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A “quick” review I jotted down last March:

Frøslev et al. (2019) effectively demonstrate the parallel importance of two 
main methodologies to assess fungal diversity: (1) via comprehensive but time-
consuming and laborious fruit body surveys, requiring taxonomically trained 
specialists, whom are dwindling with time, and (2) by samples of soil and state-
of-the-art molecular analyses of the fungal DNA contained within (eDNA), which 
has increased with time. 
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singletons – OTUs with an abundance (read count) of one – and most
sites contained no singleton OTUs and a site maximum of 3 singletons
was observed. Thus we chose not to remove any OTUs or observations
due to low frequency or abundance.

3796 OTUs (36.2%) matched a Species Hypothesis from UNITE with
98.5% or more and 5501 (52.4%) with 97% or more. 2262 (21.6%)
OTUs received an exact species level annotation, and 9936 OTUs
(94.7%) could be assigned to a phylum level taxon (see Supplementary
material). 5, 15 and 12 OTUs were among the ‘top 50 most wanted
fungi’ (Nilsson et al., 2016) at the phylum, class and order level re-
spectively (see Supplementary material).

Very few OTUs (avg 0.7 OTU pr site) could be assigned to lichenized
fungi (see Supplementary material for more information), and we did
not exclude these OTUs from analyses although lichens were not as-
sessed in the fruitbody dataset.

OTU richness was not greatly influenced by sequencing depth –
Spearman rank r= 0.98 between OTU count based on rarefied data
(10,000 reads per sample) and full data – and OTU richness measures
were thus estimated from the full (not rarefied) data (Supplementary
Fig. 5).

3.2. Overlap between methods

The fruitbody survey recorded fewer species than the eDNA meta-
barcoding approach (Fig. 2a, Supplementary Fig. 1). The fruitbody
survey included 8793 observations (a record of species in a site), and
recorded 1751 species (1359 Agaricomycetes of which 845 belonged to
Agaricales). The eDNA metabarcoding included total 37,289 observa-
tions (an OTU in a site), and recorded 10,490 OTUs (2741 Agar-
icomycetes and 1480 Agaricales). 1204 (69%) of the fruitbody species
were recorded as fruitbodies only, while 547 (31%) were found also as
OTUs. 9796 (93%) of the OTUs were found with eDNA metabarcoding
only, while 694 (7%) were recorded also as fruitbodies (i.e. had species
name annotations corresponding to the 547 species mentioned above).
For these 547 coinciding species there was a tendency towards pairwise
correspondence of species and OTU frequency (Figs. 2a and 1c). Three
coinciding species were common as fruitbodies, but rare as OTUs. Four
of these (Clitopilus hobsonii, Phloeomana speirea, Mollisia cinerea and
Xylaria hypoxylon) are normally observed on woody or herbaceous
substrates, and the last (Galerina vittiformis) is associated with bryo-
phytes. The top ten most frequent coinciding OTUs (Fig. 2b) were less
frequent as fruitbodies – all were common soil fungi, except Ganoderma
applanatum, a wood decomposer not generally perceived as a soil
fungus. Site OTU richness and fruitbody species richness was highly

Fig. 2. Frequency of species and OTUs among the 130 sampling sites. a) Frequency of species sorted by decreasing frequency, and grouped by species recorded with
both methods or only as OTU or as fruitbody, y-axis indicates the number of sampling sites (of 130) in which a species was recorded, number of species and number of
observations (a species/OTU in a site) are indicated for each group. b) Top 10 most frequent species recorded with either method. c) Scatterplot of presences across
sites of fruitbodies vs. DNA of the 463 species recorded by both methods. d) Species richness of the 130 sites as recorded with fruitbodies or OTUs for the 463 species
recorded with both methods.
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The fungal molecular revolution of the ’90s inadvertently served, in ways, as a 
backlash to fruit body collections in the later decades: we could see that 
species were identified in soil that never created fruit bodies, and we knew 
that fungal species can be rather fickle in terms of when they do fruit, hence, 
eDNA must be the most accurate methodology to use to identify fungal species 
present in the environment. The dogma has been, to greater or lesser degrees 
depending on the mycologist: don’t trust fruit body studies, only eNDA. Not 
every fungus fruits, but every fungus has DNA, hence, “DNA all the way”!

14.mar.2019

singletons – OTUs with an abundance (read count) of one – and most
sites contained no singleton OTUs and a site maximum of 3 singletons
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However, as the authors explain in the introduction, two sides of a coin (fruit 
body or eDNA) actually combine to make the worth of something, in this case the 
value of fungal diversity and not the penny, pence, krone, franc, or any other 
currency. You can look at the one side or the other of the coin, but the value 
actually remains relatively the same.
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singletons – OTUs with an abundance (read count) of one – and most
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Of course there are times when each method is most important, and results via 
each are certainly not directly comparable across all metrics in ecology. 
However, the authors turn the question to ask if either method may serve as a 
substitute for the other, in terms of the correlation of community measures 
across environmental gradients. Their primary interests are in conservation 
biology, where to be able to identify a species is the first important step in a 
staircase down a pathway to an ocean of determining if a species is of 
conservation threat, especially due to global change and/or land-use and 
management.
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correlated when considering only the 547 coinciding species, r= 0.8
with a slope close to 1 (Fig. 2d).

3.3. Overall richness and sampling effort

Although the exact logging of expenses was not part of the project,
we estimate that the costs of the two approaches would be approxi-
mately equal, if repeated with the focussed aim of monitoring. The
fruitbody survey included 3× 10,000 km of driving, and four months
of salary (three months of collecting, and one month of identification) –
excluding the aid from volunteers in the fruitbody survey, whereas the
eDNA metabarcoding included 10,000 km of driving, approximately
6000 USD lab consumables, and three months of salary (one month
collecting, and two months lab work and bioinformatics). Species ac-
cumulation curves did not reach an asymptote for any of the datasets
after sampling of the 130 sites (Fig. 3a). This was most pronounced for
the full eDNA metabarcoding dataset and least pronounced for the non-
soil Agaricales fruitbody dataset. eDNA metabarcoding became in-
creasingly similar to fruitbody data with narrowed taxonomic focus.
The variation in site species/OTU richness across the 130 sites was
lowest for eDNA metabarcoding, and highest for fruitbody data
(markedly higher for non-soil fungi), but more similar with a narrowed
taxonomic focus (Fig. 3b).

3.4. Richness correlation between methods

Of the 1751 total fruitbodies, 1067 were collected on soil. 443
(42%) of these 1067 soil fruitbody species were also registered as OTUs,
whereas only 104 (15%) of the 684 non-soil fruitbody species were also
registered as OTUs (Supplementary Fig. 6). Per site, an average of 4.7%
of the soil fruitbody species were captured as OTUs, but only 0.43% of
the non-soil fruitbody species.

As it was evident that the soil eDNA captured little of the non-soil
mycobiota, we made comparison analyses of site richness and red list
recording both using the full fruitbody data but also on fruitbody data
that excluded the non-soil species.

Soil fruitbody species richness of the 130 study sites (Fig. 4) ranged
from 0 to 102 (0–98 Agaricomycetes and 0–76 Agaricales), while OTU
richness ranged from 81 to 636 (10–148 Agaricomycetes, 3–110 for
Agaricales). Correlation between site species richness and OTU richness
(Fig. 4) was moderate for the full datasets (r= 0.39), but strong when
restricted to Agaricomycetes (r= 0.65) and Agaricales (r= 0.61). As
expected, correlations became even stronger (r 0.67–0.8) when only
considering the 547 ‘coinciding species’ – species recorded with both

methods (Fig. 2d, Supplementary Fig. 1d and h). OTU richness based on
only Agaricomycetes or Agaricales were strongly correlated with OTU
richness based on the full data (r= 0.75 and r= 0.8, respectively,
Supplementary Fig. 3).

3.5. Overall taxonomic composition

Taxonomic composition of eDNA metabarcoding and fruitbody data
became increasingly similar when going from full data to
Agaricomycetes and Agaricales (Fig. 5, Supplementary Fig. 2, Supple-
mentary Tables 2–5). Fruitbody data was heavily skewed towards Ba-
sidiomycota (90%), whereas the eDNA metabarcoding was composed of
47% Ascomycota, 33% Basidiomycota, and 20% species from other
phyla (Fig. 5a, Supplementary Table 2). However, the relative propor-
tions and absolute frequencies of taxa progressively converged when
focussing on Agaricomycetes (Fig. 5b, Supplementary Fig. 2c) and
Agaricales (Fig. 5c, Supplementary Fig. 2d). The non-soil fruitbody data
was less dominated by Agaricomycetes and Agaricales than the soil-
fungi data. All phyla and classes (except Dacrymycetes and Atractiel-
lomycetes) were represented by more species/OTUs in the eDNA me-
tabarcoding than in the fruitbody data (Fig. 5, Supplementary Fig. 2ab).
A few Agaricomycetes orders (Russulales, Polyporales, Hymenochae-
tales, Auriculariales, Gomphales, and Amylocorticiales) were re-
presented by more species in the fruitbody data than in the eDNA
metabarcoding (Supplementary Fig. 2c). Almost all Agaricales genera
were detected by both methods and with roughly similar species
numbers.

