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Abstract 
Climate change is the effect of rapid and recent change in global climate variables, affecting 

all species in all ecosystems. Fungi are no exception, fulfilling a variety of important roles as 

decomposers, parasites and mutualists. Polyporoid fungi, the focus of this study, grow on 

decaying trees as saprotrophs or necrotrophs, where they produce annual or perennial fruit 

bodies. Despite the potential consequences climate change poses on fungi’s diverse ecosystem 

services, little is known about the responses of fungi to climate variability. In this study I 

investigate the host affinity of polyporoid fungi and analyse the effects of climate variability 

on host affinity and fungal traits on a temporal scale. This was done by statistical analyses of 

field record data of 61 polypore species and 41 plant genera from the UK, obtained during the 

time period 1970 to 2010. Temperature and geographical distribution were shown to affect the 

structuring of fungal communities on host genera, and there is a temporal change in host 

distribution, possibly linked to climate change. The observed effects are trait-dependent, 

meaning that fungi with different traits respond differently to climate variability. This study 

exemplifies the value of utilising multiple-source datasets to unravel responses of polypore 

fungi and traits to climatic effects.    
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1 Introduction 
Climate change is the effect of rapid changes in global climate variables. Important causes of 

climate change involve influx of greenhouse gasses and aerosols into the atmosphere, which 

results in increased temperature, influencing other climatic variables such as precipitation. 

The temperature increase can be observed most prominently between the 1950s and today, in 

correlation with the increasing amount of fossil fuel emissions (Pachauri et al. 2014).   

Being known as one of the most influential factors in ecosystems (Jensen and Andersen 1992, 

Allen et al. 2010, Andrew et al. 2016), temperature drives different groups of organisms to 

rapidly adapt to their new environments. Numerous studies performed on plants and animals 

show the changes in distributional patterns and range shifts as a result of increasing 

temperature (Huntley 1991, Davis and Shaw 2001, Kelly and Goulden 2008). Similar 

adaptations can be observed in the fungal kingdom, but these changes are much less apparent, 

as the majority of fungi reside underground. In a study from Southern England, it was shown 

that the length of the average fruiting period of 315 fungal species had more than doubled 

(from 33.2 ± 1.6 days to 74.8 ± 7.6 days) in the timespan of 1950-2005 (Gange et al. 2007). 

Kauserud et al. (2008a) demonstrated a similar pattern in Norway, by investigating the 

phenology of 83 agaricoid species. They were able to show a delay in fungal fruiting by 13.3 

± 1.2 days across all species, utilizing large herbarium datasets with records dated from 1940 

to 2006.  

Climate change is also known to affect fungal species in other ways. Recent studies 

performed in Norway show that the spatial distribution of spore and fruit body traits are 

correlated with environmental variables, and clear trends are shown upon closer investigation 

of major climatic variables (Kauserud et al. 2008b, Kauserud et al. 2011). Using large 

temporal datasets Andrew et al. (2016) investigated the effects of climatic variables on the 

fruiting patterns of species with different traits in Spain (Pinar Grande) and Switzerland (La 

Chanéaz). The correlations uncovered marginal effects of climate variables on traits and 

fruiting in the Spanish dataset. However, the Swizz dataset revealed strong trends, influencing 

several spore-related traits and fungal ecology (nutritional mode). These studies demonstrated 

that by utilizing the available extensive spatio-temporal datasets we may be able to trace 

trends in fungal diversity and predict further trait-dependent responses to climate variation. 
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Because the fungal kingdom fulfils many important roles in terrestrial ecosystems, it will be 

important to understand the fungi’s responses to the changing climate. They recycle dead 

organic matter, allowing new plants to emerge. They form mutualistic associations with 

plants, algae and cyanobacteria, widening their niche substantially. Fungi also act as parasites 

and/or pathogens, inhibiting or killing their host. It is estimated that as much as 95 % of all 

plants form mutualistic bonds with one or more species of fungi (Moore et al. 2011). Hence, 

climate change induced changes on fungi will have wider ecosystem effects. 

In this study I focus on climate change responses of wood-decomposing fungi, more specific 

polypores. The brown- and white rot decay systems make polypores among the most 

important wood-decomposers and nutrient-cyclers in forest ecosystems. Their fruit bodies are 

robust and long-lived, making them easier to observe (relative to agaricoid, mushroom-

forming fungi) throughout the fruiting season. Polypores can live as parasites and necrotrophs 

in standing trees, but most polypore species decay and fruit on laying logs, branches and 

stumps. In Europe alone, 393 species of polypores have been recorded, whereas 99 of these 

species (25%) have brown rot (Ryvarden et al. 2014).  

The actual study area is limited to the mainland parts of the UK (England, Wales and 

Scotland). The UK offers a great latitudinal gradient which gives us an opportunity to observe 

the effects of latitude on different fungal species distributions and traits. The weak altitudinal 

variability allows for a more direct interpretation of temperature along horizontal gradients, 

because temperature and altitude is strongly correlated with each other. The UK also offers an 

East-West gradient, as the west coast of the UK is subject to an oceanic climate with high 

precipitation and generally mild winters caused by the Gulf Stream and the North Atlantic 

Drift, contrary to the more continental east coast. 

Fungal time series data on a large spatial scale has been limited in mycology likely due to the 

inconspicuous nature of fungi. Most fungal species are recognized by their fruit bodies, 

however, latent mycelium is often found within tree species. Some of the species lay dormant 

in the sapwood until it becomes dry enough for it to develop overtly, though only for a short 

period of time (Mohammad 2013, Boddy et al. 2014). These factors make large spatio-

temporal studies difficult, forcing the observer to be at the right place to the right time in 

order to observe the fruit body. However, during the last years, fungal ecologists have 

successfully started to use digitalised collection data and field records from a variety of 

different sources (herbarium records, museum data, and citizen science data) to investigate 
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fungal phenology (Gange et al. 2007, Kauserud et al. 2008a, Gange et al. 2011), ecology 

(Heilmann-Clausen et al. 2016) and distributional patterns (Wollan et al. 2008). 

In this study I use fungal herbariums records, citizen science data, and field records from the 

UK to investigate climate induced responses in polypores. I decided to use polypores, as 

many of them are easy to identify and information (metadata) about their substrate are often 

recorded. As a baseline, I wanted first to establish the substrate ranges of the selected fungal 

taxa. In this respect I also wanted to analyse whether there is any correlation between the 

fungi’s substrate ranges and their genetic relationships. The main focus of the study was to 

investigate the effects of different climatic variables on fungal composition by host affinity on 

a temporal scale, and determine to what extent substrate usage is affected by fungal traits.  



4 
 

2 Materials and methods 

2.1 Data management and filtering 
The fungal dataset for this study consists of multi-source data, collected throughout the UK 

between 1775 and 2014. The study area for the project included England, Scotland and 

Wales, without Shetland and the Channel Islands. Each registration in the dataset represents a 

separate observation of a fruit body presence for a saprotrophic or parasitic fungus, growing 

on woody substrate. The individual datasets were harmonized by standardising the 

information provided for each record. This is important as the method of registration varied a 

lot between the observers. The assembled dataset included a total of 112,519 fungal 

observations. Some records had to be filtered out due to lack of information about the host 

plant (host genus), location (vice-county), and sampling year. I decided to use the data from 

1970-2010 in order to capture the latest trends in temperature increase (Pachauri et al. 2014), 

and to make sure I had a sufficient amount of records to do the analyses. After the initial 

pruning of the dataset to minimum information per registration and time period, the fungal 

species with less than 100 observations were removed. These rare (and hard to key) species 

tend to provide little information and may unruly affect some statistical analyses (Cao and 

Larsen 2001). Numerous species complexes demonstrated or hypothesised to contain multiple 

cryptic species were also removed as they can become additional sources of error in the 

dataset, since the different cryptic species may have different spatial distribution and host 

ranges. As I removed the rare fungal species, some substrates were subject to loss of 

observations. Host genera with less than a total of 10 fruit body records were removed. The 

final dataset after filtering contained 53,094 records distributed on 61 fungal species, and 41 

host genera, all of which had information about location (vice-county), sampling year and 

host genus. 

