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Abstract

Background

Plant survival is a key factor in forest dynamics and survival probabilities often vary across
life stages. Studies specifically aimed at assessing tree survival are unusual and so data
initially designed for other purposes often need to be used; such data are more likely to
contain errors than data collected for this specific purpose.

Results

We investigate the survival rates of ten tree species in a dataset designed to monitor growth
rates. As some individuals were not included in the census at some time points we use
capture-mark-recapture methods both to allow us to account for missing individuals, and to
estimate relocation probabilities. Growth rates, size, and light availability were included as
covariates in the model predicting survival rates. The study demonstrates that tree mortality is
best described as constant between years and size-dependent at early life stages and size
independent at later life stages for most species of UK hardwood. We have demonstrated that
even with a twenty-year dataset it is possible to discern variability both between individuals
and between species.

Conclusions

Our work illustrates the potential utility of the method applied here for calculating plant
population dynamics parameters in time replicated datasets with small sample sizes and
missing individuals without any loss of sample size, and including explanatory covariates.
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Background

Understanding long-term population dynamics of different life stages and the predominant
underlying factors that shape them is a central question in biology. A key process in
population dynamics is mortality and understanding the factors that influence rates of
mortality both between and among life stages is an important endeavour in population
biology [1]. Plants are of particular interest as they are reported to defy the effects of ageing
[2] yet they die. Trees are typically extremely long-lived and require long-term studies to
allow any understanding of the factors that underlie any variations in mortality between
individuals and species. Long-term studies bring their own associated problems, in particular
they rely on individuals being relocatable on each occasion that a census is conducted, when
any means used to identify individuals is likely to get lost or to become indistinguishable.

While it remains elementary that ‘plants stand still to be counted and do not have to be
trapped, shot, chased, or estimated’ [3], monitoring and analysing long-term datasets often
involves accounting for data collected under different experimental design protocols, and/or
omissions and errors that may occur at some time points. In plants common causes of
omissions of individuals and detection gaps where plants are not recorded in one or more
surveys but recorded both before and after, include herbivory and re-growth thereafter,
dormancy, and recording error [4]. A potential way to surmount this problem is to use a
technique widely used in animal ecology, capture-mark-recapture that provides unbiased
estimates of survival rates accounting for imperfect detection rates (for applications in plants
see e.g. [4,5]). Alternative solutions such as excluding individuals with measurment gaps
would result in either reducing the sample size of the dataset if such individuals were
excluded or inflating mortality rates if an individual was classified as dead as soon as it was
not recorded [6].

As trees are typically very long-lived few studies have been initiated that are aimed at
measuring survival rates directly. If one was to do so then one would design the study so as to
minimise the possible sources of error e.g. [7-9]. More typically a researcher interested in tree
survival needs to utilise datasets collected for other purposes, and which have probably been
collected over much less than one tree lifespan. Such datasets are less likely to have collected
in a manner that aims to minimise the errors important in survival analysis. In this study we
use a dataset collected to measure growth rates over a twenty-year period and attempt to
determine whether we can estimate survival rates of these long-lived organisms.

Estimating survival in the field is also inherently difficult. This difficulty arises because of
the difficulty of separating mortality from a failure to relocate an individual. This problem
has received a substantial amount of attention in the animal ecology literature, where the
probability of recapturing or resighting an individual can be relatively low [10,11]. It is a
tautology that not all individuals that are marked at the beginning of a study will inevitably be
relocated when the next census is taken [12]. Even on large, static organisms like trees marks
fade, get lost, or simply overlooked. Survival estimation therefore needs methods that
account for the relocation probability independently of survival estimation.



Tree survival rates, or reciprocally mortality rates, are important for foresters and
conservationists, urban planners, as well as for biologists aiming to understand death as an
ecological process [13,14]. The most common way to quantify and compare mortality rates of
tree populations is to measure death counts over a time interval [3]. While mortality rates i.e.
the proportion of individuals within the population surviving within the next time unit are
interesting per se, ecologists have strived to correlate tree death with potential explanatory
covariates with the most notable being light availability, growth rates, indices of tree size,
climatic variables, as well as density effects [15-19].

Light availability is a key factor in forest dynamics as interspecific differences in shade
tolerance underpin species coexistence and species succession in forests [20,21]. Light is
often the limiting factor in tree survival or growth in both northern hemisphere hardwood
forests and tropical rainforests - tree individuals exhibit plasticity in terms of tree architecture
to utilise light resources and allocate then into growth and survival [22]. Plasticity of canopy
architecture for maximising light resources may also be seen as asymmetric competition for
light [23] and can explain the evolution of height [24]. Apart from plasticity, competition for
light affects tree demography in terms of both mortality and recruitment [25]. The role of
light is further emphasized by findings reporting that under low light, small differences in
tree growth at early life stages result in variation in rates of mortality of at least two levels of
magnitude between species [26]. The effect of light availability across tree life stages is not
homogeneous; species with low mortality in the absence of light at early life stages may have
slow growth rates at intermediate or late life stages [21]. Therefore, we hypothesize that
inclusion of the effect of light will improve predictions of plant survival and that this effect
will be more pronounced at early life stages (saplings) than at later life stages. We also
suggest that at later life stages (adults) the effect of light will be more pronounced on the
survival of canopy species rather than sub-canopy species.

The size of individuals is critical for survival in plants; self thinning trees that are small in
comparison to their neighbours are usually the least successful in encapsulating resources and
ultimately in surviving [27]. Large trees are more likely to have higher access to light. Size is
also important in modulating shade tolerance as there is an inverse relationship between
shade tolerance and tree size between species as well as between individuals within a species
[28]. Within species there is also a relationship between size and survival (or death) as small
individuals at early life stages typically suffer high mortality rates from herbivory,
mechanical damage, or light availability [14], but they exhibit higher shade tolerance due to
the fact that they have higher photosynthetic to non-photosynthetic biomass ratio [29].
Overall, tree death and reciprocally survival may be size-independent within species, with a
constant risk of death regardless of the size of individuals [14,30], or size-dependent
mortality peaking at some particular size classes [14,18,31], however these distributions
usually refer to, and are derived from, adult trees. During earlier life stages, differences in
mortalities between species are more pronounced [21] and the probability of a tree reaching
the canopy is often determined by its performance as a sapling [26]. Therefore we
hypothesized that the inclusion of size as a covariate will improve predictions of survival and
that this will be more pronounced at earlier life stages than at later life stages.

Growth rates of trees are key factors for species composition in forests for several reasons:
There is a trade-off between low light survival and high light growth that promotes
succession - species that grow faster in full light exhibit lower shade tolerance [32] and lower
variation of growth rates [33]. Further there is evidence that tree growth is also determined by
asymmetric competition for light [34,35] and thus the effects of light should be accounted for



when calculating growth rates. In addition, increased growth rates may decrease longevities
of individuals within species [36]. Growth rates have been used as predictors of tree death
[37] and negative growth rates may provide an indicator of forthcoming tree death [38]. We
hypothesized that the inclusion of growth rates will improve predictions of survival analysis
and this effect will be more pronounced at earlier life stages across all species.

In this study we analyse survival rates of tree species distinguishing between early life stages
(saplings) and late life stages (adults) using long-term and time replicated data collected on
ten tree species in a lowland forest in the UK. As some individual trees are likely to have
been missed at some censuses we have applied a commonly used method in animal ecology,
capture-mark-recapture to account for the missing data. Specifically we use a Cormack-Jolly-
Seber (CJS) model to estimate both the relocation probability and the survival rate of each
tree species. We further included size, growth and light as potential explanatory covariates in
the model determining survival rates of species. We have developed a set of models (Table 1)
that would potentially fit the data regarding survival at a species level. After selecting for the
most parsimonious model for each species and life stages, we calculate the probability of
survival.

