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Abstract: Understanding the complex interplay of biotic and abiotic factors influencing the white oak
mortality rate is crucial for developing effective forest management strategies in the eastern United
States. This study examines the influence of biotic and abiotic factors on WOM rates, utilizing a
Classification and Regression Tree model to evaluate and rank these factors, providing a prioritized
understanding of their relative impacts. Results indicated that biotic factors were more important
than abiotic factors influencing WOM rates. Basal area and stand density were the most important
variables affecting WOM rates, likely due to their effects on competition and resource availability.
The middle tier included terrains and climatic factors that impacted white oaks” microclimate and
stress conditions. At the same time, lower-tier variables, mainly soil texture, moisture, and nutrient
availability affected the most to WOM rates. Future research should investigate specific biotic and
abiotic interactions under changing climate conditions to enhance forest management practices by
addressing potential vulnerabilities to sustain white oak populations across the eastern United States.
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1. Introduction

White oak (Quercus alba L.) is a keystone species in the hardwood forest of the eastern United
States, playing a vital role in forest structure and function. Its significance extends to disturbance
regimes, nutrient cycling, community composition, and wildlife habitat [1,2]. One important
characteristic of white oak is its masting behavior, the episodic production of large acorn crops, which
influences interspecific interactions and trophic dynamics [3]. These masting events have cascading
effects on forest ecosystems, driving population fluctuations in acorn predators such as rodents and
insects, and ultimately shaping predator-prey dynamics [4]. The phenomenon also influences spatial
patterns of regeneration, promotes genetic diversity and aids in white oak regeneration across
heterogeneous landscapes [5]. Similarly, white oaks also significantly contribute to nutrient cycling.
The decomposition of their nutrient-rich litter releases essential elements back into the soil,
supporting forest productivity and maintains soil health [6,7]. Additionally, the species is known for
its mutualistic relationships with mycorrhizal fungi, which enhance nutrient uptake and stress
resilience in oak stands [8,9]. These interactions underscore the complex ecological interdependencies
critical for forest ecosystem stability.

Recent studies have highlighted a concerning trend of increasing white oak mortality (WOM)
across the eastern United States, raising concerns about its long-term sustainability and ecological
impacts [10]. Studies have found that both biotic and abiotic factors are key drivers of this decline.
Biotic factors such as stand density, species composition, competition, and age structure; significantly
impact white oak growth and regeneration [11]. Abiotic factors like climate variability, drought, soil
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properties, and topography contribute to mortality patterns observed at both stand and landscape
scales [12]. For instance, larger basal areas significantly impact oak mortality due to increased
competition and susceptibility to environmental stressors [13,14]. Moreover, widespread mortality
driven by natural thinning, aging stands, and disturbances, threatens the structural and functional
integrity of white oak forest ecosystems in broader landscapes [15].

Biotic factors such as stand density and structure influence WOM where competition plays a
crucial role in oak forest dynamics [16]. Stand competition in the dense hardwood forests compete
for sunlight, nutrients, and space, leading to the significant loss of vigor in oak forests [17].
Competitive effects result from crown expansion and canopy closure, affecting the smallest diameter
class [18]. Higher stand densities have also led to competition for resources in the oak forest
ecosystem. For instance, thinned forests have shown better utilization of water and light, resulting in
changes in transpiration, reduced soil water stress, increased canopy leaf area, and better growth of
oaks [19,20]. Moreover, competition limits the availability of physical space and nutrients
significantly impacting forest ecology and management [21,22]. Other biotic factors such as
pathogenic fungi and boring insects also contribute to WOM [23,24]. Insect-pest attacks lead to severe
defoliation and have a major impact on white oak growth and regeneration. However, it is still
unknown which factor predominantly influences white oak mortality.

Abiotic factors such as climate control the growth and spatial distribution of white oaks. A study
related to growth-climate response on white oaks demonstrated stronger correlations with climate
variables, where white oak root growth was severely affected by seasonal variations in precipitation
and temperature [25,26]. Similarly, studies on tree ring analysis found that precipitation and
temperature have a higher response to growth variations in white oaks, with reduced growth due to
limited soil moisture availability [22]. Other abiotic stressors such as precipitation and temperature
extremes, drought, slope, and elevation influence mortality in white oaks. Studies have found that
extreme climatic events such as drought severity between 1999 and the acute growing season drought
in 2002 in the southern region of Missouri significantly decreased the radial growth rate of white oaks
[27].

