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A B S T R A C T   

Two populations of the common shrub Encelia farinosa in the northern and southern portions of the Mojave 
Desert have been surveyed each spring for nearly 40 years, providing an opportunity to assess highly variable 
shrub mortality in an arid ecosystem. Most of the newly established shrubs experienced mortality during the 
juvenile stage, with median survival time of about three years in both populations yet, a small number of shrubs 
lived for at least a dozen years or even decades. Applying machine learning techniques, we predicted shrub 
mortality at different life-history stages using random forest and logistic regression. First, we examined seedling 
survival to become yearlings (one-year old plants), finding that less than 3% of seedlings in both populations 
survived to become established yearling shrubs. Second, we predicted whether or not yearlings would die prior to 
reaching the mature adult stage (four years old). The models achieved an Area Under the Receiver Operating 
Characteristic (AUC) in the 0.80 range for the Oatman population (southern Mojave Desert) and 0.90 range for 
the Death Valley population (northern Mojave Desert). We found yearling characteristics of smaller shrub size, 
low leaf coverage, and location in specific microsites associated with experiencing mortality before reaching the 
mature stage. Third, using only the average juvenile plant characteristics over the first four years of life, we 
predicted whether or not new adult shrubs were likely to experience mortality within the next eight years. The 
performance in this application achieved AUC in the 0.72 range for both populations. We found adult Encelia 
farinosa shrubs that had juvenile characteristics of smaller size, flowered less frequently, and had smaller inter- 
plant distances for the Oatman population were associated with increased mortality within the next eight years. 
Overall, the size of the shrub was the most important feature for the mortality modeling applications. No sig
nificant difference in AUC was found for random forest and logistic regression.   

1. Introduction 

The ability to predict impending plant mortality has been a difficult 
modeling application in ecology (Hawkes, 2000; Keane et al., 2001; 
Monserud and Sterba, 1999; Wyckoff and Clark, 2002). The complexity 
of the underlying mechanisms and lack of test data have contributed to 
this challenge, leading mortality simulations prone to error (Hawkes, 
2000). A majority of previous plant research has been centered around 
the prediction of forest/tree mortality. Shrubs and arid ecosystems have 
been relatively neglected (Götmark et al., 2016; Hawkes, 2000), despite 
the fact that shrubs are the dominant life form in many of Earth's eco
systems (Filazzola and Lortie, 2014). Often serving as keystone species, 
shrubs are critical to the health of ecosystems they reside in. A better 
understanding of both the primary drivers and prediction of shrub 
mortality in arid lands is crucial as desertification becomes increasingly 

prevalent (Fredrickson et al., 1998). 
Logistic regression has been extensively used to model plant mor

tality (Cailleret et al., 2016; Cao, 2017; Collet and Le Moguedec, 2007; 
Monserud and Sterba, 1999; Woolley et al., 2012; Yang et al., 2003). 
Often the goal is to predict mortality for trees at the individual or pop
ulation scale where dead or surviving trees are usually modeled as a 
classification task. Other machine learning models applied to plant 
mortality have effectively been used to model tree mortality (Bayat 
et al., 2019; da Rocha et al., 2018; Dobbertin and Biging, 1998; Fan 
et al., 2011; Guan and Gertner, 1991; Hasenauer et al., 2001; Hasenauer 
and Merkl, 1997; Rao et al., 2019; Reis et al., 2018; Shearman et al., 
2019), often using Classification and Regression Trees (CART), Artificial 
Neural Networks (ANN), and random forest. An advantage of more 
complex machine learning models is they do not rely on prior assump
tions and are well-equipped to handle non-linear relations and complex 
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interactions that are common in ecological data (Olden et al., 2008). 
Studies in tree mortality that have compared statistical models identi
fied that machine learning models often outperform conventional lo
gistic and linear models, and/or identify additional features related to 
plant mortality that are missed by logistic models (Bayat et al., 2019; 
Dobbertin and Biging, 1998; Guan and Gertner, 1991; Hasenauer and 
Merkl, 1997; King, 2003; Shearman et al., 2019). A large scale bench
mark experiment comparing random forest and logistic regression found 
that random forest had higher performance in 69% of the datasets 
(Couronné et al., 2018). When compared to many other machine 
learning classifiers for species distribution modeling random forest was 
found to be the best performing in 29 out of 35 datasets (Lorena et al., 
2011). However, there also disadvantageous to using more complex 
machine learning models because they are more difficult to interpret 
and computationally intensive. 