The study utilized a variety of climate variables: Minimum temperature (four seasons (spring 

= March, April, May; summer = June, July, August; autumn = September, October, 

November; winter = December, January, February) and annual), maximum temperature (four 

seasons and annual), mean temperature (four seasons and annual), and precipitation (four 

seasons and annual). In addition to the climatic variables, time periods, regions (climate 

regions), and host genera were also included in the study. The climate data were obtained 
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from Met Office (Met Office 2016) and overlain the Watsonian vice-county map (a 

geographical division of the British Isles for the purpose of scientific data collection). The 

climate regions of meteorological data match up with the vice-county, creating the link 

between the fungal fruit body observation and the environmental/climatic variables for the 

study. Some analyses also utilized the following fungal traits data: nutritional mode 

(saprotrophic/parasitic), rot type (white/brown), hyphal system of fruiting body (monomitic 

(M), dimitic with sceletal hyphae (DS), trimitic (T), and dimitic with sceleto-binding hyphae 

(DB)), fruit body endurance (annual/perennial (two or more years)), host stage in which the 

fungi species grows on (downed substrate (logs, stumps, branches)/standing substrate), spore 

volume (volume of an ellipsoid (Figure S1), spore length (min, max and mean) and spore 

breadth(min, max and mean). The traits data were obtained from Breitenbach (1986) and 

Ryvarden et al. (2014). 

The final dataset consisted of the fungal records with species names, fungal traits, vice-

county, year, host genera, and climate variables for the 1970-2010 timeframe. This dataset 

was amalgamated by different rules to assess specific research questions. The term species 

abundance reflects the number of fungal records of a species in the different categorizations. 

The data was sorted by (i) all vice-counties (VC) and all years, (ii) climate regions (Fig. 1b) 

and 10 year intervals, and (iii) east/west regions (Fig. 1a) and 10 year intervals timeframe 

(1970-2010). 

 
Figure 1: Different spatial extents used for the analyses. The GNMDS, CCA, RLQ, and fourth-corner analyses 
uses an east/west gradient (A), while the descriptive and regression analyses utilize climate region data (B). 
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2.2 Descriptive statistics 
To obtain a better understanding of the structure in the data, different descriptive statistics 

were explored. The first plot produced was a heatmap, visualizing the host ranges and 

preferences of the different fungal species. Log proportional abundance values of the 61 fungi 

species on the 41 host genera was used to produce the heatmap. 

To investigate the relationship between genetic distance and host usage, I ran a correlation 

analysis on genetic distance data and Simpson index variation between the fungal species. 

From 39 out of 61 species, rDNA LSU (28S) sequences from GenBank were available. The 

LSU sequences were optimal for this study due to their limited mutation rate, making it 

possible to align the sequences. For many species, multiple LSU sequences were present. 

After evaluating and checking their consistency towards each other, one representative 

sequence was selected for each of the 39 taxa. The sequences were aligned and pairwise 

genetic distances among all taxa was calculated using MEGA5 (Tamura et al. 2011). The 

genetic distances among fungal species were correlated against the variation in host 

distribution among the same fungal species. The host variation among fungal species was here 

defined by the differences in Simpson 1-D index values between the species. I decided to use 

the Simpson 1-D index, as it is commonly used in ecology and provides an intuitive biological 

interpretation. The diversity index ranges from 0 to 1, and represents the probability of 

sampling the same species twice in a pool of species (Hill 1973, Hunter and Gaston 1988, He 

and Hu 2005). The matching between genetic distance and the host-diversity distances 

between the fungal species was estimated by a Pearson correlation across all interspecies 

comparisons. In addition, the distance matrices, genetic diversity and diversity, were 

undertaken a Procrustes analysis. In the Procrustes analysis we study how linear 

transformations of one matrix may match the other matrix, and here I am most interested in 

the residual difference of the matrices. A large residual difference indicates that there is not a 

good match between the genetic distances and the difference in Simpson index. The 

Procrustes analyses were performed using the Vegan package (Oksanen et al. 2016). To 

verify if the correlations between the distances and the Procrustes-analysis carried statistical 

significance, I performed a permutation test. As a null-hypothesis I assumed that the Simpson 

index is independently distributed among the fungal species, hence, the Simpson index values 

for all species are permuted and the diversity distance matrix recalculated for the fungal 

species. The permuted distances were then subject to a correlation and Procrustes analysis 
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against the original genetic distances. Then if the observed correlation and Procrustes match is 

good, one may anticipate that the permuted absolute correlation is lower and the residuals of 

the Procrustes are larger. The permutation was done 999 times, and I calculated the p-values 

of the analysis from these permutations.  

An additional correlation test was performed between genetic distances and the variation in 

species values produced by an ordination analysis (GNMDS). This analysis is used to test the 

relationship between the fungal species along the main gradients of the ordination and their 

genetic similarities. Only two ordination axes are used for the correlation test, similar to the 

ordination performed in later analyses. 

I visualized the host accumulation of the selected fungal species by use of accumulation 

curves, produced using the Vegan package (Oksanen et al. 2016) within R for all species of 

fungi and host genera. The curves were produced following the instructions provided by 

Oksanen (2016). Because of the great differences in sampling intensity between the fungal 

species, I utilized presence/absence data in order to better compare the different species.  

In order to illustrate the geographical sampling patterns of different regions in the data, I 

produced geographical representations of the UK. I parsed the data by the UK climate regions 

(Fig. 1B) as they are large enough to account for some of the variation in sampling effort 

across vice-counties. By doing this I lowered the difference in number of records between the 

regions, allowing rarer species to be presented as more abundant. Thus making statistical 

analyses more approachable without excluding any species, which would potentially affect 

the ability to determine the ecological impact (Cao and Larsen 2001). I then visualized the 

data across the UK by modelling the fungal-host responses for each climate region using the 

following metrics: Number of records (log10), the number of host genera, number of fungi 

species, and average host diversity index (Simpson 1-D). 

2.3 Regression analysis 
Regression analyses were performed to investigate the species-host trends in the dataset using 

Bayesian inference applying Integrated Nested Laplace Approximation, from the R-INLA 

package (Rue et al. 2009).  
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To assess the average host-diversity of species throughout the time period I counted the 

number of hosts for each fungal species in each vice-county within 5-year time-intervals, i.e. 

8 time periods. The response variable, i.e. counts, is represented by discrete values for which 

we assume a Poisson distribution. To assess the differences of the time-intervals on the 

average host diversity across the fungal species one has to identify the species specific 

random contribution, as well as account for different sampling intensities experienced by the 

fungal species in the different vice-counties. The sampling intensity of different fungi and 

vice-counties was handled by the expected number of records for the species in the vice-

county within the time period. The regression model illustrates the variation in number of host 

genera found per species per sampling intensity during the time periods.  