3.6. Red listed species

502 of the 656 Danish red listed fungi were found in the UNITE
database after synchronizing name usage, slightly more (511) red list
names were found in GenBank, but as UNITE includes all fungal ITS
GenBank data, it must be assumed that the GenBank sequences with
these further names were genetically redundant and most likely with a
wrong annotation in GenBank. The soil surface fruitbody survey re-
corded more red listed species than the eDNA metabarcoding (Fig. 6,
Supplementary Table 6). 100 red listed species were recorded as
fruitbodies on the soil surface (144 including the non-soil fungi),
whereas 85 red listed species were found as OTUs. 39 red listed species
were recorded with both methods, 46 red listed species was detected as
OTUs only, and 105 as fruitbodies only. Only three red listed species
from the non-soil part of the fruitbody data (Buglossoporus quercinus,
Jaapia ochroleuca and Nemania diffusa) were also detected as OTUs. A

Fig. 3. Sampling effort and richness variation. a) Cumulative species richness when sampling the 130 sites for the full data, Agaricomycetes and Agaricales. b)
Relative standard deviation (RSD) of site species/OTU richness across the 130 sampling sites for the full data, Agaricomycetes and Agaricales.
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Fungal species data only historically exist in a morphological form (fruit body 
species), and there is a wealth of fruit body data available. The authors 
recognized this asset of the past, and ask if we could not merge fruit body and 
eDNA methods of the current, while taking important historical data as possible 
to calibrate how fungal species have changed, for example, due to climate change 
and in terms of conservation? Wouldn’t it be nice if we could stop having to 
support the use of historical fruit body records, and instead focus on topics of 
greater ecological interest - with a mind to the future? Yes, it would. And, 
yes, we can!
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we estimate that the costs of the two approaches would be approxi-
mately equal, if repeated with the focussed aim of monitoring. The
fruitbody survey included 3× 10,000 km of driving, and four months
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the full eDNA metabarcoding dataset and least pronounced for the non-
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creasingly similar to fruitbody data with narrowed taxonomic focus.
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fruitbodies on the soil surface (144 including the non-soil fungi),
whereas 85 red listed species were found as OTUs. 39 red listed species
were recorded with both methods, 46 red listed species was detected as
OTUs only, and 105 as fruitbodies only. Only three red listed species
from the non-soil part of the fruitbody data (Buglossoporus quercinus,
Jaapia ochroleuca and Nemania diffusa) were also detected as OTUs. A

Fig. 3. Sampling effort and richness variation. a) Cumulative species richness when sampling the 130 sites for the full data, Agaricomycetes and Agaricales. b)
Relative standard deviation (RSD) of site species/OTU richness across the 130 sampling sites for the full data, Agaricomycetes and Agaricales.

T.G. Frøslev, et al. %LRORJLFDO�&RQVHUYDWLRQ���������������²���

���

How should we measure fungal diversity? 

Frøslev et al. 2019



14.mar.2019

substantial portion of currently red listed species are lacking from se-
quence databases (ISNDC, UNITE), but when restricting the comparison
of red listed species to species present in the molecular reference da-
tabase the figures for soil fruitbodies (74 species) was almost equal to
the figures for OTUs (Fig. 6). When the 130 sites were grouped into
categories with 0, 1–2 or 3 or more red listed species recorded as
fruitbodies or as OTUs, there was a good correspondence between the
two methods (Supplementary Fig. 4). The vast majority of the eDNA red
list detections were in line with expectation from current knowledge of
the relevant species and sampled habitats, with a few exceptions (see
Supplementary material for more details).

3.7. Community – environment relation

Mantel tests showed very similar and strong correlations between
community dissimilarity measures from fruitbody and eDNA meta-
barcoding data, mantel r= 0.67. In this case no improvements were
achieved by increased taxonomic overlap (Mantel-r = 0.67 and 0.66
and 0.62 for Agaricomycetes and Agaricales respectively), or when
restricted to soil-fungi (Mantel-r = 0.68, 0.69 and 0.64 for full data,
Agaricomycetes and Agaricales respectively). These correlations were
corroborated by procrustes analyses with correlation coefficients of
0.88, 0.87 and 0.83, and 0.87, 0.87, 0.83 for soil-fungi for the same
comparisons (all p-values< 0.01). As could be expected, environ-
mental variables explained more of the community dissimilarity for
eDNA metabarcoding data than for the survey data, and the amount of
explained variation was largest for the taxonomically more inclusive
datasets (Fig. 7) with the maximum explained variation for the full
eDNA metabarcoding dataset (0.68) and the minimum explained var-
iation for the soil-fruitbody Agaricales (0.49). Adding a fourth ex-
planatory variable did not increase the amount of explained variation
for most datasets. Based on all subsets of the fruitbody data, the best
three explanatory variables for community composition were mean
Ellenberg soil nutrient status (EIV.N), mean Ellenberg light indicator
value (EIV.L) and soil phosphorous, whereas mean Ellenberg soil nu-
trient status (EIV.N), mean Ellenberg soil moisture (EIV.F) and soil pH
were the best for the DNA metabarcoding.

4. Discussion

More species (OTUs) were detected by eDNA metabarcoding than
by the classic fruitbody survey. This could mainly be attributed to the
detection of groups, which tend to go undetected in a fruitbody survey,
e.g. diverse groups of moulds and yeasts. The fruitbody survey data was
strongly dominated by fruitbody forming basidiomycetes. In general,
there was a relatively poor correlation for richness measures and
taxonomic composition between the two full datasets, but increased
strength of correlation when narrowing the focus to Agaricomycetes
and subsequently to just Agaricales. Similarly, excluding wood-in-
habiting and other non-soil fungi improved the correspondence be-
tween the datasets, showing that these largely go undetected in soil-
based eDNA sampling. The fruitbody survey identified more red listed
species, but the difference was less pronounced than anticipated, and
results were almost similar when delimited to soil-dwelling fungi only.

4.1. Taxonomic composition

The taxonomic composition was remarkably similar between eDNA
metabarcoding and fruitbody data when focussing on the
Agaricomycetes, and even more pronouncedly the Agaricales. Many of
the major discrepancies align with expectations – i.e. taxonomically
difficult groups like Inocybe (Larsson et al., 2009; Ryberg et al., 2008)
and Cortinarius (Frøslev et al., 2007) were markedly more species rich
as eDNA OTUs than as well-delimitated species identified from fruit-
bodies. Approximately half of the Agaricales species recorded as fruit-
bodies were also found as OTUs and vice versa – i.e. half of the species
level annotations of OTUs were also found as fruitbodies (Supplemen-
tary Fig. 1e). Considering the very similar proportions of Agaricales
genera between the methods, it could be assumed that a large part of
non-overlapping species can be explained by incomplete DNA reference
data and different taxonomic concepts in handbooks for species iden-
tification of fruitbodies compared to sequence databases. Part of the
explanation could also be that the targeted visually guided registration
of small individuals of fungi (fruitbodies) will capture species that go
unseen with the more random soil sampling. Also, our eDNA data

Fig. 4. Correlation between site fruitbody species richness and OTU richness. Solid lines represent the linear regression of OTU richness against species richness,
while the dotted line shows the identity line (x= y). Correlations are shown for the taxonomic subsets (all taxa, Agaricomycetes, Agaricales). Fruitbody data is
restricted to species registered at the soil surface.
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The authors credibly defend the use of fruit body surveys (hence, citizen 
science initiatives) to find and monitor species for fungal conservation -
sometimes they do a better job than soil sampling eDNA can, although the latter 
gains every year. Additionally, and as mentioned by the authors, soil sampling 
does a rotten job of finding fungi that grows in or on wood. Polypores and 
lichenized fungi, then, are grossly under-represented. We really do need to 
employ multiple methods to ascertain fungal species of conservation concern. 
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substantial portion of currently red listed species are lacking from se-
quence databases (ISNDC, UNITE), but when restricting the comparison
of red listed species to species present in the molecular reference da-
tabase the figures for soil fruitbodies (74 species) was almost equal to
the figures for OTUs (Fig. 6). When the 130 sites were grouped into
categories with 0, 1–2 or 3 or more red listed species recorded as
fruitbodies or as OTUs, there was a good correspondence between the
two methods (Supplementary Fig. 4). The vast majority of the eDNA red
list detections were in line with expectation from current knowledge of
the relevant species and sampled habitats, with a few exceptions (see
Supplementary material for more details).

