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Abstract 16 
The spatial distribution of disease risk caused by multi-pathogen infections is not 17 

frequently characterized, limiting understanding of the drivers of infection and thwarting 18 
prediction of future risk in a changing environment. Further complicating this predictive 19 
understanding is that interactions among multiple pathogens within a host commonly 20 
alter transmission success, infection risk, and disease dynamics. By characterizing spatial 21 
patterns of Barley and Cereal Yellow Dwarf Virus (B/CYDV) infections that range from 22 
the scale of an individual plant to thousands of neighboring plants, we examined the 23 
contributions of spatial processes to the distribution of disease risk. In a two-year field 24 
experiment, we planted grass hosts of B/CYDVs into fertilized plots of U.S. west coast 25 
grasslands. We determined how vector-sharing, environmental conditions, and spatial 26 
variation in host quality affected spatial patterns of single viruses, pairs of viruses, and 27 
the whole virus community across out-planted grass hosts. We found that single viruses 28 
and virus communities were spatially random, indicating that infection does not solely 29 
spread through the community in a wave-like manner. On the other hand, we found that 30 
pairs of viruses, especially those that share a vector species, were aggregated spatially. 31 
This suggests that if within-host competition exists, it is not strong. Aggregation in one 32 
pair of viruses was more frequent due to environmental conditions and spatial variation in 33 
out-planted host quality, measured as vector preference. These results highlight the 34 
importance of insect vectors for predicting the spatial distribution of coinfection risk by 35 
B/CYDVs.  36 
 37 
Key words:  barley and cereal yellow dwarf viruses, disease ecology, insect-vectored 38 
plant pathogens 39 
 40 
  41 
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Introduction 42 
Multi-pathogen infections can increase virulence and alter disease dynamics relative 43 

to single infections (Graham et al. 2007, Griffiths et al. 2011). While spatial patterns of 44 
disease risk are used to infer valuable information about disease spread, such as the mode 45 
of transmission, the distance between transmission events, and spatial variation in hosts 46 
or environmental conditions (Caraco et al. 2001, Jolles et al. 2002, Kikuti et al. 2015, 47 
Nessa et al. 2015), they are not well characterized for multi-pathogen infections (but see 48 
Raybould et al. 1999, Turechek and Madden 2000, Muller and van Woesik 2012). 49 
However, spatial patterns of communities of free-living organisms have been well studied 50 
and are influenced by dispersal, biotic interactions, and environmental heterogeneity 51 
(Bolker and Pacala 1999, Hanson et al. 2012, Benot et al. 2013). Recent applications of 52 
community ecology theory to multi-pathogen communities demonstrate that analogous 53 
processes (transmission, pathogen interactions, and variation in the host community) 54 
mediate the diversity of co-infecting pathogens within a host individual or population 55 
(Seabloom et al. 2015, Johnson et al. 2016, Mordecai et al. 2016). Therefore, it is likely 56 
that transmission, pathogen interactions, and spatial variation in hosts also contribute to 57 
the spatial patterns of pathogen communities, but the roles and strengths of these 58 
processes are unclear.   59 

The distance and mode of transmission between hosts likely influence the spatial 60 
patterns of multi-pathogen communities. If transmission of a single pathogen is localized, 61 
infection tends to be aggregated across hosts (i.e. infected hosts tend to be geographically 62 
close to other infected hosts, leading to spatially clustered occurrences of infection). 63 
However, if transmission is coming from a distant source, infection tends to be spatially 64 
random (Gibson 1997, Filipe and Maule 2004). Building on this, areas with higher initial 65 
prevalence have more local sources of infection, so they are more likely to have 66 
aggregations of infection (Jolles et al. 2002, Rappussi et al. 2012). If multiple species in a 67 
community have localized dispersal, communities that are geographically close to one 68 
another tend to have more similar species composition (i.e. the distance-decay 69 
relationship, Nekola and White 1999). Transmission mode also may affect the spatial 70 
patterns of pathogen communities. For example, the spatial patterns of pathogens 71 
vectored by insects are influenced by foraging behavior (McElhany et al. 1995, Ferrari et 72 
al. 2006). Different pathogens can share the same mode of transmission, such as insects 73 
or needles, which may lead to aggregation between these pathogens (Ridzon et al. 1997, 74 
Manguin et al. 2010, Hersh et al. 2014). 75 

Interactions among pathogens also can determine whether different pathogens are 76 
aggregated relative to one another, or regularly spaced (i.e. segregated from one another, 77 
like a checkerboard pattern). While facilitation between different free-living species 78 
causes aggregation, and competition leads to regular spatial patterns (Callaway 1995, 79 
Seabloom et al. 2005), the spatially continuous nature of these interactions does not 80 
easily extend to obligate pathogens. Pathogens can have facilitative or competitive 81 
interactions, but these are typically mediated through host resources or the immune 82 
system (Pedersen and Fenton 2007). In addition, the extent that pathogens overlap in their 83 
host specificity determines the frequency with which they will interact (Brisson and 84 
Dykhuizen 2004, Malpica et al. 2006, Johnson et al. 2016). Therefore, pathogens that 85 
successfully infect the same hosts and have positive or neutral interactions are expected 86 
to aggregate while those with different host “preferences” or negative interactions are 87 
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expected to segregate. However, these patterns are restricted to the scale of a host 88 
individual or smaller, as the presence of a pathogen in one host is unlikely to affect the 89 
presence of a different pathogen in a different host.   90 

