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Abstract: Plants in fire-prone ecosystems have evolved a variety of mechanisms to resist or adapt to
fire. Post-fire resprouting is a key adaptation that promotes rapid ecosystem recovery and hence has
a major impact on the terrestrial carbon cycle. However, our understanding of how the incidence of
resprouting varies in different fire regimes is largely qualitative. The increasing availability of plant
trait data and plot-based species cover data provides an opportunity to quantify the relationships
between fire-related traits and fire properties. We investigated the quantitative relationship between
fire frequency (expressed as the fire return time) and the proportion of resprouters in woody plants
using plot data on species cover from Australia and Europe. We also examined the relationship
between the proportion of resprouters and gross primary production (GPP) and grass cover, where
GPP was assumed to reflect fuel loads and hence fire intensity, while grass cover was considered
to be an indicator of the likelihood of ground fire and the speed of fire spread, using generalised
linear modelling. The proportion of resprouting species decreased significantly as the fire return
time increased. When the fire return time was considered along with other aspects of the fire regime,
the proportion of resprouters had significant negative relationships with the fire return time and
grass cover and a significant positive relationship with GPP. These findings demonstrate that plants
with the ability to resprout occur more often where fire regimes are characterised by high-frequency
and high-intensity crown fires. Establishing quantitative relationships between the incidence of
resprouting and the fire return time and fire type provides a basis for modelling resprouting as a
consequence of the characteristics of the fire regime, which in turn makes it possible to model the
consequences of changing fire regimes on ecosystem properties.

Keywords: post-fire resprouting; fire regime; fire resilience; fire ecology; fire-related plant traits

1. Introduction

Fire is a natural process, and the type, frequency, and intensity of fire vary along
climate gradients [1–3]. Fire significantly impacts ecosystems because it consumes variable
amounts of above-ground biomass and initiates succession [4]. However, plants in fire-
prone ecosystems have evolved various mechanisms to resist or adapt to fire, including
fire-stimulated regeneration, post-fire flowering, fire-induced seed release (serotiny), post-
fire resprouting, and thick bark [5–8]. The incidence of specific plant traits appears to be
related to the frequency, intensity, and type of fire [9]. Specifically, in ecosystems with
relatively infrequent fires, plants display resilience, and fire triggers enhanced recruitment
through traits such as serotiny. In ecosystems with frequent but low-intensity or surface
fires, species are likely to have traits that convey resistance, for example, thick bark, while
in ecosystems with frequent and more intense fires, species are likely to have traits that
convey resilience through rapid post-fire recovery, such as the ability to resprout.
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Post-fire resprouting is the ability to regenerate rapidly after fire from underground
or above-ground meristems and is one of the most widely occurring fire-adaptive traits.
Resprouting allows woody plants to persist after fire, maintaining fire-adapted communities
and allowing very rapid ecosystem recovery [10]. This rapid recovery has a profound
impact on the terrestrial carbon cycle by promoting significant carbon sequestration [10–12].
However, resprouting necessarily imposes a cost in terms of carbon allocation to meristems
and regrowth, and it is important to understand the conditions in which the benefits
conveyed by this behaviour are sufficient to outweigh these costs.

Our current understanding of the relationships between fire regimes and resprouting
is largely based on field observations at local scales. Developing a more quantitative
understanding of these relationships is important to reveal the costs and trade-offs involved
in this strategy. It would also provide a basis for incorporating rapid recovery through
resprouting in fire-enabled vegetation models, which is currently largely ignored [12,13].
This is, in turn, important to understand how ecosystems and the terrestrial carbon cycle
will be affected by future changes in climate and fire [5,6,14–16]. The recent increase in
data availability on both plant traits [17–19] and plot-based species cover [20] provides an
opportunity to quantify the relationships between resprouting and fire properties.

In this study, we examined the relationships between resprouting and fire properties
using plot-level cover data from Australia and Europe from sPlotOpen [20]. These two
regions differ in terms of their plant communities and provide a wide range of fire gradients
and types. Furthermore, since there has been a considerable amount of research on fire
adaptations in both regions, there have been more systematic attempts to record species-
level fire-adaptive traits in regional plant trait databases such as BROT and AusTraits
compared to other fire-prone regions such as North America. We first investigated the
statistical relationship between fire frequency (expressed as the fire return time) and the
incidence of resprouting in woody plants. We then investigated the relationships between
the incidence of resprouting and other vegetation properties that influence the type of fire
using generalised linear modelling (GLM). We used gross primary production (GPP) and
grass cover as predictors, where GPP was considered as a measure of fuel abundance and
hence fire intensity, while grass cover was considered as an indicator of the likelihood of
ground fire and the speed of fire spread.

2. Methods
2.1. Species Cover and Resprouting Information

Information on species distributions in Australia and Europe was derived from sPlo-
tOpen [20]. sPlotOpen provides information on the relative cover of individual species that
is derived by normalising the cover of all species to 1 in each plot. We refer to this as the
proportion of resprouters. We removed nested sub-plots within a larger plot in order to
reduce over-sampling. The method by which species cover was recorded varied between
plots in sPlotOpen. We only used plots where data were recorded for all species. Sampling
methods were not always documented in Europe, but the sampling could be assumed to
represent all species at undocumented sites, according to the sPlotOpen documentation;
therefore, we included these plots in our sample. This yielded a combined dataset of
37,376 plots, with 8056 plots from Australia and 29,320 plots from Europe (Figure 1).