3.7. Community – environment relation

Mantel tests showed very similar and strong correlations between
community dissimilarity measures from fruitbody and eDNA meta-
barcoding data, mantel r= 0.67. In this case no improvements were
achieved by increased taxonomic overlap (Mantel-r = 0.67 and 0.66
and 0.62 for Agaricomycetes and Agaricales respectively), or when
restricted to soil-fungi (Mantel-r = 0.68, 0.69 and 0.64 for full data,
Agaricomycetes and Agaricales respectively). These correlations were
corroborated by procrustes analyses with correlation coefficients of
0.88, 0.87 and 0.83, and 0.87, 0.87, 0.83 for soil-fungi for the same
comparisons (all p-values< 0.01). As could be expected, environ-
mental variables explained more of the community dissimilarity for
eDNA metabarcoding data than for the survey data, and the amount of
explained variation was largest for the taxonomically more inclusive
datasets (Fig. 7) with the maximum explained variation for the full
eDNA metabarcoding dataset (0.68) and the minimum explained var-
iation for the soil-fruitbody Agaricales (0.49). Adding a fourth ex-
planatory variable did not increase the amount of explained variation
for most datasets. Based on all subsets of the fruitbody data, the best
three explanatory variables for community composition were mean
Ellenberg soil nutrient status (EIV.N), mean Ellenberg light indicator
value (EIV.L) and soil phosphorous, whereas mean Ellenberg soil nu-
trient status (EIV.N), mean Ellenberg soil moisture (EIV.F) and soil pH
were the best for the DNA metabarcoding.

4. Discussion

More species (OTUs) were detected by eDNA metabarcoding than
by the classic fruitbody survey. This could mainly be attributed to the
detection of groups, which tend to go undetected in a fruitbody survey,
e.g. diverse groups of moulds and yeasts. The fruitbody survey data was
strongly dominated by fruitbody forming basidiomycetes. In general,
there was a relatively poor correlation for richness measures and
taxonomic composition between the two full datasets, but increased
strength of correlation when narrowing the focus to Agaricomycetes
and subsequently to just Agaricales. Similarly, excluding wood-in-
habiting and other non-soil fungi improved the correspondence be-
tween the datasets, showing that these largely go undetected in soil-
based eDNA sampling. The fruitbody survey identified more red listed
species, but the difference was less pronounced than anticipated, and
results were almost similar when delimited to soil-dwelling fungi only.

4.1. Taxonomic composition

The taxonomic composition was remarkably similar between eDNA
metabarcoding and fruitbody data when focussing on the
Agaricomycetes, and even more pronouncedly the Agaricales. Many of
the major discrepancies align with expectations – i.e. taxonomically
difficult groups like Inocybe (Larsson et al., 2009; Ryberg et al., 2008)
and Cortinarius (Frøslev et al., 2007) were markedly more species rich
as eDNA OTUs than as well-delimitated species identified from fruit-
bodies. Approximately half of the Agaricales species recorded as fruit-
bodies were also found as OTUs and vice versa – i.e. half of the species
level annotations of OTUs were also found as fruitbodies (Supplemen-
tary Fig. 1e). Considering the very similar proportions of Agaricales
genera between the methods, it could be assumed that a large part of
non-overlapping species can be explained by incomplete DNA reference
data and different taxonomic concepts in handbooks for species iden-
tification of fruitbodies compared to sequence databases. Part of the
explanation could also be that the targeted visually guided registration
of small individuals of fungi (fruitbodies) will capture species that go
unseen with the more random soil sampling. Also, our eDNA data

Fig. 4. Correlation between site fruitbody species richness and OTU richness. Solid lines represent the linear regression of OTU richness against species richness,
while the dotted line shows the identity line (x= y). Correlations are shown for the taxonomic subsets (all taxa, Agaricomycetes, Agaricales). Fruitbody data is
restricted to species registered at the soil surface.
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How should we measure fungal diversity? 

Frøslev et al. 2019
So what does this all mean? It means, don’t discount fruit body data. It has 
disadvantages, namely it cannot taxonomically represent all of fungi, but it 
“holds its own” in terms of being able to support ecological research in global 
change and conservation sciences, and is our only historical source. It can even 
be used to find fungi of conservation priority that the lens of eNDA cannot yet 
focus upon. It should be possible to compare results between the data sources. 
Thus, we should retain both methodologies, and be aware of what each can 
scientifically inform upon. As the authors also suggest, we should consider 
fruit body and eDNA as truly complementary research.
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Flip a coin and catch the breeze of climate change: it 
will land the same irrespective of which side faces up.
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less, ranging from 0.49–0.57 (ectomycorrhizal and saprotrophic, 
respectively). Less correlation between static and dynamic tem-
peratures likely occurred because the minimal temperature of the 
former was essentially lacking from the latter, especially for north-
ern locations, thus modifying the overall values to capture fruiting 
season temperatures (Appendices 6, 8).

DISCUSSION

The unimodal trend in large- scale diversity related to latitude con-
tinues to gather support for fungi, with our findings aligning with 
those of earlier research across a variety of study locations and data 
sources (Shi et al., 2014; Tedersoo et al., 2014). It is especially in-
teresting that fungi apparently do not align with diversity patterns 
of other organisms (Colwell et  al., 2004; Hillebrand, 2004; Peay 
et al., 2017), given their biotic interactions with, for example, trees 
(Fig. 2). Although we cannot ascertain the exact reason(s), we do 
recommend further investigating the relationships to land- use type 
and then, especially, climate and its variance related to seasonality.

Land use and fungal richness

The higher predicted richness values in northern and south- central 
European localities (Fig. 1), with reduced predictions in the areas 
in between, are at least partly due to a few important distinctions 
along the gradient (Appendices S14, S15). First, urban locations 
were found, for our analyses utilizing a 50- km2 grid, exclusively at 
lower latitudes. Consistent with previous research (Schmidt et al., 
2017), mean diversity in urban systems was reduced for both fungal 
nutritional modes (Fig.  2), with greater negative impacts to ecto-
mycorrhizal fungal diversity in urban systems compared to forests 
(Appendices S1, S3). These findings correlate well with the known 
effects of urbanization on tree diversity at the landscape scale (Vallet 
et al., 2008). Non- forested grassland and agricultural systems domi-
nated latitudinally central localities, with differences between grass-
land and forest diversity matching those of other studies (Divíšek 
and Chytrý, 2018), but on a much broader scale. These results 

TABLE  2. ANOVA tables for the generalized additive mixed model (GAMM) 
regressions predicting richness of saprotrophic and ectomycorrhizal fungi.a

Explanatory variable edf Ref.df F P value
Saprotrophic richness

Geogr., easting : northing 
(UTM)

9.79 9.79 4.91 1.360E- 06

Temp., mean annual (BIO1) 3.39 3.39 7.03 7.100E- 05
Temp., annual range (BIO7) 1.00 1.00 12.37 4.890E- 04
NDVI, mean annual 1.00 1.00 8.30 0.004
NOy, annual max. 1.00 1.00 5.73 0.017
Precip., collection day 1.00 1.00 4.26 0.040
Precip., seasonality (BIO15) 2.42 2.42 3.21 0.043

Ectomycorrhizal richness
Geogr., easting : northing 

(UTM)
10.93 10.93 7.67 8.110E- 12

Temp., mean annual (BIO1) 4.04 4.04 6.79 3.210E- 05
Temp., annual range (BIO7) 1.00 1.00 14.67 1.550E- 04
Tree richness, 

ectomycorrhizal spp.
1.00 1.00 5.53 0.019

NDVI, mean annual 1.00 1.00 4.33 0.038

Note: NDVI = normalized difference vegetation index; UTM = Universal Transverse Mercator 
coordinate system.

aSee Methods and Appendices 5–8, S5–S11 for further information regarding model 
specifications and selection processing.

FIGURE 3. For saprotrophic (black) and ectomycorrhizal (gray) fungi, the modeled predictions of statistically significant (A–C) and marginally sig-
nificant (D–G) environmental impacts on fungal richness. Main effects are shown as solid lines; 95% confidence intervals are shown as dotted lines. 
Inclusion of saprotrophic or ectomycorrhizal fungal diversity predictors is contingent on the significance of the covariate in the final model. All values 
are provided in scaled and centered formats.
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between urban land and the three forested types were statisti-
cally significant for ectomycorrhizal than for saprotrophic fungi 
(Appendices S1, S3). Greatest mean diversity of fungi was found 
within temperate evergreen needleleaf (coniferous) forests, with 
more similar values between temperate deciduous broadleaf forests 
and boreal evergreen needleleaf (coniferous) forests (Fig. 2). These 
latter two forest types were also noteworthy in that they were the 
exceptions for what were otherwise trends of greater mean rich-
ness by saprotrophic than ectomycorrhizal fungi for a given land- 
use type. The effects on mean values were very similar between the 
presented, dynamic (ISAM- HYDE) land- use classifications and the 
supplemental, static (CLC) land- use classifications results (Fig.  2, 
Appendix 10).