In order to investigate the impact of fungal traits, a regression analysis on fungal abundance 

was run on the national scale dataset (no division of regions) to best capture the trends of the 

different species. Here I studied the abundance of fungal species on the hosts and assessed if 

there is a difference in the temporal change induced by the trait of the species. The response is 

number of records, and I now assume a negative binomial distribution due to overdispersion 

of the data. The statistical specification follows the outline for trait-specific multivariate 

regressions (Jamil et al. 2012) and the community assembly by traits (Warton et al. 2014). I 

investigated if there was an effect of traits on fungal abundance between two time periods 

(1970-1990 and 1991-2010). The regression looks at the shared effects among species of the 

same trait, while allowing for species to be individual in their temporal responses, as well as 

the substrates being paired across the time periods.  

2.4 Multivariate analyses 
Ordination analyses were used to illustrate the effects of climate variables, regions, time 

periods, and host genera on the selected fungi in the UK jointly. Two different ordination 

methods were used: global non-metric multidimensional scaling (GNMDS) and canonical-

correlation analysis (CCA). In order to capture the effects of time and geographical location, I 

tested the effects of different combinations of temporal and geographical resolutions parallel 

to the model selection in the GNMDS. The extent best explaining the trends in the data was 

four time periods  (1970-1979, 1980-1989, 1990-1999, and 2000-2010) and two regions (east 

and west, Fig. 1a). The eastern region included five climate regions (Scotland E, England E & 

NE, Midlands, East Anglia, and England SE & CS), and the western region was made out of 
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four climate regions (Scotland N, Scotland W, England NW & N Wales, and England SW & 

S Wales). To reduce the effects of different sampling efforts between regions, the data was 

transformed to presence/absence before it was used in any of the analyses. This 

transformation also benefit the CCA, which has a drawback when handling different 

abundances where an increase or decrease in a common species will have less impact than a 

rare species (Borcard et al. 2011). 

The sporocarp data was analysed with GNMDS in R using the Vegan (Oksanen et al. 2016) 

and MASS (Venables and Ripley 2002) packages and following the guidelines and script of 

van Son and Halvorsen (2014) and Andrew et al. (2016). With the monoMDS-function I ran 

comparative GNMDS’s with Bray-Curtis distance similarity, with and without common 

transformations. There are several versions of non-metric multidimensional scaling (NMDS), 

but the monoMDS()-function offers a unique feature where sites which share no species and 

dissimilarities no longer are tied to their maximum value of one. By breaking these ties, the 

points are allowed to be at different distances and help recover long coenoclines (gradients) 

(Oksanen et al. 2016). I then selected the models with lowest stress based on 200 iterations 

and compared the models with each other based on axes correlation coefficients, and 

correlation between ordination axes and environmental variables.  

In addition to the original data, two different standardizations and transformations were 

tested: power-transformation, geodesic generalization, Wisconsin standardization, and 

geodesic generalization of the Wisconsin standardization. All of the mentioned 

transformations are frequently used in ecology (Noy-Meir et al. 1975, Borcard et al. 2011), 

and they are beneficial when dealing with varying sample sizes. After comparing the best 

models (lowest stress models) for each of the transformations, I selected the model best 

representing the data and environmental variables. The model was also visualized by plotting 

the ordination and observing the trends of climate, time periods and regions. 

After selecting the best model and transformation of the data I ran a variance partitioning, 

using the Vegan-package in R (Borcard et al. 2011). A CCA was run and compared with the 

results from the GNMDS. I started by including all of the environmental variables (23 in 

total). 

Before starting the selection of variables, I tested the significance of the model and axes by 

running 1000 permutations of the model and axes separately. Once I knew the model was 
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significant, a forward selection of the variables was run using the ordistep-function in the 

Vegan-package, uncovering the most parsimonious model. The most parsimonious model 

consisted of four different variables: (1) mean annual temperature, (2) time periods, (3) 

regions, (4) and host genus. I used this model in the variance partitioning and conditioned it 

by host genera, allowing the determination of the variance explained by the selected variables. 

Using the results of the variance partitioning, a Venn diagram was produced (Figure S2), 

illustrating the variance explained using circles representing the variables. I also created an 

ordination plot using only the four environmental variables from the forward selection, 

illustrating the alignment of different fungi species and host genera along the most 

parsimonious variables in a multidimensional ecological space. The model plotted was scaled 

to 0, using the raw data in the model without scaling to either “1” (which displays distance 

relationship among sites, i.e. host genera) or “2” (which displays fungal interspecies 

relationships) (Borcard et al. 2011, Andrew et al. 2016). 

Upon closer inspection of the ordination plot, I discovered two host genera (Euonymus and 

Ribes) and one fungus (Phylloporia ribis) appearing as heavy outliers. Ribes are shrubs that 

have been cultivated for food around Europe since the 1700s. Species of Euonymus (also 

known as spindle or spindle trees) are trees or shrubs that are mostly native to East Asia and 

have later been introduced to other parts of the world as garden ornamentals. The exception is 

Euonymus europaeus that is native to the UK (Clapham et al. 1962), but is also cultivated in 

gardens. However, it was impossible to decide which species of Euonymus, and whether it 

was wild or cultivated. Due to the extreme outlier positions, Euonymus and Ribes were 

removed from the final ordination analyses. These two host genera hosted very few species of 

fungi, but one fungus in particular, Phylloporia ribis, preferred these hosts over any other. 

After removal of Euonymus and Ribes, Phylloporia ribis was left with 29 observations and 

therefore also removed from further analyses.  

2.5 Fourth corner analysis & RLQ-analysis 
I performed a fourth-corner and RLQ analysis (Dray et al. 2014) using the ade4 (Dray and 

Dufour 2007) package in R. The analyses required three matrices: a site x environment matrix 

(R), a site x species matrix (L), and a species x traits table (Q) (McCune and Grace 2002, 

Brown et al. 2014). The R-matrix consisted of the most parsimonious variables from the 

GNMDS and CCA (host genus, mean annual temperature and regions). The L-matrix 
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contained 60 species of fungi and 39 host genera, representing the best sampled hosts as 

illustrated by previous analyses. The Q-matrix consisted of the same traits data used in the 

regression models. The datasets were separated by two regions and four time periods as it was 

in the ordination methods. 

The fourth-corner analysis allowed me to obtain a better understanding of how fungal traits 

are correlated with environmental variables on a community level. The positive/negative 

trends could help explain fungal species occurrences and is therefore essential when trying to 

explain the distributional patterns of fungal communities. 

The first step in the RLQ analysis was to perform separate ordinations on the three (RLQ) 

matrices. This would allow the characterization of the main environmental gradients in the 

three matrices, informing about the organization of species communities, and possible trends 

mediated by the traits data. In order to gain this information, a correspondence analysis was 

performed on the R-matrix, followed by a Hill-Smith analysis on both the L- and Q-matrices 

(Dray et al. 2014). I chose the Hill-Smith analysis over the possible principle component 

analysis (PCA) and multiple correspondence analysis, because it allows for the use of both 

categorical and continuous variables in the analysis (Brown et al. 2014, Andrew et al. 2016). 

Once the separate analyses were performed, I applied the RLQ-analysis. 

