

The first case study deals with the colonization of
a 3030 ha forest stand in Central Italy (Sabaudia For-
est, Circeo National Park) by the alien fungal pathogen
Heterobasidion irregulare, well established in that site
mostly in association with its main host Pinus pinea L.
(Gonthier et al. 2012). Since its introduction in 1944 in
the Castelporziano area (Rome), H. irregulare has spread
by means of spores southward invading pine stands along
the Tyrrhenian coast and has reached the Sabaudia forest,
located approximately 70 km far from Castelporziano
(Garbelotto et al. 2013). The presence and abundance of
H. irregulare were assessed by monitoring the airborne
inoculum of the pathogen through a spore trapping assay
ten years apart (i.e. in 2006 and 2016) (Garbelotto et al.
2022). A total of 33 sampling points were established
across the Sabaudia forest, and the spore deposition rate
(DR, spores-m~2-h™") of H. irregulare was quantified for
each of such points in both time periods. The DirGrad
model was validated by testing whether the algorithm
could detect the most likely direction of the gradient
resulting from the movement of the front of invasion of H.
irregulare in the Sabaudia forest. The DirGrad algorithm
was run on data published in Garbelotto et al. (2022), by
using as input variables the sampling point coordinates
and their associated DR of H. irregulare assessed in 2016
(i.e. \).

The second case study deals with the progression of
the invasion front of Ophiostoma novo-ulmi affecting
Ulmus minor Mill. across the Swedish island of Gotland,
whose area covers approximately 3000 km* (Menkis et
al. 2015). The first detection of O. novo-ulmi in Gotland
dates back in 2005 (Menkis et al. 2015). From 2005 to
2013, monitoring was conducted on a yearly basis and
the presence/absence of O. novo-ulmi was assessed and
mapped across the whole island (Menkis et al. 2015).
Since DirGrad was not designed to cope with binary vari-
ables (e.g. presence/absence) and georeferred data about
the incidence of O. novo-ulmi were not available, the lat-
ter were appraised as follows. The distribution map of the
presence/absence of O. novo-ulmi in 2013 published in
Menkis et al. (2015) was acquired and load into WebPlot-
Digitizer version 4.7 to extract point coordinates, whose
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unit was set at raster-image pixel-level (Rohatgi 2024).
Fifty random points were selected and a buffer analysis
was conducted by counting the number of positive and
negative records of O. novo-ulmi within a circular radius
of 10 units from each point. The incidence of the patho-
gen (i.e. )\ ) for each point was calculated as the ratio
(%) between the positive records and the total number of
records included within each buffer. The DirGrad algo-
rithm was run by using as input variables the sampling
point coordinates and their associated incidence of O.
novo-ulmi.

1. Prepare the relevant data storing them in a .csv spreadsheet file with 4 columns titled “id_site”, “x”, “y”,

Results
Script of the DirGrad algorithm

The general algorithm of DirGrad resulted in the follow-
ing user-friendly script in R language. Each line of the
algorithm (in italics) can be copy/pasted as such to the R
console, by following the instructions provided for data
preparation (point 1) and the explanatory comments added
to clarify the code (points 2—15). The algorithm section to
assess the performance of the DirGrad fitting is reported and
commented from point 16 to 20.

CEENNTSNE T R TENC L RT3

phytovar”.

The first column represents the sites labels, the second and the third the sites coordinates, the fourth the value of the
variable of phytopathological interest scored at the site level (e.g. disease incidence, severity, and so on). The file should

be coded in MS-DOS format (i.e. column separator set as

Online Resource 1.
2. Load and attach the data into the R console:

1735 3]

TR

;” and decimal place separator at “.””) and look as shown in

data<-read.table(file.choose() header=T, sep= “;“,dec= “.")

s_mat<-as.matrix(data)
3. Calculate the current value of :

xE<-max(sqrt(s_mat[,"x”]"2+ s_mat[,"y”]"2))+0.5%sd(s_mat[,“x”])
4. Calculate the current value of the distance and embed it within the data matrix:

dist E<-abs(s_mat[," x”]-xE)
s_mat<-cbind(s_mat, dist E)

s mat<-s_mat[order(s_mat[,“dist E”], decreasing=FALSE), |

5. Vector listing the compass directions analyzed:
dir<—c(“E ’)’ ‘(NE ’)’ {(N)!’ ({NW!)’ ““ W}), “SW)!’ ((S ))’ ((SE )))

6. Vector listing the radians corresponding to each compass direction:
alpha<-c(0,pi/4,pi/2,(3/4) *pi, pi, (5/4)*pi, (3/2) *pi, (7/4) *pi)

7. Vector listing the sexagesimal degrees corresponding to each compass direction:
degrees<-c(“0°”,“45°7,90°”,“135°”,“180°”,“225°”,“270°",“315°")