Climate and fungal richness

Climate was the prevailing force structuring fungal diversity 
patterns in central to northern Europe, followed by primary 
productivity, nitrogen deposition, and seasonally related precipi-
tation measures (Table 2, Fig. 3, Appendix S12). Richness of both 
saprotrophic and ectomycorrhizal fungi was most strongly in-
fluenced by two static temperature values (mean annual temper-
ature and annual temperature range [all P values ≤ 0.01; positive 
correlations]) and mean annual NDVI values (P ≤ 0.01 and 0.04, 

respectively; negative correlations). Whereas temperature and 
NDVI helped explain richness for both saprotrophic and ectomy-
corrhizal fungi, there were further, separate explanatory variables 
that were important for each nutritional mode. Saprotrophic fun-
gal diversity was influenced by annual maximum NOy (P ≤ 0.02; 
positive correlation), precipitation averaged from the collection 
day (P ≤ 0.04; negative correlation), and seasonality of overall 
precipitation (P ≤ 0.04; unimodal; Fig.  2, Appendix S12). This 
contrasts with ectomycorrhizal fungi, for which the richness of 
ectomycorrhizal trees was the only additional, statistically signif-
icant explanatory variable (P ≤ 0.02; positive correlation; Fig. 2, 
Appendix S13).

Static versus dynamic variables

Given the data available, temporally static (one time point) and dy-
namic (daily, monthly, annual) variables were most comparable for 
temperature and precipitation (Appendices 5–8). Precipitation av-
eraged from the collection days correlated to the overall mean pre-
cipitation (WorldClim, variable BIO12) within a range of 0.76–0.77. 
Precipitation at that scale, even when averaged across 1970–2010, 
more accurately captured rainfall along coastal Europe as opposed 
to overall values (Appendices 6, 8). The correlation between tem-
perature of the collection day versus mean annual values was even 

FIGURE 2. Land- use type impacts on richness of ectomycorrhizal (Ec) and saprotrophic (Sa) fungi, with scaled and centered values for direct com-
parisons, according to the dynamic land- cover covariate ISAM- HYDE. Values were calculated by classifying each 50 × 50- km grid based on the highest 
amount of land type as associated with the fungal collections data by spatial and temporal points.Andrew et al. 2019. Open-source data reveal how collections-based fungal diversity is sensitive to global change. 

Applications in Plant Sciences. Special Issue: Emerging Frontiers in Phenological Research . 
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between urban land and the three forested types were statisti-
cally significant for ectomycorrhizal than for saprotrophic fungi 
(Appendices S1, S3). Greatest mean diversity of fungi was found 
within temperate evergreen needleleaf (coniferous) forests, with 
more similar values between temperate deciduous broadleaf forests 
and boreal evergreen needleleaf (coniferous) forests (Fig. 2). These 
latter two forest types were also noteworthy in that they were the 
exceptions for what were otherwise trends of greater mean rich-
ness by saprotrophic than ectomycorrhizal fungi for a given land- 
use type. The effects on mean values were very similar between the 
presented, dynamic (ISAM- HYDE) land- use classifications and the 
supplemental, static (CLC) land- use classifications results (Fig.  2, 
Appendix 10).

Climate and fungal richness

Climate was the prevailing force structuring fungal diversity 
patterns in central to northern Europe, followed by primary 
productivity, nitrogen deposition, and seasonally related precipi-
tation measures (Table 2, Fig. 3, Appendix S12). Richness of both 
saprotrophic and ectomycorrhizal fungi was most strongly in-
fluenced by two static temperature values (mean annual temper-
ature and annual temperature range [all P values ≤ 0.01; positive 
correlations]) and mean annual NDVI values (P ≤ 0.01 and 0.04, 

respectively; negative correlations). Whereas temperature and 
NDVI helped explain richness for both saprotrophic and ectomy-
corrhizal fungi, there were further, separate explanatory variables 
that were important for each nutritional mode. Saprotrophic fun-
gal diversity was influenced by annual maximum NOy (P ≤ 0.02; 
positive correlation), precipitation averaged from the collection 
day (P ≤ 0.04; negative correlation), and seasonality of overall 
precipitation (P ≤ 0.04; unimodal; Fig.  2, Appendix S12). This 
contrasts with ectomycorrhizal fungi, for which the richness of 
ectomycorrhizal trees was the only additional, statistically signif-
icant explanatory variable (P ≤ 0.02; positive correlation; Fig. 2, 
Appendix S13).

Static versus dynamic variables

Given the data available, temporally static (one time point) and dy-
namic (daily, monthly, annual) variables were most comparable for 
temperature and precipitation (Appendices 5–8). Precipitation av-
eraged from the collection days correlated to the overall mean pre-
cipitation (WorldClim, variable BIO12) within a range of 0.76–0.77. 
Precipitation at that scale, even when averaged across 1970–2010, 
more accurately captured rainfall along coastal Europe as opposed 
to overall values (Appendices 6, 8). The correlation between tem-
perature of the collection day versus mean annual values was even 

FIGURE 2. Land- use type impacts on richness of ectomycorrhizal (Ec) and saprotrophic (Sa) fungi, with scaled and centered values for direct com-
parisons, according to the dynamic land- cover covariate ISAM- HYDE. Values were calculated by classifying each 50 × 50- km grid based on the highest 
amount of land type as associated with the fungal collections data by spatial and temporal points.Andrew et al. 2019. Open-source data reveal how collections-based fungal diversity is sensitive to global change. 
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APPENDIX S7. The intermediate model output, with one covariate 
for each environmental group, for backward selection predicting 
species richness of saprotrophic fungi.

APPENDIX S8. Collinearity correlations, here including east-
ing and northing, between the remaining covariates selected for 
the final consensus regression model, for saprotrophic fungi. See 
Methods for further details.

APPENDIX S9. The full, initial model output for backward selec-
tion predicting species richness of ectomycorrhizal fungi.

APPENDIX S10. The intermediate model output, with one covari-
ate for each environmental group, for backward selection predicting 
species richness of ectomycorrhizal fungi.

APPENDIX S11. Collinearity correlations, here including easting 
and northing, between the remaining covariates selected for the 
final consensus regression model, for ectomycorrhizal fungi. See 
Methods for further details.

APPENDIX S12. The patterns of the environmental covariate gra-
dients of the data (shaded) are visible as used to predict richness 
(isolines) of saprotrophic fungi in central to northern Europe. All 
values are scaled. Lower values are lighter, grading to higher values 
that are darker.

APPENDIX S13. The patterns of the environmental covariate gra-
dients of the data (shaded) are visible as used to predict richness 
(isolines) of ectomycorrhizal fungi in central to northern Europe. 
All values are scaled. Lower values are lighter, grading to higher val-
ues that are darker.

APPENDIX S14. The mean and range in each of the explanatory 
variables connected to the fruiting records, for the final consensus 
model for saprotrophic fungi, between each of the land- use types of 
the dynamic (ISAM- HYDE) variable. All variables are scaled.

APPENDIX S15. The mean and range in each of the explanatory 
variables connected to the fruiting records, for the final consensus 
model for ectomycorrhizal fungi, between each of the land- use 
types of the dynamic (ISAM- HYDE) variable. All variables are 
scaled.
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APPENDIX S7. The intermediate model output, with one covariate 
for each environmental group, for backward selection predicting 
species richness of saprotrophic fungi.

APPENDIX S8. Collinearity correlations, here including east-
ing and northing, between the remaining covariates selected for 
the final consensus regression model, for saprotrophic fungi. See 
Methods for further details.

APPENDIX S9. The full, initial model output for backward selec-
tion predicting species richness of ectomycorrhizal fungi.

APPENDIX S10. The intermediate model output, with one covari-
ate for each environmental group, for backward selection predicting 
species richness of ectomycorrhizal fungi.

APPENDIX S11. Collinearity correlations, here including easting 
and northing, between the remaining covariates selected for the 
final consensus regression model, for ectomycorrhizal fungi. See 
Methods for further details.

APPENDIX S12. The patterns of the environmental covariate gra-
dients of the data (shaded) are visible as used to predict richness 
(isolines) of saprotrophic fungi in central to northern Europe. All 
values are scaled. Lower values are lighter, grading to higher values 
that are darker.

APPENDIX S13. The patterns of the environmental covariate gra-
dients of the data (shaded) are visible as used to predict richness 
(isolines) of ectomycorrhizal fungi in central to northern Europe. 
All values are scaled. Lower values are lighter, grading to higher val-
ues that are darker.

APPENDIX S14. The mean and range in each of the explanatory 
variables connected to the fruiting records, for the final consensus 
model for saprotrophic fungi, between each of the land- use types of 
the dynamic (ISAM- HYDE) variable. All variables are scaled.