Multiple factors, including genetics, nutrition, healthcare, and environmental 91 
conditions, affect host susceptibility and competence, measures of host quality. Overlap 92 
in host quality requirements among pathogens can contribute to the distance-decay 93 
relationship of pathogen communities if there is a spatial gradient in host quality (Bell 94 
2010, King et al. 2010, Astorga et al. 2012). For single pathogens, spatial variation in 95 
genetic resistance has been linked to aggregation of infection (Laine 2006, Paull et al. 96 
2012). Disease risk caused by single infections and coinfections also can be affected by 97 
spatially variable environmental conditions that alter host susceptibility or pathogen 98 
fitness (Jarosz and Burdon 1988, Raso et al. 2006, Kikuti et al. 2015). Localized 99 
transmission and low competitive exclusion among pathogens must work in tandem with 100 
spatial variation in host quality for pathogen communities to be aggregated (Leibold et al. 101 
2004, Seabloom et al. 2005, Hanson et al. 2012).	102 

Here, we use a grassland experiment, repeated over two years, to evaluate the role of 103 
spatial processes in structuring an aphid-vectored plant virus community. We planted six 104 
grass species into plots with full-factorial nitrogen (N) and phosphorus (P) fertilization 105 
for a growing season (Borer et al. 2010b, Seabloom et al. 2013). We quantified spatial 106 
variation in the host quality of out-planted grasses through plant size and aphid feeding 107 
preference. Using the infection status of out-planted grasses for four viruses, we 108 
characterized the spatial patterns of single virus species, pairs of virus species, and the 109 
whole virus community within experimental plots. We tested if these spatial patterns 110 
could be explained by spatial variation in host quality and two environmental conditions 111 
that drive plot-scale infection prevalence (fertilization and perennial grass cover, Borer et 112 
al. 2010b). We did not observe aggregation of single infections or the virus community, 113 
which would have indicated strictly localized transmission. However, we did find close 114 
associations among virus pairs, suggesting the importance of shared aphid vectors in 115 
determining the spatial patterns of this plant virus community.  116 
 117 
Methods  118 
Experimental system 119 

A group of plant viruses known as the Barley and Cereal Yellow Dwarf viruses 120 
(B/CYDVs) are an ideal study system for investigating spatial patterns of pathogen 121 
communities. Their stationary hosts make the characterization of spatial patterns 122 
straightforward, and the ecology of these pathogens has been well studied (Power et al. 123 
2011). They can infect over 150 species of perennial and annual grasses, including crops 124 
and wild grasses (D’Arcy and Burnett 1995). The virus species included in this study are 125 
BYDV-MAV, BYDV-PAV, CYDV-RPV, and BYDV-RMV (henceforth MAV, PAV, 126 
RPV, and RMV, respectively). Each virus is obligately vectored by a different aphid 127 
species, except PAV, which shares one vector species with RPV (Rhopalosiphum padi) 128 
and two with MAV (Sitobian avenae and Metopolophium dirhodum) (Power et al. 2011). 129 
However, facilitation during coinfection allows viruses to be vectored by aphids that they 130 
are typically incompatible with (Wen and Lister 1991). Within-host pathogen interactions 131 
can also be competitive (Wen et al. 1991), and they may depend on soil nutrient content 132 
(Lacroix et al. 2014). Hosts that are fast-growing tend to have high susceptibility and 133 
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competence (Cronin et al. 2010), which is why the mass of out-planted grasses are 134 
approximations for host quality. Aphids typically walk between plants or make flights of 135 
a few meters, but they have the ability to fly tens of kilometers with wind assistance 136 
(Parry 2013). 137 
Field experiment 138 

The experiment was repeated in two years (2007 and 2008). In the first year, sites 139 
included the Hopland Research and Extension Center (39°N, 123°W), the McLaughlin 140 
Natural Reserve (38.8°N, 122.3°W), and the Sierra Foothill Research and Extension 141 
Centers (38.7°N, 121.1°W) in California, USA. In the second year, two more sites in 142 
Oregon were added: Baskett Slough National Wildlife Refuge (44.9°N, 122.7°W) and 143 
William L. Finley National Wildlife Refuge (44.4°N, 122.6°W). Two experimental blocks 144 
were established at each site with four 40 m x 40 m plots within each block (Fig. A1). 145 
The plots in each block received a factorial combination of nitrogen (N, 10 g m-2 year-1 146 
added quarterly as calcium nitrate) and phosphorus (P, 4.3 g m-2 year-1 added quarterly as 147 
triple super phosphate) addition (plot-level treatments: control, +N, +P, or +N and P). 148 
Fertilizers were first applied to plots in December 2006, one month prior to the first 149 
planting. We estimated aerial cover of naturally-occurring plant species in two 0.5 m x 1 150 
m quadrats within each plot. Cover of each species was estimated separately such that the 151 
combined cover could exceed 100%.  152 