Hawkes (2000) review of woody plant mortality algorithms identi
fied several categories of predictors used in mortality models including 
age, size, competition, environmental abiotic factors, carbon balance, or 
a combination of these predictors. In the context of shrub mortality, 
studies have examined conditions including drought, competition, and 
soil texture (Bowers, 2005; Ehleringer and Sandquist, 2018; Hamerlynck 
and McAuliffe, 2008; Miriti et al., 1998, 2001, 2007; Paddock et al., 
2013; Renne et al., 2019; Venturas et al., 2016; Winkler et al., 2019). 
Mortality among shrubs in arid ecosystems has largely been episodic 
(Bowers, 2005; Miriti et al., 2007; Watson et al., 1997). Shrub size and 
growth were identified as strong predictors of survival, with larger size 
favorable in more species (Paddock et al., 2013; Venturas et al., 2016). 
One possible reason for the size advantage in several species is larger 
shrubs may have better established root systems, providing a level of 
resilience in dry conditions. Additionally, juvenile and younger shrubs 
were associated with higher mortality rates, supporting shrub age as an 
indicator of expected mortality (Hegazy, 1992; Miriti et al., 2007). Close 
relations between the biological characteristics of juvenile plants and 
their success in establishment have also been identified (Cook, 1979). As 
expected, features associated with mortality include climate parameters, 
such as precipitation/drought (Bowers, 2005; Miriti et al., 2007; 
Paddock et al., 2013) where higher temperatures and lower precipita
tion were associated with higher mortality. Lower specific leaf areas 
were also identified as unfavorable for survival (Paddock et al., 2013). 
Spatial distribution differences and neighboring plants competing for 
water resources have been identified as factors influencing mortality 
rates and population structure (Miriti et al., 1998, 2001). Juvenile 
shrubs that had closer proximity to neighboring adult plants died more 
often than would be expected by chance (Miriti et al., 1998). Population 
growth has also favored isolated adult plants at a cost to juvenile plants. 
Additionally, historical conditions experienced by a shrub can affect its 
mortality in future events. Miriti et al. (2007) demonstrated that shrubs 
experiencing reduced growth for periods of up to fifteen years in the past 
can affect future mortality. 

The aforementioned studies in shrub mortality and survival have 
focused largely on species in the American southwest including Encelia 
farinosa, Amborsia deltoidea, Amborisa salsola, Amborsia dumosa, and 
other species. The focus of this study is Encelia farinosa, a drought- 
deciduous shrub species native to the Mojave and Sonoran Deserts of 
southwestern North America (Ehleringer, 1984, 1988). In the Mojave 
Desert, this shrub is common on dry slope microhabitats at elevations up 
to 800 m, where it often forms mono-specific stands. In the Sonoran 
Desert, E. farinosa occurs on both flat and slope habitats. Encelia shrubs 
can be characterized into several life-history stages: seedling (0–1 
years), juveniles (1–4 years), and adults (4+ years). This distinction 
from different life history stages lies in the difference in size, mortality 
rates, and flowering status which is uncommon among juveniles. Lastly, 
some adult E. farinosa shrubs can live in excess of thirty years (Ehler
inger and Sandquist, 2018). 