8. Pre-allocation vector of the Pearson’s linear correlation coefficients (R):

R _Pearson<-numeric(8)
9. Starting the loop assessing the 8 compass octants:
for (iin 1:8) {

10. Rotation of the reference system and re-calculation of site coordinates and distances from :
x_rot<-s_mat[,’x’] *cos(alpha[i]) + s_mat/[,'y’] *sin(alpha[i])
y_rot<--s_mat[, x| *sin(alpha[i]) + s_mat[,"y | *cos(alpha[i])

dist E rot<-abs(x_rot-xE)

11. Retrieval of data excluded from the reference system rotation (i.e. the site label and the variable of phytopathological

interest )
id_site original<-s_mat[,‘id_site’]
phytovar original<-s_mat[, phytovar’]

12. Building of the new data matrix following the coordinate system rotation:
s_mat_rot<-cbind(id_site original, x_rot,y rot, phytovar_original, dist E rot)
s_mat _rot<-s_mat_rotforder(s_mat_rot[, dist E rot’], decreasing=FALSE), |

s _mat rot

13. Pearson’s linear correlation coefficient R calculated after each rotation of the reference system:
R_Pearsonfi]<-cor.test(s_mat_rot[, ‘phytovar original’], rank(s_mat_rot[,"dist E rot”]))3estimate

@ Springer



Journal of Plant Pathology (2024) 106:1697-1713 1703

14.

15.

16.

17.

18.

19.

20.

Ending the loop started at point 9:

}

Resulting output listing for each octant the corresponding R values:

data.frame(dir, alpha, degrees, R_Pearson)

This section of the algorithm starts the process to conduct the bootstrap tests assessing the performance of the DirGrad
fitting. The user can specify the number of bootstrap samples to draw from the column-vector present in the original
dataset. The number of samples is set by default to 10*. A pre-allocation matrix is built to store the bootstrap distribution
of the R" values for each octant direction:

NBOOT<-10,000

Rsim = matrix(nrow = 8,ncol = NBOOT)
rownames(Rsim)=c(“E”,“NE”,“N",“NW”,“W”,“SW”,“S”,“SE”)

The loop to iterate the bootstrap resampling of the column-vector is initiated:

VARIABILE = data$phytovar
for (kin 1:NBOOT)

{

phytovar = sample(VARIABILE, length(VARIABILE), replace =T)

The DirGrad algorithm described in points 2—15 is run iteratively on each bootstrap sample:
id_site =data$id_site

x=data$x

y=data8y

data<-data.frame(id_site, x,y, phytovar)

s_mat<-as.matrix(data)

xE<-max(sqrt(s_mat[,"x”]"2 +s_mat[,"y”]"2)) + 0.5%sd(s_mat[,"x”])

dist E<-abs(s_mat[," x”]-xE)

s_mat<-cbind(s_mat, dist E)

s_mat<-s_mat[order(s_mat[,"dist E”], decreasing=FALSE), |

dir<-c(“E”,“NE”,“N”,“"NW” “W”,“SW”,“S”,“SE”)

alpha<-c(0,pi/4,pi/2,(3/4) *pi, pi, (5/4)*pi, (3/2) *pi, (7/4) *pi)
degrees<-c(“0°”,“45°7,90°”,“135°7,“180°",225°”,%270°",“315°")

R _Pearson<-numeric(8)

for (iin 1:8) {.

x_rot<-s_mat[,x ] *cos(alpha[i]) + s_mat/[,y’] *sin(alpha[i])

y_rot<--s_mat[, x| *sin(alpha[i]) +s_mat[,"y ] *cos(alpha[i])

dist E rot<-abs(x_rot-xE)

id_site_original<-s_mat/[,‘id_site’]

phytovar_original<-s_mat{, phytovar’]

s_mat_rot<-cbind(id_site_original, x_rot,y rot, phytovar_original, dist E rot)
s_mat_rot<-s_mat_rotforder(s_mat rot[,‘dist E rot’], decreasing =FALSE), |

s _mat rot

R_Pearsonfi]<-cor.test(s_mat_rot[, ‘phytovar original’], rank(s_mat_rot[,“dist E rot”]))3estimate
/

The bootstrapped series of R values are stored in the pre-allocation matrix and the loop is ended:
Rsim/[, k] =R_Pearson

/

The critical thresholds R o5 and Ry o5 are calculated for each octant direction:
inf=function(vect) {quantile(vect, prob=0.05)}

sup = function(vect) {quantile(vect, prob=0.95)}

apply(Rsim, 1 inf)

apply(Rsim, 1 ,sup)

A script without comments ready to be copied/pasted in block into the R console is provided as supplementary material
(Online Resource 2).
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In silico application of the DirGrad algorithm

For the first run application of the DirGrad algorithm, the
construction of the decreasing gradient from East (0°) to
West (180°) of the variable of phytopathological interest
A (d) resulted in a linear function whose trend decreased
with increasing values of the distance ¢, consistently with
the parametrization m = —3 (Fig. 1).