In order to evaluate and illustrate the statistical significance of the associations between traits 

and environmental variables, I ran a fourth-corner test on the RLQ scores, treating them as 

variables in the fourth-corner. I used  49,999 permutations in all randomization procedures in 

order to adjust the P values for multiple testing, and increase the power of the tests (Dray et 

al. 2014, Andrew et al. 2016). A factorial plot was then produced with the traits and 

environmental variables, illustrating the correlations between traits and environmental 

variables using coloured squares. Red squares represents a positive correlation, blue is 

negative, and grey is no correlation. The plot is based on the trends in the community rather 

than single species interactions, meaning that not all species of fungi or host genera 

necessarily follows this pattern. 
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3 Results 

3.1 Data structure 
In order to understand the structure and trends of the dataset, different descriptive statistics 

were run that illustrated features which may impact other analyses. First, I produced three 

geographical representations of the fungal data divided by climate regions. The figures (Fig. 

2) illustrate a trend in which the southern parts of the UK have a greater amount of host 

genera than the northern parts. The figures also illustrate the species diversity index in the 

different regions, showing a greater fungal species diversity in southern regions than in the 

north.  

 

Figure 2: Different geographical representations of the UK. plot A illustrates the number of host genera 
occurring in the different climate regions, plot B shows the mean number of host genera found per observation, 
plot C shows the average Simpson 1-D index values for each of the climate regions. 

 

Additional plots were produced, illustrating the relationships between fungal species, 

substrates, geographical distribution, and number of records (Fig. 3). There is a positive 

correlation between number of substrates (host genera) and number of species-observations 

(Fig. 3A). It also shows (Fig. 3B) that fungal species found on a growing number of substrates 
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were likely to have a wider geographic distribution (vice-counties). The final plots in Figure 

3C and D show an exponential increase when correlating the expected number of species-

observations with number of substrates and vice-counties, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: The plots A and B illustrate the relationship between the increasing amount of observations x host 

genera, and host genera x number of vice-counties (VC) respectively. Plots C and D show the effects of expected 

increase in number of species-observations (Marginal estimate) correlated with the number of host genera and 

vice-counties the species occur on. 

In order to illustrate the host ranges of the selected fungal species for each time period, a 

regression analysis was run (Fig. 4). When it comes to the species-wise average number of 

hosts there is an increase in number of hosts, with the exception of the last two time periods 

which show a decline. The model shows that the majority of fungal species are growing on 

low number host genera. This is further illustrated by the line representing the median number 

of host genera expected to be found on a fungal species each time period. Despite the majority 

of species having a narrow host range, the expected host range of a species sampled mean 

number of times each time period is greater than most other species. This indicates that the 

number of observations is much greater for the species with wide host range than the ones 

with narrow. 



14 
 

 

Figure 4: The number of hosts each fungal species is found in the different time periods. The red line illustrates 
the number of hosts a fungal species is expected to be found on when observed a mean number of times (of the 
total number of observations) each time period. The blue line illustrates the number of hosts a fungal species is 
expected to be found when it occurs on a median number of hosts (of the species totals) each time period.  
 

The regression also provided the number of host genera expected to be associated with a 

fungal species if the sampling intensity is consistent, here illustrated by sampling 100 records 

each time period (Figure S3). The model shows a decline in the expected number of host 

genera through time, despite the observed general increase (Fig. 4). This indicates that the 

fungus is recorded on relatively fewer host genera now than they did 40 years ago. 

 

To more clearly illustrate the effect of sampling intensity on host diversity, I produced host 

accumulation curves for the different polypores. Most species have a rapid increase in number 

of hosts with sampling effort except for a few host-specific fungi, like: Piptoporus betulinus 

(Fig. 5). The accumulation curves also indicate that most species would have been observed 

on more hosts if they were more intensively collected. 
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Figure 5: Host accumulation curves of the 61 fungal species in the dataset, distributed on 41 host genera. The 
end point of the accumulation curves indicate sampling effort (first axis) and total number of hosts (second axis). 
The legend is ordered to match the sequence of final number of host species for each fungal species, i.e. P. 
quercinus has the fewest number of hosts, while B. adusta has the greatest. 

 

3.2 Fungi’s host associations 
In order to illustrate the fungi’s host distribution, a heatmap with a corresponding dendrogram 

was produced (Fig. 6). The figure illustrates the abundance relationship between fungal 

species and host genera, and the dendrogram represents the similarity in host preference. 

Piptoporus betulinus is a good example of a species that is highly specialized (on Betula), 

while Trametes versicolor is a generalist species occurring on a total of 35 different host 

genera. The figure also illustrates the substrate ranges of host genera, where Fagus is a good 
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example of a host genus with high fungal species richness, housing almost all of the different 

polypores, while Syringa only host a few fungal species with few observations. 

Figure 6: Heatmap illustrating the log of the proportional abundance values of fungal species occurring on the 
different host genera. The orders are colour coded in the legend and in the dendrogram on the left side, which 
illustrates the similarity in host preference among the fungal species. The beige/white cells represent no 
occurrence, while darker colours represent a greater number of occurrences. The cyan line in the colour key 
represents the abundance of cells occurring within the proportional values. The figure arranges the substrate 
generalised fungal species at the top of the model, and the substrate specific species at the bottom. Similar to the 
fungal species, host genera are ranked by the number of fungal species they host, with high species richness on 
the left side and low species richness on the right. 
 

The correlation test between genetic distances and Simpson index values was significant, and 

the Procrustes analysis provided a very low probability (0.7%) of the correlation between the 

matrices being the product of random sampling – meaning that there is a correlation between 
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the genetic distance measure and the distance between the species in terms of the Simpson 

index. The correlation test between genetic distances and species values from the ordination 

(GNMDS; see section 3.3) showed a weak non-significant positive correlation (p = 0.078).  

3.3 Effect of climate factors on fungal composition 
The GNMDS and CCA analyses complement each other in terms of variable selection and 

visualization. Only the CCA plot is included, as results were more interpretable and largely 

similar between the two methodologies. The CCA plot (Fig. 7) illustrates the effects of abiotic 

variables on fungal composition by host genera. The effect of climate regions on fungal 

composition on hosts are shown, though considerable overlap across regions did occur (e.g. 

communities in region West were in some time periods more similar to the communities in 

East). The effects of time and mean annual temperature were seen by a general shift in all 

communities from lower time and temperature values to higher values, mostly corresponding 

to the gradient along CCA axis 1. Temperature was also correlated with regions, where 

eastern communities were associated with higher temperatures and the western communities 

with lower.  

A variance partitioning was performed to investigate how much of the variance in the model 

was explained by the variables included in the analyses. The total amount of variance 

explained by the variables is 44% of the total variance in the model, leaving 56% 

unconstrained variation to be explained by other, unquantified variables (Table 1). The table 

shows that most of the variation explained in the model is explained by host genus, while only 

a small proportion of variation is explained by time periods, climate (mean annual 

temperature) and region.  
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Table 1: Variance partitioning of the different variables included in the CCA analysis. The variables and 
combination of variables (column 1) correspond to the contribution of inertia (column 2) and proportion of total 
variance explained in the model (column 3). The model is conditioned by host genera. 

 

 

 

 

 

 

 

 

Figure 7: The CCA biplot produced after optimizing the model by removing excessive variables. Each point 
represents the fungal composition on a specific host genera in a specific time period and region. Blue triangles 
represent data from the eastern region and red circles are from the western region. The different saturations of 
the colours represent the time periods used for the analysis, where pale colours represent the earliest time period 
which becomes gradually darker as they move through time. 