APPENDIX S15. The mean and range in each of the explanatory 
variables connected to the fruiting records, for the final consensus 
model for ectomycorrhizal fungi, between each of the land- use 
types of the dynamic (ISAM- HYDE) variable. All variables are 
scaled.
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APPENDIX S8. Collinearity correlations, here including east-
ing and northing, between the remaining covariates selected for 
the final consensus regression model, for saprotrophic fungi. See 
Methods for further details.

APPENDIX S9. The full, initial model output for backward selec-
tion predicting species richness of ectomycorrhizal fungi.

APPENDIX S10. The intermediate model output, with one covari-
ate for each environmental group, for backward selection predicting 
species richness of ectomycorrhizal fungi.

APPENDIX S11. Collinearity correlations, here including easting 
and northing, between the remaining covariates selected for the 
final consensus regression model, for ectomycorrhizal fungi. See 
Methods for further details.

APPENDIX S12. The patterns of the environmental covariate gra-
dients of the data (shaded) are visible as used to predict richness 
(isolines) of saprotrophic fungi in central to northern Europe. All 
values are scaled. Lower values are lighter, grading to higher values 
that are darker.

APPENDIX S13. The patterns of the environmental covariate gra-
dients of the data (shaded) are visible as used to predict richness 
(isolines) of ectomycorrhizal fungi in central to northern Europe. 
All values are scaled. Lower values are lighter, grading to higher val-
ues that are darker.

APPENDIX S14. The mean and range in each of the explanatory 
variables connected to the fruiting records, for the final consensus 
model for saprotrophic fungi, between each of the land- use types of 
the dynamic (ISAM- HYDE) variable. All variables are scaled.

APPENDIX S15. The mean and range in each of the explanatory 
variables connected to the fruiting records, for the final consensus 
model for ectomycorrhizal fungi, between each of the land- use 
types of the dynamic (ISAM- HYDE) variable. All variables are 
scaled.
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- It suffers when presented alone, as do all ecological community-based metrics, because 
many as an average or a sum are valued over the few as a resource, or the rarities, the 
ecological novelties, the evolutionary deviances

- Cannot necessarily pick up on variations leading to differences between species – who is 
impacted by climate change, and in what ways?

- Valuable, but so are other measures and metrics, i.e., there is no single currency or item to 
purchase in conservation biology

- Conservation ßà Protection ßà Preservation

Diversity can be 
viewed, basically, as a 
measure of the many, 
or the how many, 

i.e., out of many, one 
[value]



The importance of fruit bodies is that (a) they are triggered by, 
amongst other components, weather conditions

It’s been the ’mushroom season of the century’ in northern B.C.
CBC News. 15 sept. 2019. 

…and (b) that they’ve got charisma,
visibility and economic incentive for 

the general public

ß Linked to rainfall and daily
temperature even before
providing personal accounts of
the numbers of fruiting species 
in north-central British 
Columbia



of nearly all sexually reproducing groups of wood-inhabiting fungi.

2. Materials and methods

The study site was a 108 ha Picea abies dominated forest in
southern boreal vegetation zone in Central Finland, set aside
from human use around 1860 and protected in 1980s. Decaying
trunks of 13 Betula sp. and 13 Pinus sylvestris were selected with
the following criteria: moss coverage and decay stage (Renvall,
1995) of the trunk had to be less than 50% and 5, respectively.
The trunks are a subset of a long-term project (see Halme and
Kotiaho, 2012).

For each trunk, all sexual fruit body or fruit body group occur-
rences of wood-inhabiting fungal species visible to the naked eye,
excluding lichenized species, were rigorously monitored frommid-
May to mid-October with 12 repeated surveys covering the whole
snowless season (140 d) of the year 2010 (Appendix 1). See Fig. 5 in
Halme et al. (2013) for the approximate trunk surface temperature,
light condition and humidity along the study period, measured in
close vicinity of the study trunks.

For most occurrences, wewere not able to identify the species in
the field and specimens were collected for later microscopic iden-
tification. The taxa were divided into seven morphological groups
based on the form of the fruit bodies; perennial polypores (PolP),
annual polypores (PolA), corticioids (Cort), discomycetes (Disc),
pyrenomycetes (Pyr), agarics (Agar) and jelly fungi (Jelly). The
species nomenclature is based on Index Fungorum (Royal Botanic
Gardens Kew et al., 2015).

All fruit bodies belonging to a certain taxon within a trunk were
regarded as one occurrence. We considered the first detection (no
matter what was the state of the fruiting) of an occurrence as the
starting point of its fruiting. The longevity for each occurrence was
calculated so that for being present in a specific survey the occur-
rence was given the longevity of 10 d, except if present in May and
June the occurrence was given 20 d for May. The total longevity of
an occurrence was then the sum of the days it attained during the
whole study period. From these occurrence-specific longevities we
calculated the taxon-specific mean and standard deviation of

fruiting longevity for all of the detected taxa over all of the surveyed
trunks and used this in the analysis.

Fruiting longevity between morphologically different fungal
groups was analyzed with Kruskal-Wallis one-way ANOVA. In the
supplementary material we also provide the Nemenyi pairwise
comparisons between the groups. The analyses were conducted in
R (R Core Team, 2015).

3. Results

The taxon-specific information on timing and longevity of
fruiting, fruit body size, substrate and number of occurrences is
reported in the supplementary material (Appendix 2).

All groups except perennial polypores showed a seasonal
pattern in their fruiting, agarics showing the highest and pyr-
enomycetes the lowest seasonality (Fig. 1A, Appendix 3). On
average, perennial (129 d ± 20 SD) and annual polypores (80 ± 47),
corticioids (89 ± 44) and pyrenomycetes (82 ± 36) had long, dis-
comycetes (59 ± 36) intermediate, and agarics (26 ± 14) and jelly
fungi (42 ± 27) the shortest mean fruiting longevity (Fig. 1B).

The longevity of fruiting was also statistically different between
the morphological groups (Kruskal-Wallis ANOVA, c2 ¼ 88.62,
df ¼ 6, P < 0.001, Fig. 1B). The difference was mainly due to agarics
having shorter fruiting longevity than the other groups. In addition,
discomycetes tended to differ from perennial polypores and corti-
cioids with shorter fruiting. Jelly fungi differed from the longest
fruiting perennial polypores (Appendix 3).

4. Discussion

The detection level of fungal species is always in a tradeoff with
focus given on other data qualities and, the optimal solution de-
pends on the study question one is answering (Abrego et al., 2016).
Regardless of the question, species' fruiting phenology is a key
variable to consider in planning any survey scheme optimally.

In this study, surprisingly, one third of annual polypores and the
majority of the corticioids were already fruiting by the first survey
immediately after snow melt in May, in practice fruiting

Fig. 1. (A) Taxa detected in each survey as a proportion of the total number of taxa detected during the whole study; and (B) longevity of fruiting, both split according to the
different morphological groups (see methods for abbreviation explanations).
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As fruit bodies don’t last forever, 
the temporal windows to their
fruiting are more closely connected
to weather than for other
physiological features &/or 
organismal groups

Purhonen et al. (2017) Detailed information on fruiting 
phenology provides new insights on wood-inhabiting fungal 
detection. Fungal Ecology. 175-177.
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data, and the first three to relative count and frequency data, during

GNMDS analyses: no transformations or standardizations (absolute

values were used), geodesic transformation, Hellinger standardiza-

tion, power transformation and Wisconsin double standardization.

For further interpretation, DCA with power function transformed

count data was selected. The axes of these DCA’s were confirmed

by GNMDS by calculating pairwise correlation coefficients between

the axes. Between the models, axis 1 correlations ranged from 0.74

to 0.93 while axis 2 ranged from 0.23 to 0.82, with lowest correla-

tion between ectomycorrhizal and saprotrophic groups.

Ordination results were visualized by plotting DCA axis scores

on the positions of each grid cell. The difference between ordination

scores for each of the two axes and for the two time periods was

used as the response variable in an analysis of temporal change pat-

terns. Kendall’s nonparametric correlation coefficient s was used to

assess the significance of environmental components in explaining

community variability as represented by the DCA axes (Table S2).

Variables that strongly correlated with one or both of the first two

DCA axes were fitted to the ordination diagram using linear regres-

sion and displayed as either linear-termed fixed effects or cubic

smooth splines (Liu et al., 2008; Mahecha, Mart!ınez, Lischeid, &

Beck, 2007; Økland, 1996; Tenenbaum, De Silva, & Langford, 2000;

Wood, 2006). The categorical land cover variable was analysed with

the function envfit in vegan and was found always to be significant

(data not shown). The function also verified significance of the Ken-

dall’s tau correlations for all other variables. Absolute values of

s > 0.30 were considered substantially correlated with a DCA axis

while s values in the interval 0.20–0.30 were considered as marginal.