The 20 sites randomly located in a Cartesian plane showed
coordinates z ranging from 4.082 to 12.401, and ¥ from
1.437 to 10.488. The value of g attained 17.442, and was
external to the cloud of site locations (zp > max(x;)). The

distance ¢ separating sites from Zg achieved a minimum
of 5.041 and a maximum of 13.360. The assignment of the
) values to sites was consistent with the gradient applied,
attaining the highest value (24.957) in site 1, which was the
closest to =z, while the lowest value (0) was reached in site
20, the furthest to zz. At increasing distances from Z g, the
sites displayed decreasing values of )\ from East to West
(Fig. 2).

The visual assessment of the ordinary spatial kriging
interpolation indicated that the underlying gradient was
mainly oriented from East to West (corresponding to octant
E and rotation o = 0°). Conversely, all other rotations

A
1000 1500 2000 2500 3000
| | |
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|

T T T
0 200 400

T T T
600 800 1000
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d ’West

Fig. 1 Linear decreasing gradient from East to West (see arrow) of the variable of phytopathological interest A (d) parametrized with m = —3

as a function of the distance ¢ (adimensional units)

West

East

25
|

20

10
1

1 2 3 4 5 6

Fig.2 Values of the variable of phytopathological interest )\ displayed
by sites simulated to run the DirGrad algorithm. In the barchart, sites
are labelled from 1 to 20 based on their location from East to West,
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(o =45°,90°, 135°, 180°, 225°, 270°,315°) did not
produce raster images whose heatmaps could display a
right-to-left color ramp consistent with the simulated gradi-
ent direction set by construction (Fig. 3).

The outcome of the DirGrad algorithm was consistent
with the results obtained from the visual assessment of the
raster heatmaps produced through the kriging spatial inter-
polation. DirGrad was able to successfully reconstruct the
direction of the gradient set by construction by simulating
a front of invasion coming from East and moving towards
West. Indeed, the value of o * minimizing Pearson’s linear
correlation coefficient R between the observed values of )
and rank (d) was 0°, leading to the minimum and nega-
tive R = —0.979, while the corresponding o * + 7 (180°)
resulted in the maximum and positive R value of 0.979 (i.e.
front of invasion movement E—»W, F0.979). Such R val-
ues fulfilled the conditions R, + < Rg5 and Re «+r > Ro.gs
, with Ry 05 = —0.382 and R g5 = 0.382. All R values pro-
duced by the other rotation angles o« were either higher than
—0.979, if negative, or lower than 0.979, if positive, thus
indicating that other underlying gradient directions were
less likely than the East-West one (Table 1).

For the second run application of the DirGrad algorithm,
the construction of a circular spatial gradient violating the
assumptions of linearity and with a pattern not monotonically
increasing/decreasing along any given direction resulted in
a raster with highest probability density values close to the
origin of the Cartesian system, circularly decreasing towards
the borders of the squared window, as shown by the cor-
responding kriging interpolation (Fig. 4). The 50 sites ran-
domly located in a Cartesian plane displayed coordinates z
ranging from —2.869 t0 2.973, and ¥ from —2.724 to 2.886,
with probability density assigned to ) included between
3.867-107° and 1.500-107". The second run of the DirGrad
algrorithm excluded the presence of a linear front of inva-
sion when the front shape was circular. Indeed, all octants
displayed Pearson’s linear correlation coefficients R close
to 0, with values between +3.42:107% and +7.88-1072, and
none of the R values fulfilled the conditions R, < R
and R« > Ro.g5 since Ro 5 < —0.230 and Ry 95 > 0.230.

The third run application of the DirGrad algorithm
resulted in a pattern circularly decreasing towards the bor-
ders of the first quadrant of the Cartesian plane, as shown
by the corresponding kriging interpolation (Fig. 5). The
outcome of the algorithm showed the presence of three sig-
nificant linear monotonic decreasing gradients SW—NE
(¥0.896), W—E (0.727), and S—N (F0.640) that fulfilled
the conditions R+ < Rg5 and Ra+ir > Ro.gs, with Ry s
scoring at —0.468, —0.474, —0.472 and Rgg; at —0.468,
—0.474, —0.472, respectively. Instead, NW—SE (F0.151)
and SE— NW (+0.151) were not scored as significant with
critical values having absolute values over 0.45.