Current research on WOM has highlighted several potential drivers, including climatic factors,
stand structure, and biotic pressures, yet there is limited understanding of how these drivers interact
across diverse forest ecosystems. While drought-induced stress is well-documented as a mortality
driver, few studies have explored how soil properties, such as moisture retention capacity, interact
with drought to exacerbate or mitigate stress on white oaks [28]. Similarly, studies examining
competition from understory species and stand density are often limited to site-specific observations,
lacking a broader perspective that can generalize across the varied landscapes of the eastern United
States [29]. Thus, there is a need for research that integrates these biotic and abiotic factors into a
comprehensive framework to assess WOM more effectively across broader scales.

The aim of this study is (1) to examine biotic and abiotic factors influencing the WOM rate using
the predictive model-Classification and Regression Tree (CART) and (2) to identify the variable
importance among biotic and abiotic factors influencing the WOM rates. We hypothesized that
locations with higher basal area and stand density greatly influence the WOM rate due to increased
competition and resource limitations within the stand. Basal area is the most influential factor in the
WOM rate since the basal area can influence oak forest dynamics. Lower spring precipitation levels
are expected to correlate with higher WOM rates, owing to increased stress and reduced resilience
during critical growth stages. Low levels of winter temperature contribute to elevated WOM rates by
compromising tree health and causing physiological stress.

2. Materials and Methods
2.1. Study Area

This study was conducted in ten states of the eastern U.S. i.e., Missouri, Arkansas, Illinois,
Indiana, Ohio, Kentucky, Tennessee, Alabama, West Virginia, and Virginia (Figure 1). This region
represents a significant portion of the white oak’s native range, offering a comprehensive dataset for
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studying its population dynamics. Investigating WOM in these states allows us to identify patterns
and trends influenced by factors like climate change, pest outbreaks, and soil characteristics, which
can inform adaptive forest management strategies. White oaks are dominating and ecologically
important tree species in the region. The prevalence and ecological relevance of white oak focusing
on this area allows for a thorough analysis of mortality factors. Besides, the eastern U.S. has various
ecosystems and rich biodiversity, making it an ideal location to investigate the influence of WOM on
larger ecological processes. Understanding how WOM evolved in this context sheds light on the
mortality condition and resilience of the eastern oak forest ecosystems.

The eastern US has a variety of climates and environmental factors, ranging from humid
subtropical in the south to humid continental climates in the north. In these regions, white oak grows
in a variety of climatic conditions [30]. It can tolerate a mean annual temperature of 7 degrees
centigrade in the north to 21 degrees centigrade from east Texas to north Florida. White oaks can
thrive well in the annual precipitation range of 2,030 mm in the southern Appalachians to 760 mm in
southern Minnesota. The eastern part is covered by the Appalachian Mountains with higher
elevations followed by the Ozark Highlands of Missouri and Arkansas in the western portion. This
diversity allows us to investigate how climatic and environmental factors influence WOM in broader
regions. Our study area also encompasses a substantial forest industry in this region, and white oak
is very useful for timber production as well.
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Figure 1. Study area showing high, medium, and low elevation range (meter) in the ten states of the eastern U.S.

2.2. Data Acquisition and Processing for Biotic and Abiotic Variables

We analyzed 19 biotic and abiotic variables including WOM rate. The following are the biotic
and abiotic variables we studied in our research area:

Table 1. Biotic and abiotic variables processed and utilized for our study region.

Biotic variables Abiotic variables
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Climatic elements (Spring precipitation; Summer precipitation; Summer temperature; Winter

Basal area
temperature; Vapor Pressure)
Stand density Palmer Drought Severity Index (PDSI)
Stand age Soil (Texture; Organic matter; Total available water; PH; Topsoil carbon; Subsoil carbon)

Terrains (Elevation; Aspect; Slope)

2.2.1. Basal Area

We used Forest Inventory and Analysis data provided by the USDA Forest Service to calculate
basal area. Plot-level data were summarized based on standardized plot systems. To protect
landowners’ privacy, FIA plots were positioned within a one-mile radius of their actual location, as
described in Khadka et al. (2021) [31].

The basal area for declining white oak plots was calculated by combining diameter at breast
height (DBH) measurements with tree density (trees per unit area). The following formula was
applied:

Basal area (m*ha™1) = 0.005454 = (DBH)? * trees per acre unadjusted (1)

Here, DBH is expressed in inches, 0.005454 is a unit conversion factor to standardize the result for
basal areas, and tree per acre unadjusted accounts for the density of white oak trees within the plot.
The derived basal area values were then compiled across all sampled plots for further analysis. This
method enables accurate assessments of white oak decline ana facilitates comparisons with other
studies addressing oak mortality trends across various regions.