In this study, we examined seedling mortality of E. farinosa and 
modeled two different mortality applications at different life stages 

using random forest and logistic regression. In our first modeling 
application, we predicted whether or not yearlings (defined as 1-year- 
old shrubs) would die before reaching the mature stage (defined here 
as four years of age) based on plant physiological traits and spatial 
distribution at the first year of life. Juvenile plants, such as yearlings, are 
of particular ecological interest due to the critical role they serve in 
structuring adult populations (Cook, 1979). In our second modeling 
application, using only the average plant dimensions and spatial char
acteristics experienced over the juvenile stage, we predicted whether or 
not these new adults were likely to die within the next eight years or 
survive another eight years. Shrubs that achieve a long length of survival 
are of ecological interest because they contribute the greatest seed 
output for the birth of future generations. The primary objective of our 
study was to develop predictive models that can be used to inform re
searchers in the field of future population structure in the survey sites. 
The secondary objectives were to identify features of individual 
E. farinosa shrubs that were associated with longer-term survival or 
mortality at different life stages. 

2. Methods 

2.1. Data collection and processing 

Annual field surveys of two populations of the drought-deciduous 
perennial shrub E. farinosa in the Mojave Desert have been conducted 
each March since the early 1980's (Ehleringer and Sandquist, 2018). The 
first population is in Death Valley National Park, approximately 21 km 
west of Shoshone, CA, and is hereafter referred to as the Death Valley 
population. The second population is located 10 km south of Oatman, 
AZ, and is hereafter referred to as the Oatman population. At both sites, 
E. farinosa shrubs form near monospecific stands, with E. farinosa 
comprising >95% of the perennial shrubs and have dominated these 
sites since population surveys began in 1981. 

Within the annual surveys, all E. farinosa individuals are classified 
into one of three different life history categories: (a) seedlings – plants 
that have germinated within the current growing season, (b) yearlings – 
plants that have persisted for one year since germinating and remain as 
juveniles until attaining adulthood, and (c) adults – plants that have 
persisted for three years and are entering fourth year or older. In annual 
surveys, seedlings are counted, but not tagged (Ehleringer and Sand
quist, 2018). Yearlings, having survived their first year, were easily 
identified because they have a woody base and were tagged with a 
unique identifier and their coordinates recorded on a Cartesian grid 
space (Ehleringer and Sandquist, 2018). 

During each survey, several features were recorded on each tagged 
plant: (a) plant dimensions (width along the widest access, width along a 
perpendicular axis, and height); (b) the extent of canopy leaf cover 
development as 0–24%, 25–49%, 50–74%, and 75–100%); and flower
ing as yes or no. We also noted the presence and extent of any canopy 
dieback and the presence of dodder (Cuscuta sp.), a common parasitic 
plant, on individual shrubs. From these field data, we subsequently 
calculated shrub elliptical surface area (hereafter ‘surface area’), shrub 
volume, the number of neighboring plants within 1.5 m, and the dis
tance to nearest neighbor. When a shrub died, its death year was 
recorded and no further information was collected. We consider all 
shrubs that had known birth years throughout the 40-year study period 
so that the age of the shrub could be easily determined. 

2.2. Models 

We applied two models in the applications. The first is the widely 
used machine learning model Random forest, interfaced from R package 
Caret (Kuhn, 2020), with model tag ‘rf’, utilizing the ‘RandomForest’ 
package (Liaw and Wiener, 2002). Random forest algorithm proceeds as 
follows: ntree bootstrap samples from the original data are sampled. For 
each of the bootstrap samples, an unpruned classification or regression 
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tree is grown. Then, the predictors are randomly sampled (mtry) and the 
best split using the randomly sampled predictors is determined. Pre
dictions are made by aggregating the predictions of n number of trees 
made (Liaw and Wiener, 2002). The next model is Logistic Regression, 
caret model tag ‘glm’, frequently used in plant mortality modeling. Lo
gistic Regression is a parametric approach where the log odds of the 
outcome is modeled as a linear combination of predictor variables. Lo
gistic regression makes underline assumptions about the data contrary 
to non-parametric random forest. The last model we refer to as Guess. In 
this model, we only predicted the most common outcome that was 
observed throughout the entire survey period. This can only predict one 
outcome and outputs no probabilities. To represent an overview of 
mortality of the shrub, we utilize a simple Kaplan-Meir curve using R 
package ‘Survival’, without comparison to any groups. All shrubs with 
known birth years between 1981 and 2020 were included in the survival 
curve. The survival time was represented as the number of years sur
vived for newly established (age-1) shrubs that had known birth years. 
We model mortality for individual shrubs to occur within an interval, 
such as 3-year mortality for yearlings, using techniques commonly 
applied to plant mortality modeling and other human health related 
fields (Abbot, 1985; Hasenauer et al., 2001; Leung et al., 1997; Lund 
et al., 2019; Vock et al., 2016; Wallert et al., 2017; Yang et al., 2003). 