Within each plot, 10 transects were established with 20 subplots each. Transects were 153 
spaced 4 m apart and the centers of subplots were 2 m apart along each transect (Fig. 154 
A1). Each year, 2-3 transects per plot were randomly selected to be used in the 155 
experiment. In January 2007 and 2008, after approximately one month of growth in a 156 
greenhouse, we planted six individual plants of different species in the subplots of these 157 
selected transects. All subplots received the same six species. The plants were spaced 158 
0.25 m apart parallel to the transect and 0.2 m apart perpendicular to the transect (Fig. 159 
A1). Three phylogenetic groups are represented by the six species, which are common to 160 
West Coast grasslands. For each phylogenetic group, one species is an exotic annual and 161 
one is a native perennial, respectively: Brome (Bromus hordeaceus/Bromus carinatus), 162 
Oat (Avena fatua/Koeleria macrantha), and Rye (Taeniatherum caput-medusae/Elymus 163 
glaucus). The plants were randomly assigned to a position within each subplot (i.e. A 164 
through E in Fig. A1). The out-planted grasses were in the field prior to seasonal aphid 165 
flight and harvested before the onset of senescence, in late May and early June. Post-166 
harvest, we shipped all green tissue overnight to labs at Cornell University and the 167 
University of North Carolina to test them for the presence of MAV, PAV, and RPV in 168 
2007, and MAV, PAV, RPV, and RMV in 2008 with double antibody sandwich enzyme-169 
linked immunosorbent assay (DAS-ELISA). Plants tested for viruses were individually 170 
weighed in 2008. These analyses resulted in a dataset of over 3000 plants from the first 171 
experimental year and over 5000 plants from the second year. Data are available from the 172 
Dryad Digital Repository: http://dx.doi.org/10.5061/dryad.22dt8 (Borer et al. 2010a). 173 
General approach for characterizing spatial patterns 174 

Spatial correlograms are nonparametric statistical tools used to quantify associations 175 
among individual units (i.e. autocorrelation) across geographical distances (Bjørnstad and 176 
Falck 2001). Similarly, spatial cross-correlograms estimate distance-based cross-177 
correlations between units representing two different groups, and multivariate 178 
correlograms estimate compositional similarity or dissimilarity across space (e.g. the 179 
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Mantel correlogram) (Bjørnstad and Falck 2001). We used spatial correlograms to 180 
characterize spatial variation in host quality and spatial patterns of viruses within out-181 
planted grasses. Based on the planting layout described above, we assigned spatial 182 
coordinates to all out-planted grasses. Coordinates accurately represented the space 183 
between plants within each plot, but were set such that spatial associations between plants 184 
from different plots would not be evaluated. We used the spline.correlog function in the 185 
ncf package in R to build spatial correlograms (Bjørnstad 2016). For all correlograms, we 186 
used df = 15, a maximum lag distance of 30 m (to include 85% of the pairwise 187 
comparisons), and 1000 permutations to calculate 95% confidence intervals (CI) through 188 
bootstrapping. We chose to use df=15 because this roughly corresponds to 15 distance 189 
classes (Bjørnstad et al. 1999), which is appropriate for our experimental set-up. 190 
However, variation in the df can modify the outcome of our analyses (Appendix 2).  191 

After we fit spatial correlograms to host quality data and virus infection data, we used 192 
the output of these correlograms as predictor variables and response variables, 193 
respectively, in linear regressions. The spline.correlog function provides estimates for the 194 
y-intercept (i.e. correlation at the scale of a single plant) and the x-intercept (i.e. the 195 
geographic distance at which the correlation is no longer significantly different from 196 
zero) of each correlogram. When the 95% CI included the origin, we categorized the 197 
correlogram as “random”. When the y-intercept was significantly positive, we 198 
categorized the correlogram as “aggregated”, and when the y-intercept was significantly 199 
negative, we categorized it as “regular”. To reduce the carryover of error in estimating 200 
spatial correlograms to analyses with linear regressions, we used 0 or 1 to represent 201 
whether the spatial correlogram was random or significantly different from random rather 202 
than the x- or y-intercepts. 203 

In U.S. west coast grasslands, most, if not all, grasses are potential hosts to 204 
B/CYDVs. We present some of our results in units of individual plants to estimate the 205 
number of hosts that are affected by the disease. To convert geographic distances from 206 
meters to number of individual plants, we used measurements from common annual and 207 
perennial grass species in a restored grassland at the Sedgwick Natural Reserve in 208 
California, USA, which is ecologically similar to the grasslands in our study (Seabloom 209 
et al. 2005). The basal radius, averaged across plant species from Sedgwick, is 1.52 cm 210 
and the average maximum radius is 11.69 cm. To estimate the number of plants included 211 
in an aggregate, the x-intercept of the correlogram was assumed to be the diameter of a 212 
circle. Based on the values from Sedgwick, experimental plots encompass approximately 213 
one million to ten million individual plants, depending on the sizes of plants. 214 
Characterizing spatial patterns of host quality 215 

Spatial variation in host quality was characterized by creating correlograms of two 216 
metrics for each experimental plot: host mass and aphid preference. We created 217 
correlograms of host mass using the wet mass of each out-planted grass following harvest 218 
in the second experimental year (data were not collected the first year). While these data 219 
may show a spatial pattern, we acknowledge that non-experimental host plants may not 220 
adhere to this pattern due to variation in age and species. We used laboratory experiments 221 
of aphid preference with the species R. padi to assign each out-planted grass an aphid 222 
preference value based on its species (Experiment III in Borer et al. 2009). These values 223 
and the corresponding plant positions in the field were used to build correlograms of 224 
aphid preference. Because one of each plant species is in each subplot, these 225 
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correlograms are affected by experimental design. However, they may also be influenced 226 
by less predictable factors, such as the random placement of species within a subplot and 227 
individual survival over the growing season.  228 
Characterizing spatial patterns of viruses 229 

We used correlograms to characterize the spatial pattern of each virus species based 230 
on presence or absence in each out-planted grass. We used cross-correlograms to 231 
characterize the relative spatial patterns between virus species pairs and multivariate 232 
correlograms to analyze community-wide spatial patterns, both relying on 233 
presence/absence data. We reduced the df to 7 and removed permutations that caused 234 
errors in the multivariate correlogram due to low infection prevalence, which did not 235 
affect the overall results.  236 
Evaluating drivers of virus spatial patterns 237 