2.2.2. White Oak Mortality Rate

The white oak mortality rate was calculated using basal areas of surveyed cycles from 1998 to
2019, which were grouped into five-year intervals and referenced the data processing and analysis
from Khadka et al. (2024). To avoid duplications and maintain accuracy, repeated plots were
excluded. However, basal area from all remeasured plots was aggregated to compute the total basal
area for analysis. Declining plots were selected based on changes in basal area, with declines defined
by negative basal area changes between consecutive cycles. Basal area change was calculated as the
difference in basal area between two consecutive inventory cycles.

Basal area change(m?ha™1) = Cycle 6 basal area — Cycle 5 basal area (2)

This calculation was repeated for all inventory cycles, and plots with negative basal area changes
were identified as declining white oak plots. The mortality rate was calculated as the basal area
change of white oaks divided by the difference in the inventory years between the two cycles. All
plots representing mortality rates were compiled to generate the final dataset for analysis. We

calculated the mortality rate as:
Basal area change

Mortality rate(m?ha™t y=1) = 3)

(Recent cycle survey year — 0ld cycle survey year)

It was assumed that the oak forests in the region had largely entered the self-thinning stage.
Consequently, declines in white oak basal area were attributed to WOM [32-34].

2.2.3. Stand Density

Stand density was calculated to assess tree crowding and competition within declining white
oak plots, providing insights into forest health and resource distribution. The basal area (m%ha) of
individual white oak trees was determined within each plot system as a foundational measure of tree
size and space utilization. Following this, the basal area values of all white oak trees in a plot were
summed to obtain the total basal area for that plot.

The total basal area was then standardized to a per-hectare value by dividing it by the plot area.
This allowed for consistent comparison of stand density across varying plot sizes and geographic
locations. The resulting stand density values were compared across the study’s ten states to evaluate
spatial patterns in competition and its relationship to white oak mortality.
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The calculation of stand density followed established Forest Inventory protocols [35], ensuring
the data reliability and compatibility with large-scale ecological assessments. The formula used for
stand density was:

Stand density (m?/ha) =

Basal area

)

Area

2.2.4. Stand Age

The stand age of white oaks was derived using USDA Forest Inventory data corresponding to
each survey year. This data provided information about the age of white oaks at the time of each
survey, enabling an analysis of their maturity and longevity in forest ecosystems.

Stand age data were compiled specifically for plots identified as declining, allowing us to
correlate age-related characteristics with WOM patterns. By analyzing the stand age, we gained
insights into the life stage of these trees and how age-related factors might influence their
susceptibility to environmental stressors and mortality. This approach ensured that our study
captured the role of maturity in shaping the dynamics of white oak forest ecosystems, contributing
to a broader understanding of their resilience and health.

2.2.5. Climate Variables

Climatic variables were acquired from NASA Earth data (https://www.earthdata.nasa.gov/)
from 1998 to 2019, including average seasonal precipitation (mm), spring (March, April, and May),
and summer (June, July, and August); and average seasonal temperatures i.e., winter (December,
January, and February) and summer (June, July, and August) temperature (in degree centigrade),
monthly mean vapor pressure (mm Hg) with resolution of 1km grids.

Monthly climatic variables were acquired in a grid format and extracted based on points since
our response variable (WOM rate) is location-based data. The climate data were modeled from daily
observations and summed up on a monthly and seasonal basis. Spring and summer are the key
growing seasons for many white oaks. During these months, white oaks aggressively
photosynthesize, generate new growth, and devote resources to reproduction. Precipitation in the
spring and summer is critical for soil moisture retention, supplying the water required for growth,
nutrient uptake, and general tree health. Inadequate moisture during spring and summer times might
disrupt physiological systems, potentially leading to stress and an increased risk of death in white
oaks. White oaks often go through senescence and prepare for dormancy in the fall, which reduces
water demand. While white oaks are generally dormant in the winter, which means their metabolic
activity is lowered and they rely less on soil water uptake. Hence, fall and winter precipitation are
less important than spring and summer precipitation in terms of white oak’s growth and
development.