Tree and shrub species were classified into resprouters and non-resprouters using
information from plant trait databases, specifically TRY (version 6, Jena, Germany), BROT,
and AusTraits [17–19]; publications [21]; and regional expert knowledge. We investigated
resprouting in woody species because their ability to resprout after fire is particularly
important for the carbon cycle. We assumed that a species was a resprouter if there was
one record of it resprouting across all the data sources, even if other sources recorded it
as not resprouting, because the trait is facultative and the specific fire history or climate
characteristics of the sampling sites can therefore impact the observations. We did not
distinguish between resprouting caused by different types of disturbances (e.g., by fire,
drought, or herbivory) since we assumed that the ability to resprout is an inherited trait
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and the ability to resprout when severely damaged means that a species could also resprout
after fire. We were able to classify 1570 woody species into resprouters or non-resprouters
(Table S1), representing 65% of the woody species in Australia and 38% of the woody
species in Europe (Table 1).
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Figure 1. Maps of the geographic distributions of all plots used in this analysis from (a) Australia
and (b) Europe from the sPlotOpen datasets. The density of the plots is shown by the counts of the
plots in each 0.25◦ cell.

Table 1. Availability of information about the resprouting ability in woody species in Australia and
Europe, showing the numbers of all woody species, resprouters (R+), non-resprouters (R−), and
unclassified species (R?). The first figure in each category represents the number of species that show
a response explicitly to fire, and the number in brackets shows the number that resprout in response
to other factors. The percentage of known species is the number of resprouters and non-resprouters
compared to the total number of woody species.

Woody Species R+ R− R? Percentage of
Known Species

Australia 1890 969 (0) 259 (1) 661 65.03%
Europe 913 194 (83) 32 (38) 566 38.01%

Given the relatively high proportion of species for which no information was available
about the ability to resprout (Table 1) and the potential observational bias towards recording
resprouters over non-resprouters, we tested whether treating unclassified species as non-
resprouters would affect the results. To do this, we calculated the proportion of resprouters
in each plot in two ways: first where the proportion of resprouters was relative to the total
cover of species with known responses (P1 resprouter, Equation (1)) and second where the
proportion of resprouters was relative to the total cover of all woody species (P2 resprouter,
Equation (2)):

P1(resprouter) =
proportion o f resprouters

proportion o f resprouters + proportion o f non − resprouters
(1)

P2(resprouter) =
proportion o f resprouters

proportion o f all woody species
(2)

where the proportion was calculated as the sum of the relative cover data of all the species
in each category in each plot.
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2.2. Fire Return Interval

The fire return interval (FRI) was estimated using three remote-sensing fire products:
MODIS MCD64CMQ, FireCCI51, and FireCCI10LT. The Moderate Resolution Imaging
Spectroradiometer (MODIS) Collection 6 Burned Area product [22,23] is the most widely
used fire product, and it covers the period from 2001 to 2020. The European Space Agency’s
Climate Change Initiative FireCCI version 5.1 (FireCCI51) [24] is better at recording small
fires and covers the period from 2001 to 2020. FireCCI10LT [25] covers a longer time period
(36 years) than the other products because it makes use of AVHRR-LTDR data. The record
starts in 1982 and ends in 2018, although there are limited data for 1994; this year was
therefore omitted. All three products have a spatial resolution of 0.25◦. To estimate the FRI
from each product, we first calculated the total burnt area fraction for each year and then
derived an average total burnt area fraction over all available years. The FRI was estimated
as the reciprocal of the average total burnt area fraction [26].

There are differences between the burnt areas retrieved from different remote-sensing
products (see, e.g., [27]), and since they cover different lengths of time, there can also be
differences in the FRI estimated from each product. In order to assess the robustness of our
estimates of the FRI, we used a model-based prediction of the burnt area fraction [28] to
calculate an independent measure of the FRI. Model outputs for the interval from 2010 to
2015 were obtained at a 0.5◦ resolution, and the FRI was estimated as the reciprocal of the
average total burnt area fraction over these five years.

We extracted the estimated FRI for each of the sPlotOpen plots according to their
geographic location information. We truncated the FRI estimates to <5000 years because
longer estimates are artefacts of the short time interval recorded by the remotely sensed
products and the highly stochastic nature of fire.

2.3. Analysis of Relationships between the Incidence of Resprouters and Fire Properties

We first investigated the relationship between the FRI and the incidence of resprouting.
The FRI was log-transformed before the analysis to reduce skewness. We used box plots to
display the patterns in different categories of FRI and tested the significance of the mean
and median differences between the FRI categories using the pairwise t-test and the non-
parametric Kruskal–Wallis test. We compared the combined data from Australia and Europe
and the data from each continent separately using the four different estimates of the FRI.