In silico validation of the DirGrad algorithm

The DirGrad algorithm was successfully validated through
the in silico experiment conducted by using Monte Carlo
simulations. The iterations carried out with the equation
of A (d) parametrized by setting m = —3 led to results
similar to those outlined in the single run described in the
previous section. The barplot of the Monte Carlo aver-
ages obtained for the Pearson’s linear correlation coef-
ficient displayed the lowest negative bar for the East
octant column (R = —0.981), and the symmetric highest
and positive bar (R = —0.981) for the opposite direction
(i.e. West octant column) (Fig. 6). Comparable results
were obtained from the Monte Carlo simulations carried
out when reparametrizing the equation of A (d) by set-
ting m=—5- 107", m=—-5- 1072, m = —5- 1073, and
m = —5- 10~14. Hence, the in silico validation confirmed
that DirGrad could successfully reconstruct the direction
of the gradient set by construction by simulating a front
of invasion coming from East and moving towards West.

In field validation on case studies

The application of the DirGrad algorithm to the case study
reported in Garbelotto et al. (2022) showed that the front
of invasion of H. irregulare at the stand scale moved more
likely from NE to SW (NE—SW, %0.430). The condi-
tions Ry + < Rogs and Ra+r > Rogs were fulfilled, with
Ro.05 = —0.289 and Ry g5 = 0.289. Although with milder R
values, also the direction from N to S (N—S, ¥0.371) was sig-
nificant, fulfilling the above conditions with Ry g5 = —0.295
and Rgg5 = 0.295. Conversely, all other octants did not dis-
play significant R values (Table 2).

The run of the DirGrad algorithm to the case study
described in Menkis et al. (2015) was applied on )\ values
ranging from 0 to 95%, with an average of 54%. The outcome
of DirGrad showed that O. novo-ulmi progressed across the
island of Gotland through a front of invasion likely moving
from N to S (N—S, 70.628). The conditions R+ < Rq5
and Ra *yg > R().gg) were fulﬁlled, with R,0<()5 = —0.235 and
Ro.95 = 0.235. Other significant directions displaying lower
R values were NE—-SW (50.563) and NW—SE (F£0.598),
while the remaining directions did not fulfill the conditions
Ra* < Rogs and Ry +47 > Rogs (Table 3).

Discussion

Reliable statistical and geostatistical tools are required to model
the spatial and temporal dynamics of diseases affecting crops,
forests and ornamentals (Cunniffe et al. 2015). In particular,
explicit spatial modelling is of paramount importance not only
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Fig. 3 Maps of the sites whose location was simulated for the first run
application of the DirGrad algorithm and corresponding heatmaps of
the ordinary spatial kriging interpolation of the variable of phytopatho-
logical interest )\ . Sites are labelled from 1 to 20 based on the original
simulated gradient decreasing linearly from East to West by construc-
tion (corresponding to octant E and rotation o« = (°) (panel a). The
panels from b) to h) correspond to the rotations of the reference system

to investigate the spread of invasive alien plant pathogens, but
also to better understand the resurgence patterns of native ones
(Anderson et al. 2004; Raza and Bebber 2022). Models based
on geostatistical approaches are constantly implemented in
the framework of computational biology, numerical ecology
and quantitative risk assessment applied to plant pathology,
with the ultimate goal of supporting more practical activities
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based on angles o other than 0°, which are indicated on the top of
each panel in sexagesimal degrees, along with the corresponding com-
pass directions expressed as octants. Warmer colors of the heatmap are
associated with higher values of )\ . The color ramp from warm to cold
colors indicates a decreasing gradient of )\ . Spatial coordinates are in
adimensional units

promoting plant health (Lione and Gonthier 2016; Gilioli et al.
2017; Garrett et al. 2018). The latter may include the optimiza-
tion of strategies for phytosanitary monitoring, the implemen-
tation of more efficient decision-making processes in plant
health policy, and the design and application of more timely
and effective approaches for disease control and management
(Benninga et al. 2012; Lione et al. 2017; Rossi et al. 2010).
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Table 1 Outcome of the first run of the DirGrad algorithm applied to a simulated linearly decreasing spatial gradient

Compass octant o « R Gradient direction Critical R
(sexagesimal degrees) (radians)

E 0° 0 -0.979 a* —-0.382

NE 45° 0.785 —-0.632 - -0.377

N 90° 1.571 0.212 - 0.388

NW 135° 2.356 0.780 - 0.383

w 180° 3.142 0.979 a*+71 0.382

SW 225° 3.927 0.632 - 0.377

S 270° 4.712 -0.213 - —0.388

SE 315° 5.498 —0.780 - —0.383

For each compass octant and related angle o expressed in sexagesimal degrees (°) and radians, the corresponding Pearson’s linear correlation
coefficient R is reported. The direction of the gradient reconstructed by the algorithm (i.e. the direction from which the front of invasion is more
likely to come from) is indicated as v *, while the opposite direction (the direction towards which the front of invasion is more likely to move)
is labelled as v * + 7. The first angle results in the lowest and negative R value, the second to the highest and positive one. The critical values