Table 1 Descriptions of each model used in the survival analysis that distinguishes
between saplings and adults

Model Description

Survival probability Relocation probability
1 o¢:c Constant between years Constant between years
2 ¢:c,sapling DBH; adult ¢ Constant between years, varies with DBH for Constant between years

saplings only

3 ©:c,sapling light; adult ¢ Constant between years, varies with light for Constant between years
saplings only

4 ¢:c, sapling growth; adult ¢ Constant between years, varies with growth ~ Constant between years
rate for saplings only

5 ©:c,sapling c; adult DBH Constant between years, varies with DBH for Constant between years
adults only

6  ¢:c,sapling DBH; adult DBH Constant between years, varies with DBH for Constant between years
saplings and adults

7 @: ¢, sapling growth; adult growth Constant between years, varies with growth ~ Constant between years
rate for saplings and adults

8  o:c,sapling light; adult light Constant between years, varies with light for Constant between years
saplings and adults

9  ¢:c, sapling DBH; adult light Constant between years, varies with DBH for Constant between years
saplings and light for adults

10 ¢: c, sapling DBH; adult growth Constant between years, varies with DBH for Constant between years
saplings and growth rate for adults

11  @: c, sapling light; adult DBH Constant between years, varies with light Constant between years
intensity for saplings and DBH for adults

12 ¢: c, sapling light; adult growth Constant between years, varies with light Constant between years
intensity for saplings and growth rate for
adults

13 @: c, sapling growth; adult DBH Constant between years, varies with growth ~ Constant between years
rate for saplings and DBH for adults

14 @: c, sapling growth; adult light Constant between years, varies with growth ~ Constant between years
rate for saplings and light for adults

15  @: c, sapling growth DBH light; Constant between years, varies with growth ~ Constant between years

adult growth DBH light rate, DBH and light intensity for saplings and

adults

16 ¢:93-08 0812, Varies between 1993-2008 and 2008-2012 Constant between years

17 @:93-08 08-12, sapling DBH; Varies between 1993-2008 and 2008-2012,  Constant between years

adult ¢

varies with DBH for saplings only




There are potential competing ecological hypotheses that might explain variation in growth
rate between species. Firstly, survival rate might scale vary with life history so that trees
might ‘live fast and die young’, we might therefore predict that variation in growth rates
between species might be related to variation in survival rate — such that species with high
growth rates had low survival rates and vice versa. Secondly, we might expect shade tolerant
trees to have relatively high survival when small compared to shade intolerant trees but that
the difference in survival rate between shade tolerant and intolerant trees would be negligible
when they were large (and in the canopy). Of the tree species in our data set Oak, Beech, Ash
and Sycamore are classified as shade tolerant canopy species while Birch and Willow are
usually classified as shade intolerant early succession species and Hazel, Field Maple, Elder
and Hawthorn as shade tolerant sub-canopy species [39-44]. Therefore, we might expect the
Oak, Beech, Ash and Sycamore to have higher survival as small sub-canopy trees than Birch
and Willow; for Hazel, Field Maple, Elder and Hawthorn to have survival rates that are vary
little with size as they are always sub-canopy.

Methods

Study site and species

We used a dataset comprising of 281 individual trees from the Environmental Change
Network, Wytham Woods (ECN-W), in Oxfordshire, UK long term monitoring plots.
Wytham Woods is located at 51° 46" N, 1° 20" W, altitude ranges between 60—165 m above
sea level, comprised of a surface area of 400 ha, with mean annual temperature 9.9°C y ' and
mean annual precipitation 728 mm y ' (Sykes & Lane 1996). A network of 10 m x 10 m
forest-monitoring plots is distributed across the site (41 plots in total). Tree species monitored
included 10 species: Acer pseudoplatanus (Sycamore, ACERPS, Napiings = 16, Naguis = 41),
Fraxinus excelsior, (European ash, FRAXEX, Ngplings = 16, Naquis = 41), Quercus robur
(Pedunculate oak, QUERRO, Ngpiings = 5, Naauis = 18), Fagus sylvatica, (European beech,
FAGUSY, Naplings = 5, Naduis = 19), Corylus avellana (Common hazel, CORYAV, Ngaplings =
18, Naquis = 11), Crataegus monogyna (Common hawthorn, CRATMO, Ngplings = 8, Nadults =
13), Acer campestre (Field maple, ACERCA, Ngpiings = 0, Naguis = 13), Betula spp. (Birch,
BETUSP, Ngapiings = 0, Naguis = 13), Salix spp. (Willow, SALISP, Ngaplings = 4, Naguis = 4), and
Sambucus nigra (Elder, SAMBINI, Ngapiings = 12, Naquis = 11). The encounter raw data used
in this study can be found at http://dx.doi.org/10.5061/dryad.6f4qs.

Data description

Initially, ten individuals were marked in each plot. However, as some individuals could not
be relocated over time (its often unclear whether they died or whether the mark disappeared),
the missing tree was replaced by the nearest unmarked individual within the plot to maintain
10 individuals per plot. Trees were first marked in 1993 and had their Diameter at Breast
Height (DBH) measured, attempts were made to relocate and remeasure trees in 1996, 1999,
2002, 2005, 2008 and 2012. Only live trees were measured on each occasion. This time series
therefore represents a record of tree survival and mortality as well as their change in size.
That relocation of trees was not perfect is exemplified by the fact that some trees were
measured in one time period, missed in the next but relocated and remeasured at some point
in the future. Clearly, therefore the probability of relocating a tree needs to be taken into
account when calculating survival rates otherwise failure to relocate will inflate mortality
rates [6]. Therefore, we have analysed the survival time series using capture-mark-recapture



analysis that estimates relocation probability as well as survival [45]. Capture-mark-recapture
has been applied in plants in order to account for similar problems to the ones faced here [4-
6]. In addition we have examined the effect of an individual's size in terms of mean DBH, its
mean growth rate (mean annual change in DBH) over the 19 year period and light intensity
(expressed as % of full light) measured at each tree in 2012.

DBH was measured on each tree every time it was relocated and when it entered the census.
DBH is the tree’s diameter measured at a standardised 1.35 m above ground level and was
estimated by measuring the tree’s circumference and diameter estimated using the formula
diameter = circumference / m. Growth rate was calculated over each sampling interval
(change in DBH / number of years between sampling points), this provided a maximum of six
growth rates for each individual tree and the average of all the available growth rates for a
tree was used as the mean growth rate for that individual.

Light meter readings were taken on cloudy days during September 2012 at three positions
within 1 m of the trunk of each tree at a height of 1.35 m and simultaneously in a large open
gap nearby. To measure light levels we used two PAR Quantum sensors (SKP215, Skye
Instruments Ltd, Llandrindod Wells, UK) which were both calibrated against the same
reference lamp, the one used to measure light levels under the canopy was used with a meter
(SKP 200, Skye Instruments Ltd, Llandrindod Wells, UK) recording to one decimal place,
the one measuring light levels in the open was used with a datalogger (SDL5050 DataHog 2,
Skye Instruments Ltd, Llandrindod Wells, UK). Measurements from the sensor in the open
gap were made every 10 s with the mean of these more frequent values recorded every 10
min. The data used in the analysis was the proportion of the available light that reached each
tree’s position, this was estimated by dividing each measurement taken under the canopy by
the open gap value which was taken closest in time (always within 10 mins) to the under
canopy measurement, this gives three light intensity values for each tree which were averaged
to produce a single value for each individual tree [33]. Trees were coded as to whether they
were saplings (<10 cm mean DBH) or adult trees (=10 cm DBH).