 

 
Intertia Proportion 

Climate 0.04 0.01 
TimePeriod 0.06 0.02 
Region 0.04 0.01 
Climate U TimePeriod U Region 0.11 0.03 
Climate U TimePeriod 0.07 0.02 
Climate U Region 0.07 0.02 
TimePeriod U Region 0.07 0.02 
HostGenus (Conditioned) 1.18 0.31 
Total variance explained by variables 1.64 0.44 
Total variance in model 3.77 1 
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3.4 Effect of fungal community traits on host 
preference 

In order to investigate the relationship between the significant variables (host, region and time 

period), potentially driving the fungi’s host range, and the distribution of associated fungal 

traits, an RLQ and fourth-corner analysis was run. The results for both analyses are presented 

in the fourth-corner output, as the results from the RLQ analysis were treated as variables in 

the fourth-corner (Dray et al. 2014). Two models were produced using the fourth-corner 

method: One model illustrating the overall community trends by combining all observations 

to create a community effect (“G”-plot) (Fig. 8), and another model illustrating the effects of 

fungal compositions on different host genera (“D2”-plot) (Fig. 9).  

The G-plot illustrates a negative relationship between spore length (min, max and average, for 

species in the communities) and the mean annual temperature (Fig. 8), indicating an expected 

decrease in spore length across the community as temperature increases. The effect of time is 

positively correlated with host stage (standing or downed substrate), but to recognize which 

one of the host stages are positively affected one has to inspect the D2 plot (Fig. 9).  

The D2-plot of the fourth-corner analysis (Fig. 9) illustrates the relationship of separate host 

genera and fungal traits instead of investigating the effects of the entire community. The 

figure shows an increase in the column variables that leads to an increase/decrease in the 

corresponding fungal trait. In comparison to the “G”-output (Fig. 8), this model supports the 

hypothesis that there has been a temporal change in the community driven by the “dead”, i.e. 

downed substrate, host stage. The positive correlation with “dead” host stage is accompanied 

by the negative correlation with “living”, i.e. standing substrate, host stage. The figure also 

visualizes the correlations of fungal traits on different host genera, created by the fungal 

compositions occurring on the given host. 

It is important to note that the overall community is not equally separated between deciduous 

and coniferous host genera, meaning that the trends observed here is only representative for 

certain community assemblages. 
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Figure 8: The “G” output of the fourth-corner analysis illustrating the different relationships between traits and 
environmental variables. Blue squares represents a negative relationship, red are positive, and grey are neutral 
(no significant correlation). The variables have been abbreviated the following: Len = spore length, Bre = spore 
breadth, Log10_vol = log10 spore volume, Ann_Per = durability of fruit body, Hyph_sys = Hyphal system, 
Host_stg = Host stage, Rot_type = Rot type. 

Figure 9: The “D2” output of the fourth-corner analysis. The model illustrates the relationship between 
environmental variables and fungal traits, without combining the different host genera to create a community 
effect. Blue squares represent a negative relationship, red are positive, and grey are neutral (no significant 
correlation). 
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The regression analysis used to investigate fungal trait-mediated changes in abundance 

between time periods provided a significant result with host stage; standing versus downed 

substrate. The effects of all fungal traits between the time periods are presented in Table 2, 

where the column of interest is the DeltaWAIC (Watanabe-AIC). If the value is greater than 

2, the interaction between the trait and fungal abundance has a noteworthy effect on our data. 

 

 

Table 2: The effects of fungal traits 
on fungal abundance between the 
time periods. The columns marked 
“No interaction” and “Interaction”, 
represent the WAIC value without 
and with the interaction of fungal 
traits – a lower WAIC value 
represents a better model. The 
“DeltaWAIC” column shows the 
increase/decrease in WAIC value 
when including the trait interaction. 
The extra complexity introduced 
with an interaction is deemed 
needed in the Delta WAIC is 
positive. 

 

 

 

Closer inspection of the fungal trait interaction of host stage, which had a significant effect 

between the time periods, provides insight to how great the changes are between time periods 

1 and 2. Graphical representations of the absolute change between time periods (Fig. 10a) and 

proportional changes (Fig. 10b) were produced using the output values from a regression 

analysis (Table S1). The plots in Figure 10 illustrate a stable relationship in usage of the two 

host stages. However, the proportional increase of downed substrate usage is 30% greater 

than standing substrate. The plots also show a great increase in number of observations made 

on each of the host stages from time period 1 to 2. 

  

Interaction with time    

Trait No 
interaction Interaction DeltaWAIC 

Len_min 13049 13052 -3 
Len_max 13052 13052 0 
Len_avg 13049 13052 -3 
Bre_min 13049 13050 -1 
Bre_max 13049 13050 -1 
Bre_avg 13049 13050 -1 
spore_volume 13049 13051 -2 
Log10_vol 13049 13051 -2 
Ann_Per 13049 13053 -4 
Hyph_sys 13050 13070 -20 
Host_stg 13049 13046 3 
Rot_type 13049 13051 -2 
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Figure 10: The two plots illustrate the expected change in absolute (A) and proportional (B) fungal abundance 

between two time periods on dead, i.e. downed, and living, i.e. standing, substrates. Plot A illustrates the 

expected change in absolute substrate abundance between the two time periods (1970-90 and 1990-2010). The 

plot shows a great increase in number of observations, but the relationship between the use host stages remains 

relatively stable. Plot B illustrates the expected proportional change in use of dead/living substrate between the 

two time periods. The difference in the proportional change is significant (Table S1). 
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4 Discussion 

4.1 Main findings 
Mean annual temperature, temporal shift, host genera, as well as regional distribution were 

shown to have a significant effect on the fungi’s distribution on host trees. Most of the 

variation could be ascribed to host effects, while the other variables explained far less (~1%). 

The observed effects were found to be trait-dependent, meaning that fungi with different traits 

respond differently to climate variability. The fungal traits showing the greatest effects were 

(1) substrate usage through time, where downed (“dead”) substrate had a proportionally 

higher increase in usage than standing (“living”) substrate; and (2) spore size, which varied 

with temperature. 

The host ranges for each fungal species, revealed that the majority of species was recorded on 

a low number of hosts. A connection between similarity in host usage and genetic distance 

among fungi was confirmed, indicating that closely related species typically have more 

similar host ranges. 

4.2 Potential bias and error 
Working with a large multiple-source dataset (including citizen science data) poses several 

challenges in dealing with biases and errors. The analyses of citizen science data involves 

challenges, such as: Sampling bias, observer variability (e.g. education level and sampling 

experience), habitats sampled, and probability of identification (Dickinson et al. 2012). 

Despite the potential biases, multiple studies deem citizen science data to be a valuable 

resource when investigating temporal and climatic effects on organism groups (Dickinson et 

al. 2010, Yu et al. 2010, Crall et al. 2011, Dickinson et al. 2012, Gardiner et al. 2012). The 

tentative biases of citizen science data is very relevant for my study, as the differences in 

sampling effort between climate regions across the UK bring consequences for the host 

accumulation and diversity of fungal species.  

The two other sources of data included, herbarium records and museum data, are considered 

more robust than citizen science data, as they undergo quality controls to ensure the species 

are correctly identified (though, this is changing with technological advancements) (Yu et al. 
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2010, Crall et al. 2011). However, there are still shortcomings in herbarium and museum data 

despite the high reliability of the records. Geographical and temporal gaps, biased sampling, 

and presence-only data are some of the weaknesses one faces when working with these types 

of data (Ponder et al. 2001). 