The incidence of resprouting could be affected by other aspects of the fire regime,
such as the fire intensity, the speed of fire spread, and whether an event was a ground
fire or crown fire [7,29,30]. The radiative power of fire has been used as a measure of fire
intensity [31], but it represents the intensity at the flaming front and is thus difficult to use
at the plot level. Here, we used GPP as a surrogate for intensity based on the assumption
that high-intensity fires occur in regions with large amounts of fuel [3,28]. The abundance
of herbaceous vegetation is a primary control of whether events are crown fires or ground
fires and also determines the speed of fire spread [6]. We used grass cover as a surrogate
index for herbaceous vegetation.

The GPP data were derived from the P-model [32–34], an optimality-based light-
use efficiency model that simulates GPP as a function of the atmospheric pressure, the
atmospheric CO2 concentration, the air temperature, the vapor pressure deficit (VPD),
the incident photosynthetic photon flux density (PPFD), the fraction of incident PPFD
absorbed by vegetation (fAPAR), the soil moisture (θ), and the C3/C4 vegetation fraction.
The model was run using the atmospheric pressure calculated using elevation data from
WFDEI [35], climate data obtained from CRU TS4.04 [36], fAPAR from GIMMs 3 g [37], and
the C3/C4 vegetation fraction from [38]. The P-model has been shown to produce reliable
estimates of GPP compared to site-based flux tower measurements [32–34] while requiring
the calibration of only two parameters. Thus, it provides more transparent estimates than
other GPP products. Simulated monthly GPP values at a 0.5◦ resolution over the period
from 2001 to 2016 were summed to derive the annual total GPP. Since the year-to-year
variation in GPP was small, we used the mean annual total GPP over the 16-year interval.
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We converted the data to 0.25◦ via bilinear interpolation for consistency with the FRI
estimated using the remotely sensed products. The grass cover was obtained from ESACCI
LC data [39]. The raw data had a 300 m spatial resolution on an annual basis from 2001 to
2016. We used the fractional grass cover to calculate the mean grass cover over these years
and then converted this to 0.25◦ via bilinear interpolation. The year-to-year variations over
the 16-year interval were also examined for grass cover. GPP and grass cover data were
extracted for each of the sPlotOpen plots according to their geographic locations.

We investigated the relationships between the FRI, GPP, and grass cover using a binomial
generalised linear model (GLM). GLMs are suitable for analyses when the response variables
have highly non-Gaussian error distributions and allow quantification of the independent
effects of multiple predictors, even when they are partially correlated with one another [40,41].
We applied log-transformations to GPP and the FRI to reduce skewness. We calculated the
variance inflation factor (VIF) for each variable in the GLM to ensure that the regression coeffi-
cients were not inflated due to multicollinearity [42]. We used partial residual plots, which
showed the effect of each predictor when the others were held constant [43], to understand
the relationship between each predictor and the proportion of resprouters.

To test the impact of having incomplete information about the resprouting ability of
individual species, we examined the robustness of the GLM-derived relationships across
plots with different proportions of known cover using sPlotOpen plots with <25%, <50%,
<75%, and <100% relative known cover of resprouters and non-resprouters in the total
number of woody species.

3. Results
3.1. Relationship between the Fire Return Interval and the Incidence of Resprouting

The incidence of resprouters decreased as the FRI increased (Figure 2). Both the mean
and median values of the different categories were significantly different from one another.
This trend was also seen when the plots from each continent were considered separately
(Figure S1) and was robust when different datasets were used to derive the FRI (Figure S2).
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Figure 2. Changes in the incidence of resprouting woody plants (P1(resprouters)) as a function of the
fire return interval (FRI). The FRI was derived from MODIS MCD64CMQ. Individual plot values are
shown as blue dots, the red dots show the means, the black lines show the medians, and the boxes
show the interquartile ranges of the proportions of resprouters. The significance of the mean and
median differences in different FRI categories are indicated by different letters in red (mean) and
black (median). The number of observations in each category is indicated in brackets.

3.2. Relationships between the Incidence of Resprouting, GPP, and Grass Cover

The three predictor variables used in the GLM were not significantly correlated, with
pairwise correlation coefficients that were always <0.2 (Figure S3). The GLM analysis
showed that GPP had a significant positive relationship with the proportion of resprouters
(z-value = 9.73), while the FRI and grass cover had significant negative relationships with
the proportion of resprouters, with z-values of −9.43 and −7.37, respectively (Table 2). The
partial residual plots (Figures 3 and S4) also illustrate these relationships. The VIFs of the FRI,
GPP, and grass cover were all around 1.00, indicating that they each made an independent
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contribution to the GLM model, confirming the partial correlation results. The year-to-year
changes in both GPP and grass cover (Figure S5) were small; thus, using annual mean values
of GPP and grass cover in the GLM did not impact the robustness of the results. The overall
performance of the GLM was modest (Cragg–Uhler pseudo-R2 < 0.10), but the relationships
between GPP, the FRI, and grass cover and the proportion of resprouters were the same in
Australia and Europe (Table S2) and were also robust when different sources of information
were used for the calculation of the FRI (Table S3). The classification of resprouting ability
was largely based on responses to fire (92% of all species with information), but we also
included responses to other disturbances when they were known. Model performance and
the relationship of each predictor to the proportion of resprouters were unaffected by whether
resprouting ability was based only on the response to fire (Table S4). The same relationships
were also seen when the proportion of resprouters was estimated relative to the total cover
of all woody species (P2 resprouter; Table S5), although the overall model performance, as
measured using the Cragg–Uhler pseudo-R2, which decreased from 0.05 to 0.01, was worse.
Thus, it would seem that the lack of information about some species is not a reflection of a
bias in the recording of resprouters compared to non-resprouters.