Estimation of survival rates

The data were analysed using a commonly used capture-mark-recapture software package
MARK, which applies a modified Cormack-Jolly-Seber model parameterised for relocation
probability and survival rate [46]. Capture-mark-recapture methods assume that there are a
number of sampling occasions on which individuals are marked in some manner. On each
subsequent sampling occasion marked individuals can be relocated and their mark recorded,
and unmarked individuals may be marked for the first time. CJS models make several
assumptions [11,46], which need to be tested when a model is run:

1. all marked individuals present in the population at time (i) have the same probability of
relocation (p;)

2. all marked individuals in the population after time (i) have the same probability of
surviving to the next sampling occasion at time (i + 1)

3. marks are not lost or missed

4. all sampling occasions are instantaneous, relative to the interval between sampling
occasions



CJS models use encounter histories of individuals (an encounter history is simply a record of
the sampling occasions on which an individual was recorded e.g. 1010 would signify that the
individual was marked on the first sampling occasion, it was not relocated on the second
sampling occasion but was seen on the third but not the fourth) to estimate both the
probability of individuals surviving between sampling occasions and of being relocated on a
particular occasion. The basic method can be understood if one follows that the encounter
history 111 would have an encounter history probability of (¢p29.ps, or the probability of
surviving the first time interval * probability of relocation at sampling occasion 2 *
probability of surviving the second time interval * probability of relocation at sampling
occasion 3) while the encounter history 101 would have the probability of (¢, (1 — p2)@2ps, or
the probability of surviving the first time interval * probability of not being relocated at
sampling occasion 2 * probability of surviving the second time interval * probability of
relocation at sampling occasion 3) and so on.

There are sufficient numbers of trees in our dataset to allow both the relocation probability
and the survival rate to be estimated for each species. The models had six unequal time
intervals (1993-1996, 1996-1999, 1999-2002, 2002-2005, 2005-2008, 2008-2012) trees
were mainly marked in 1993 but some were added at each subsequent time point. In all
models the annual relocation probability (p) was kept constant as initial data exploration
indicated that there was no a priori year-specific bias on the relocation probability. We
compared a series of models for each of the ten tree species for which sufficient data existed.
This was done twice, firstly distinguishing between saplings and adults and secondly treating
all trees as equivalent. A logit link function was used for all models that included covariates,
a sine link function for models without covariates [46]. Akaike’s information criterion (AIC)
was used to select the model that most closely described the data [47].

The suitability of using a CJS model was tested by generating a fully parameterised CJS
model (in which both survival and relocation probability varied between years) for each tree
species and then performing a parametric bootstrap [48] within MARK [49]. This used the
parameter estimates of the model to simulate data that exactly meet the assumptions of a CJS
model (no overdispersion, all individuals independent of one another and no violations of
model assumptions [11]). We then tested the goodness of fit of the model to the data for each
species and estimated the quasi-likelihood parameter (“c) for each species. The species
specific “c was then used to correct for overdispersion in the data. The survival models for
each species were re-run using the species specific "c.

Relations between the growth, DBH and light environment of trees and their
probability of survival

We added covariates to the survival models to test for the influence of growth rates, DBH and
light environment on the probability of survival. These three factors were added as
independent factors and an intercept term was included in all models. Model selection used
the corrected AIC (AICc) as described above with the species specific *c obtained from the
bootstrapping exercise used to correct for the degree of overdispersion in the data [49,50],
therefore are correctly referred to as quasi AICc (QAICc).



Survival models

a) Distinguishing between saplings and adults

We defined 17 models (Table 1). The age of the tree was included as an attribute of the
individual tree (sapling or adult). The effects of growth rate, DBH and light conditions were
included for saplings and adults independently and in combination as described in Table 1. In
most models survival probability was constant between years, in two models we allowed
survival probability in the last time period to differ from the earlier time periods.

b) Treating all trees as equivalent

In the previous analysis we found that sapling DBH was an important factor in most tree
species. As the distinction between sapling and adult is based on DBH, we decided to
develop a series of simpler models which treated all trees as equivalent (i.e. we lost the
distinction between sapling and adult) but in which we retained DBH as a covariate in all
models. Survival probability was kept in constant between years in all models. The set of
models used in this category is shown in Table 2.

Table 2 Descriptions of models used in the survival analysis that treated saplings and
adults as equivalent but which retained DBH within all models

Model Description
Survival probability Relocation probability

1 ¢:cDBH; P: ¢ Constant between years, varies with DBH Constant between years

2 ¢:c DBH + light P: ¢ Constant between years, varies with DBH and light Constant between years
environment

3 ¢:c DBH + growth P:c¢  Constant between years, varies with DBH and Constant between years
growth rate

4 @:c,DBH +light + growth P:c  Constant between years, varies with DBH, light Constant between years

environment and growth

Results

Goodness of fit testing

Fully parameterised CJS models (¢ipy, i.e. both survival and relocation vary with time) were
used in the bootstrapping exercises, with 1000 simulations performed. The model deviances,
the range of bootstrapped deviances and the estimated “c (observed deviance/expected
deviance) for each species are shown in Additional file 1 a.

Further analysis of the data using program RELEASE bundled with MARK revealed that test
2 showed significant departures from model assumptions, this means that there was
heterogeneity in the probability of relocation. This analysis suggests that the probability of an
individual being relocated on occasion (i + 1) was more likely if they had been recorded on
occasion (i) than would be expected by chance (x> = 122.45, d.f. =4, P < 0.0001). In contrast
the lack of significance of test 3 suggests no significant departures from the assumption that
all individuals alive at occasion (i) are equally likely to survive to occasion (i + 1).

As the fully parameterised model broke a key assumption of a CJS model (as demonstrated
by the significant effect found for test 2), we tested a simplified model in which the survival



of individual trees was constrained to be constant in all time intervals but was free to differ
between adults and saplings. The relocation probability was also constrained to be constant
for all individuals for all occasions. The output of the bootstrapping exercise on the
simplified model to determine model goodness of fit and to estimate the quasi-likelihood
parameter used in subsequent analyses of survival for each tree species are shown in
Additional file 1 b.

For seven of the ten tree species the simplified model did not violate the assumptions of a
CJS model. In all cases the simplified model met the assumptions of a CJS model better than
the fully parameterised version and we decided to proceed with the analysis with a model of
this structure. The degree of overdispersion was corrected for by adjusting the value of ~¢ for
each species separately.

Model selection

The output of the top three of the 17 models generated for each species are shown in Table 3
and Additional file 1 c. The same three models were the best fitting models for every tree
species, with model 2 (¢ ¢ sapling DBH adult ¢ p ¢) or model 1 (adult ¢ p ¢) when no saplings
were recorded, being the best fitting model in seven of the ten species.

Table 3 The top three models by QAICc for each tree species from the set of models
(listed in Table 1) that treat adults and sapling separately

Species Model No. Model description
ACERCA 1 pcpc

16 ¢ 93-08,08-12pc
ACERPS 1 pcpc

2 ¢ c sapling DBH; adultc p c

16 ¢ 93-08,08-12pc
BETUSP 1 pcpe

16 ¢ 93-08,08-12pc
CORYAV 2 ¢ c sapling DBH; adultc p c

1 pcpce

16 ¢ 93-08,08-12pc
CRATMO 2 ¢ c sapling DBH; adultc p c

1 pcpc

16 ¢ 93-08,08-12pc
FAGUSY 2 ¢ c sapling DBH; adultc p ¢

1 pcpc

16 ¢ 93-08,08-12pc
FRAXEX 2 ¢ ¢ sapling DBH; adultc p ¢

1 pcpce

16 ¢ 93-08,08-12pc
QUERRO 2 ¢ ¢ sapling DBH; adultc p ¢

1 pcpce

16 ¢ 93-08,08-12pc
SALISP 16 ¢ 93-08,08-12pc

1 pcpce

2 ¢ ¢ sapling DBH; adultc p ¢
SAMBINI 1 pcpece

2 ¢ c sapling DBH; adultc p c

16 ¢ 93-08,08-12pc

Detailed statistics can be found in Additional file 1 c¢. No saplings of ACERCA and BETUSP were recorded,
and thus for those two species no distinction between adults and saplings could be made.