Ry 5 and R 5 are reported for negative and positive R coefficients, respectively

-2

-2 -1 0 1 2

Fig. 4 Maps of the sites whose location was simulated for the second
run application of the DirGrad algorithm and corresponding heatmap
of the ordinary spatial kriging interpolation of the variable of phyto-
pathological interest )\ . The values of )\ are drawn from a bivariate
normal distribution centered in the origin of the Cartesian window to
simulate a circular spatial gradient. Warmer colors of the heatmap are
associated with higher values of )\ . The color ramp from warm to
cold colors indicates decreasing values of )\ . Spatial coordinates are
in adimensional units

Methods to model plant disease dynamics and impact
can take advantage from several deterministic or stochastic
techniques that can be used to appraise spatial and temporal
patterns of plant diseases for different host-pathogen-envi-
ronment combinations (for a comprehensive overview see,
for instance, Van Maanen and Xu 2003; Garrett et al. 2004;
Hothorn et al. 2006; Kéry 2010; Carsey and Harden 2013;
Crawley 2013; Lahcene 2013; Cunniffe et al. 2015; Dobrow
2016; Lione and Gonthier 2016; Lantz 2019; Thompson
and Brooks-Pollock 2019). Nonetheless, the application of

0.5 1.0 1.5 2.0 25

Fig.5 Maps of the sites whose location was simulated for the third run
application of the DirGrad algorithm and corresponding heatmap of
the ordinary spatial kriging interpolation of the variable of phytopatho-
logical interest )\ . The values of )\ are drawn from a bivariate normal
distribution centered in the origin of the Cartesian window to simulate
a circular sector spatial gradient cropped within the first quadrant of
the Cartesian plane. Warmer colors of the heatmap are associated with
higher values of )\ . The color ramp from warm to cold colors indicates
decreasing values of )\ . Spatial coordinates are in adimensional units

modern modelling techniques may require specific compe-
tencies and skills in advanced mathematics, statistics, com-
putational biology, GIS science and programming (Mitchell
2005, 2013; Crawley 2013; Oliver and Webster 2014; Awa-
nge and Palancz 2016; Lione and Gonthier 2016). Hence,
the availability of cutting-edge, yet user-friendly compu-
tational tools could help plant pathologists to test relevant
hypotheses about the biology, ecology and epidemiology
of pathogens, based on results gathered from geostatistics
(Lione and Gonthier 2016).
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\ economic resources (Coulston et al. 2008). In the absence
of a real-time mapping, the need of ex post reconstruction of
the invasion front dynamics may arise, hence the opportu-

o | nity of developing user-friendly geostatistical tools support-

o

Pearson's R
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Fig. 6 Barplot of the Pearson’s linear correlation coefficients R aver-
ages obtained from Monte Carlo simulations conducted over 10* itera-
tions. Whiskers display the bounds of the associated 95% Bias Cor-
rected and accelerated confidence intervals (950,50,CI). R averages are
shown for each octant, with the lowest negative bar for the East octant,
and the symmetric highest positive bar for the West one

Modelling the front of invasion of alien pathogens, or
the front of colonization of native ones infesting new areas
within their current distribution range (in this study both
referred to as “front of invasion”) is a key challenge in epi-
demiology (Kottelenberg et al. 2021). Three main aspects
need to be elucidated when modelling the front of inva-
sion: its shape, movement rate and direction (Kottelenberg
et al. 2021). Through extensive phytosanitary monitoring,
real-time mapping of the pathogen’s spread can provide
huge amounts of data to build accurate models unravelling
all the above aspects (Menkis et al. 2015; Kottelenberg et
al. 2021), yet several practical constraints may hamper the
feasibility of this approach, including the lack of adequate

ing plant pathologists in this task.

In this study we designed and tested DirGrad (Direc-
tion of Gradient), an algorithm we specifically constructed
to assess the overall spatial direction of the gradient deter-
mined by a variable of phytopathological interest associated
with the impact of a plant disease. Such quantitative variable
might be the incidence of the target pathogen, the severity of
the disease on its hosts, an estimate of the economic losses
determined by the onset of an epidemic, and so on.

DirGrad was designed to analyze data resulting from the
assessment of a variable of phytopathological interest in dif-
ferent sites, for which the spatial coordinates are known. If
an underlying increasing or decreasing gradient affects the
spatial pattern of the variable along a given direction, Dir-
Grad is able to identify such direction by providing a series
of quantitative likelihood metrics (i.e. values of the Pear-
son’s linear correlation coefficient R) and a criterion for their
selection (i.e. minimum/maximum R). More importantly,
since spatial gradients may result from the passage of the
front of invasion of plant pathogens (Gregory 1968), a key
application of the DirGrad algorithm is to reconstruct the
prevalent direction of the invasion front. By construction,
DirGrad produces as output an estimate of the likelihood
that the front may originate from a given compass octant
and move towards its opposite (e.g. from North to South
N—S, from Northeast to Southwest NE—SW, and so on).
One of the core advantages of DirGrad relies on its user-
friendly appeal. Indeed, the algorithm can be run by sim-
ply copy/pasting the code on the R console (R Core Team
2023), without any additional setting operation needed. The
only necessary input is a spreadsheet reporting the names
of the sites, their spatial coordinates, and the correspond-
ing value of the variable of interest (e.g. disease incidence,