Table 2. Summary statistics from the final GLM. The FRI was derived from MODIS MCD64CMQ. The
standard error reflects variability associated with the coefficient estimate. The Z-value was obtained
by dividing the coefficient estimate by the standard error. *** indicates a p-value of less than 0.001.

Estimate Coefficient Standard Error z-Value VIF

(Intercept) 1.58 0.19 8.39 ***
Fire return

interval −0.14 0.02 −9.43 *** 1.01

GPP 0.45 0.05 9.73 *** 1.02
Grass cover −1.70 0.23 −7.37 *** 1.03
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Figure 3. Partial residual plots for the incidence of resprouting as functions of the FRI (a), GPP (b), and
grass cover (c). The FRI was derived from MODIS MCD64CMQ. The dashed lines are fitted regression
lines. The y-axis is the log odds of the proportion of resprouters (i.e., the log-odds link function was used
in the binomial GLM). The colour bar shows the density of the sampled observations.

Despite the fact that the individual predictors were significant and that the relationships
make intuitive sense, the overall R2 of the model was low (Cragg–Uhler pseudo-R2 < 0.10).
Analyses of subsets of the plot data that were classified according to the proportion of species
for which information on resprouting ability was available (Table S6) showed that model
performance improved as the relative known proportion increased. This suggests that the low
R2 of the final model was partly a reflection of the lack of information about the resprouting
abilities of many species. The wide scatter in the predictor variables (Figure 3) could also
contribute to the poor model performance. The relatively short period covered by all the
observations was a major cause of uncertainty, particularly in the case of the estimation of the



Forests 2023, 14, 878 7 of 13

FRI, given the highly stochastic nature of fire occurrence. However, although the overall R2 was
poor, the fitted line was very close to the region with the densest sampling, and this suggests
that the observed relationships are meaningful (Figures 3 and S4).

4. Discussion

We have showed that the proportion of resprouting increased as the FRI became shorter.
This result was significant, as seen in the means, medians, and interquartile ranges, and was
robust across all datasets that were used to derive the FRI. The same trend also emerged from
the GLM when other factors influencing fire regimes were considered. This trend makes
intuitive sense because investing in carbon storage to produce meristems would not be
advantageous when fires are infrequent. It is consistent with evidence that species possessing
resprouting capacity show high resilience to increased fire frequency [44]. Regional studies
also support the idea that the ability to resprout conveys greater resilience to increasing fire
frequency. Enright et al. [8], for example, investigated the effects of the FRI on woody species
in Western Australia shrublands and showed that non-sprouting species showed much
lower resilience to shortened fire intervals than species possessing resprouting capacity.
Studies on individual resprouter species, such as European beech (Fagus sylvatica L.), indicate
that resprouting behaviour is optimal when the FRI is ca. 15 years [45], consistent with
our finding that the proportion of resprouters was largest when the FRI was <20 years
(Figure 2). Our approach did not allow us to discriminate what happens to the proportion
of resprouters when the FRI is very short because the number of plots with an FRI <10 years
was small. However, there is increasing evidence that very short FRIs are unfavourable to
resprouting because they result in the depletion of carbon resources [46,47]. There is also
evidence that shifts in the timing of fires, particularly increases in fires occurring in spring,
are unfavourable to the persistence of resprouters [48,49].

We found that the proportion of resprouters is positively related to GPP. A positive
relationship between resprouters and productivity was also found when using a smaller
sample of plots in Australia [11]. In this study, high levels of resprouting were recorded in
tropical savanna and temperate grassy woodland, while much lower levels of resprouting
were found in heaths and mallee ecosystems (i.e., plant communities found in southern
Australia composed primarily of shrubs with small trees of the genus Eucalyptus), which in-
dicated that decreasing productivity is associated with decreasing proportions of resprouter
species. This positive relationship was also found when using mean annual rainfall as a
surrogate for primary production in Australia [50]. This relationship with productivity
is consistent with the idea that the carbon cost associated with resprouting cannot be
supported in less productive ecosystems. Furthermore, fuel loads are generally high when
GPP is high, leading to high levels of fire activity and more intense fires, favouring species
that invest in mechanisms to resist frequent or high-intensity fires. Previous research has
shown that resprouting becomes more common with increasing disturbance severity or
intensity [30,51]. We showed that there is a significant negative relationship between the
proportion of resprouters and grass cover. Most fires in areas of high grass cover are ground
fires, and this result is consistent with observations that resprouters are typical of crown-fire
ecosystems [5,10,52].