Coinfection may drive aggregation between virus pairs when local transmission from 238 
coinfected plants occurs, particularly in the presence of mutualistic interactions. In 239 
addition, positive y-intercepts of cross-correlograms may result from coinfection, 240 
although they can be interpolated from positive associations between adjacent plants as 241 
well. Conversely, spatial aggregation of virus pairs can increase coinfection rates by 242 
making transmission of virus pairs to the same plant individual more likely. Because we 243 
cannot disentangle cause and effect when examining coinfection and cross-correlograms, 244 
we compared these metrics using Pearson’s correlation coefficient. We examined the 245 
relationship between x-intercepts of significantly aggregated cross-correlograms and the 246 
relative coinfection rate for each pair of viruses in each plot . Relative coinfection rate 247 
measures the rate of coinfection relative to what is expected due to chance encounters 248 
between viruses. It was calculated by the plot-scale coinfection rate minus the product of 249 
each virus’s plot-scale prevalence (modification of Malpica et al. 2006). We chose the 250 
relative coinfection rate rather than the raw coinfection rate because cross-correlograms 251 
indicate whether pairs of viruses co-occur more often than expected by chance.  252 

Next, we evaluated the effects of a shared transmission route (i.e. the same vector 253 
species) on whether or not aggregation occurred between each virus pair in each 254 
experimental plot, with aggregation determined by a cross-correlogram having a 255 
significantly positive y-intercept. We fit a generalized linear mixed-effects model to the 256 
relationship between whether or not aggregation occurred and whether or not the virus 257 
pair share the same vector (R package lme4, Bates et al. 2015). The initial random effects 258 
were the identity of the viruses nested within plot nested within block nested within site 259 
nested within state, which reduced down to virus identities nested within site based on 260 
backwards stepwise model selection with likelihood ratio tests (Crawley 2007).  261 

Then, we assessed the effects of N addition, P addition, the interaction between N and 262 
P addition, perennial grass percent cover, spatial variation in plant mass, and spatial 263 
variation in aphid preference on whether or not aggregation between virus pairs occurred 264 
with generalized linear regressions. We built separate models for each virus pair in each 265 
year. Models for the first year did not include spatial variation in plant mass or perennial 266 
cover (most CA plots had no perennial grasses). Each host quality variation metric (aphid 267 
preference and plant mass) was represented by a 1 or 0 for each experimental plot, 268 
indicating the presence or absence, respectively, of a significant correlogram y-intercept 269 
(i.e. significant aggregation or segregation). We began by building mixed-effects models 270 
with block nested within site nested within state (for the second experimental year) as the 271 
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random effects. We used backwards stepwise selection with likelihood ratio tests for 272 
model simplification of random effects, then fixed effects (Crawley 2007). The fixed-273 
effects models were significantly better than the mixed-effects models for the first 274 
experimental year and we had issues with model convergence for mixed-effects models 275 
from the second experimental year, so only the fixed-effects models were used. All 276 
statistical analyses were performed in R version 3.3.1 (R Core Team 2016). 277 

 278 
Results 279 
Spatial patterns of host quality: random patterns of grass mass and regular patterns of 280 
aphid preference 281 

Spatial correlograms of out-planted host mass revealed random spatial patterns in 282 
more than 80% of plots, with local aggregation occurring in six out of 35 plots (Table 1). 283 
On the other hand, plants with similar aphid preference scores had regular spatial patterns 284 
in most plots and random patterns in a minority of plots (Table 1). The average distance 285 
of segregation between plants with similar aphid preference scores was about the distance 286 
between subplots along a transect (2.0 m), indicating that aphid preference segregation 287 
was driven by experimental design and likely represents plant species differences. These 288 
differences are not strictly constrained to be aphid preference because, as we measured it, 289 
this is a species-specific trait. 290 
Single virus spatial patterns were predominantly random  291 

Spatial patterns of single pathogens provide insights about the scale of transmission 292 
(i.e. more localized transmission leads to aggregation) and spatial variation in host 293 
quality. Contrary to expectations, most virus spatial correlograms depicted random 294 
patterns (Fig. A3). There were three exceptions to this trend, all from the first 295 
experimental year: RPV had two negative correlograms and PAV had one (Fig. A4). The 296 
x- and y-intercepts of these correlograms are close to those found for aphid preference 297 
(Table 1), indicating that the patterns were likely to be driven by differences among plant 298 
species, potentially due to characteristics such as aphid preference or susceptibility to 299 
infection. 300 
Aggregated spatial patterns of virus pairs were related to coinfection and vector-sharing, 301 
but only one pair was affected by environmental conditions and spatial variation in host 302 
quality 303 

Cross-correlograms between pathogens are influenced by transmission, interactions 304 
between pathogens, and overlapping host quality requirements. The cross-correlograms 305 
between pairs of B/CYDV species indicated either random or aggregated spatial patterns, 306 
but none were regular (Table 2, Fig. A3). Across both experimental years, aggregation 307 
between virus pairs occurred out to 3.93 ± 0.46 m on average, which encompasses 308 
approximately 10,000 to 80,000 plants. Significantly positive y-intercepts occurred at 309 
least once for every virus pair, but the average of these intercepts was somewhat low 310 
(correlation of 0.1671 ± 0.0070). This indicates that the net interactions between virus 311 
pairs are either positive or neutral with aggregation driven by shared transmission routes 312 
or overlapping host quality preferences between virus species. 313 