We also calculated seasonal temperatures, mainly winter and summer, which are critical times
for deciduous trees, such as white oaks. Extremely low temperatures during the winter can damage
buds and young tissues, and even lead to winter desiccation [36,37]. Summer temperature influences
the timing of phenological events such as flowering and fruiting in white oaks [38,39]. Fall and spring
temperatures are also important to white oaks. However, fall is mainly for the dormant stage, and
spring is for bud breaks and leaf emergence [40]. Monitoring winter and summer temperatures
enables us to assess the effects of stress on physiological systems, growth rates, and overall tree
health. Also, we did not process all other climatic variables due to time constraints. That is why we
selected these peak seasons to study potential relationships among WOM rate, precipitation, and
temperature.

2.2.6. Drought Index

Drought index data were obtained from daily observations available through NOAA
(https://www.noaa.gov/). These daily observations were aggregated into monthly averages, aligning

with the study’s temporal scope of 1998 to 2019. The monthly data were used to compute the Palmer
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Drought Severity Index (PDSI), which measures long-term drought and moisture conditions, with a
spatial resolution of 1 km grids. This resolution was chosen to ensure consistency with other biotic
and abiotic variables included in the analysis.

The PDSI values ranged from -4 (indicating extreme dryness) to +4 (indicating extreme wetness),
providing a standardized metric to assess drought conditions across the study area. By integrating
this drought index with other data layers, we were able to evaluate the role of climatic stressors, such
as prolonged drought or wet periods, on WOM. This approach allows for reproducibility and ensures
that the spatial and temporal patterns of drought are accurately captured in the analysis.

2.2.7. Soil Variables

Soil variables, including texture, organic matter percentage (OM%), pH, total available water
(TAW%), topsoil and subsoil carbon (g/kg) were obtained from the USDA NRCS's Web Soil Survey
at a 30m-meter resolution (https://www.nrcs.usda.gov/resources/data-and-reports/web-soil-survey).
To ensure consistency with other biotic and biotic variables, the soil data were resampled to a 1-
kilometer resolution.

Texture classification was conducted using the FAO global soil classification system [41-43]. We
categorized soil into 18 groups (Table 2). Organic matter percentages were determined by combining
soil horizon data with horizon thickness, providing insights into soil fertility status. The total
available water percentage (TAW%) was calculated using the thickness of soil horizons and available
water content data. Similarly, top-soil and sub-soil carbon values were computed based on the
thickness of the respective soil horizons. These processed soil variables offered crucial inputs for
evaluating how soil characteristics impact WOM and their broader ecological implications.

Table 2. Soil texture with symbols, soil organic matter (SOM%), and total available water (TAW %)

classification across the eastern U.S.

Soil Texture SOM (%) TAW (%)
Very Low (0 -
Clay (C) Loam (L) Sandy Loam (SL) No (0) 20)
Loamy Fine Sand )
Clay Loam (CL) Silt (SI) Low (0.01) Low (21 - 40)
(LES)
Coarse Sand . Medium (0.02  Medium (41 -
Loamy Sand (LS) Silt Loam (SIL)
(COS) -0.03) 60)
i ) High (0.04 - .
Fine Sand (FS) Sand (S) Silty Clay (SIC) 0.1) High (61 - 80)
Fine Sand Silty Clay Loam Very High (1.1 Very High (81
y Sandy Clay (SC) y Clay y High ( y High (
Loam (FSL) (SICL) -3.7) -100)
Inland Water Sandy Clay Loam Very Fine Sandy
(WR) (SCL) Loam (VFSL)

2.2.8. Terrains

Abiotic terrains variable, including elevation (meters), slope (%), and aspect (degree), were
obtained from the U.S. Geological Survey (USGS) with an initial resolution of 30 meters. These data
were resampled to a 1-kilometer resolution to ensure consistency with other biotic and abiotic
variables used in the analysis (https://earthexplorer.usgs.gov/).

The elevation data was sourced from the Shuttle Radar Topographic Mission (SRTM) Digital
Elevation Model (DEM), which was downloaded from the USGS [44]. Using ArcMap version 10.8.1,
slope and aspect were derived from the elevation raster data. The slope was calculated as the
percentage incline of the terrain, and the aspect was measured in degrees, representing the direction
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a slope faces. These terrain variables were essential for understanding how topographical features
influence WOM across varying landscapes.

2.3. Data Analysis

To identify the most influential variable affecting WOM, we employed a non-parametric,
Classification and Regression Tree (CART) method due to its ability to handle hierarchical structure
and variable interdependencies effectively. Since most of the biotic and abiotic variables were
continuous, we applied the ANOVA method for classification. Biotic variables such as basal area,
stand density, and stand age and abiotic variables such as temperature, precipitation, PDSI, soil
properties and terrains served as predictors (independent variables), while the WOM rate was used
as the response variable. Prior to modeling, we applied a logarithmic transformation to the WOM
rate to normalize the data.