Increases in the proportion of resprouters with increasing fire frequency presumably
reflect the selection of species that allocate sufficient carbon to meristem formation and
regrowth. When the fire return time is low, the costs of this behaviour outweigh the benefits.
This also appears to be the case when fire return times are very short and when overall
productivity is low. The degree to which there is plasticity in carbon allocation to meristems
is unknown, although plasticity in carbon allocation between different organs in response
to drought has been demonstrated [53]. However, the ability of resprouters to persist under
increasing fire frequency [8] suggests that there could be some degree of plasticity in the
allocation of carbon reserves for resprouting, as does the fact that resprouting species may
not express this trait under certain conditions. Thus, an improved understanding of the fire
regime characteristics where resprouting is an optimal behaviour is important.
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The short time interval covered by the remote-sensed fire products leads to uncertainty
in the estimated FRI, particularly in regions with long return times and given the highly
stochastic nature of fire occurrence. Although we truncated the FRI estimates at 5000 years,
it is unlikely that the higher-end estimates are realistic, given known changes in climate
and vegetation over the late Holocene [54–56] and their impacts on fire regimes [3,57,58].
However, in the absence of better-controlled estimates of the FRI, we assume that the trend
towards decreasing proportions of resprouters with increasing FRIs is realistic, even if the
absolute magnitude of the estimated FRI values is not. The uncertainty in the estimated FRI
was reflected in the wide scatter in the GLM partial residual plots. Although the GLM using
the FRI derived from FireCCI10LT (Table S3), which was based on 36 years of observations,
had a slightly higher pseudo-R2 than the GLM using FRIs derived from FireCCI51 and
simulated burnt areas, it was less accurate than the model using the FRI derived from
MODIS. Thus, even 36 years was insufficient to reduce the uncertainties in the estimates of
the FRI. However, the trends in the relationship between the proportion of resprouters and
the FRI were similar and significant across all sources of information, and the fitted lines
in the partial residual plots were very close to the region of densest sampling, suggesting
that the relationship between the FRI and resprouting was robust in the presence of this
source of uncertainty. Nevertheless, it would be useful to have better information on the
FRI. An extension of the remote-sensed records using AVHRR [59] or LANDSAT [60,61]
could increase the record for calculating the FRI to about 50 years, but even this is relatively
short for ecosystems with very long fire return times such as boreal forests. Historical fire
records [62,63], which can cover several hundred years, or sedimentary charcoal records,
which can provide estimates of fire occurrence over thousands of years [58,64], could
provide alternative sources of FRI estimates.

Although we were able to obtain information about the ability to resprout for 65% of
woody species in Australia and 38% of woody species in Europe (Table 1), the lack of trait
information for the other species was a source of uncertainty. The relationships between the
proportion of resprouters and fire regime characteristics became clearer when considering
plots where most of the species could be classified into resprouters or non-resprouters
(Table S6). Although it would be useful to increase the amount of information about
which species can resprout after fire, our analyses suggest that robust relationships are
obtained from plots with relative known proportions >25%. Nevertheless, this requirement
precludes analyses of fire-resprouting relationships in many parts of the world. A more
worrying aspect of the availability of fire-adaptive trait data is the potential observational
bias in recording species that exhibit a trait rather than those that do not exhibit the trait.
The number of species classified as resprouters is four times greater than the number
recorded as non-resprouters in both Australia and Europe (Table 1). However, assuming
that unclassified woody species were non-resprouters did not improve the GLM perfor-
mance (Table S5), and thus there does not seem to be a simple way to solve this problem
except through the expansion of existing trait observations. Information about post-fire
resprouting abilities was available for 92% of the species considered in our analyses, and we
therefore used information about resprouting in response to other factors such as drought
or herbivory to classify the other species. This was based on the assumption that any
species capable of resprouting in response to damage is a resprouter, as it seems unlikely
that a species capable of resprouting would not do so unless the damage was minimal or
carbon resources were depleted. This is supported by the fact that nearly 80% of the species
for which a resprouting response to multiple factors was known showed the same response
to all factors. However, the classification of a species as a resprouter varies between studies
and data sources due to various factors, including the severity of the fires after which the
observations were made [29]. It is also true that the magnitude of damage differs depending
on the type of disturbance and may affect a species’ resprouting ability. Unfortunately,
there is insufficient information in existing trait databases to test how the type, intensity, or
frequency of damage affects the expression of resprouting; controlled experiments might
provide a way of testing this (e.g., [30,65]). We have focused on the ability to resprout
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since it was the most widely recorded fire-adaptive trait in existing trait databases, but
an analysis of the relationships of other fire-adaptive traits and characteristics of the fire
regime would be useful to understand the costs and trade-offs between fire adaptations.
However, this would also require a substantial improvement in trait data availability.