We compared the cross-correlogram length to the relative coinfection rate to evaluate 314 
how much aggregation between virus pairs relates to coinfection and, potentially, 315 
transmission from coinfected plants. We expected a positive relationship between these 316 
metrics due to overlapping biological processes. We found that in both years, aggregation 317 
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between virus pairs only occurred above a threshold relative coinfection rate, but without 318 
a clear linear relationship beyond this threshold (Pearson’s r = -0.11, p=0.59; Pearson’s r 319 
= 0.02, p=0.92 for years one and two, respectively; Fig. 1). Therefore, it is likely that 320 
some minimum rate of coinfection is required for aggregation between viruses to occur, 321 
consistent with the concept that the y-intercept of cross-correlograms represents 322 
coinfection. However, spatial relationships between viruses beyond a single host are 323 
independent of coinfection rate.  324 

There were only enough virus pairs to statistically evaluate the effect of a shared 325 
transmission route (i.e. the same vector species) on aggregation between viruses in the 326 
second experimental year. As expected, virus pairs that share a vector species aggregated 327 
more frequently than those that do not (p=0.003, Fig. 2b, Table A5). This result arose 328 
despite high frequency of aggregation between one pair of viruses that do not share a 329 
vector, RPV and MAV (Fig. 2).  330 

We also investigated the effects of two environmental conditions that increase 331 
prevalence (plot-scale nutrient addition and perennial grass percent cover) and two 332 
metrics of spatial variation in out-planted host quality (aphid preference and plant mass) 333 
on the aggregation of virus pairs. For all pairs involving RMV, aggregation only occurred 334 
in one to two plots, preventing model convergence. During the second experimental year, 335 
the frequency of aggregation between PAV and RPV increased when there was 336 
significant segregation between out-planted grasses based on aphid preference (p=0.02; 337 
Fig. 3a, Table A6). Also in the second experimental year, perennial grass percent cover 338 
(p=0.005, Fig 3b, Table A6) and P addition (p=0.007, Fig. 3c, Table A6) increased 339 
aggregation of PAV and RPV. We found no significant effects of these environmental 340 
conditions or spatial variation in host quality on the aggregation of other virus pairs in the 341 
second experimental year or any virus pairs in the first year. 342 
Virus community spatial patterns were random 343 

Multivariate correlograms indicate whether within-host pathogen communities are 344 
more similar in geographically closer plants, and how this relationship decays with 345 
distance. They can be influenced by transmission, pathogen interactions, and spatial 346 
variation in host quality. The spatial pattern of the B/CYDV community was random for 347 
every experimental plot in both experimental years, indicating that geographically closer 348 
plants do not have more similar virus communities. Because MAV and RPV frequently 349 
aggregated despite not sharing a vector (Fig. 2), we suspected that the aggregation of 350 
MAV and RPV may have been caused by shared aggregation with PAV, but the 351 
multivariate correlograms of these three viruses when RMV was removed from the 352 
dataset were still random.   353 