Another important aspect of dealing with recordings made by field-observations is the delay 

between observation and registration. This is illustrated by my data by a decline in number of 

host genera per fungal species the last two time periods (2000-05 and 2005-10). 

To reduce the effect of several shortcomings in the actual dataset, precautions are taken before 

running the analyses. Geographical gaps in sampling effort were partially negated by 

combining the three different sources of data. However, sampling bias and habitat selection 

due to geographical variability could not be completely resolved, because the observer 

variability was difficult to account for. Therefore, by transforming the count data to presence-

absence the differentiated sampling intensity and biases for specific species are minimalized.  

4.3 Host range and diversity 
Despite the ecological importance of wood-decomposing fungi, knowledge of host selection 

patterns and preferences is very limited (Gange et al. 2011, Mohammad 2013, Heilmann-

Clausen et al. 2016). When it comes to host preference, I observed a grouping of fungal 

species within genera, proposing similarities in host preference among Bjerkandera, Phlebia, 

Postia, Ganoderma, Piptoporus, Hericium and others. The grouping of genetically similar 

species is not unexpected, as polypore fungi, like other wood-decomposers, utilize an 

enzymatic apparatus which defines their host preference (Baldrian 2008, Heilmann-Clausen et 

al. 2016). The enzymatic apparatus involved in wood decay probably evolves slowly, 

resulting in the observed similarities. As noted previously, there was no connection between 

fungal orders and host preference. This may be the result of not including enough fungal 

species in the different orders, as Polyporales appear overrepresented in the dataset. It could 

also be the result of fungal orders encompassing too many ecological strategies to make any 

relation in host preference between the species.  

Most fungal records were on Fagus, followed by Quercus and Betula, which is probably a 

direct result of these hosts abundance in the UK. The majority of host plants with wide fungal 

composition are deciduous trees, while conifers houses a narrower range of fungi. This 
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difference could partly be due to sampling bias, but it could also be that conifers in the UK 

house less fungal species than deciduous. Heilmann-Clausen et al. (2016), revealed some 

trends in host genera traits that play an important role in fungal species richness. Investigating 

more than 1000 fungal species and 91 host genera (woody plants), they were able to 

determine host tree size, wood pH, and number of species within host genus as important 

factors positively influencing the fungal richness on host genera. The host affinity of fungal 

species may also vary depending on habitat ecology (Boddy et al. 2014). This is seen in the 

saprotrophic ascomycete Daldinia concentrica, which is commonly found on birch (Betula) in 

the northern UK and occasionally on beech in the south (Fagus), although both hosts are 

widespread. The species is also found latently in several other plant genera, but does not 

necessarily produce sporocarps (Boddy et al. 2014). 

The accumulation curve analysis confirms the general trend in ecological studies that 

accumulation curves are rarely ever able to reach the asymptote, because of the unrealistic 

amount of effort required by the observers (Gotelli and Colwell 2011). The accumulation 

curves produced for the fungal species in this study show that most species in the dataset are 

not sampled enough (Gotelli and Colwell 2011). However, this is partially negated in the 

ordination analyses by converting the counts data to a presence/absence representation. 

4.4 Climatic effects 
Climatic variability over time had a significant effect on the structuring of fungal 

communities on host genera. Mean annual temperature, temporal shift, regional distribution, 

and host genera all contributed to explaining the structuring of data. However, compared to 

the other variables, host genera explained the majority of the models variation (33%). 

The fungal communities on host genera in the CCA-plot were structured along the main 

gradients, time and temperature, and show a regional-based separation with some overlap. A 

correlation can be seen between temperature and time, as they both show an increase in the 

same direction. Previous studies and reports confirm the observed correlation by illustrating 

the increase in temperature over time (Sparks and Menzel 2002, Pachauri et al. 2014). Despite 

the structuring of communities along time and temperature, there are some communities 

located in areas which cannot be explained by the two variables. This could be due to 
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underlying variables connected to regional distribution, as 56% of the model’s total variation 

remains unexplained.  

4.5 Trait-dependent responses 
The traits-based analyses provided results comparable to the small-scale study performed in 

La Chanéaz, Switzerland by Andrew et al. (2016). This study utilized spatio-temporal 

sporocarp data, sampled in the time period 1975 to 2006 in order to provide insight into the 

important climate variables influencing fungal traits. Andrew et al. (2016) determined the 

effects of humidity (positive effect) and temperature (negative effect) to be the most important 

variables influencing spore volume and fungal ecology. My study, which utilizes a large-

scale, but relatively homogeneous geography (the UK), might be optimal for investigating 

temperature gradients related to spore traits. Similar to Andrew et al. (2016), my study 

showed a negative correlation between spore size and temperature. However, precipitation 

never tested significant to the data. The observed changes in spore size could potentially be 

related to water balance optimization, as hypothesised by Kauserud et al. (2011). My results 

may seem contradictory to Kauserud et al. (2011), where observation of larger spores in drier 

areas, were assumed to be due to a need of larger water storage capacities. However, the 

results my analyses produced could reflect a short term response to climatic change, while 

Kauserud et al. (2011) may reflect a long term evolutionary adaptation. Alternatively, the 

observed trends in my study could be affected by a variety of different climatic variables, not 

included in the analyses. 

Closer inspection of spore-related traits among host genera reveals different correlations to 

spore length and width. Over time, the fungal communities on the different host genera have a 

tendency to lean towards either smaller or larger spores (by changing spore length/breadth, or 

both). The conifers (Larix, Picea, and Pinus) show a reduction in spore size in their fungal 

communities along with Betula, while many broad leafed deciduous trees (Aesculus, Juglans, 

Platanus, Quercus, and Robinia) show an increase in spore size. The trends of increasing 

spore size on deciduous plants are similar to what Kauserud et al. (2008b) observed in a study 

investigating 303 European wood-inhabiting polypores. Interestingly, most of the host genera 

with increasing spore size are common introduced park-trees in the UK, with the exception of 

Quercus, which is native (Clapham et al. 1962). 
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Significant correlation between substrate type preference among fungal communities and time 

indicated a proportionally greater increase in the usage of downed substrate material 

compared to standing. This may be the result of land owners keeping the forest litter (dead 

branches, leaves, logs, stumps) instead of removing it – providing substrate for the 

saprotrophic fungi. It could also be an effect of a decrease in forest management as coarse 

woody debris greatly diminish in managed forests in contrast to undisturbed forest, as shown 

in a Finnish study by Siitonen (2001). 

Hyphal system and rot type gave very few correlations with the explanatory variables, and did 

not show any trends that can be related to specific biological processes. There was a shift 

towards brown rot in the coniferous host genera that also shift towards smaller spores. A 

negative correlation between monomitic hyphal system and region west was also detected, but 

this does not provide enough information to draw any conclusions.  

Relating fungal traits to environmental variables enables us to make predictions to how fungal 

species will respond toward climate change. Knowledge of fungal responses to different 

environmental variables allows for the understanding of factors that determine host preference 

and affinity. The increasing number of studies on large scale national or regional datasets of 

wood-decomposers will hopefully allow us to fully understand and interpret the observed 

patterns of responses in fungi (Kelly and Goulden 2008, Kauserud et al. 2008b, Gange et al. 

2011, Kauserud et al. 2011, Mohammad 2013, Boddy et al. 2014, Andrew et al. 2016, 

Heilmann-Clausen et al. 2016).  
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5 Conclusion 
This study investigated the substrate ranges of 61 different species of polyporoid fungi, and 

assessed the effects of climate change on host affinity and fungal traits. The quality of the 

data was evaluated using descriptive statistics to ensure best results from the analyses. 