As one of the key post-fire recovery strategies, the proportion of resprouters deter-
mines the rate of vegetation regrowth [15,66,67]. Resprouting has predictive value for
post-fire community assembly and the responses of ecosystems to changing fire regimes
under climate change [11]. Resprouting has been incorporated as a trait in the fire-enabled
vegetation model LPX-Mv1 [15], but it is not included in any of the fire-enabled vegetation
models that are being used to investigate the impact of future climate changes on ecosys-
tems, for example, the current phase of the Inter-sectoral Impact Model Intercomparison
Project (ISIMIP: https://www.isimip.org, accessed on 10 March 2023). Our study provides
a quantitative basis for including resprouting behaviour in fire-enabled vegetation models.

5. Conclusions

There is a significant relationship between fire frequency and the proportion of resprouters.
Other factors that might influence the fire regime are also significantly related to the proportion
of resprouters. Specifically, the proportion of resprouters increases with GPP and decrease
with the FRI and grass cover, which implies that plants with the ability to resprout occur more
often where fire regimes are characterised by high-frequency and high-intensity crown fires.
Establishing quantitative relationships between the proportion of resprouters and the FRI and
fire type opens the possibility to model resprouting as a consequence of the characteristics of the
fire regime and to model the consequences of changing fire regimes on ecosystem properties.
More species-level information about fire-adaptive traits and longer records of the fire properties
that control the abundance of such traits would be useful to improve our ability to model these
relationships in a quantitative way.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/f14050878/s1, Table S1: The resprouting classification of woody
species in Australia and Europe. Species with the ability to resprout are shown in bold. Species with-
out the ability to resprout are shown in regular. Figure S1: Changes in the incidence of resprouting
woody plants (P1(resprouter)) as a function of fire return interval (FRI) in Australia (a) and Europe
(b). FRI is derived from MODIS MCD64CMQ. Individual plot values are shown as blue dots, the
red dots show the mean, the black lines show the median, and the boxes show the interquartile
range of the relative proportion of resprouters. The significance of mean and median differences in
different FRI categories are indicated by different letters in red (mean) and black (median) separately.
The number of observations in each category is indicated in brackets. Figure S2: Changes in the
incidence of resprouting woody plants (P1(resprouter)) as a function of fire return interval (FRI)
with FRI derived from FireCCI51, FireCCI10LT and simulated burnt area. Combined plots data
from Australia and Europe were used. Individual plot values are shown as blue dots, the red dots
show the mean, the black lines show the median, and the boxes show the interquartile range of the
relative proportion of resprouters. The significance of mean and median differences in different
FRI categories are indicated by different letters in red (mean) and black (median) separately. The
number of observations in each category is indicated in brackets. Figure S3: Pairwise correlations
between fire return interval, GPP and grass cover. Table S2: Summary statistics from the GLM with
sPlotOpen data from Australia and Europe separately. FRI is derived from MODIS MCD64CMQ.
Proportion of resprouter is calculated as P1(resprouter). Standard error reflects variability associ-
ated with the coefficient estimate. Z-value is obtained by dividing the coefficient estimate by the
standard error. VIF is the variance inflation factor. Table S3: Summary statistics from the GLM
with FRI derived from FireCCI51, FireCCI10LT and simulated burnt area. The combined plots data
from Australia and Europe were used. Proportion of resprouter is calculated as P1(resprouter).
Standard error reflects variability associated with the coefficient estimate. Z-value is obtained by
dividing the coefficient estimate by the standard error, *** indicates p-value is less than 0.001. VIF
is the variance inflation factor. Pseudo-R2 is the Cragg–Uhler pseudo-R2 [68]. Figure S4: Partial
residual plots for the incidence of resprouting as functions of FRI, GPP and grass cover (herb cover).
FRI derived from FireCCI51, FireCCI10LT and simulated burnt area. The dashed line is the fitted

https://www.isimip.org
https://www.mdpi.com/article/10.3390/f14050878/s1
https://www.mdpi.com/article/10.3390/f14050878/s1


Forests 2023, 14, 878 10 of 13

regression line. The y-axis is the log odds of proportion of resprouters (i.e., log-odds link function
was used in binomial GLM). The colour bar shows the density of sampled observations. Table S4:
Summary statistics from the GLM using resprouting information based only on the response to fire.
FRI is derived from MODIS MCD64CMQ. Standard error reflects variability associated with the
coefficient estimate. Z-value is obtained by dividing the coefficient estimate by the standard error,
*** indicates p-value is less than 0.001. Table S5: Summary statistics from the GLM with FRI derived
from MODIS MCD64CMQ. The combined plots data from Australia and Europe were used. Pro-
portion of resprouter is calculated as P2(resprouter). Standard error reflects variability associated
with the coefficient estimate. Z-value is obtained by dividing the coefficient estimate by the standard
error. VIF is the variance inflation factor. Pseudo-R2 is the Cragg–Uhler pseudo-R2 [68]. Table S6:
Summary statistics from the GLM filtering plots with relative known cover <25%, <50%, <75% and
<100%. FRI was derived from MODIS MCD64CMQ. The combined plots data from Australia and
Europe were used. Proportion of resprouter is calculated as P1(resprouter). Standard error reflects
variability associated with the coefficient estimate. Z-value is obtained by dividing the coefficient
estimate by the standard error. VIF is the variance inflation factor. Pseudo-R2 is the Cragg–Uhler
pseudo-R2 [68]. Figure S5: Standard deviation of annual total GPP (a) and grass cover (b) in each grid
cell over 16 years (2001–2016).