  354 
Discussion 355 
 Here we presented a unique spatial analysis of multiple pathogens vectored by 356 
multiple aphid species in a diverse host environment. Our results complement growing 357 
knowledge about drivers of pathogen community diversity (Seabloom et al. 2015). While 358 
the out-planted grass hosts were species commonly found in U.S. West Coast grasslands, 359 
they may differ from the background plant community in characteristics relevant to 360 
B/CYDV spread, so we refrain from extrapolating our results to this background 361 
community or naturally-occurring grasslands in general. Spatial patterns of single virus 362 
species and the virus community were random among out-planted grasses, which 363 
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suggests that infection did not solely spread in a wave-like manner from a small set of 364 
initial points. Rather, at least some transmission events occurred between non-365 
neighboring plants (Filipe and Maule 2004). In addition, virus pairs were frequently 366 
aggregated relative to each other, and this rate was even higher for those that share a 367 
vector species. Finally, spatial variation among out-planted hosts, quantified here by 368 
aphid preference, and environmental factors that increase prevalence contributed to 369 
aggregation between one pair of viruses, but did not influence the others. Forms of spatial 370 
heterogeneity that we did not measure may contribute to aggregation between these other 371 
pairs. Nonetheless, frequent aggregation between virus pairs at the scale of an individual 372 
host indicates that within-host competition, if it exists, is not strong. Together, these 373 
results suggest that aphid-vectored transmission and a lack of intense competition 374 
contributed to aggregation of virus pairs, but, despite expectations, strictly local 375 
transmission, measures of spatial variation in host quality, and environmental conditions 376 
that increase prevalence often did not affect virus spatial patterns.  377 
 We expected that aggregation of infection would arise from aphids walking between 378 
plants (Power 1991, Parry 2013) and environmental conditions that increase disease 379 
prevalence and local inoculum (Jolles et al. 2002, Rappussi et al. 2012). However, we 380 
found almost all spatial patterns of single viruses were random. Spatial patterns of virus 381 
pairs also provided evidence that transmission is not likely to be strictly localized. We 382 
expected coinfection to increase aggregation between virus pairs in geographically close 383 
plants due to localized transmission, particularly when facilitative interactions, such as 384 
heterologous encapsidation (i.e. when the RNA from one virus is encased in the protein 385 
coat of another), occurred (Wen and Lister 1991). A minimum rate of coinfection was 386 
necessary for aggregation to occur, but more coinfected plants did not lead to extended 387 
aggregation between viruses. While there is evidence for local dispersal of B/CYDVs 388 
from “spillover” hosts (Power and Mitchell 2004), this and other studies showing plant 389 
disease aggregation often occur in assemblages of low plant diversity (Sone et al. 2012, 390 
Nessa et al. 2015). Natural grasslands and other highly diverse ecological environments 391 
are likely to obscure aggregation caused by localized dispersal through mechanisms such 392 
as variation in host quality, vector foraging preferences, and the initial spatial distribution 393 
of disease inoculum (Caraco et al. 2001, Medel et al. 2004, Ferrari et al. 2006, Gosme 394 
and Lucas 2011). Regardless of diversity, longer-lived plants can accumulate infections 395 
over time, resulting in random spatial patterns of disease (Raybould et al. 1999). Our 396 
experiment controlled the age of out-planted grasses, but not that of plants in the 397 
surrounding community.  398 
 While sources of local inoculum did not lead to aggregation of single viruses in the 399 
out-planted grasses, they may have increased aggregation between PAV and RPV. 400 
Previous analyses on these data demonstrated that P addition increases the prevalence of 401 
PAV and perennial grass cover increases the prevalences of both PAV and RPV 402 
(Seabloom et al. 2013). Presumably, these factors increase viral prevalence in out-planted 403 
grass hosts through increased prevalence in the background grass community. P addition 404 
may increase the maintenance of infection, as some viruses require an environment with 405 
high P concentrations for replication (Clasen and Elser 2007). Perennial grasses are 406 
expected to serve as refuges for B/CYDVs between growing seasons (Mckirdy and Jones 407 
1993, Power et al. 2011). Given the generality of these mechanisms, it is surprising that 408 
only one pair of viruses was affected by environmental conditions. This may be due to 409 
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variation across virus species in response to P addition or their ability to maintain long-410 
term infection in perennial hosts (Mckirdy and Jones 1993, Lacroix et al. 2014). The 411 
effect of local inoculum on pathogen spatial patterns has primarily been evaluated for 412 
single pathogen species (Jolles et al. 2002, Rappussi et al. 2012). We expect that higher 413 
inoculum levels can increase the co-occurrence of pathogens with positive interactions or 414 
aggregating forces, particularly when disease prevalence is low. However, spatially 415 
explicit models of multi-pathogen communities are necessary to solidify this hypothesis.  416 
 The high frequency of aggregation between viruses that share a vector suggests that 417 
viruses are either co-transmitted by the same vector individual, or individuals within the 418 
same vector species have similar foraging behavior and are spatially aggregated. In 419 
addition, the finding that PAV and RPV tend to be more aggregated when grasses 420 
preferred by their aphid vector are regularly spaced suggests that R. padi transmitted both 421 
viruses to highly preferred plants, which is consistent with a previous analysis of this 422 
dataset (Seabloom et al. 2013). The relative influence of co-transmission and sequential 423 
transmission depends on pathogen interactions with one another and their vector. For 424 
example, Babesia microti and Borrelia burgdorferi have facilitative interactions and are 425 
frequently found together in their shared tick vector, Ixodes scapularis (Dunn et al. 2014, 426 
Hersh et al. 2014). On the other hand, Anopheles spp. mosquitoes can transmit 427 
Plasmodium spp. and Wuchereria bancrofti, but co-transmission of these pathogens leads 428 
to decreased transmission and mosquito survival, suggesting that sequential transmission 429 
is more likely to occur than co-transmission (Manguin et al. 2010). The latter example is 430 
relevant for PAV, which has decreased transmission when a vector has previously 431 
acquired MAV (Gildow and Rochow 1980). On the other hand, facilitation through 432 
heterologous encapsidation may contribute to the high rate of aggregation between MAV 433 
and RPV, which do not share a vector (Wen and Lister 1991). Interestingly, the strong 434 
effect of shared dispersal mechanisms on community spatial patterns has also been 435 
demonstrated for plants with animal-dispersed seeds (Mellado and Zamora 2016, Wright 436 
et al. 2016).  437 
 Many communities of free-living microbes show patterns consistent with the 438 
distance-decay relationship (Hanson et al. 2012). Often, spatial heterogeneity in the 439 
environment has a stronger influence on the distance-decay relationship in these 440 
communities than dispersal limitation (Bell 2010, King et al. 2010, Astorga et al. 2012). 441 
However, B/CYDV communities were spatially random, suggesting that neither dispersal 442 
limitation nor environmental gradients are strong in this system at the scales we 443 
measured. In many systems, variation among hosts is assumed to affect disease spread 444 
through processes such as the dilution effect (Ostfeld and Keesing 2012). Therefore, it is 445 
striking that, with the exception of PAV and RPV, we did not find evidence for the 446 
influence of spatial variation in host quality on B/CYDV spatial patterns. Heterogeneity 447 
in host quality may be structuring B/CYDV communities at different scales than those we 448 
examined. For example, transmission events between neighboring plants and small 449 
aggregates of plants favorable to aphids or infection may not have been detected by our 450 
analyses. In addition, the scale of environmental heterogeneity likely to drive the 451 
distance-decay relationship for B/CYDVs may be larger than an experimental plot. For 452 
instance, perennial grass cover increases prevalence for three B/CYDV species, and there 453 
is more variation in this factor across regions than there is across meters (Borer et al. 454 
2010b, Seabloom et al. 2013). Experimental manipulation of host quality at varying 455 
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scales would help clarify the extent to which host heterogeneity influences the spatial 456 
structure of pathogen communities. 457 
 Given that some processes that generate spatial co-occurrence of virus pairs also are 458 
likely to cause aggregation of single viruses and virus communities, it is surprising that 459 
we saw aggregation in the former, but not the latter two. For example, overlapping 460 
preference for a spatially aggregated host characteristic would be expected to increase 461 
aggregation of all three (Seabloom et al. 2005, King et al. 2010). However, cross-462 
correlograms assess the relative spatial patterns of two entities while correlograms and 463 
multivariate correlograms measure the autocorrelation of a single entity (either one virus 464 
species or a particular composition of viruses) over space (Bjørnstad and Falck 2001). 465 
Therefore, co-occurrence of virus pairs in the same plant, same subplot, or neighboring 466 
subplots can lead to significant cross-correlograms, but will not necessarily affect the 467 
other two forms of virus spatial patterns. A similar result was found for viruses in 468 
Brassica, with random spatial patterns of each of the four viruses, but positive 469 
associations between most of the virus pairs at the scale of a single plant (Raybould et al. 470 
1999). On the other hand, two fungal diseases were found to each have aggregated spatial 471 
patterns in strawberry fields while they had low spatial associations with one another 472 
(Turechek and Madden 2000). These limited examples suggest that the pathogen type and 473 
mode of transmission may be important for understanding the differences among single 474 
and multiple plant pathogen spatial patterns.  475 
 Due to the complexity of our system, the experimental results incorporate various 476 
ecological interactions, providing a meaningful contribution to the rising understanding 477 
of pathogen community spatial patterns. The strong signal of co-transmission in pathogen 478 
spatial patterns highlights vector control as a coinfection management strategy. While the 479 
effects of co-transmission are analogous to effects of co-dispersal observed for free-living 480 
organisms (Mellado and Zamora 2016, Wright et al. 2016), pathogen-specific factors can 481 
shape pathogen community spatial patterns as well. Importantly, pathogen spatial patterns 482 
are intrinsically linked with other living organisms – their hosts. In fact, virulence-483 
induced mortality and behavioral changes due to infection can affect disease patterns 484 
(Vasconcelos et al. 1996, Muller and van Woesik 2012). Additionally, ecological 485 
interactions between hosts and other organisms can modify spatial patterns of disease 486 
(Byers et al. 2008). As we have demonstrated here, the study of pathogen community 487 
spatial patterns provides important insights for disease management and a platform to 488 
draw comparisons between the ecology of pathogens and free-living organisms. 489 
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Tables 652 
Table 1. Summary of correlograms by experimental plot for metrics of spatial vairaiton in 653 
host quality, which were used as predictor variables in analyses that follow. Prop. sig. is 654 
the proportion of experimental plots with significant y-intercepts.  655 
Host heterogeneity 
metric 