The statistical significance of the temporal difference in fungal

species composition (originating from one DCA) was assessed by

three methods: paired t tests of the individual DCA axes scores; a

multivariate paired Hotelling’s T-squared test for the axes differences

with respect to time period and a principal component analysis

(PCA) on the matrix of compositional change. Further PCA analyses

with proportions rejected a concern that compositional change was

due to sampling bias between the two time periods. As results were

all complementary, DCA score differences were selected to be plot-

ted geographically as a demonstration of compositional change

between the time intervals.

While not emphasized, as our goals concerned determining how

the biogeography of fungal assemblages related to environmental

gradients, we determined the potential that any temporal changes in

F IGURE 1 Environmental covariate gridded maps displaying mean values, by geocoordinates linked to amount of fruit body records, for (a)
mean annual temperature (degrees C), (b) averaged total precipitation per year (mm), (c) mean percent soil organic carbon, (d) mean NDVI,
where lower values are less productive, (e) mean ammonia(-um) levels, NHx (kg N m!2 s!1 9 10!12), (f) land cover class (CLC 1), and (g) mean
elevation (msl) [Colour figure can be viewed at wileyonlinelibrary.com]
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Climate relates to biogeography, global change, range characteristics and other
broad-scale patterns.

Weather refers to the daily fluctuations and phenomena at a given location and that
can impact physiological processes.

Sustained changes to weather is climate change.
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1 | INTRODUCTION

In 2016, the Bramble Cay melomys (Melomys rubicola) became the first documented case of climate-induced extinction among
contemporary mammals (Gynther, Waller, & Leung, 2016; Woinarski, & Burbidge, 2016). This Australian rodent, endemic to the
small, low-elevation island of Bramble Cay, near Papua New Guinea, was periodically recorded from 1978 to late 2009 (Gynther
et al., 2016; Latch, 2008; Limpus, Parmenter, & Watts, 1983). Over the last decade, waves overtopping at least parts of the island
due to rising sea levels, along with increasingly frequent and severe storm surges, led to dramatic habitat loss and possibly direct
mortality of individual animals. Intensive searches in 2011 and 2014 failed to detect any remaining individuals (Gynther et al.,
2016). The species is not represented in ex situ collections and is therefore considered extinct.

The Bramble Cay melomys joins a rapidly growing number of species for which the impacts of anthropogenic climate change
have been documented. These species span: different biological kingdoms, including plants and animals; most latitudes, including
polar, temperate, subtropical and tropical; many ecosystems, including those of the marine, freshwater and terrestrial realms; all the
principal terrestrial biomes, from tundra to equatorial rainforest; and most habitat types, including coral reefs, forests, deserts, grass-
lands and wetlands (e.g., Chen et al., 2009; Doney, Ruckelshaus, Duffy, Barry, & Chan, 2011; Gardner, Amano, Sutherland, Clay-
ton, & Peters, 2015; Hughes et al., 2003; Mason et al., 2015; Pounds et al., 2006; Ramula, Johansson, Lindén, & Jonzén, 2015;
Scheffers et al., 2016; Whinam, Abdul-Rahman, Visoiu, di Folco, & Kirkpatrick, 2014). Within species, impacts have been shown
at levels from genes and individuals to subpopulations, and changes in composition of communities and in interspecific interac-
tions are also prevalent (e.g., Chen, Hill, Ohlemüller, Roy, & Thomas, 2011; Gardner et al., 2015; Ramula et al., 2015;

Monitor, Review, Revise
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climate change
vulnerability

4. Implement
management

options

3. Identify
management

options

1. Identify
target(s)

FIGURE 1 Steps for developing climate change adaptation strategies. (Reprinted with permission from Glick et al. (2011). Copyright 2011 National Wildlife
Federation)
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change impact mechanisms (Table 2). The relationship between impacts and the mechanisms driving climate change vulnera-
bility of species, as shown in Figure 4, are mediated by species' unique sensitivities and adaptive capacities.

2.4 | Sensitivity

Sensitivity refers to the degree to which a system (or species) is affected, either adversely or beneficially, by climate change
(Intergovernmental Panel on Climate Change, 2007, 2014). While exposure, drivers, and pressures describe factors that are

TABLE 1 Summary of types of climate change impacts on species, including those that are both positive and negative, with examples of where they have
been documented

Impacts Illustrative examples

Species level

1. Population characteristics
1.1. Changes in population size
1.2. Changes in proportion of mature individuals
1.3. Changes in sex ratio
1.4. Changes in magnitude and/or frequency of population fluctuations
1.5. Number of subpopulations

Gynther et al. (2016)

2. Range characteristics
2.1. Changes in range size
2.2. Changes in range location
2.3. Level of fragmentation

Hickling, Roy, Hill, Fox, and Thomas (2006), Tingley, Monahan, Beissinger, and
Moritz (2009), Chen et al. (2011), Poloczanska et al. (2013), Mason
et al. (2015)

3. Genetic characteristics
3.1. Changes in genetic diversity (e.g., due to stochastic effects of changes in

population size; interbreeding with newly encountered species, especially
congeners; loss of subpopulations; and restrictions on gene flow)

3.2. Changes in allele frequencies (e.g., due to adaptive selection and
stochastic effects of changes in population size)

Bradshaw and Holzapfel (2006), Forcada and Hoffman (2014), Potts et al. (2014)

Subpopulation level

4. Subpopulation characteristics
4.1. Changes in sizes of subpopulations
4.2. Changes in the probability of local extinction and/or colonization
4.3. Changes in subpopulation sex ratio
4.4. Changes in subpopulation age structure
4.5. Changes in magnitude and/or frequency of subpopulation fluctuations

Franco et al. (2006), Martay et al. (2017)

5. Range characteristics
5.1. Changes in range sizes of subpopulations
5.2. Changes in range locations of subpopulations

Bennie et al. (2013)

6. Genetic characteristics
6.1. Changes in genetic diversity
6.2. Changes in allele frequencies
6.3. Changes in rates of gene flow between subpopulations

Kutschera et al. (2016), Vincenzi, Mangel, Jesensek, Garza, and Crivelli (2017)

Individual level

7. Life-history characteristics
7.1. Changes in growth rates
7.2. Changes in duration of developmental stages
7.3. Changes in reproductive output and success
7.4. Changes in survival rates, and hence in longevity

Forchhammer, Stenseth, Post, and Langvatn (1998), Barbraud and Weimerskirch
(2001), Aars and Ims (2002), Ludwig et al. (2006), Foley, Pettorelli, and Foley
(2008), Robinson et al. (2009), Martin and Maron (2012)

8. Morphological characteristics
8.1. Changes in body size
8.2. Changes in body shape

Rode, Amstrup, and Regehr (2010), Cheung et al. (2012), Baudron, Needle,
Rijnsdorp, and Marshall (2014), Caruso, Sears, Adams, and Lips (2014)

9. Physiological characteristics
9.1. Changes in phenotypic plasticity
9.2. Changes in metabolic rate
9.3. Changes in stress tolerance
9.4. Changes in disease susceptibility

Garamszegi (2011), Crozier and Hutchings (2014), Rangan et al. (2015)

10. Phenological characteristics
10.1. Changes in phenology (i.e., in seasonal timing of events, including

migration, hibernation, flowering, bud burst, spawning, etc.)
10.2. Changes in direction and/or distance of seasonal migration
10.3. Changes in circadian (i.e., daily) pattern of activity

(e.g., a shift from diurnal to crepuscular or nocturnal activity)

Both et al. (2010), Thackeray et al. (2010), Todd, Scott, Pechmann, and Gibbons
(2010), Møller et al. (2011), Lane, Kruuk, Charmantier, Murie, and Dobson
(2012), Kearney (2013)

11. Genetic characteristics
11.1. Changes in gene expression (e.g., due to epigenetic processes)
11.2. Heterozygosity

Bradshaw and Holzapfel (2001), Hill and Henry (2011), Geerts et al. (2015),
Pacifici et al. (2015), de Pous, Montori, Amat, & Sanuy (2016)

Further examples are documented in Bellard, Bertelsmeier, Leadley, Thuiller, and Courchamp (2012) and Scheffers et al. (2016). Here we define populations as the total
number of individuals of the species and subpopulations as geographically or otherwise distinct groups within the population (IUCN SSC Standards and Petitions Sub-
committee, 2017).
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1 | INTRODUCTION

In 2016, the Bramble Cay melomys (Melomys rubicola) became the first documented case of climate-induced extinction among
contemporary mammals (Gynther, Waller, & Leung, 2016; Woinarski, & Burbidge, 2016). This Australian rodent, endemic to the
small, low-elevation island of Bramble Cay, near Papua New Guinea, was periodically recorded from 1978 to late 2009 (Gynther
et al., 2016; Latch, 2008; Limpus, Parmenter, & Watts, 1983). Over the last decade, waves overtopping at least parts of the island
due to rising sea levels, along with increasingly frequent and severe storm surges, led to dramatic habitat loss and possibly direct
mortality of individual animals. Intensive searches in 2011 and 2014 failed to detect any remaining individuals (Gynther et al.,
2016). The species is not represented in ex situ collections and is therefore considered extinct.