Author Contributions: Conceptualization, Y.S., I.C.P. and S.P.H.; Data curation, Y.S. and W.C.; Formal
analysis, Y.S.; Funding acquisition, I.C.P. and S.P.H.; Investigation, Y.S.; Methodology, Y.S., W.C.,
I.C.P. and S.P.H.; Project administration, Y.S. and S.P.H.; Resources, Y.S. and W.C.; Software, Y.S.;
Supervision, I.C.P. and S.P.H.; Validation, Y.S., I.C.P. and S.P.H.; Visualization, Y.S.; Writing—original
draft, Y.S. and S.P.H.; Writing—review and editing, Y.S., W.C., I.C.P. and S.P.H. All authors have read
and agreed to the published version of the manuscript.

Funding: This research is a contribution to the Land Ecosystem Models Based On New Theory,
Observations, and Experiments (LEMONTREE) project, which is funded through the generosity of
Eric and Wendy Schmidt by the recommendation of the Schmidt Futures program (grant number 355
to YS, ICP, and SPH). It was also supported by the Leverhulme Centre for Wildfires, Environment
and Society (grant number RC-2018-023 to YS, ICP, and SPH) and the China Scholarship Council
(CSC) (grant number 201908060024 to WC).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Code is provided privately for peer review via the following link:
https://figshare.com/articles/software/Code_and_data_for_resprouting_analysis/21899487 [69]
(accessed on 19 April 2023). The datasets utilized for this research are as follows: P-model GPP is
available from https://doi.org/10.5281/zenodo.7513533 [70] (accessed on 19 April 2023). sPlotOpen
can be downloaded from https://doi.org/10.25829/idiv.3474-40-3292 [20] (accessed on 19 April 2023).
TRY (version 6) can be downloaded from https://www.try-db.org/TryWeb/Home.php (accessed on
19 April 2023). BROT can be downloaded from https://doi.org/10.6084/m9.figshare.5280868.v1 [71]
(accessed on 19 April 2023), and the usage of BROT can be found at https://www.uv.es/jgpausas/
brot.htm (accessed on 19 April 2023). AusTraits can be downloaded from https://zenodo.org/record/
7368074#.Y8HT2OzP06G [18] (accessed on 19 April 2023). Resprouting data from Russel Smith et al.
(2012) can be found in (Russell Smith et al. 2012: Appendix 1 [21]). MODIS MCD64CMQ can be
obtained from https://lpdaac.usgs.gov/documents/875/MCD64_User_Guide_V6.pdf (accessed
on 19 April 2023). FireCCI51 can be obtained from https://geogra.uah.es/fire_cci/firecci51.php
(accessed on 19 April 2023). FireCCI10LT can be obtained from http://dx.doi.org/10.5285/62
866635ab074e07b93f17fbf87a2c1a [72] (accessed on 19 April 2023). Data of the simulated burnt
area fraction are available from https://doi.org/10.6084/m9.figshare.19071044.v1 [73] (accessed
on 19 April 2023). Grass cover data from the ESACCI LC data can be downloaded from http:
//maps.elie.ucl.ac.be/CCI/viewer/download.php (accessed on 19 April 2023).

Acknowledgments: We thank Brett Murphy, Imma Oliveras, Jens Kattge, Juli G. Pausas, Pedro
Jaureguiberry, Rachel Gallagher, and Sandra Diaz for discussions on plot-level data and plant trait
data. We thank our colleagues from the LEMONTREE Project and the Leverhulme Centre for
Wildfires, Environment and Society for discussions during the development of this work.

Conflicts of Interest: The authors declare no conflict of interest.

https://figshare.com/articles/software/Code_and_data_for_resprouting_analysis/21899487
https://doi.org/10.5281/zenodo.7513533
https://doi.org/10.25829/idiv.3474-40-3292
https://www.try-db.org/TryWeb/Home.php
https://doi.org/10.6084/m9.figshare.5280868.v1
https://www.uv.es/jgpausas/brot.htm
https://www.uv.es/jgpausas/brot.htm
https://zenodo.org/record/7368074#.Y8HT2OzP06G
https://zenodo.org/record/7368074#.Y8HT2OzP06G
https://lpdaac.usgs.gov/documents/875/MCD64_User_Guide_V6.pdf
https://geogra.uah.es/fire_cci/firecci51.php
http://dx.doi.org/10.5285/62866635ab074e07b93f17fbf87a2c1a
http://dx.doi.org/10.5285/62866635ab074e07b93f17fbf87a2c1a
https://doi.org/10.6084/m9.figshare.19071044.v1
http://maps.elie.ucl.ac.be/CCI/viewer/download.php
http://maps.elie.ucl.ac.be/CCI/viewer/download.php


Forests 2023, 14, 878 11 of 13

References
1. Dupuy, J.-L.; Fargeon, H.; Martin-Stpaul, N.; Pimont, F.; Ruffault, J.; Guijarro, M.; Hernando, C.; Madrigal, J.; Fernandes, P.