2.3. Model testing 

A train-test ratio of 70%–30% was performed where 70% of the data 
was used for training and 30% for testing. To illustrate feature impor
tance for each of the applications, the Mean Decrease Accuracy from 
random forest was used for feature importance, where larger values 
indicate more predictive power (Breiman, 2001). The performance 
metrics in the test-set include Area Under the Receiver Operating 
Characteristic (AUC) and its confidence interval (Jin Huang and Ling, 
2005), accuracy, sensitivity which we associated with the ability to 
predict shrubs that died, and specificity which we associated with the 
ability to predict shrubs that survived. AUC and its confidence interval 
were calculated with R package “pROC” (Robin et al., 2011). The con
fidence interval calculation was performed with the DeLong method 
using function ‘ci.auc’. Since small differences in AUC can still be sig
nificant if the ROC curves are correlated (Robin et al., 2011) we use the 
function ‘roc.test’ in package ‘pROC” to compare the classifier that 
appeared to have the highest AUC for each of the applications. R version 

3.6.2 was used in this analysis (R Core Team, 2019). Testing for signif
icance between survival groups was performed using Wilcoxon Rank 
Sum if continuous and Fisher's exact test for categorical. 

2.3.1. Yearling-to-adulthood mortality 
The objective of this application was to predict whether or not an 

individual yearling (age one) would die before reaching the mature 
adulthood stage (age four). Yearlings in the populations have episodic 
establishment linked to the presence of seedlings during El Niño events. 
In many years, few or no yearlings were present, while other years 
encompass the majority of yearlings. As there were no recent episodic 
births at the time of writing, the survival outcome of all yearlings 
reaching adulthood in both populations was known. In the Death Valley 
population, the majority of coordinate grid information was missing for 
yearlings born prior to 1997. Consequently, only the Death Valley 
yearlings born after 1997 were included for analysis. This does result in 
model performance and associations that are not representative of the 
entire population of Death Valley yearlings. For the Oatman population, 
70% of the data was selected for training and the remainder 30% was 
selected for testing. For the Death Valley population, 70% of the data 
was selected for training and the remainder 30% was selected for 
testing. This resulted in 81 yearlings in the test for Death Valley and 235 
yearlings in the test for Oatman. A 5-fold cross-validation was performed 
on the training data, tuning the number of variables to try at each split 
for random forest (mtry).Then the model with the highest performance 
on the 5-fold cross-validation procedure was applied on the test data. In 
this mortality application, classification threshold was 0.5. As a result, 
plants with probability of death greater than 50% were predicted to die 
before reaching adulthood. 