The CART process involved two main stages: (1) growing the tree and (2) pruning to determine
the optimal final subtree [45]. Initially, the dataset was randomly divided into two subsets: 65% of
data was used as training set to build the model, while the remaining 35% of data was kept aside for
test set for validating the model’s performance. A 10-fold cross-validation method was implemented
to minimize misclassification errors and select the best-performing CART model. To address
overfitting, pruning was performed by identifying the minimal complexity parameter (cp), which
was determined to be 0.0071. This value was used to prune the overfitted tree, ensuring more
generalized results and determining the partition percentages for node sizes.

The CART model was built and analyzed in R studio [46]. Model accuracy was assessed using
the root mean square error (RMSE), which quantifies the deviation between observed and predicted
WOM rates. RMSE was calculated using the following formula:

RMSE = \/2?21

Where n is the number of observations and i is the i-th data points.

(Observed WOM rates—predicted WOM rates)?
n

(6)

Additionally, variable importance was examined by constructing a hierarchical ranking for all
biotic and biotic variables using R Studio, categorizing them into high, middle, and low tiers based
on their influence on WOM rates. This comprehensive ranking provided insights into the relative
contributions of each variable, indicating targeted management strategies to minimize WOM rates.

3. Results
3.1. Identification of the Most Influential Variable Using the CART Model

Our model's performance demonstrated a high level of accuracy, achieving a root mean square
error (RMSE) of 1.52, the lowest observed error value, based on the Classification and Regression
Tree (CART) prediction model. Out of 18 biotic and abiotic variables analyzed, basal area emerged
as the only biotic factor to significantly contribute to the CART partition, with a predicted 68% effect
on WOM rates. This indicates that basal area may play a crucial role in influencing stand-level
dynamics of WOM rate. The model further identified specific abiotic variables such as summer
temperature, summer precipitation, winter temperature, spring precipitation, and elevation as
critical in the node partitioning process, highlighting their potential impact on WOM rates across the
study region (Figure 2). This suggests that both biotic and abiotic variables may interact with each
other to influence the WOM rate.

The pruned CART model identified basal area as the primary predictor variable affecting WOM
rate (Figure 2). This outcome supports our hypothesis that basal areas are a key factor influencing
WOM rates. The initial model split was defined by a basal area threshold of 7.6 m2ha-1, with plots
below this threshold associated with a significantly higher WOM rate, predicted at 2.3 m2ha-lyear-
1. This result highlights that a basal area under 7.6 m2ha-1 strongly influences WOM rates, accounting
for 68% of the observed effects in the model. Conversely, plots with a basal area exceeding 7.6 m2ha-
1 followed the right node, where basal areas under 13 m2ha-1 and up to a threshold of 23 m2ha-1
(10%) were also identified as relevant factors impacting WOM rates. Additionally, at lower
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thresholds, basal areas below 0.79 m2ha-1 were found to influence WOM, while plots above this level
did not exhibit a significant effect on mortality rates. These findings emphasize that while lower basal
areas tend to increase the susceptibility of WOM, there are complex interactions across basal area
thresholds that suggest varying degrees of competition and resource availability could drive
mortality.

Our findings support the hypothesis that summer temperature significantly influences WOM
rates. Specifically, summer temperatures below 25°C were associated with a 1% chance of impacting
WOM rates indicating a slight effect when there is a mild temperature. However, when summer
temperatures exceeded this threshold, up to 54 instances did not demonstrate any significant effect
on mortality rates. Notably, as temperatures increased to 27°C, they once again showed a measurable
impact on WOM rates, suggesting that mild to moderate summer temperature may influence oak
mortality, while extreme temperatures do not exert a uniform effect. Similarly, summer precipitation
also emerged as a significant factor. For instance, summer precipitation below 363 mm was linked to
a 1% likelihood of affecting WOM rates. Contrarily, when precipitation levels exceeded 363 mm, there
was an 11% chance of affecting WOM rates; however, these effects were inconsistent beyond this
threshold. These nuanced relationships between climate variables and WOM rates highlight the role
of moderate stress conditions (e.g., moderate summer temperature and rainfall scarcity) influencing
white oak tree vulnerability.