Substrate ranges were correlated with genetic distances between fungal species, 

demonstrating a relationship between the genetic similarity and host range. The majority of 

fungal species was growing on a low number of hosts, with the exception of some species 

with wide host ranges. Ordination methods were used to determine the significant effects of 

climatic variables. Mean annual temperature, temporal change, regional distribution, and host 

genera had a significant effect on the data, explaining 44% of the model’s total variation.  

Lastly, I investigated the influence of traits on fungi’s responses. Correlations were seen 

between preference towards downed (“dead”) substrate usage and temporal change. This 

correlation was closer investigated in a regression analysis, showing that downed substrate 

usage increased proportionally by 30% more than standing (“living”) substrate usage. Mean 

annual temperature was negatively correlated with spore size in the overall community, but 

separate host genera revealed individual effects towards spore size, both positive and 

negative. Rot type and hyphal system was also correlated with different host genera, but did 

not provide enough information to draw any biological conclusion. 

Studies on large spatio-temporal scales are just scratching the surface of climate change-

responses on fungal species. By including a variety of explanatory variables, we can relate 

them to host affinity and fungal ecology, and improve our understanding on fungal responses 

to climate change. 

If I had the opportunity to reproduce this study, I would obtain a larger variety of variables 

(e.g. wood pH, nature type, etc.). This study included 20 variables related to temperature, 

which boiled down to mean annual temperature. The inclusion of different variables might 

have been able to explain some of the remaining 56% unconditioned variation. 

 



29 
 

6 References 
Allen, C.D., Macalady, A.K., Chenchounic, H., Bacheletd, D., McDowelle, N., Vennetierf, M., 
Kitzbergerg, T., Riglingh, A., Breshearsi, D.D., Hoggj, E.H.T., Gonzalezk, P., Fenshaml, R., Zhangm, Z., 
Castron, J., Demidovao, N., Limp, J.-H., Allardq, G., Runningr, S.W., Semercis, A. and Cobbt, N. (2010). 
"A global overview of drought and heat-induced tree mortality reveals emerging climate change risks 
for forests." Forest Ecology and Management 259(4): 660. 

 
Andrew, C., Heegaard, E., Halvorsen, R., Martinez-Peña, F., Egli, S., Kirk, P.M., Bässler, C., Büntgen, U., 
Aldea, J., Høiland, K., Boddy, L. and Kauserud, H. (2016). "Climate impacts on fungal community and 
trait dynamics." Fungal Ecology 22: 17-25. 

 
Baldrian, P. (2008). Enzymes of saprotrophic basidiomycetes. Ecology of Saprotrophic 
Basidiomycetes. L. Boddy, P. v. West and J. C. Frankland, Elsevier Academic Press: 19-41. 

 
Boddy, L., Büntgen, U., Egli, S., Gange, A.C., Heegaard, E., Kirk, P.M., Mohammad, A. and Kauserud, H. 
(2014). "Climate variation effects on fungal fruiting." Fungal Ecology 10: 20-33. 

 
Borcard, D., Gillet, F. and Legendre, P. (2011). Numerical Ecology with R, Springer Science & Business 
Media. 

 
Breitenbach, J. (1986). Fungi of Switzerland, Volume 2: Non Gilled Fungi. Lucerne, Switzerland, Verlag 
Edition Mycologia. 

 
Brown, A.M., Warton, D.I., Andrew, N.R., Binns, M., Cassis, G. and Gibb, H. (2014). "The fourth-corner 
solution – using predictivemodels to understand howspecies traits interactwith the environment." 
Methods in Ecology and Evolution 4: 344-352. 

 
Cao, Y. and Larsen, D.P. (2001). "Rare species in multivariate analysis for bioassessment: some 
considerations." The North American Benthological Society 20(1): 144-152. 

 
Clapham, A.R., Tutin, T.G. and Warburg, E.F. (1962). Flora of the British Isles, Cambridge University 
Press. 

 
Crall, A.W., Newman, G.J., Stohlgren, T.J., Holfelder, K.A., Graham, J. and Waller, D.M. (2011). 
"Assessing citizen science data quality: an invasive species case study." Conservation Letters 4: 433-
442. 

 
Davis, M.B. and Shaw, R.G. (2001). "Range Shifts and Adaptive Responses to Quaternary Climate 
Change." Science 292(5517): 673-679. 

 



30 
 

Dickinson, J.L., Shirk, J., Bonter, D., Bonney, R., Crain, R.L., Martin, J., Phillips, T. and Purcell, K. (2012). 
"The current state of citizen science as a tool for ecological research and public engagement." 
Frontiers in Ecology and the Environment 10(6): 291-297. 

 
Dickinson, J.L., Zuckerberg, B. and Bonter, D.N. (2010). "Citizen Science as an Ecological Research 
Tool: Challenges and Benefits." Annual Review of Ecology, Evolution, and Systematics 41: 149-172. 

 
Dray, S., Choler, P., Dolédec, S., Peres-Neto, P.R., Thuiller, W., Pavoine, S. and Braak, C.J.F.t. (2014). 
"Combining the fourth-corner and the RLQ methods for assessing trait responses to environmental 
variation." Ecology 95(1): 14-21. 

 
Dray, S. and Dufour, A.B. (2007). "The ade4 package: implementing the duality diagram for 
ecologists." Journal of Statistical Software 22(4): 1-20. 

 
Gange, A.C., Gange, E.G., Mohammad, A.B. and Boddy, L. (2011). "Host shifts in fungi caused by 
climate change?" Fungal Ecology 4(2): 184-190. 

 
Gange, A.C., Gange, E.G., Sparks, T.H. and Boddy, L. (2007). "Rapid and Recent Changes in Fungal 
Fruiting Patterns." Science 316(5821): 71. 

 
Gardiner, M.M., Allee, L.L., Brown, P.M.J., Losey, J.E., Roy, H.E. and Smyth, R.R. (2012). "Lessons from 
lady beetles: accuracy of monitoring data from US and UK citizenscience programs." Frontiers in 
Ecology and the Environment 10(9): 471-476. 

 
Gotelli, N.J. and Colwell, R.K. (2011). Estimating species richness. Biological Diversity: Frontiers in 
Measurment and Assessment. M. A. E. and M. B. J., Oxford University Press: 39-54. 

 
He, F. and Hu, X.-S. (2005). "Hubbell's fundamental biodiversity parameter and the Simpson diversity 
index." Ecology Letters 8(4): 386-390. 

 
Heilmann-Clausen, J., Maruyama, P.K., Bruun, H.H., Dimitrov, D., Læssøe, T., Frøslev, T.G. and 
Dalsgaard, B. (2016). "Citizen science data reveal ecological, historical and evolutionary factors 
shaping interactions between woody hosts and wood-inhabiting fungi." New Phytologist 212(4): 
1072-1082. 

 
Hill, M.O. (1973). "Diversity and Evenness: A Unifying Notation and Its Consequences." The Ecological 
Society of America 54(2): 427-432. 

 
Hunter, P.R. and Gaston, M.A. (1988). "Numerical index of the discriminatory ability of typing 
systems: an application of Simpson's index of diversity." Journal of Clinical Microbiology 26(11): 
2565-2566. 

 



31 
 

Huntley, B. (1991). "How Plants Respond to Climate Change: Migration Rates, Individualism and the 
Consequences for Plant Communities." Annals of Botany 67: 15-22. 