As the classification of a tree as a sapling or an adult is based on DBH (saplings < 10 cm >
adults) and the model that most commonly provided the best fit to the data was one that
involved DBH, we ran a further set of models in which the sapling — adult classification was
dropped and DBH was constrained to remain in the model. The output of these models is
shown in Table 4. These analyses show that the top two models for all tree species are models
one and four, i.e. annual survival is better predicted by DBH alone or by all three covariates
in combination.

Table 4 Output from the four models which treat saplings and adults as equivalent.

Models ranked by QAICc
ACERCA

Model QAICc Delta QAICe QAICc weight Model likelihood No. parameters QDeviance
1 o¢cDBHpc 7.29 0.00 0.46 0.94 2 3.14
4 ¢ DBH growth lightp ¢ 11.61 4.32 0.05 0.11 4 3.09
2 o@cDBHlightpc 39.77 32.48 0.00 0.00 3 33.46
3 ¢cDBH growthpc 39.77 32.48 0.00 0.00 3 33.46
ACERPS

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
1 o¢cDBHpc 32.13 0.00 0.36 0.81 3 25.83
4 ¢ DBH growth light p ¢ 33.38 1.25 0.19 0.44 4 24.87
2 o@cDBHlightpc 184.78 152.65 0.00 0.00 3 178.48
3 ¢cDBH growthpc 184.78 152.65 0.00 0.00 3 178.48
BETUSP

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
1 o¢cDBHpc 31.18 0.00 0.66 1.00 2 27.03
4 ¢ DBH growth light p ¢ 33.34 2.15 0.22 0.34 3 27.03
3 ¢cDBHgrowthpc 75.55 44.37 0.00 0.00 3 69.25
2 o@cDBHlightpc 75.55 44.37 0.00 0.00 3 69.25
CORYAV

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
1 o¢cDBHpc 48.62 0.00 0.38 0.99 3 42.31
4 ¢ DBH growth light p ¢ 49.56 0.94 0.24 0.62 4 41.05
3 ¢cDBHgrowthpc 86.80 38.18 0.00 0.00 3 80.49
2 o@cDBHlightpc 86.80 38.18 0.00 0.00 3 80.49
CRATMO

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
1 ¢cDBHpc 15.56 0.00 0.75 1.00 2 11.41
4 ¢ DBH growth lightp ¢ 19.88 4.32 0.09 0.12 4 11.37
3  ¢cDBHgrowthpc 76.20 60.64 0.00 0.00 3 69.90
2 o@cDBHlightpc 76.20 60.64 0.00 0.00 3 69.90
FAGUSY

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
4 ¢ DBH growth light p ¢ 27.51 0.00 1.00 1.00 4 19.00
1 ¢cDBHpc 43.88 16.37 0.00 0.00 3 37.58
2 o@cDBHlightpc 143.26 115.74 0.00 0.00 2 139.11
3 ¢cDBHgrowthpc 155.49 127.98 0.00 0.00 3 149.19
FRAXEX

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
1 ¢cDBHpc 27.77 0.00 0.70 1.00 2 23.62
4 ¢ DBH growth light p ¢ 31.64 3.87 0.10 0.14 4 23.13
2 o@cDBHlightpc 258.64  230.87 0.00 0.00 3 252.34
3 @cDBH growthpc 258.64  230.87 0.00 0.00 3 252.34
QUERRO

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
1 o¢cDBHpc 21.61 0.00 0.65 1.00 2 17.46
4 ¢ DBH growth light p ¢ 23.65 2.04 0.23 0.36 4 15.14
2 o@cDBHlightpc 91.33 69.72 0.00 0.00 2 87.18




3 ¢@cDBHgrowthpc 94.52 72.91 0.00 0.00 3 88.22
SALISP

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
1 ¢cDBHpc 39.81 0.00 0.15 0.20 3 33.51
4 ¢ DBH growth light p ¢ 41.55 1.74 0.06 0.08 4 33.04
3 @cDBHgrowthpc 4721 7.40 0.00 0.00 2 43.06
2 o@cDBHlightpc 48.68 8.86 0.00 0.00 3 42.37
SAMBINI

Model QAICc  Delta QAICc QAICc weight Model Likelihood No. Parameters QDeviance
1 ¢cDBHpc 67.70 0.00 0.82 1.00 3 61.40
4 ¢ DBH growth lightp ¢ 72.17 4.46 0.09 0.11 5 61.39
2 o@cDBHlightpc 92.83 25.12 0.00 0.00 3 86.52
3 @cDBH growthpc 92.99 25.29 0.00 0.00 3 86.69

Parameter estimation

Treating saplings and adults separately

Models 1 and 2 have the lowest QAICc for all tree species except SALISP, for which they
were second and third lowest QAICc. The model estimates derived from these models are
shown in Figure 1 and Table 5. These results derive from model 1 in Table 1 — constant
survival rates with time, constant relocation probability with time, no individual level
covariates. These analyses suggest that survival varies with DBH in saplings and not in
adults.

Mean survival Mean survival | St Error 1993-2008 | St Error 2008-2012
probability probability
1993-2008 2008-2012

Sapling SALISP 0.93 0.76 0.032 0.201

Adult SALISP 0.96 0.005 0.038 44.61

Figure 1 Annual survival rates and relocation probabilities. Estimates of annual adult and
sapling survival rates and relocation probabilities from model 1 in Table 1 — these assume
constant survival rates with time, constant relocation probability with time, and has no
individual level covariates. Black bars give adult annual survival rates, green bars sapling
annual survival rates and grey bars the relocation probability. Error bars give the standard
error. SALISP was the only species for which the model with time varying survival was a
better fit than constant survival and the optimal model results are listed in the main text.




Table S Estimates of adult survival and sapling survival as a function of DBH from
model 2 in Table 1 — constant survival rates with time, constant relocation probability
with time, an effect of DBH on sapling survival but not adult survival

Age Species B St error B2 St error
Sapling ACERCA N/A N/A N/A N/A
Adult ACERCA 5.48 1.002

Sapling ACERPS 6.25 1.008 1.20 1.68
Adult ACERPS 5.41 0.581

Sapling BETUSP N/A N/A N/A N/A
Adult BETUSP 3.42 0.415

Sapling CORYAV 7.51 2.449 2.73 1.779
Adult CORYAV 22.16 3704.18

Sapling CRATMO 4.98 0.706 0.43 0.765
Adult CRATMO 4.70 0.710

Sapling FAGUSY 26.51 13.24 32.46 17.46
Adult FAGUSY 42.44 0.000

Sapling FRAXEX 5.56 0.523 —0.40 0.346
Adult FRAXEX 5.90 0.708

Sapling QUERRO 4.68 0.613 0.673 0.856
Adult QUERRO 5.10 0.709

Sapling SALISP 2.46 0.378 0.07 0.426
Adult SALISP 2.58 0.583

Sapling SAMBINI 3.41 0.347 0.11 0.447
Adult SAMBINI 3.35 0.440

(As a logit link function was used in the analysis of covariates the general function relating the probability of
survival to DBH is given by:

p _ {e(ﬁu ((82 (DBH -DBH)) sDBH)) } . {1 + e(ﬁ1+ ((82 (DBH -DBH)) sDBH))}.

urvival —

In saplings the highest survival rates were recorded for Ash and Sycamore, while the lowest
were recorded for Willow, Elder, and Hazel (Figure 2). The highest survival rates for adults
were recorded for Beech, Ash, and Sycamore (Figure 3). The lowest survival rates were
derived for Willow, Elder, and Birch (Figure 3). The overall effects demonstrate strong
effects of DBH on sapling Beech and Hazel and rather less noticeable effects on Elder and
Willow, with much weaker effects on the other six species (Figures 2 and 3).

Figure 2 Survival rates in saplings. Probability of survival varies with DBH in saplings,
derived from model 2 in Table 1, which includes a DBH effect on saplings.