2.3.2. Mortality within eight-years for adults 
The objective of this application was to examine, for a shrub that did 

reach maturity, whether or not it would die within the next eight years 
or survive to an old age. Only the average plant size dimensions and 
spatial characteristics experienced over the first 4-years were used to 
generate a prediction. In the Death Valley population, 12.7% of the adult 
shrubs had missing values and were not included. In the Oatman pop
ulation, 4.3% of the adult shrubs had missing values and were not 
included. Not including these observations is known to overestimate the 
risk of an event (e.g., mortality) occurring (Vock et al., 2016). Addi
tionally, since it is much more common for a shrub to die before age 
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Fig. 1. Seedling establishment to yearlings. N + 1 scale displayed for log plotting.  
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twelve then to survive to it, this application represented a class imbal
ance case. The data was split so that 70% was used for training and 30% 
was reserved for testing, resulting in 101 plants in the test set for Oatman 
and 132 plants for Death Valley. Then 5-fold cross-validation was per
formed on the training data, tuning the number of variables to try at 
each split for Random Forest (mtry). The classification threshold was set 
to 70% in this application where probabilities of experiencing mortality 
higher than 70% were predictions for mortality. Then model with the 
highest performance in the cross-validation procedure was tested on the 
test set. 

3. Results and discussion 

3.1. Seedling survival to become established yearlings 

For the Death Valley population, 3.2% of the total seedlings counted 
over the entire survey period survived to become yearlings. In the 
Oatman population, 1.9% of the total seedlings counted survived to 
become yearlings. Fig. 1 shows the relationships between the number of 
seedlings counted in one year and the yearlings subsequently established 
in the following year. Extremely high variation was observed in the 
percentage of seedlings that did survive to the yearling stage at different 
times. In some cases, it was observed that over 40% of seedlings did 
survive to the yearling stage during some years when the number of 

seedlings counted was small. In other cases, over a thousand seedlings 
were observed yet, none of them survived to become established 
yearlings. 

This very high mortality of seedlings is consistent with of other 
studies, with one-year seedling survival ranging from <1% to 10% or 
more in other species of shrubs (Hegazy, 1992; Maestre et al., 2001; 
Venturas et al., 2016). A variety of factors are likely to contribute to this 
level of mortality, such as seed predation (Louda, 1983), different soil 
characteristics across the grid (Maestre et al., 2001), and also the 
climate. Ehleringer and Sandquist (2018) found the germination of 
seedlings, leading to the presence of yearlings in the following year, was 
episodic and linked to El Niño events; survival from seedling to yearling 
stages increased with higher rainfall. 

3.2. Mortality overview of established shrubs 

Fig. 2 illustrates an overview of mortality, representing the survival 
time of Encelia farinosa shrubs after the seedling stage. It is clear that at 
the juvenile stage, observed during the first 3-years after establishment, 
high mortality is present noted by the steep decline in the estimated 
survival during these times. For example, a steep decline in survival is 
visible in the Oatman population where only 70% of established shrubs 
were estimated to survive one-year to reach age two. 

Approximately 57% of the plants died during the juvenile stage, 

Fig. 2. Kaplan-Meier survival curves for Encelia farinosa after becoming established yearling shrubs (reached age-1). “+” indicates censured observations of shrubs 
that have not yet experienced mortality. Confidence intervals represented by shaded regions along the curve. 

Table 1 
Statistical summary (mean,sd) of mortality before adulthood for all features used.  