Table 2 Outcome of the run of the DirGrad algorithm applied to the invasion front of Heterobasidion irregulare at Sabaudia Forest

Compass octant « « R Gradient direction Critical R
(sexagesimal degrees) (radians)

E 0° 0 —0.006 - —0.285
NE 45° 0.785 -0.431 a* —-0.289
N 90° 1.571 -0.371 - —0.295
NW 135° 2.356 —0.245 - -0.297
W 180° 3.142 0.006 - 0.285
SW 225° 3.927 0.430 a*+T 0.289

S 270° 4712 0.371 - 0.295

SE 315° 5.498 0.245 - 0.297

For each compass octant and related angle o expressed in sexagesimal degrees (°) and radians, the corresponding Pearson’s linear correlation
coefficient R is reported. The direction of the gradient reconstructed by the algorithm (i.e. the direction from which the front of invasion is more
likely to come from) is indicated as v *, while the opposite direction (the direction towards which the front of invasion is more likely to move)
is labelled as v * + 7. The first angle results in the lowest and negative R value, the second to the highest and positive one. The critical values
Ry 05 and Ry o5 are reported for negative and positive R coefficients, respectively
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Table 3 Outcome of the run of the DirGrad algorithm applied to the invasion front of Ophiostoma novo-ulmi in the Swedish island of Gotland

Compass octant o « R Gradient direction Critical R
(sexagesimal degrees) (radians)

E 0° 0 —0.087 - -0.232
NE 45° 0.785 —0.563 - —0.235
N 90° 1.571 —0.628 ot —-0.235
NW 135° 2.356 —0.598 - —-0.234
w 180° 3.142 0.087 - 0.232
SW 225° 3.927 0.563 - 0.235

S 270° 4.712 0.628 a*+T 0.235

SE 315° 5.498 0.598 - 0.234

For each compass octant and related angle o expressed in sexagesimal degrees (°) and radians, the corresponding Pearson’s linear correlation
coefficient R is reported. The direction of the gradient reconstructed by the algorithm (i.e. the direction from which the front of invasion is more
likely to come from) is indicated as v *, while the opposite direction (the direction towards which the front of invasion is more likely to move)
is labelled as v * + 7. The first angle results in the lowest and negative R value, the second to the highest and positive one. The critical values
Ry 5 and R 5 are reported for negative and positive R coefficients, respectively

severity, impact, etc.). Not secondarily, R is one of the most
widespread software for statistics worldwide and it is freely
available as open source tool (Crawley 2013). The Dir-
Grad algorithm itself is released as an open-source script,
thus it could be prospectively redistributed, modified, and
improved, or embedded in other existing statistics or GIS
software used by plant pathologists or by a more general
audience. Another relevant advantage of DirGrad over
other more complex methods (e.g. kriging spatial interpola-
tion, kernel density estimates) is the lack of ambiguity in
the outcome (Awange and Palancz 2016; Lione et al. 2017;
Olmedo 2022). Indeed, spatial interpolation resulting from
kriging or kernels may vary depending on different settings
of the algorithm, including the raster resolution and the
arbitrary choice of the interpolating procedure (Awange and
Palancz 2016; Lione et al. 2017; Olmedo 2022). Thus, the
resulting raster either needs a visual interpretation, or some
further advanced computational analyses (Mitchell 2005,
2013; Crawley 2013; Awange and Palancz 2016; Lione et
al. 2017). Conversely, the DirGrad outcome is rather basic,
providing a single list of octants associated with a vector
of Pearson’s R values, among which the choice is predeter-
mined by a unique selection criterion. The criterion is rather
easy to implement because the most likely provenance
direction of the decreasing gradient, putatively resulting
from the movement of the front of invasion, is indicated by
the minimum negative value of R. Since by construction R
is a correlation index whose strength is higher for values
approaching —1 (for R <0) and lower for values close to 0
(Crawley 2013), the magnitude of R is by itself a proxy of
the magnitude of the gradient directionality. Nonetheless, to
assess the goodness of fit of the model, a one-tailed boot-
strap test (Tibshirani and Efron 1993; Carsey and Harden
2013; Crawley 2013) was included in the DirGrad algorithm
based on the geostatistical approach proposed by Lione and
Gonthier (2016). Such approach allows to test the strength

of a spatial pattern by constructing the empirical distribu-
tion of the variable of phytopathological interest under the
null hypothesis implying the absence of an explicit spa-
tial structure of the variable. Since the DirGrad output is
symmetric, meaning that opposite octants result in R value
identical in module but opposite in sign, a one-tailed test is
likely more appropriate than a two-tailed alternative. In case
multiple R values are significant, this would mean that dif-
ferent directions of the gradient are possible, although their
likelihood decreases with decreasing modules of the associ-
ated R values.