Figure 3 Survival rates in adults. Probability of survival does not vary significantly with
DBH in adult trees, derived from model 2 in Table 1, which does not include a DBH effect on
adults. Data are plotted up to the maximum DBH recorded in Wytham.

Treating all trees as equivalent

Model 1, which includes a DBH effect on all trees was the best fitting model for all tree
species except for Beech, in which it was the second best fitting model. Models 1 and 4 were
the best fitting models for all tree species. Estimates of survival as a function of DBH from
model 1 — constant survival rates with time, constant relocation probability with time, an
effect of DBH on survival are listed in Table 6. As a logit link function was used in the
analysis of covariates the general function relating the probability of survival (P rpivar ) tO
DBH is given by:



Table 6 Estimates of survival as a function of DBH from model 1 in Table 2 — constant
survival rates with time, constant relocation probability with time, an effect of DBH on
survival

Species B St error B2 St error Relocation probability St error
ACERCA 5.57 2.431 -0.207 22.215 1.00 0.000
ACERPS 5.62 0.967 5.23 3.456 0.99 0.009
BETUSP 3.40 0.730 0.143 2.962 1.00 0.000
CORYAV 5.65 2.44 -0.19 9.750 0.89 0.042
CRATMO 4.83 1.49 —-0.09 4.763 1.00 0.000
FAGUSY 4.68 0.998 -0.227 1.759 0.99 0.012
FRAXEX 5.36 0.929 0.44 2.115 1.00 0.000
QUERRO 4.23 1.056 1.83 5.49 1.00 0.000
SALISP 2.67 0.678 3.30 7.289 0.90 0.084
SAMBINI 3.44 0.841 —0.08 5.315 0.89 0.015

(As a logit link function was used in the analysis of covariates the general function relating the probability of
survival to DBH is given by:

p _ {e(ﬁu ((B2 (DBH -DBH)) sDBH)) } =g e(ﬁ1+ ((82 (DBH -DBH)) sDBH))}.

urvival —

urvival —

p _ {e(ﬁu ((B2 (DBH -DBH)) sDBH)) } . {1 n e(ﬁ1+ ((82 (DBH -DBH)) sDBH))}.

The values of p; and B, are given for all tree species in Table 6, DBH is the mean DBH of
the species concerned and sppy is the standard deviation of DBH for the species concerned.
Model 4, the second best model, included all three covariates (growth rate, light, and DBH)
on survival and model outputs are provided in Additional file 2 a.

This analysis suggests that the survival probability of trees changes with DBH as shown in
Figure 4 (for a detail of Figure 4 plotted on a more detailed scale see Additional file 2 b).
This demonstrates that there are strong positive effects of DBH on survival in small
Sycamore, Oak and Willow and weaker effects in Birch and Ash. There also are discernable
negative size effects on large Beech, Field Maple, Hazel, Hawthorn and Elder.

Figure 4 Combined survival rates in all trees. Probability of survival changes with DBH in
trees at Wytham, derived from model 1 in Table 2, which treats saplings and adults as
equivalent but includes a DBH effect on all trees, the coefficients (f; and ;) used to
parameterise these functions are found in Table 5. Data are plotted up to the maximum DBH
recorded in Wytham.

The rank order of growth rates of adult trees rank order is Hazel, Sycamore, Beech, Oak,
Field Maple, Birch, Hawthorn, Ash. The ranking of growth rates of 5 cm DBH trees in 10%
light is Hazel, Hawthorn, Beech, Ash, Oak, Sycamore; at very low light (1%) order changes
to Ash, Beech, Hazel, Hawthorn, Sycamore, Oak (ref to scientific data paper). These figures
give a spearman rank correlation of r = 0.15 (df = 6, P = 0.72) for adult growth rate versus
adult survival and r = 0.59 (df = 4, P = 0.21) for saplings in low light and r=0.98 (df =4, P <
0.001) for saplings in mid light conditions.

Discussion

Using a twenty-year dataset that was collected to measure tree growth rates we successfully
estimated annual survival probabilities for the ten tree species under consideration. Although
sample sizes of either individuals or years were not large (numbers of individuals ranged



from 8 to 57) survival rates were estimated with relatively low estimated error. This suggests
that the estimation of tree survival rates for population models can be achieved using what
might be regarded as suboptimal data. The fact that we were additionally able to estimate the
effects of covariates suggests that useful information can be produced from such data.

In our analysis, when the life stages are separated into saplings and adults then DBH appears
to affect survival of saplings for five of the eight species (no saplings were recorded for
Maple and Birch). Survival of Sycamore and Elder, were both best explained by model 1, a
constant survival probability between years without any significant effects of size, growth or
light on either life stage. Survival of Willow was best explained by model 16, implying that
survival probability varied two periods — pre-2008 and post 2008 but not between life stages
and without any of size, growth, and light having a significant effect. If the distinction
between saplings and adults is relaxed - as saplings and adults are distinguished by their size
in terms of DBH - the best fitting models contained an effect of DBH on survival for nine out
of 10 species. For the remaining species, Beech, survival was better predicted by all three
covariates, size, light, and growth, in combination. Therefore, even for Beech size had an
effect of survival. Our analysis suggests that survival varies with DBH in the species
considered here. Examination of Figure 4 shows that when the coefficients are considered
then there are strong positive effects of DBH on survival in small Sycamore, Oak and Willow
and weaker effects in Birch and Ash. There also are discernable, but small, negative size
effects of size on large Beech, Field Maple, Hazel, Hawthorn and Elder. The two sets of
analyses are broadly consistent with each other and suggest that the strongest effects of size
are on small/young trees and in general larger trees survive better than small ones. Generally
speaking there is little effect of size on large/adult trees although it is possible to demonstrate
a small negative effect in some species (Figure 4).

Effects of growth rates, light, and size on survival

Our analyses suggest that survival is not significantly dependent upon light or growth in
Wytham Woods this is not to deny that these factors play an important role in plant
physiology and ultimately population dynamics (see also Additional file 2 a). Trees are more
likely to become large when growing quickly and/or when they have access to high light
resources [51,52]. Our results imply that a size and not light or growth related selection
process is likely to be acting at early life stages and the intensity of this process is acting at a
similar magnitude between years (i.e. survival probability was best fitted as constant between
years). Once becoming adult, survival shows there is a smaller effect of size and little
evidence of any effect of light, or growth. This is partly in agreement with recent studies in
tropical and Mediterranean forests reporting that tree size was the most important predictor of
tree survival, followed by biotic and then abiotic variables [16]. It should be noted however
that while size and growth covariates were available during all intervals of the study, light
availability was only available during the last time interval. Such analysis has been conducted
in other studies too [33] but we cannot infer the potential difference in the availability of light
in previous time steps. In our study the effect of size was most noticeable at early life stages
indicating that in our study site interspecific differences in sapling mortality are going to be
key components of forest community dynamics as reported in US hardwoods [26,53]. Our
results are in agreement with metabolic theory predicting that tree mortality rates should
decrease with tree size, and tree mortality should scale with tree diameter with a constant
exponent [54].



Survival rates and species demographics

Unsurprisingly our results show that trees have high survival rates, but we have been able to
demonstrate even with a twenty year dataset that it is possible to discern some variability
both between individuals (as already discussed) and between species. Willow appears to
behave differently from the other species considered here — it is the only species for which a
model that had a non-constant survival probability was a better fit than a constant survival,
this suggested that the annual survival probability post-2008 was much lower than that from
1993-2008. Willows are relatively rare at Wytham and it may be that this wood is simply
poorly suited to their requirements. It is also worth noting that for many of the species
examined the relocation probability was less than one. For some species it was considerably
less than one, which suggests that the chance of an observer failing to relocate an individual
tree when it was present could be almost as high as one in ten for some species.