The Bramble Cay melomys joins a rapidly growing number of species for which the impacts of anthropogenic climate change
have been documented. These species span: different biological kingdoms, including plants and animals; most latitudes, including
polar, temperate, subtropical and tropical; many ecosystems, including those of the marine, freshwater and terrestrial realms; all the
principal terrestrial biomes, from tundra to equatorial rainforest; and most habitat types, including coral reefs, forests, deserts, grass-
lands and wetlands (e.g., Chen et al., 2009; Doney, Ruckelshaus, Duffy, Barry, & Chan, 2011; Gardner, Amano, Sutherland, Clay-
ton, & Peters, 2015; Hughes et al., 2003; Mason et al., 2015; Pounds et al., 2006; Ramula, Johansson, Lindén, & Jonzén, 2015;
Scheffers et al., 2016; Whinam, Abdul-Rahman, Visoiu, di Folco, & Kirkpatrick, 2014). Within species, impacts have been shown
at levels from genes and individuals to subpopulations, and changes in composition of communities and in interspecific interac-
tions are also prevalent (e.g., Chen, Hill, Ohlemüller, Roy, & Thomas, 2011; Gardner et al., 2015; Ramula et al., 2015;
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FIGURE 1 Steps for developing climate change adaptation strategies. (Reprinted with permission from Glick et al. (2011). Copyright 2011 National Wildlife
Federation)
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external to the species, sensitivity describes intrinsic attributes that are recognized to moderate and/or exacerbate the impact of
those pressures on a species response (Dawson et al., 2011; Jiguet, Gadot, Julliard, Newson, & Couvet, 2007; Nicotra, Beever,
Robertson, Hofmann, & O'Leary, 2015). The types of attributes that affect species' sensitivity to climate change have been cate-
gorized in various ways (e.g., Keith et al., 2008; Visser, 2008; Williams et al., 2008), but typically include: (a) specialized habitat
and/or microhabitat; (b) environmental tolerances or thresholds that are likely to be exceeded due to climate change;
(c) dependence on environmental triggers that are likely to be disrupted by climate change; (d) dependence on interspecific inter-
actions that are likely to be disrupted by climate change; (e) rarity; (f ) sensitive life history; and (g) high exposure to other pres-
sures (Table 3). These categories of species attributes are neither exhaustive nor mutually exclusive and are proposed simply to
aid understanding and assessment of how species are sensitive to climate change. Evaluating sensitivity attributes requires
detailed knowledge of focal species and the systems with which they interact. Where such knowledge is lacking, or the evidence
linking an attribute to climate change sensitivity is weak, sensitivity assessments may have a high degree of uncertainty.

2.5 | Adaptive capacity

Adaptive capacity has been defined as ‘the potential, capability, or ability of a species, ecosystem or human system to adjust to
climate change, including changes in climate variability and extremes, so as to moderate potential negative outcomes, to take
advantage of opportunities, or to respond to the consequences’ (based upon IPCC WGII definitions, Intergovernmental Panel
on Climate Change, 2007, 2014). The concept of adaptive capacity was developed with respect to human systems, and with its

TABLE 2 Five potential mechanisms of climate change impacts that may operate on organisms, subpopulations and thereby species

Potential mechanisms of impacts on species Documented examples of (+ve) or (−ve) impacts

1. Organisms' physiological preferences or limits become decreasingly or
increasingly aligned with changing environmental conditions

Kullman (2007), Oswald, Bearhop, Furness, Huntley, and Hamer (2008),
Pérez-Ramos, Ourcival, Limousin, and Rambal (2010), Sinervo et al. (2010),
Beever, Ray, Wilkening, Brussard, and Mote (2011), Cahill et al. (2013)

2. Organisms' habitat and microhabitats change in quality and/or availability
leading to changes in the availability and/or quality of key resources. Examples
of microhabitats include caves for roosting bats and boulders for desert reptiles

Munday (2004), Trape (2009), Regehr, Hunter, Caswell, Amstrup, and Stirling
(2010), Rode et al. (2010), Bond and Midgley (2012), Martin and Maron
(2012)

3. Organisms experience changes in interspecific interactions. This includes
with beneficial species (e.g., prey, mutualists, hosts, pollinators, dispersers),
detrimental species (e.g., competitors, predators, parasites, pathogens)
and/or those that are currently neutral but may become beneficial or
detrimental in the future

Biesmeijer et al. (2006), Schweiger et al. (2008), Durance and Ormerod (2010),
Pearce-Higgins, Dennis, Whittingham, and Yalden (2010)

4. Organisms experience change in phenology such that the timing of beneficial
events or interactions are disrupted or enhanced

Visser, Holleman, and Gienapp (2006), Fryxell and Sinclair (1988), Ludwig
et al. (2006), Altwegg et al. (2012)

5. Organisms experience changes in interactions with non-climate change-driven
threats such that they are exacerbated (e.g., overharvesting, invasive species,
land-use changes)

Frederiksen, Wanless, Harris, Rothery, and Wilson (2004), Walther
et al. (2009), Schweiger et al. (2010), Van Zuiden and Sharma (2016),
Kovach et al. (2017)
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FIGURE 4 Mechanisms describe the pathways through which climate change pressures may exert impacts on species. These impacts may have positive
and/or negative impacts on the species and are mitigated or exacerbated by species' individual sensitivities and adaptive capacities
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There are substantial “unknowns” concerning the conditions leading to fungal fruiting, 
especially at macro-ecological scales and related to global change influences. 

The aims are to, thus, pinpoint those taxa that may be either sensitive or resistant to 
climate change, i.e., “the bellwethers,” while simultaneously understanding the 
ecophysiology of fungal reproduction more clearly and as possible at the macroecological 
scale. 

If certain fungi were identified as especially sensitive to a changing climate, these would be 
appropriate “bellwethers” to communicate to the public, land managers, and policy makers. 



Methodologies:

- Fungal fruit body recordings (sensu Andrew et al. 2017 ‘Big data integration…’) similar to and, now, mostly 
accessioned in GBIF

- Linked to climate: mean annual temperature, total annual precipitation
- Linked to recording-day temperature & precipitation; also week prior precipitation (rolling sums and means)

- For these analyses: The location doesn’t matter. The number of records (post data filtering) doesn’t matter. The 
day doesn’t matter, nor the year. 

Only the climate and weather associated with the recordings matter.

- Started with the dominants to assess efficacy of the data
- 127 highly recorded species (across all national and semi-national data sources)

- Climate source: WorldClim. Weather source: E-OBS.

Fig. 6 e A conceptualization of the scientific promise meta-databases combined with open-source data contain for global
change biology research. The ClimFun fungal fruit body records amounts are shown on a 50 3 50 km grid scale also utilized
for the other, open-source data layers. See acknowledgments section for further information regarding the open-source data
references.
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types with an upper bound, such as % cover and fre-
quency values and other positive data on which a maxi-
mum M can be imposed. The models are ranked accord-
ing to the increasing complexity of biological informa-
tion contained (Fig. 1):

Model I: no significant trend in space or time;
Model II: an increasing or decreasing trend where the

maximum is equal to the upper bound M;
Model III: an increasing or decreasing trend where the

maximum is below the upper bound M;
Model IV: increase and decrease by the same rate:

symmetrical response curve;
Model V: increase and decrease by different rates:

skewed response curve.

More complex models, like bimodal curves, will not
be discussed here. Data types with an upper and lower
bound are inherently non-linear. Because this structure
is a priori included in the presented models, the models
will certainly not be suited for all data. Plant biomass,
for example, may be limited by abiotic and biotic con-
straints, but the data type itself, mass, is not limited by
any maximum. For such data, model II may be better
represented by an increasing or decreasing trend with-
out any maximum than by our representation. Thus, for
data types without a logical upper bound, it is advisable
to develop another, be it analogous, hierarchical set of
models. Working with models of increasing complexity
allows us to select the simplest possible model, which
sufficiently explains the observed pattern. In fact this is
just the normal approach in multiple regression: an
additional parameter is only incorporated if it can ex-
plain a significant part of the remaining variation.