Notwithstanding the above mentioned advantages, as
any model, DirGrad relies on theory and assumptions that
should be carefully accounted for prior to its application
and, with even more emphasis, for the biological interpre-
tation of the outcomes. For these reasons, computational
tools need to be validated prior to their release. In our study,
DirGrad was successfully validated both in silico on simu-
lated datasets, and on data gathered from real case studies
investigating the invasion biology of plant pathogens at dif-
ferent spatial scales (from some thousand hectares to some
thousand square kilometers) and involving different patho-
systems (a basidiomycete causing root rot and wood decay
on conifers and an ascomycete causing a vascular disease
on broadleaves).

The most relevant assumptions refer to the mathemati-
cal structure of the gradient, assumed to be linear and with
a monotonically decreasing spatial pattern. When such
assumptions were met in silico, DirGrad proved to be reli-
able and correctly identified the overall gradient direction, as
shown by the results obtained from the first run application
and from the subsequent Monte Carlo simulations. Instead,
as expected, DirGrad failed to detect the presence of a lin-
ear decreasing gradient during the second run application,
where the gradient was non-linear and non-monotonically
decreasing. Interestingly, in the third run application, where
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linearity was violated but monotonicity was not, DirGrad
correctly identified three equally likely directions of the sim-
ulated decreasing circular gradient. Along the only direction
where the gradient was both non-linear and non-monotonic,
DirGrad did not display a significant R value. Such results
suggest that the model is reliable in the detection of linear
and monotonically increasing or decreasing gradients, is
robust when linearity is violated, while it cannot detect gra-
dients whose spatial pattern does not meet the monotonicity
assumption (i.e. gradients that alternate increasing/decreas-
ing values along a given direction). It seems likely that the
rank operator embedded in the DirGrad algorithm increases
its robustness (Conover and Iman 1981), minimizing the
influence of the non-linearity of the gradient.

The application of DirGrad for the modelling of the front
of invasion is based not only on mathematical assumptions,
but also on conditions that the front of invasion should ful-
fill: (I) the front shape is linear; (II) the front and its associ-
ated gradients are unique (i.e. there are no multiple fronts
or overlapping gradients); and (III) once the front of inva-
sion has crossed the site, the associated variable of phyto-
pathological interest increases in magnitude over time. In
the absence of historical records from phytosanitary sur-
veys, it is unknown whether those conditions are met, or
not. Applying DirGrad to two case studies documenting the
past dynamics of invasion fronts allowed for the validation
of the model’s performance in the field. Indeed, although the
pathosystems and the spatial scales of the two selected case
studies were clearly different, the algorithm correctly iden-
tified the directions of displacement of the invasion fronts
consistently with the scenarios described in the literature
based on field evidence (Garbelotto et al. 2022; Menkis et
al. 2015). At the regional scale, both H. irregulare and O.
novo-ulmi spread across the invaded ecosystems from sin-
gle points of introduction, hence a circular rather than a lin-
ear gradient would have been expected. However, the front
of invasion of H. irregulare crossed the Sabaudia forest sev-
eral km far from the site of first introduction (i.e. approxi-
mately 70 km) and at that spatial scale (i.e. a forest stand
of some tenth km? over an invaded area of several hundred
km?) its shape may well approximate a straight line. In the
case of O. novo-ulmi, although the available maps (Menkis
et al. 2015) show the progression of the Dutch elm disease
from a single point of introduction, the shape of the front
of invasion is more linear than circular, possibly because
of the host spatial distribution pattern. Northward the point
of introduction in Gotland, a large gap is visible where no
elm trees are present. Hence, the pathogen had likely moved
asymmetrically towards the southern sectors of the island
where hosts were much more abundant. The host distribu-
tion is likely a key factor influencing the spatial progression
of the front of invasion. Not surprisingly, H. irregulare in
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the Sabaudia forest showed significant displacements of the
front of invasion from NE to SW and from N to S, which
are the directories across which large patches of P, pinea are
present (Gonthier et al. 2012). It should be noted that the
validation in silico and on different case studies in the field
also suggests that the algorithm can be used to assess gradi-
ents at different spatial scales, including the host plant, crop,
ecosystem, landscape, regional or intercontinental levels.