 
Jamil, T., Ozinga, W.A., Kleyer, M. and Braak, C.J.F.t. (2012). "Selecting traits that explain species–
environment relationships: a generalized linear mixed model approach." Journal of Vegetation 
Science 24(6): 988-1000. 

 
Jensen, H.S. and Andersen, F.O. (1992). "Importance of temperature, nitrate, and pH for phosphate 
release from aerobic sediments of four shallow, eutrophic lakes." Limnology and Oceanography 
37(3): 577-589. 

 
Kauserud, H., Colman, J.E. and Ryvarden, L. (2008b). "Relationship between basidiospore size, shape 
and life history characteristics: a comparison of polypores." Fungal Ecology 1(1): 19-23. 

 
Kauserud, H., Heegaard, E., Halvorsen, R., Boddy, L., Høiland, K. and Stenseth, N.C. (2011). 
"Mushroom's spore size and time of fruiting are strongly related: is moisture important?" Biology 
Letters 7(2): 273-276. 

 
Kauserud, H., Stige, L.C., Vik, J.O., Økland, R.H., Høiland, K. and Stenseth, N.C. (2008a). "Mushroom 
fruiting and climate change." Proceedings of the National Academy of Science of the United States of 
America 105(10): 3811-3814. 

 
Kelly, A.E. and Goulden, M.L. (2008). "Rapid shifts in plant distribution with recent climate change." 
Proceedings of the National Academy of Science of the United States of America 105(33): 11823-
11826. 

 
McCune, B. and Grace, J.B. (2002). Analysis of Ecological Communities. Gleneden Beach, MjM 
Software Design. 

 
Met_Office (2016). UK regional climates, Met Office. 2016. 

 
Mohammad, A. (2013). Spatial and Temporal Aspects of Macrofungal Community Structure. PhD, 
University of London. 

 
Moore, D., Robson, G.D. and Trinci, A.P.J. (2011). 21st Century Guidebook to fungi, Cambridge 
University Press. 

 
Noy-Meir, I., Walker, D. and Williams, W.T. (1975). "Data Transformations in Ecological Ordination II. 
On the Meaning of Data Standardization." Journal of Ecology 63(3): 779-800. 

 
Oksanen, J. (2016). Vegan: ecological diversity. CRAN: The Comprehensive R Archive Network: 1-12. 



32 
 

 
Oksanen, J., Blanchet, F.G., Kindt, R., Legendre, P., Minchin, P.R., O’Hara, R.B., Simpson, G.L., 
Solymos, P., Stevens, M.H.H. and Wagner, H. (2016). vegan: Community Ecology Package version 2.3-
4, CRAN: The Comprehensive R Archive Network. 

 
Pachauri, R.K., Allen, M.R., Barros, V.R., Broome, J., Cramer, W., Christ, R., Church, J.A., Clarke, L., 
Dahe, Q., Dasgupta, P., Dubash, N.K., Edenhofer, O., Elgizouli, I., Field, C.B., Forster, P., Friedlingstein, 
P., Fuglestvedt, J., Gomez-Echeverri, L., Hallegatte, S., Hegerl, G., Howden, M., Jiang, K., Cisneros, B.J., 
Kattsov, V., Lee, H., Mach, K.J., Marotzke, J., Mastrandrea, M.D., Meyer, L., Minx, J., Mulugetta, Y., 
O’Brien, K., Oppenheimer, M., Pereira, J.J., Pichs-Madruga, R., Plattner, G.-K., Pörtner, H.-O., Power, 
S.B., Preston, B., Ravindranath, N.H., Reisinger, A., Riahi, K., Rusticucci, M., Scholes, R., Seyboth, K., 
Sokona, Y., Stavins, R., Stocker, T.F., Tschakert, P., Vuuren, D.v. and Ypersele, J.-P.v. (2014). IPCC, 
2014: Climate Change 2014: Synthesis Report. IPCC, Geneva, Switzerland: 39-52. 

 
Ponder, W.F., Carter, G.A., Flemons, P. and Chapman, R.R. (2001). "Evaluation of Museum Collection 
Data for Use in Biodiversity Assessment." Conservation Biology 15(3): 648-657. 

 
Rue, H., Martino, S. and Chopin, N. (2009). "Approximate Bayesian inference for latent Gaussian 
models using integrated nested Laplace approximations (with discussion)." Journal of the Royal 
Statistical Society, Series B 71(2): 319-391. 

 
Ryvarden, L., Melo, I. and Tuomo, N. (2014). Poroid fungi of Europe, FUNGIFLORA. 

 
Siitonen, J. (2001). "Forest Management, Coarse Woody Debris and Saproxylic Organisms: 
Fennoscandian Boreal Forests as an Example." Ecological Bulletins 49: 11-41. 

 
Sparks, T.H. and Menzel, A. (2002). "Observed changes in seasons: An overview." International 
Journal of Climatology 22(14): 1715-1725. 

 
Tamura, K., Peterson, D., Peterson, N., Stecher, G., Nei, M. and Kumar, S. (2011). "MEGA5: Molecular 
Evolutionary Genetics Analysis Using Maximum Likelihood, Evolutionary Distance, and Maximum 
Parsimony Methods." Molecular Biology and Evolution 28(10): 2731-2739. 

 
Venables, W.N. and Ripley, B.D. (2002). Modern Applied Statistics with S. Fourth Edition, Springer. 

 
Warton, D.I., Shipley, B. and Hastie, T. (2014). "CATS regression – a model-based approach to 
studying trait-based community assembly." Methods in Ecology and Evolution 6(4): 389-398. 

 
Wollan, A.K., Bakkestuen, V., Kauserud, H., Gulden, G. and Halvorsen, R. (2008). "Modelling and 
predicting fungal distribution patterns using herbarium data." Journal of Biogeography 35(12): 2298-
2310. 

 



33 
 

Yu, J., Wong, W.K. and Hutchinson, R.A. (2010). Modeling Experts and Novices in Citizen Science Data 
for Species Distribution Modeling. 2010 IEEE International Conference on Data Mining. 

 



34 
 

7 Appendix 
 

 

 

 

 

 

Figure S1: Formula for the volume of an ellipsoid, used to calculate the spore volume of all fungal species in the 

traits table. 

 

 

 

 

 

 

 

 

 

Figure S2: Venn diagram illustrating the variance explained by the different variables, both separately and when 

interacting with each other. 
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Figure S3: The orange line represents the number of host genera a fungal species is expected to be associated 

with, when sampled 100 times each time period.  

 

Table S1: Parameterization of the temporal change between species preferring downed or standing substrate. To 

reduce the effects of varying sampling intensity between the two time periods, the values represent proportional 

differences between time periods instead of absolute values. The intercept represents species preferring downed 

substrate in time period 1, while species preferring standing substrate is shown in intercept + DeadLiving. The 

changes in species preferring downed substrate in time period 2 is found by calculating the intercept + time, 

while standing substrate preference is seen in intercept + DeadLiving + Time + DeadLiving:time. 

 

Fixed effects:  
       mean sd 0.025quant 0.5quant 0.975quant mode 

(Intercept) x -1.9892 0.3907 -2.7609 -1.9885 -1.2227 -1.987 
DeadLiving x0.45 0.3439 -0.2277 0.4502 1.126 0.4506 
Time x2.16 0.0957 1.9723 2.1599 2.3479 2.1598 
DeadLiving:time x-0.403 0.1611 -0.7196 -0.4029 -0.0873 -0.4026 
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