In terms of our ecological hypotheses in general the sub-canopy species (Maple, Birch,
Hazel, Hawthorn, Willow and Elder) have slightly lower mean survival rates than the canopy
species (Sycamore, Ash, Oak and Beech) supporting the hypothesis that these canopy species
are correctly classified as shade tolerant. In three out of four canopy species (Ash, Oak,
Beech) survival rates were higher for adults than sapling. However, Sycamore exhibited
slightly higher survival rates for saplings than adults. From the sub-canopy species Hawthorn
had equal survival rates for adults and saplings, while Elder had slightly higher survival rates
of saplings while Hazel had higher survival rates for adults than saplings.

In terms of our ecological hypotheses we have no significant evidence that trees live fast and
die young. If anything when sapling growth rate was positively related to survival and so in
that case they live fast and die late. The four shade-tolerant canopy species had relatively
high survival rates when small (rank survival at 5 cm were Ash 5, Sycamore 9, Oak 8 and
Beech 4) compared to the shade-intolerant sub-canopy species (Willow rank 10, Birch 7).
The four shade-tolerant sub-canopy trees had the highest survival when small (Field Maple 1,
Hawthorn 3, Hazel 2, Elder 6).

On the use of capture-recapture in plants

There are several scientifically rigorous ways to account for tree survival analysis in relation
with explanatory variables such as mixed effects models [16] or Bayesian methods [7,55] but
these do not account for imperfect relocation of individuals. Recent findings report that
imperfect detection is the rule rather than the exception in plant distribution studies [56] with
negative implications for conservation and distribution modelling [57]. The method of
applying capture-mark-recapture to plants per se is unusual but not novel, often used with
plants with cryptic life stages [4,5,58,59]. Here we argue that capture-recapture with
covariates provides a robust alterative to survival analysis of plant individuals in time
replicated datasets that might contain individuals that could have been missed at some time
step also due to sampling error, missing labels etc. Environmental data and time replicated
datasets often contain missing individuals either due to herbivory (e.g. deer herbivory [60])
size-related detection difficulties such as when surveying seedlings [61] or dormant plants [4]
and accessing study plots due to adverse weather conditions [62]. In general, studies using
linear models with data deriving from the same sites are not fully independent and often
include a random effect for site [63]. These analyses cannot be run with missing values, and
so a subset of the data with no missing values is often created for analysis, which can result in
a significant reduction in sample size [64]. The method as applied here may serve as more



desirable alternative for calculating survival and also testing the effects of potential
explanatory covariates on survival when it includes missing individuals or individuals with
some missing observations without any loss on sample size. While we chose to use the
capture-recapture method there are also other methods that can estimate survival rates with
missing values such as the Kaplan-Meier [65], the proportional hazards model [66], or
Bayesian approximation [67].

Sampling design and data overdispersion

Our analysis showed that the data were overdispersed implying a greater variation than
expected from the model [55,68]. Overdispersion in CJS models is often produced by data
non-independence or when probabilities of detection and survival vary between individuals
[10]. Examples of data non-independence include whether the plot/individual was located and
sampled in the previous time step or if there is a spatially explicit acting pattern [69] such as
herbivory or human made logging. To our knowledge there is no selective logging activity in
Wytham, and while there was a large population of deer, their numbers have been drastically
reduced during the past 30 years. Our results are most consistent with observer bias [70,71]
such that individual trees which were known to be present on the previous occasion were
more likely to be observed on the current occasion than trees which were present but not
observed on the previous occasion. That is to say that individuals that were inadvertently
missed in one survey were often more likely to be missed again in the following survey than
would be expected by chance. This could easily occur because marks are often renewed on
surveys and a missed individual would not have its mark renewed, or if the observer knew
which trees were present in the previous survey and only searched for the ones that were seen
on the previous occasion. Our analysis suggests that foresters or those conducting surveys
should search for trees even if they were missed at a previous time-step rather than assuming
they are dead as they contain information that can be used in long-term demographic studies.
Failing to attempt to relocate such trees will result in bias and is likely to inflate estimates of
mortality rate [72].

Potential additional applications

We show that relatively small, relatively short duration (in comparison to the species life
span) datasets can be usefully analysed to show differences in survival rates between species
of tree and between individuals. This suggests that data that have been collected for purposes
other than survival estimation can be used for this purpose and that it may be easier than
might be imagined to discern the effects of parameters of interest on survival. The survival
rates per species reported here are of potential use both for forestry and plant conservation as
well as for inclusion in predictive models [73-77] calibrated for Britain or Europe (e.g.
SORTIE - [20]). Further implications of our work include the potential use of the method
applied here for calculating growth as well as population size including explanatory
covariates and thus deriving full population dynamics parameters; in the present paper the
method was applied to survival but it can be applied to estimate growth and population size
(for examples where this has been done see [5,58,59].

Conclusions

Our work illustrates the potential utility of capture mark recapture method for assessing
survival (or death) rates of trees. Survival or mortality rates have been also attributed to



growth rates, light availability, and DBH as potential explanatory covariates. We have
demonstrated that even with a twenty year dataset it is possible to discern variability both
between individuals and between species. The study showcases that tree mortality is best
described as constant between years and size-dependent at early life stages and size
independent at later life stages for most species of UK hardwood.

Availability of supporting data
The data set supporting the results of this article is available in the Dryad repository,
http://dx.doi.org/10.5061/dryad.6f4gqs. Moustakas, A. and Evans, M. R. (2015) Effects of

growth rate, size, and light availability on tree survival across life stages: a demographic
analysis accounting for missing values.

Competing interests

The authors declare that they have no competing interests.

Authors’ contributions

AM led the manuscript writing. MRE performed statistical analyses and contributed into
manuscript writing. All authors read and approved the final manuscript.

Acknowledgements

We thank David Ward for comments on an earlier manuscript draft, and the numerous
scientists associated with data collection in Wytham Woods. Comments from three
anonymous reviewers improved an earlier manuscript draft.

References

1. Zens MS, Peart DR. Dealing with death data: individual hazards, mortality and bias.
Trends Ecol Evol. 2003;18(7):366—73.

2. Pefiuelas J. Munné-Bosch S: Potentially immortal? New Phytologist. 2010;187(3):564—7.
3. Harper JL: Population biology of plants. Population biology of plants 1977.

4. Shefferson RP, Sandercock BK, Proper J, Beissinger SR. Estimating dormancy and
survival of a rare herbaceous perennial using mark-recapture models. Ecology.
2001;82(1):145-56.

5. Alexander HM, Slade NA, Kettle WD, Pittman GL, Reed AW. Detection, survival rates
and dynamics of a cryptic plant, Asclepias meadii: applications of mark-recapture models to

long-term monitoring studies. J Ecol. 2009;97(2):267-76.

6. Kery M, Schmid H. Estimating species richness: calibrating a large avian monitoring
programme. J Appl Ecol. 2006;43(1):101-10.



7. Nieto-Barajas L, Sinha T. Bayesian interpolation of unequally spaced time series. Stoch
Environ Res Risk Assess. 2015;29(2):577-87.

8. Moraga P, Ozonoff A: Model-based imputation of missing data from the 122 Cities
Mortality Reporting System (122 CMRS). Stoch Environ Res Risk Assess
2015:10.1007/s00477-00014-00974-00474.

9. Zukovi¢ M, Hristopulos DT. Reconstruction of missing data in remote sensing images
using conditional stochastic optimization with global geometric constraints. Stoch Environ
Res Risk Assess. 2013;27(4):785-806.

10. Amstrup SC, McDonald TL, Manly BF: Handbook of capture-recapture analysis:
Princeton University Press; 2010. http://press.princeton.edu/titles/8109.html

11. Pledger S, Pollock KH, Norris JL. Open Capture-Recapture Models with Heterogeneity:
I. Cormack-Jolly-Seber Model Biometrics. 2003;59(4):786—94.