In addition to the host distribution, the properties of the
front of invasion may depend upon several other factors,
such as the landscape fragmentation, the pathogen’s popu-
lation density, its reproductive potential, the means through
which the infectious inoculum can be dispersed (e.g. wind,
water, insect vectors) and the distance it can reach, the effects
exerted on the pathosystem by environmental variables (e.g.
climate) and agricultural/silvicultural/land management
practices, the carrying capacity of the invaded ecosystems,
the presence of multiple points of introduction and physi-
cal or biological barriers (Plantegenest et al. 2007; Mundt
et al. 2009; Azimzade et al. 2020). Nonetheless, based on
in silico and on field case-studies validations, DirGrad
is expected to perform adequately when: (I) in the region
under investigation, the pathogen establishment and spread
occurred from a single point; (II) the newly colonized area is
rather homogeneous (i.e. lack of excessive fragmentation of
the spatial distribution of suitable habitats, uniform manage-
ment practices, and absence of additional biotic or abiotic
random disturbances); and (III) the disease progress led to
symptoms whose severity or impact increased over time. In
particular, the latter point deserves a special attention. For
instance, root rots and vascular diseases caused by patho-
gens spreading within a short range by means of root con-
tacts or grafts between neighboring host plants are likely to
fulfill this assumption. In relation to the case study referring
to the invasion of H. irregulare in Central Italy, mortality
centers and canopy gaps present in the invaded ecosystems
have been documented to enlarge over time (Gonthier et al.
2014). At the field level, the impact of a foliar disease may be
likely decreasing with increasing distance from the inoculum
source, while augmenting its severity over time (Parker et al.
1997) due to the rate of colonization of the host tissues by the
pathogen, or because of the presence of re-infection cycles.
Conversely, if chemical control treatments are carried out to
control the disease, the resulting spatial gradient of the sever-
ity at the field level might depend on the orientation of the
treated plots and on the applied dose of the product, rather
than on the movement of the front of invasion, as shown by
Franke and Menz (2007) targeting powdery mildew (Blume-
ria graminis (DC.) Speer) and leaf rust (Puccinia recondita
Roberge ex Desm.) pathogens on wheat.

It is worth noting that, as for any other model or statisti-
cal test, the application of DirGrad may be instrumental to
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highlight that some of the underlying model assumptions are
not met (Acutis et al. 2012; Crawley 2013), thus obtaining
clues to shed light on some peculiar trait of the pathosystem
under investigation. For instance, if the magnitudes of the
Pearson’s correlation coefficient R resulting from DirGrad
are comparable among different octants, this might sug-
gest that the pathogen was introduced from multiple points.
Since gradients are vector-based mathematical objects, their
direction obeys to the rules of vector algebra, hence a two-
fold front of invasion from North and from East might lead
to a higher R value corresponding to a single front coming
from Northeast, just to cite an example. Also the lack of
significant R values may suggest that some of the DirGrad
underlying conditions are violated, indicating that: (I) no
gradient is present; or (II) the gradient is not monotonic. In
the last case, either the gradient is non-linear, or multiple
introduction points of the pathogen are leading to alternat-
ing increasing/decreasing patterns of the gradient. Since the
assumptions of the model cannot be tested a priori, the blind
application of DirGrad (and of other similar geostatistical
tools) is not recommended. Indeed, while the detection of a
gradient and its direction may be successfully assessed by
using an algorithm, the expert advice from a plant patholo-
gist and the knowledge of the target pathosystem are pivotal
to decide how to run the model and to interpret the results
and their biological meaning. For instance, if a pathogen
is suspected to spread unevenly under some circumstances
leading to multiple disease gradients, the operator could
run the algorithm on a series of spatial scales and interpret
the outcomes accordingly. Indeed, while at local scale the
gradient may look multiple due to site-specific conditions,
at regional scale it might turn unique and display a single
consistent pattern across different sites. Similarly, the algo-
rithm outcome may be influenced by a high landscape frag-
mentation or by the presence of spatial gradients in the host
distribution. In such a case, comparing the host abundance,
disease impact and other environmental-related gradients
through DirGrad may shed light on the underlying causes of
the observed spatial patterns and unravel spatial-mediated
correlations interrelating the host-pathogen-environment
interactions. As an example, if the gradient of rainfall is
directed concordantly with that of disease impact, it is likely
that rainfall may be a relevant climatic variable explaining
the pathogen’s spread.

Although we did not test DirGrad on biological inva-
sions of organisms other than plant pathogens, such as alien
plants or insects pests, in principle no constraints should
arise when the algorithm applications are extended to
other model-systems. This holds true on condition that the
resulting spatial gradients are deemed comparable to those
resulting from invasive pathogens. It is worth noting that
the case study on O. novo-ulmi used to successfully validate

DirGrad refers to a fungal pathogen whose transmission
can occur both through root grafts and insect vectors (in the
case study, Scolytus multistriatus Marsham), suggesting that
the geostatistical tool developed and presented in this paper
could be flexible and suitable for other scientific fields such
as entomology and botany.

In conclusion, in this study we designed, tested and suc-
cessfully validated DirGrad, a new user-friendly geosta-
tistical tool to analyze the directional properties of spatial
gradients resulting from the impact of plant diseases. We
released DirGrad as open-source algorithm, discussing its
application for the modelling of the invasion front dynamics
of plant pathogens.
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