Features Death Valley Survived p Oatman Survived p 

Mortality before maturity Mortality before maturity 

Yearling Coordinate X 11.29 (4.62) 9.07 (4.73) p <
.01 

13.28 (7.64) 12.47 (7.55) p >
.05 

Yearling Coordinate Y 11.35 (6.39) 11.36 (7.95) p >
.05 

6.36 (3.87) 6.12 (3.84) p >
.05 

Yearling Distance to nearest 
neighbor 

0.52 (0.58) 0.58 (0.51) p <
.05 

0.48 (0.44) 0.45 (0.38) p >
.05 

Yearling Surface Area 0.01 (0.03) 0.06 (0.05) p <
.01 

0.007 (0.01) 0.02 (0.03) p <
.01 

Yearling Neighbors within 
1.5 m 

8.55 (6.96) 5.77 (4.41) p <
.01 

8.60 (6.41) 9.28 (6.67) p >
.05 

Yearling Flower Not Flowering = 169, 
Flowering = 5 

Not Flowering = 75, 
Flowering = 24 

p <
.01 

Not Flowering = 438, 
Flowering = 2 

Not Flowering = 329, 
Flowering = 16 

p <
.01 

Yearling Leaf Cover High = 106, low = 68 High = 98, low = 1 p <
.01 

High = 340, low = 100 High = 328, low = 17 p <
.01 

Categorical features represented as counts. 
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failing to reach adulthood (age four) in both populations. The median 
survival time was about three years in both populations. However, for 
shrubs that did survive to older ages, the decline in proportion surviving 
decreased by a smaller amount compared to the juvenile life stage. The 
probability of surviving eleven years to age twelve was estimated to be 
10% in Death Valley and 12% in Oatman. The shrubs that survived 
beyond eleven years likely possess biologically relevant characteristics 
of ecological interest, and undoubtedly provided a disproportionally 
higher proportion of seeds to future generations. 

3.3. Yearling mortality before adulthood prediction 

Table 1 shows a summary of the mortality groups for each population 
and all features included in the models. 

In both populations, mortality before adulthood groups had smaller 
size, low leaf cover, and flowering. Flowering was not common among 
yearlings however, having high leaf cover was a common characteristic 
of the shrubs at this stage. High variation in plant measurements for the 
mortality groups was present in both populations for yearling surface 

area and yearling distance to nearest neighbor. 
Table 2 illustrates the results of the models for yearling mortality 

before adulthood prediction. 
When comparing the model-to-model performance in different 

populations, the AUC values of the models in the Death Valley popula
tion were significantly higher (p < .05) than in the Oatman population. 
No significant difference in AUC value was found within Death Valley or 
the Oatman population. 

Fig. 3 shows the importance of features. Yearling surface area was by 
far the most important, followed by microsite (spatial coordinates) and 
competition features in the Oatman population. According to mean 
decrease accuracy importance, the X - Y coordinates of the Oatman 
population had greater importance than the X - Y coordinates in the 
Death Valley population. Additionally, leaf cover was more influential 
within the Oatman population than in the Death Valley population. 

Fig. 4 illustrates the yearling field observations between survival and 
mortality before the mature stage. 

Having larger surface area was a significant characteristic of year
lings that survived to adulthood in both populations, suggesting that 

Table 2 
Model performance for yearling mortality before adulthood prediction.  

Population Model AUC 95% CI AUC Specificity (%) Sensitivity (%) Accuracy (%) 

Death Valley RF 0.941 0.888–0.994 86.2 90.4 88.9 
Death Valley LR 0.918 0.858–0.979 69 92.3 84 
Death Valley Guess 0.500 – 0 100 64.2 
Oatman RF 0.809 0.753–0.865 67 79.5 74 
Oatman LR 0.78 0.72–0.84 46.6 88.6 70.2 
Oatman Guess 0.500 – 0 100 56.2 

Specificity is the proportion of yearlings that survived to adulthood that were correctly predicted. Sensitivity is the proportion of yearlings that died before adulthood 
that were correctly predicted. Accuracy is the total number of correct predictions divided by the total number of predictions made. The model types were RF- Random 
Forest, LR- Logistic Regression. 

Fig. 3. Mean decrease accuracy values of different plant and microsite features for the mortality of yearlings before reaching adulthood.  
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smaller yearlings were more susceptible to mortality. Lower leaf cover 
values were also characteristics of yearlings that died before achieving 
adulthood. One reason why the models may have achieved a higher 
performance in the Death Valley population was due to the larger dif
ference between surface area in the shrubs that died before adulthood or 
survived, observed in Fig. 4 Panel A. It is also apparent there may be 
favorable and unfavorable microsite spots on the plot for establishment 
survival when visualizing the grid coordinates. While the upper left 
region of the Oatman grid (Fig. 4 Panel D) revealed no favorable or 
unfavorable outcomes for mortality before adulthood, the lower right 
region of the grid revealed two areas that may be associated with 
different mortality outcomes. The Death Valley grid coordinates (Fig. 4 
panel E) show a greater yearling mortality in the upper right region of 
the grid, while yearlings that survived to adulthood were more 
commonly found in other regions of the grid. Reason as to why certain 
regions on the grid were associated with different mortality outcomes 