Expt. 
year 

Prop. 
sig. 

Mean ± std. error of 
sig. x-int. (m) 

Mean ± std. error of 
sig. y-int. (m) 

Individual plant mass 2 6/35 8.1 ± 2.0 0.381 ± 0.062 
Aphid preference 1 22/24 2.03 ± 0.20 -0.2217 ± 0.0050 
Aphid preference 2 27/35 1.839 ± 0.068 -0.2119 ± 0.0054 

  656 
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Table 2. Summary of cross-correlograms by experimental plot for virus pairs. Prop. sig. 657 
is the proportion of experimental plots with significant cross-correlations. 658 
Virus Pair Expt. 

year 
Prop. 
sig. 

Mean ± std. error 
of sig. x-int. (m) 

Mean ± std. error 
of sig. y-int. (m) 

MAV-PAV 1 7/24 4.2 ± 1.2 0.140 ± 0.015 
MAV-PAV 2 17/34 3.6 ± 1.1 0.194 ± 0.019 
MAV-RPV 1 14/24 4.4 ± 1.2 0.162 ± 0.012 
MAV-RPV 2 13/34 4.3 ± 1.2 0.167 ± 0.016 
MAV-RMV 2 1/34 1.4  0.146 
PAV-RPV 1 6/24 6.1 ± 2.0 0.1107 ± 0.0062 
PAV-RPV 2 15/35 3.2 ± 0.88 0.188 ± 0.017 
PAV-RMV 2 2/35 2.3 ± 0.28 0.154 ± 0.037 
RPV-RMV 2 2/35 1.8 ± 0.49 0.1072 ± 0.0066 

 659 
  660 
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Figure Legends 661 
Figure 1. The length of the cross-correlation for each virus pair in each plot against their 662 
relative coinfection rate (see main text for details) (A) for the first experimental year 663 
(Pearson’s r = -0.11, p=0.59) and (B) the second (Pearson’s r = 0.02, p=0.92). Each virus 664 
pair is represented by a different symbol: � MAV-PAV, ¡ MAV-RPV, ¢ PAV-RPV, 665 
o MAV-RMV, r PAV-RMV, and s RPV-RMV. 666 

 667 
Figure 2. The mean proportion of experimental plots with positive y-intercepts (with 95% 668 
CI) for each virus pair, coded by whether or not they share a vector (A) for the first 669 
experimental year and (B) the second. Vector-sharing increased the rate of aggregation in 670 
the second experimental year (p=0.003). 671 
 672 
Figure 3. The effect of (A) whether or not there is segregation among out-planted hosts 673 
based on their aphid preference values (p=0.02), (B) perennial grass cover (p=0.006), and 674 
(C) P addition (p=0.007) on aggregation between PAV and RPV in the second 675 
experimental year. In (B), points are data, jittered along the y-axis by 0.05, and the line 676 
represents predicted probabilities based on the simplest generalized linear model. (A) and 677 
(C) are the mean proportion of experimental plots with positive y-intercepts (with 95% 678 
CI), determined from the data.  679 
 680 
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Appendix 1: Experimental design 684 