12. Serinaldi F: Dismissing return periods! Stoch Environ Res Risk Assess. 2015:1-11.
DOI:10.1007/s00477-00014-00916-00471

13. Franklin JF, Shugart H, Harmon ME. Tree death as an ecological process. BioScience.
1987;37:550-6.

14. Harcombe P. Tree life tables. Bioscience. 1987;37:557-68.

15. Jacoby GC, D'Arrigo RD. Tree ring width and density evidence of climatic and potential
forest change in Alaska. Glob Biogeochem Cycles. 1995;9(2):227-34.

16. Wang X, Comita LS, Hao Z, Davies SJ, Ye J, Lin F, et al. Local-scale drivers of tree
survival in a temperate forest. PLoS One. 2012;7(2):29469.

17. Fraver S, D'Amato AW, Bradford JB, Jonsson BG, Jonsson M, Esseen PA. Tree growth
and competition in an old-growth Picea abies forest of boreal Sweden: influence of tree
spatial patterning. Journal of Vegetation Science. 2014;25(2):374-85.

18. Moustakas A, Guenther M, Wiegand K, Mueller K-H, Ward D, Meyer KM, et al. Long-
term mortality patterns of the deep-rooted Acacia erioloba: The middle class shall die!
Journal of Vegetation Science. 2006;17(4):473-80.

19. Moustakas A, Wiegand K, Getzin S, Ward D, Meyer KM, Guenther M, et al. Spacing
patterns of an Acacia tree in the Kalahari over a 61-year period: How clumped becomes
regular and vice versa. Acta Oecologica. 2008;33(3):355-64.

20. Pacala SW, Canham CD, Saponara J, Silander JA, Kobe RK, Ribbens E. Forest models
defined by field measurements: estimation, error analysis and dynamics. Ecological
Monographs. 1996;66:1-43.

21. Kunstler G, Coomes DA, Canham CD. Size-dependence of growth and mortality
influence the shade tolerance of trees in a lowland temperate rain forest. J Ecol. 2009;97:685—
95.



22. Sterck FJ, Duursma RA, Pearcy RW, Valladares F, Cieslak M, Weemstra M. Plasticity
influencing the light compensation point offsets the specialization for light niches across
shrub species in a tropical forest understorey. J Ecol. 2013;101(4):971-80.

23. Pretzsch H. Canopy space filling and tree crown morphology in mixed-species stands
compared with monocultures. For Ecol Manage. 2014;327:251-64.

24. Falster DS, Westoby M. Plant height and evolutionary games. Trends Ecol Evol.
2003;18(7):337-43.

25. Gravel D, Canham CD, Beaudet M, Messier C. Shade tolerance, canopy gaps and
mechanisms of coexistence of forest trees. Oikos. 2010;119(3):475-84.

26. Kobe RK, Pacala SW, Silander JA, Canham CD. Juvenile tree survivorship as a
component of shade tolerance. Ecol Appl. 1995;5:517-32.

27. Westoby M. The self-thinning rule. Adv Ecol Res. 1984;14:167-225.

28. Lusk C. Leaf area and growth of juvenile temperate evergreens in low light: species of
contrasting shade tolerance change rank during ontogeny. Functional Ecology.
2004;18(6):820-8.

29. Givnish TJ. Adaptation to sun and shade: a whole-plant perspective. Funct Plant Biol.
1988;15(2):63-92.

30. Meyer HA, Stevenson DD. The structure and growth of virgin beech-birch-maple-
hemlock forests in northern Pennsylvania. J Agric Res. 1943;6, No. 4(1931):462-3.

31. Szabo 1. The three types of mortality curve. Q Rev Biol. 1931;6(4):462-3.

32. Kobe RK. Light gradient partitioning among tropical tree species through differential
seedling mortality and growth. Ecology. 1999;80(1):187-201.

33. Coomes DA, Kunstler G, Canham CD, Wright E. A greater range of shade-tolerance
niches in nutrient-rich forests: an explanation for positive richness—productivity
relationships? J Ecol. 2009;97(4):705-17.

34. Onoda Y, Salufiga JB, Akutsu K, Aiba S, Yahara T, Anten NP. Trade-off between light
interception efficiency and light use efficiency: implications for species coexistence in one-
sided light competition. J Ecol. 2014;102(1):167-75.

35. Schwinning S, Weiner J. Mechanisms determining the degree of size asymmetry in
competition among plants. Oecologia. 1998;113(4):447-55.

36. Bigler C, Veblen TT. Increased early growth rates decrease longevities of conifers in
subalpine forests. Oikos. 2009;118(8):1130-8.

37. Wyckoff PH, Clark JS. Predicting tree mortality from diameter growth: a comparison of
maximum likelihood and Bayesian approaches. Can J Forest Res. 2000;30(1):156—67.



38. Bigler C, Gri¢ar J, Bugmann H, Cufar K. Growth patterns as indicators of impending tree
death in silver fir. For Ecol Manage. 2004;199(2):183-90.

39. Pallardy SG: Physiology of woody plants: Academic Press; 2010.
https://www.google.gr/books?hl=en&lr=&id=IErf W WicYb4C&oi=fnd&pg=PP2&dq=Physio
logy+of+Woody+Plants+2010&ots=ViM2HJ kSF&sig=q8RRE1 kbhDXKrCkloDuqnO2iJ4
&redir_esc=y#v=onepage&q=Physiology%200f%20Woody%20Plants%202010&f=false

40. Jones E. Biological flora of the British Isles. Acer L J Ecol. 1945;32:215-52.

41. Atkinson M. Biological Flora of the British Isles: Betula pendula Roth (B. verrucosa
Ehrh.) and B. pubescens Ehrh. J Ecol. 1992;80(4):837-70.

42. Packham JR, Thomas PA, Atkinson MD, Degen T. Biological flora of the British Isles:
Fagus sylvatica. J Ecol. 2012;100(6):1557-608.

43, Wardle P. Fraxinus Excelsior L. J Ecol. 1961;49:739-51.
44. Jones E. Biological flora of the British-Isles Quercus L. J Ecol. 1959;47(1):169-222.

45. Rock P, Vaughan IP. Long-term estimates of adult survival rates of urban Herring Gulls
Larus argentatus and Lesser Black-backed Gulls Larus fuscus. Ringing & Migration.
2013;28(1):21-9.

46. White GC, Burnham KP. Program MARK: survival estimation from populations of
marked animals. Bird study. 1999;46(S1):S120-39.

47. Burnham KP, Anderson DR. Model Selection and Multimodel Inference. New York:
Springer Verlag; 2002.

48. Garcia-Soidan P, Menezes R, Rubifios O. Bootstrap approaches for spatial data. Stoch
Environ Res Risk Assess. 2014;28(5):1207-19.

49. White GC, Burnham KP, Anderson DR. Advanced features of Program Mark. In: Field R,
Warren RJ, Okarma H, Sievert PR, editors. Wildlife, land, and people: priorities for the 21st
century. Proceedings of the Second International Wildlife Management Congress. Bethesda,
Maryland, USA: The Wildlife Society; 2001. p. 368—77.

50. Ugarte M, Ibafiez B, Militino A. Detection of spatial variation in risk when using CAR
models for smoothing relative risks. Stoch Environ Res Risk Assess. 2005;19(1):33—40.

51. Beaudet M, Messier C, Canham CD. Predictions of understorey light conditions in
northern hardwood forests following parameterization, sensitivity analysis, and tests of the
SORTIE light model. For Ecol Manage. 2002;165(1):235-48.

52. Harmer R, Boswell R, Robertson M. Survival and growth of tree seedlings in relation to
changes in the ground flora during natural regeneration of an oak shelterwood. Forestry.
2005;78(1):21-32.



53. Caspersen JP, Vanderwel MC, Cole WG, Purves DW. How stand productivity results
from size-and competition-dependent growth and mortality. PLoS One. 2011;6(12):e28660.