Specification

The models of Fig. 1 may be described by several
different equations. The skewed curve of model V, for
example, may be fitted to high-order polynomial func-
tions, a power Gaussian equation (Olff & Bakker 1991),
a beta-function (Austin 1976) or the product of two
logistic functions. When descriptive models are consid-
ered, there are no a priori reasons to assume that one
equation should be better than another. The validity of
descriptive models should be obtained from their appli-
cability in many situations. However, the possibility to
attain values which are unrealistic is an important objec-
tion against certain equations. A curve describing changes
in, for example, probability of occurrence should not be
able to yield negative values or exceed the value 1.
Furthermore, third- or higher order polynomials may
yield biologically unrealistic curves which are no longer
restricted to the relationships of Fig. 1. The following

Fig. 1. A set of five simple response models, ranked by their
increasing complexity. Model I: no trend. Model II: increasing
or decreasing trend. Model III: increasing or decreasing trend
bounded below the maximum attainable response M. Model IV:
symmetrical response curve. Model V: skewed response curve.
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where b and d have opposite signs.

y and x are the response and the explanatory variable
respectively; a, b, c and d the parameters to be estimated,
and M a constant which equals the maximal value which
can be attained (for relative frequencies M = 1, for per-
centages M = 100). Note that models IV and V are repre-
sented by an interaction of two logistic terms, with one
term describing the increasing part of the curve and the
other term describing the decreasing part. Qualitatively,
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For statistical testing, the maximized likelihood
is transformed into a related statistic known as
deviance (Dobson, 1983; McCullagh and Nelder,
1989) which follows asymptotically the x2 distri-
bution. We study only Binomial m!/1 models and
so we can base our testing directly on the deviance,
since overdispersion can occur only in Binomial
models where denominator m!/1 (McCullagh and
Nelder, 1989).

The selection of the final model is based on
backward elimination, starting with the most
complex model (V). The critical level used was
P!/0.05. As the models form a hierarchic series
(Table 1), they are simplified in a pre-determined
order (McCullagh and Nelder, 1989), V; IV; II and
I (Table 1). Model III has the same number of
estimated parameters as model IV (Table 1) and
therefore, it is omitted from this sequence. How-
ever, if model IV is rejected in favor of Model V,
the latter is compared against model III and model
simplification is continued normally. This intro-
duces a bias against model III, because it may be
about as good- or even better-choice than model
IV and therefore, we will report results for both
models.

2.5. Generalized additive models

All previous models had a strict, parametric
functional form: we forced them to fit the data.
GAM do not specify any strict parametric func-
tion, but instead use non-parametric smoothers

(Hastie and Tibshirani, 1990). Consequently, they
may be able to produce shapes that differ from any
parametric model we have studied so far (Fig. 4).
GAM’s have recently become popular in gradient
modeling in vegetation science (e.g. Yee and
Mitchell, 1991; Bio et al., 1998; Leathwick, 1998;
Heegaard and Hangelbroek, 1999; Ejrnæs, 2000;
Lehmann et al., 2002; Zaniewski et al., 2002).
It may be difficult to characterize the shape of

response. If a parametric shape is completely
within the confidence band of a fitted GAM, the
response could be of that parametric shape. In this
way, we use GAM to verify or falsify our
parametric models and in seeking possible para-
metric forms.
We use smoothing splines for the predictor. The

number of degrees of freedom of the smoother is
selected by generalized cross validation (Gu and
Wahba, 1991), with upper limit alternatively 3 or 6
degrees of freedom. This was only the upper limit
for degrees of freedom: the actual degrees of
freedom were found by cross-validation (Wood,
2000; Wood and Augustin, 2002) and were gen-
erally much lower. The use of generalized cross-
validation is an improvement over the older
practice of comparing only some integer alterna-
tives of degrees of freedom.
It may be necessary to trim out extreme sites

beyond the species occurrence in multi-gradient
models, because GAM fits the model only for the
main effects instead of local neighborhood and so
zeros outside the main range of the species reduce
the fitted values within the main range (Hastie and
Tibshirani, 1990). However, we achieved the same

Fig. 3. Hierarchic set of HOF models (Table 1) fitted to B.
rubioides . Model IV was rejected and the estimation continued
through model III which was found better than model II.

Fig. 4. GAM fitted to B. rubioides with approximate 95%
confidence intervals.
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Have created individual models for temperature (& precipitation) niches of all 127 
species, for both climate and weather*

- A species’ presence with mean annual temperature or recording day temperature 
is a presence.

- Any other values, from all macroscopically fruiting and non-lichenized fungi 
recorded, are the absences, i.e., conditions with which fungi are recorded to be 
fruiting within, but which a particular species has not been recorded.

- Analyses: generalized additive modeling, logistic, binary data
Inspired by HOF models and Vetaas (2002)

Vetaas. 2002. Realized and potential climate niches: 
a comparison of four Rhododendron tree species. J. 
Biogeography. 29: 545-554.

Table 1 Climatic ranges for four Rhododendron species in ex-situ (ex) and in-situ (in) conditions, with respect to mean annual temperature
(MAT), mean minimum temperature of coldest month (MINCM), mean maximum temperature of warmest month (MAXWM), and moisture
index (MOISTURE)

R. arboreum R. barbatum R. campanulatum R. wallichi

Variables in ex in ex in ex in ex

MAT Min 4.4 7.8 6.0 7.7 3.3 4.3 3.5 5.8
Optimum 11.7 8.8 8.6 8.8 9.8 8.1 4.7 7.8
Max 19.3 11.6 11.9 11.6 10.2 11.6 10.4 11.6

MINCM Min )5.7 )4 )4.6 )7 )6.5 )9 )6.4 )8
Optimum )0.7 2 )2.7 2 )4.4 2 )5.5 )3
Max 5.1 6 )0.3 6 )1.5 6 )1.4 6

MAXWM Min 12.2 14 13.9 15 11.0 14 11.2 15
Optimum 19.7 22 16.7 22 14.1 22 12.5 22
Max 28.2 25 20.3 28 18.4 28 18.7 26

MOISTURE Min 1.0 0.7 1.5 0.7 1.6 0.7 2.9 0.7
Optimum 1.8 3.1 4.7 2.2 6.6 1.8 7.5 1.5
Max 9.6 5.6 6.8 5.6 9.6 5.6 12.0 5.6

Table 2 Number of ex-situ individuals of four rhododendron species occurring outside their realized niches with respect to mean annual
temperature (MAT), mean minimum temperature of coldest month (MINCM), mean maximum temperature of warmest month (MAXWM),
moisture index and rainfall (precipitation)

MAT MINCM MAXWM Moisture Rainfall

Ex-situ sites Cold Warm Cold Warm Cold Warm Dry Moist Dry Moist

Rhododendron
arboreum 20 0 0 0 1 0 0 2 0 13 0
barbatum 21 0 0 1 11 0 15 14 0 14 1
campanulatum 33 0 9 4 16 0 27 19 0 6 1
wallichi 20 0 6 1 11 0 16 18 0 12 1

Figure 1 Response curves of the realized
niches for Rhododendron arboreum Sm.,
R. barbatum Wall., R. campanulatum
D. Don., and R. wallichii Sm. with respect to
mean annual temperature (MAT), mean
minimum temperature of coldest month and
mean maximum temperature of warmest
month. The standardized number of ex-situ
occurrences is superimposed on the graph
(vertical lines). The realized niches are
estimated by Generalized Additive Models.
The realized response and the number of
ex-situ locations are both number of occur-
rences for each 0.5 !C interval divided by the
standard deviation for each species. Note the
length of the vertical lines is not directly
comparable with the realized response curve.

" 2002 Blackwell Science Ltd, Journal of Biogeography, 29, 545–554

548 O. R. Vetaas

* Presences, even aggregated to climate-weather recordings, far exceed the sample sizes of most published species distribution 
modelling studies, i.e., these values seem to be about as credible as possible (without mining GBIF, iNaturalist, etc. further)



Recording day temperature: 
greater predictive probabilities

Recording day temperature: 
greater explained deviance

R2 (adjusted): fairly similar 

Model fit assessment



Steeper species optimum curves means less flexibility to changing conditions



Boletoid Boletoid

Club/Corals Club/Corals

Brackets/Conks/Pored
Brackets/Conks/Pored

Leathery 
brackets

Leathery 
brackets

Fruit body type: perhaps some trends related to the species’ optima & ranges*

Wider-range of climate optima, but limited recording (fruiting) temperature: broad-scale 
applicability?

Wider-range of climate optima and recording (fruiting) temperature: not so applicable?

*Very preliminary and subject to further analyses.



Aleuria aurantia: a typical species optimum curve for mean annual temperature (left) 
and recording day temperature (right)



Coltricia perennis : a symmetric species optimum curve for mean annual temperature 
(left) and a more limited recording day temperature (right)



Trichaptum abietinum: found “everywhere” (on conifer wood, that is), which can be seen in 
the optimum curve for mean annual temperature (left) and recording day temperature (right)



Laccaria laccata: actually, this one is found everywhere and fruits under relatively broad 
temperatures, as seen in the optimum curve for mean annual temperature (left) and 
recording day temperature (right)



In conclusion, there certainly seems to be promise in utilizing climate – weather species 
optimum curves, and the comparisons between, for ascertaining climate change 
“bellwethers,” with continuing analyses.

“Small change” (coins) perhaps can add up to something more substantial, or at least be 
added to the “penny jar”? 

Steeper species optimum curves means less flexibility to changing conditions

Carrie Andrew | carrie.j.andrew@gmail.com