 685 
Figure A1. The spatially nested experimental design. Individual grasses were planted into 686 
locations A-E of subplots, which were arranged along transects across a plot. Four plots 687 
were in each block, with each plot receiving a different nutrient addition treatment. Each 688 
site had two blocks. Three sites ae located in California and two are in Oregon. Figure re-689 
published with permission from Borer et al. 2010, Ecology Letters (doi: 10.1111/j.1461-690 
0248.2010.01475.x). Copyright © 1999 - 2016 John Wiley & Sons, Inc. All Rights 691 
Reserved.  692 
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Appendix 2: Effects of correlogram df settings 693 
The df setting for the spline correlogram function (Bjørnstad 2016), which we used to 694 
analyze spatial variation in host quality and the spatial patterns of infection, can change 695 
the outcome of our analyses. Results presented in the main text use df=15. When df = 20, 696 
the x-intercepts of cross-correlations are generally smaller and there are slightly fewer 697 
significant cross-correlations (compare Table A2 to Table 2, main text). In addition, the 698 
effect of vector-sharing on aggregation (Fig. 2, Table A5) and the effects of perennial 699 
grass cover and spatial variation in aphid preference on the frequency of PAV and RPV 700 
aggregation (Fig. 3a, Table A6) were found to be significant in models with df = 20 while 701 
the effect of P addition (Fig. 3c, Table A6) on PAV and RPV aggregation was not.  702 

 703 
Table A2. Summary of cross-correlations by experimental plot for virus pairs when 704 
df=20 for the spline correlogram settings. Prop. sig. is the proportion of experimental 705 
plots with significant cross-correlations. 706 
Virus Pair Expt. 

year 
Prop. 
sig. 

Mean ± std. error 
of sig. x-int. (m) 

Mean ± std. error 
of sig. y-int. (m) 

MAV-PAV 1 6/24 0.684 ± 0.025 0.1898 ± 0.0088 
MAV-PAV 2 18/34 2.20 ± 0.17 0.2382 ± 0.0044 
MAV-RPV 1 15/24 2.37 ± 0.18 0.1944 ± 0.0033 
MAV-RPV 2 13/34 2.47 ± 0.27 0.2125 ± 0.0048 
PAV-RPV 1 7/24 2.05 ± 0.46 0.1438 ± 0.0025 
PAV-RPV 2 15/35 2.30 ± 0.22 0.2326 ± 0.0052 
MAV-RMV 2 2/34 0.86 ± 0.16 0.141 ± 0.020 
PAV-RMV 2 2/35 1.90 ± 0.29 0.175 ± 0.029 
RPV-RMV 2 4/35 2.28 ± 0.57 0.1334 ± 0.0084 

 707 
  708 
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Appendix 3: Virus correlograms and cross-correlograms 709 

 710 
Figure A3. Cross-correlograms for each virus pair in 2007 (first column) and 2008 711 
(second and third columns) along with correlograms for each virus involved in the pair. 712 
Mean correlation values across experimental plots are shown. 95% CI are not presented 713 
for clarity. Please see Table 2 for information about significance of cross-correlograms. 714 
Significant single virus correlograms are shown in Fig. A4 and discussed in the main text.  715 
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Appendix 4: Single virus autocorrelations with segregation 716 

 717 
Figure A4. The three autocorrelations from the first experimental year that had non-718 
random spatial patterns. 95% CI are excluded for clarity. Numbers following “RPV” 719 
indicate different experimental plots.  720 
  721 
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Appendix 5: Linear model for vector-sharing and aggregation 722 
Table A5. Linear coefficients, standard error, and P-values for fixed effects and variance 723 
of random effects for model testing the effect of vector sharing on the frequency of 724 
aggregation between virus pairs in the second experimental year (generalized linear 725 
mixed-effects model, logit-link). P-value for “Vector sharing” was obtained from a 726 
likelihood ratio test comparing this model with the intercept-only model. Data included 727 
207 observations. 728 

 Estimate (fixed) or 
Variance (random) 

Standard Error P-value 

Fixed effects    
Intercept -3.6 1.2 0.003 
Vector sharing  2.84 0.90 0.003 
Random effects    
Viruses:site 2.14   
Site 4.38   

  729 
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Appendix 6: Linear model for PAV and RPV aggregation 730 
Table A6. Linear coefficients, standard error, and P-values for model testing the effects 731 
of nutrient addition, spatial variation in aphid preference, spatial variation in 732 
experimental plant weight, and perennial grass percent cover on the frequency of 733 
aggregation between PAV and RPV in the second experimental year (generalized linear 734 
model, logit-link). Only the significant predictor variables following backwards stepwise 735 
selection are included in the table. P-values for predictor variables were obtained from a 736 
likelihood ratio test comparing this model with one lacking the focal variable. Model df = 737 
34. 738 

 Estimate Standard Error P-value 
Intercept -4.6 1.7 0.006 
P addition 2.4 1.0 0.007 
Heterogeneity in aphid 
preference  

2.8 1.4 0.02 

Perennial grass percent cover 0.056 0.023 0.005 
 739 
 740 

 741 
 742 