54. Brown JH, Gillooly JF, Allen AP, Savage VM, West GB. Toward a metabolic theory of
ecology. Ecology. 2004;85(7):1771-89.

55. Piffady J, Parent E, Souchon Y. A hierarchical generalized linear model with variable
selection: studying the response of a representative fish assemblage for large European rivers
in a multi-pressure context. Stoch Environ Res Risk Assess. 2013;27(7):1719-34.

56. Dorazio RM. Accounting for imperfect detection and survey bias in statistical analysis of
presence-only data. Global Ecol & Biogeog. 2014;23(12):1472—-84.

57. Chen G, Kéry M, Plattner M, Ma K, Gardner B. Imperfect detection is the rule rather than
the exception in plant distribution studies. J Ecol. 2013;101(1):183-91.

58. Kéry M, Gregg KB. Effects of life-state on detectability in a demographic study of the
terrestrial orchid Cleistes bifaria. J Ecol. 2003;91(2):265-73.

59. Lahoreau G, Gignoux J, Julliard R. Exploring mark-resighting-recovery models to study
savannah tree demographics. Animal Biodiversity and Conservation. 2004;27(1):549-60.

60. Tsujino R, Yumoto T. Effects of sika deer on tree seedlings in a warm temperate forest on
Yakushima Island. Japan Ecological Research. 2004;19(3):291-300.

61. Groeneveld EV, Masse A, Rochefort L. Polytrichum strictum as a Nurse-Plant in
Peatland Restoration. Restoration Ecology. 2007;15(4):709-19.

62. Matossian A, Matsinos Y, Konstantinidis P, Moustakas A. Post-fire succession indices
performance in a Mediterranean ecosystem. Stoch Environ Res Risk Assess. 2013;27(2):323—
35.

63. Moustakas A, Kunin WE, Cameron TC, Sankaran M. Facilitation or Competition? Tree
Effects on Grass Biomass across a Precipitation Gradient. PLoS One. 2013;8(2):¢57025.

64. Flores-Moreno H, Thomson FJ, Warton DI, Moles AT. Are Introduced Species Better
Dispersers Than Native Species? A Global Comparative Study of Seed Dispersal Distance.
PLoS One. 2013;8(6):¢68541.

65. Frangakis CE, Rubin DB. Addressing complications of intention-to-treat analysis in the
combined presence of all-or-none treatment-noncompliance and subsequent missing
outcomes. Biometrika. 1999;86(2):365-79.

66. Song X, Wang C-Y. Time-varying coefficient proportional hazards model with missing
covariates. Stat Med. 2013;32(12):2013-30.

67. Hemming K, Hutton JL. Bayesian sensitivity models for missing covariates in the
analysis of survival data. J Eval Clin Pract. 2012;18(2):238—46.



68. Serinaldi F. On the relationship between the index of dispersion and Allan factor and their
power for testing the Poisson assumption. Stoch Environ Res Risk Assess. 2013;27(7):1773—
82.

69. Moustakas A. Fire acting as an increasing spatial autocorrelation force: Implications for
pattern formation and ecological facilitation. Ecological Complexity. 2015;21:142-9.

70. Pradel R, Sanz-Aguilar A. Modeling trap-awareness and related phenomena in capture-
recapture studies. PLoS One. 2012;7(3):€32666.

71. Abadi F, Botha A, Altwegg R. Revisiting the effect of capture heterogeneity on survival
estimates in capture-mark-recapture studies: does it matter? PLoS One. 2013;8(4):62636.

72. Colchero F, Jones OR, Rebke M. BaSTA: an R package for Bayesian estimation of age-
specific survival from incomplete mark—recapture/recovery data with covariates. Methods
Ecol Evol. 2012;3(3):466-70.

73. Evans MR, Benton TG, Grimm V, Lessells CM, O’Malley MA, Moustakas A, et al. Data
availability and model complexity, generality, and utility: a reply to Lonergan. Trends in
Ecology & Evolution. 2014;29(6):302-3.

74. Evans MR, Grimm V, Johst K, Knuuttila T, de Langhe R, Lessells CM, et al. Do simple
models lead to generality in ecology? Trends in ecology & evolution. 2013;28(10):578-83.

75. Evans MR, Bithell M, Cornell SJ, Dall SR, Diaz S, Emmott S, et al. Predictive systems
ecology.  Proceedings of the Royal Society B: Biological Sciences.
2013;280(1771):20131452.

76. Moustakas A, Evans M. Coupling models of cattle and farms with models of badgers for
predicting the dynamics of bovine tuberculosis (TB). Stoch Environ Res Risk Assess
2015:10.1007/s00477-00014-01016-y

77. Moustakas A, Evans MR. Integrating Evolution into Ecological Modelling:
Accommodating Phenotypic Changes in Agent Based Models. PLoS One. 2013;8(8):e71125.



r
[aV)
S

T T
[e0) ©
o @
—

T T
< [
2 @ o

o o o o

uoijes0|a4 10 [eAIAINS 1O ANjIgeqold




Probability of survival

0.95

0.90

0.85

0.80

0.75

0.70

0.65 |

0.60

-=-=-- ACERPS

—— CORYAV

«== CRATMO

S eeeeees FAGUSY

B ——— FRAXEX

S QUERRO
—== SALISP

—— SAMBINI



Probability of survival

1.02 4

0.98 -

0.96

0.94

0.92

0.9

T T T

50 100 150
DBH (cm)

200

——— ACERCA
~ =~ ACERPS
<eeee. BETUSP
—— CORYAV
=== CRATMO
- FAGUSY
——— FRAXEX
-« QUERRO
—=< SALISP

—— SAMBINI

250



1.2 4

o
=3}
L
==

-l

Probability of survival
o o
s o

0.2 |

-

0.0 £

50

100

DBH (cm)

150

200

e« ACERCA
=== ACERPS
ceeees BETUSP
e CORYAV
=== CRATMO
....... FAGUSY
e FRAXEX
«eeeses QUERRO
=== SALISP
—— SAMBINI

250



Additional files provided with this submission:

Additional file 1. a: Goodness of fit testing: The output of the bootstrapping exercise on the fully parameterised model (™ t
p ¢ ) to determine model goodness of fit and to estimate the quasi-likelihood parameter used in subsequent analyses of
survival. b. The output of the bootstrapping exercise on the simplified model to determine model goodness of fit and to
estimate the quasi-likelihood parameter used in subsequent analyses of survival. c. Model output for each of the 17 models
run for each tree species. The models are sorted by quasi-AlCc (QAICc). For ACERCA and BETUSP no saplings were
recorded and thus models 2, 3, 6, 9, 10, 11, 12, 13, 14, and 17 (as described in Table 1) could not be fitted (309k)

http://www.biomedcentral.com/content/supplementary/s 12898-015-0038-8-s1.doc

Additional file 2. a: Effects of growth rate, light, and DBH on tree survival. These results derive from the second best
model applied to the data assuming all trees were equivalent (model 4 in table seven in the main document). As plotting the
effects of al three covariates on survival would require four dimensions, we have plotted model outputs on the effect of each
covariate (growth rate, light, and DBH) for combinations of high and low values of the remaining two covariates resulting in
3 x 4 =12 graphs in total. The first four graphs show the effects of growth rate on survival for low light in small trees, low
light in large trees, high light in small trees, and high light in large trees. The next four graphs show the effects of light on
survival for low growth in small trees, low growth in large trees, high growth in small trees, and high growth in large trees.
The last four graphs show the effects of size (DBH) on survival for low light low growth rates, low light high growth rates,
high light low growth rates, and high light high growth rates. Growth rates and light availability are measured in % and thus
have no units, tree size (DBH) is measured in cm — see methods for details. b. Survival probabilities as in figure 3 of the
main text but expanded in 0.94 — 1.0 survival probability (147k)

http://www.biomedcentral.com/content/supplementary/s 12898-015-0038-8-s2.docx
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