Climate change impact on future wildfire danger and activity in southern Europe: A review. Ann. For. Sci. 2020, 77, 35. [CrossRef]
2. Abatzoglou, J.T.; Williams, A.P. Impact of anthropogenic climate change on wildfire across western US forests. Proc. Natl. Acad.

Sci. USA 2016, 113, 11770–11775. [CrossRef]
3. Harrison, S.P.; Marlon, J.R.; Bartlein, P.J. Fire in the Earth system. In Changing Climates, Earth Systems and Society; Dodson, J., Ed.;

Springer: Dordrecht, The Netherlands, 2010; pp. 21–48.
4. Liu, H.; Randerson, J.T.; Lindfors, J.; Chapin, F.S. Changes in the surface energy budget after fire in boreal ecosystems of interior

Alaska: An annual perspective. J. Geophys. Res. 2005, 110, D13101. [CrossRef]
5. Pausas, J.G.; Bradstock, R.A.; Keith, D.A.; Keeley, J.E. Plant Functional Traits in Relation to Fire in Crown-Fire Ecosystems. Ecology

2004, 85, 1085–1100. [CrossRef]
6. Keeley, J.E.; Pausas, J.G. Evolutionary Ecology of Fire. Annu. Rev. Ecol. Evol. Syst. 2022, 53, 203–225. [CrossRef]
7. Lamont, B.B.; He, T.; Yan, Z. Evolutionary history of fire-stimulated resprouting, flowering, seed release and germination. Biol.

Rev. Camb. Philos. Soc. 2019, 94, 903–928. [CrossRef] [PubMed]
8. Enright, N.J.; Fontaine, J.B.; Lamont, B.B.; Miller, B.P.; Westcott, V.C. Resistance and resilience to changing climate and fire regime

depend on plant functional traits. J. Ecol. 2014, 102, 1572–1581. [CrossRef]
9. Harrison, S.P.; Prentice, I.C.; Bloomfield, K.J.; Dong, N.; Forkel, M.; Forrest, M.; Ningthoujam, R.K.; Pellegrini, A.; Shen, Y.;

Baudena, M.; et al. Understanding and modelling wildfire regimes: An ecological perspective. Environ. Res. Lett. 2021, 16, 125008.
[CrossRef]

10. Pausas, J.G.; Keeley, J.E. Epicormic Resprouting in Fire-Prone Ecosystems. Trends Plant Sci. 2017, 22, 1008–1015. [CrossRef]
[PubMed]

11. Clarke, P.J.; Lawes, M.J.; Murphy, B.P.; Russell-Smith, J.; Nano, C.E.M.; Bradstock, R.; Enright, N.J.; Fontaine, J.B.; Gosper, C.R.;
Radford, I.; et al. A synthesis of postfire recovery traits of woody plants in Australian ecosystems. Sci. Total Environ. 2015, 534,
31–42. [CrossRef] [PubMed]

12. Pausas, J.G.; Pratt, R.B.; Keeley, J.E.; Jacobsen, A.L.; Ramirez, A.R.; Vilagrosa, A.; Paula, S.; Kaneakua-Pia, I.N.; Davis, S.D.
Towards understanding resprouting at the global scale. New Phytol. 2016, 209, 945–954. [CrossRef]

13. Thonicke, K.; Spessa, A.; Prentice, I.C.; Harrison, S.P.; Dong, L.; Carmona-Moreno, C. The influence of vegetation, fire spread and
fire behaviour on biomass burning and trace gas emissions: Results from a process-based model. Biogeosciences 2010, 7, 1991–2011.
[CrossRef]

14. Higgins, S.I.; Bond, W.J.; Trollope, W.S.W. Fire, resprouting and variability: A recipe for grass-tree coexistence in savanna. J. Ecol.
2000, 88, 213–229. [CrossRef]

15. Kelley, D.I.; Harrison, S.P.; Prentice, I.C. Improved simulation of fire–vegetation interactions in the Land surface Processes and
eXchanges dynamic global vegetation model (LPX-Mv1). Geosci. Model Dev. 2014, 7, 2411–2433. [CrossRef]

16. Pausas, J.G.; Keeley, J.E. Evolutionary ecology of resprouting and seeding in fire-prone ecosystems. New Phytol. 2014, 204, 55–65.
[CrossRef] [PubMed]

17. Kattge, J.; Bönisch, G.; Díaz, S.; Lavorel, S.; Prentice, I.C.; Leadley, P.; Tautenhahn, S.; Werner, G.D.A.; Aakala, T.; Abedi, M.; et al.
TRY plant trait database—Enhanced coverage and open access. Glob. Chang. Biol. 2020, 26, 119–188. [CrossRef]

18. Falster, D.; Gallagher, R.; Wenk, E.H.; Sauquet, H.; Wright, I.J.; Indiarto, D.; Andrew, S.C.; Baxter, C.; Lawson, J.; Allen, S.; et al.
AusTraits, a curated plant trait database for the Australian flora. Sci. Data 2021, 8, 254. [CrossRef]
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