are unknown. However, from other studies it is known that rocks within 
the soil profile have a negative impact on plant competition for water 
(Hamerlynck and McAuliffe, 2008), which would be expected to influ
ence mortality. Additionally Fig. 4 panel F shows more neighbors within 
1.5 m associated with increased mortality before maturity in the Death 
Valley population, suggesting that competition with other shrubs may 
be influencing mortality. The mechanistic relationships as to why 
smaller yearlings with low leaf coverage at certain plot locations being 
predisposed to experiencing mortality before adulthood is unknown. 

Despite the high performance of the models in this application the 
confidence intervals for the AUC were wide. This was likely due to the 
small test data size in the application. Yearling establishment was an 
uncommon event during the entire survey period. When it did occur, 
larger numbers of yearlings would be present at seemingly random times 
associated with El Niño events and higher rainfall (Ehleringer and 
Sandquist, 2018). 
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Table 3 
Statistical summary (mean,sd) of 8-year mortality for shrubs that recently reach maturity.  

Features Death Valley Survived p Oatman Survived P 

Mortality within eight-years Mortality within eight-years 

CoordinateX – –  12.61 (7.22) 13.67 (8.44) p >
.05 

CoordinateY – –  6.44 (3.91) 5.69 (3.39) p >
.05 

Distancetonearestneighbor – –  0.41 (0.34) 0.53 (0.37) p <
.01 

Ellipticalsurfacearea 0.06 (0.05) 0.08 (0.05) p <
.01 

0.05 (0.068) 0.08 (0.09) p <
.01 

Flower High Flowering = 197, Low 
Flowering = 222 

High Flowering = 93, Low 
Flowering = 22 

p <
.01 

High Flowering = 66, Low 
Flowering = 183 

High Flowering = 29, Low 
Flowering = 63 

p >
.05 

Height 25.84 (7.82) 27.92 (6.80) p <
.01 

21.76 (9.48) 26.36 (9.84) p <
.01 

lfcov High = 345, low = 74 High = 104, low = 11 p <
.05 

High = 170, low = 79 High = 57, low = 35 p >
.05 

Numberofneighborswithin1.5 
m 

– –  9.53 (5.49) 7.36 (4.38) p <
.01 

Categorical features represented as counts. 
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3.4. Mortality within eight-years for adults 

Table 3 shows the statistical summary of the mean juvenile shrub 
characteristics for the mortality groups in each population. 

Table 4 shows the performance for predicting the adult shrubs that 
will likely experience mortality within the next eight years. 

Table 4 illustrates the capability of the prediction. The AUC suggests 
a fair ability to predict longer term survival vs mortality within eight- 
years for new adult shrubs. There was also no significant difference in 
AUC between the populations. No significant different in AUC within the 
Death Valley population was found. Large uncertainty was found noted 
by the wide confidence intervals in AUC. This was indicative of the 
smaller test size for the application. This lack of test data is common in 
many ecological applications (Hawkes, 2000) and the uncertainty is 
reflected in the wide confidence interval. 

Fig. 5 shows the morphological and microsite features of importance 
for mortality within eight years for new adults. Mean decrease accuracy 
values for the Death Valley population remain low compared to Oatman 
suggesting an overall lower predictive power from Random forest in the 
Death Valley population. It is also clear that surface area during the first 

four years of life was an important feature for predicting survival for 
another eight years in both populations. Flower was also an important 
feature. Leaf cover was of predictive importance in the Oatman popu
lation, but not in the Death Valley population. Neighbors within 1.5 m 
and XY coordinates were important features for prediction in the Oat
man population. This suggests that not being able to utilize spatial in
formation in the Death Valley population for this application may have 
resulted in a loss of predictive power. 

Microsite (spatial coordinates) also played a role in the Oatman 
population. Fig. 5 shows field observations of important features for 
predicting eight-year mortality. Once again, we observed that plant 
surface area was a highly informative parameter for predicting survival. 
E. farinosa shrubs that achieved larger size over the first four years of life 
were better able to achieve greater longevity. Consequently, smaller 
young adult shrubs had shorter lifespans. This is consistent with shrub 
mortality literature that has identified smaller shrubs of several different 
species less able to survive harsh environmental conditions and more 
susceptible to mortality (Hamerlynck and McAuliffe, 2008; Venturas 
et al., 2016). Additionally, adult plants in Death Valley that flowered 
less often over the first four years of life, was associated with 

Table 4 
New adult plants mortality within eight-years prediction based only on shrub dimensions during first four years of life.  

Population Model AUC 95% CI AUC Specificity (%) Sensitivity (%) Accuracy (%) 

Death Valley RF 0.641 0.539–0.743 32.4 83.2 72.3 
Death Valley LR 0.765 0.679–0.851 58.8 73.6 70.4 
Death Valley Guess 0.500 – 0 100 78.6 
Oatman RF 0.764 0.659–0.869 81.5 64.9 69.3 
Oatman LR 0.703 0.6–0.806 51.9 73 67.3 
Oatman Guess 0.500 – 0 100 73.3 

Specificity is the proportion of shrubs that survived eight more years that were correctly predicted. Sensitivity is the proportion that died within eight years that were 
correctly predicted. Accuracy is the total number of correct predictions divided by the total number of predictions made. The model types were RF- Random Forest, LR- 
Logistic Regression. 

Fig. 5. Mean decrease accuracy values of different plant and microsite features for predicting mortality within eight-years.  
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experiencing mortality within eight-years. This relationship may be due 
to larger plants flowering more often. The spatial features in the Oatman 
population also revealed clear relationships. Once again, the upper left 
and bottom right regions of the plot contain a majority of the shrubs in 
the Oatman population (Fig. 6 Panel F). However, plant microsites 
adjacent to these ‘hot spots’ for shrub growth may be more favorable for 
longer term survival. Additionally, young adult plants that grew with 
fewer nearby neighbors and with greater distance from nearest neigh
bors were also associated with a greater eight-year survival within the 
Oatman population (Fig. 5 Panel B and C). These characteristics suggest 
competitive interactions were apparent and that isolated adult plants 
were better able to achieve longer-term survival, likely because of less 
competition for water. A competitive interaction has been previously 
identified among adult Encelia shrubs also in the Oatman area (Ehler
inger, 1984), where adult plants whose neighbors within two meters 
were removed, exhibited great growth rates, higher leaf areas, and great 
flowering than control plants. The impacts of competition in desert 
shrub populations have been more broadly discussed by (Miriti et al., 
2001). 

It has been suggested that desert shrubs that survive to older ages are 
more likely to persist in more favorable microsites, have greater carbon 
reserves, and better developed root systems (Hamerlynck and McAuliffe, 
2008). Miriti et al. (2001) also suggested that competitive interactions 
may influence survival during drought-like conditions, a common 
feature of arid land ecosystems. The data in Fig. 6 Plate B, C, and F 
indicate that pattern is apparent in the Oatman population. 

4. Conclusion 

In this study, we achieve a more predictive understanding of mor
tality at different stages in the life history of Encelia farinosa. We 
demonstrated that mortality at different life stages was predictable 
while illuminating which morphological, microsite, and inter-plant 
features contributed to mortality. In particular, the importance of 
shrub size for predicting mortality was apparent. Comparatively smaller 
E. farinosa shrubs were more susceptible to mortality at several different 
life stages. 
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