Our analysis through the CART model underscores the significance of spring precipitation,
elevation, and vapor pressure in influencing WOM rates. These findings align with our hypothesis
that spring precipitation impacts WOM rates, with key thresholds identified at <279 mm, <364 mm,
and <369 mm, each significantly associated with WOM rate variations. Precipitation levels beyond
these thresholds did not display any substantial effect, suggesting that spring precipitation primarily
influences mortality under specific lower values, potentially due to its role in early-season water
availability critical for white oak physiological processes.

Elevation was also found to impact WOM rates. Specifically, elevations below 162m indicated a
2% chance of affecting mortality, while elevations beyond this threshold (5%) were not significantly
impactful. This finding suggests that lower elevations may expose white oaks to more intense
environmental stressors, thereby elevating mortality risk. Furthermore, vapor pressure demonstrated
significance in relation to WOM rates, with values below 650 mm Hg showing a considerable impact.
This result may indicate that lower vapor pressure, often associated with drier atmospheric
conditions, could stress trees by reducing transpiration rates, exacerbating physiological stress, and
ultimately, influencing mortality. The model suggests that combined importance of precipitation,
elevation, and atmospheric moisture suggesting these environmental variables act as indicators of
vulnerability within the specific threshold ranges.
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Figure 2. CART partition of WOM rate from 1998 to 2019. Nodes are indicated in a balloon shape. Each node
denotes the mortality rate percentage and the predicted value for the WOM rate (m2/ha/year). Variables that

partition nodes are shown between node partitions.

3.2. The Variable Importance of Biotic and Abiotic Influencers in Response to WOM Rate

The variable importance plot revealed that biotic factors have a more significant influence on
WOM than abiotic factors, as indicated by the prominence of basal area and stand density, which
ranked highest (first tier) with an importance score of 512.12 (Figure 3). This indicates that the critical
role of stand structure and density plays a critical role in influencing mortality, likely due to their
effects on inter-tree competition and resource availability. In contrast, spring precipitation ranked
third with an importance score of 104.96, highlighting its role in supporting physiological processes,
especially during early growth stages.

Summer temperature ranked fourth (81.87), indicating that elevated temperatures contribute to
stress conditions affecting white oak survival. Elevation followed in the fifth position (66.40), likely
due to its impact on microclimatic conditions and resource accessibility. Other variables such as
winter temperature (54.10), vapor pressure (45.84), and summer precipitation (31.29) were also
notable, occupying middle-tier positions. These variables may reflect seasonal stress factors affecting
water availability and overall white oak tree health.

Further down in the ranking were soil properties and terrain factors. Variables like subsoil
carbon (3.71), topsoil carbon (2.51), aspect (1.09), soil texture (3.67), and organic matter percentage
(0.71) made minimal contributions to WOM rates. Notably, variables like pH and total available water
received no score, indicating limited influence in this context.
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Figure 3. Showing hierarchical score of variable importance of both biotic and abiotic variables affecting WOM
rates. (Note: temp represents temperature, prcp represents precipitation, PDSI represents Plamer Drought
Severity Index, Subsoil_C represents subsoil carbon, TopsoilC represents topsoil carbon, and OM represents soil

organic matter percentage).

4. Discussion
4.1. The Influential Variables in the Hierarchical Ranking and Their Ecological Significance

The use of the Classification and Regression Tree (CART) model has provided valuable insights
into the relationship among biotic, abiotic variables, and WOM rates across the eastern U.S. By
analyzing the decision tree’s splits, higher basal area thresholds play a significant role in predicting
WOM rates. The model’s first split, based on basal area, highlights critical thresholds that separate
areas with differing WOM rates. Research has shown that oak species with higher basal areas are at
greater risk due to increased competition influencing mortality [47].

From an ecological perspective, the most influential variable, basal area, reveals competitive
dynamics within a forest stand [48,49]. Studies suggest that basal area and stand density are key
drivers of resource competition, impacting the survival and recruitment of tree species [50]. For
instance, high basal areas and stand densities, in our case, often correlate with increased competition
for resources such as space, light, nutrients, and water. This competition causes tree stress, reduces
individual growth, ultimately contributes to higher mortality rates [51,52]. In contrast to our findings,
Kabrick et al. [53] observed no significant relationship between basal areas and oak mortality across
Missouri Ozarks forests, instead identifying crown class as a crucial influential factor. This disparity
underscores the complexity of forest ecosystems, where different environmental and stand
conditions may lead to varied outcomes. However, basal area and stand density were identified as
the most important influential factors in our study, indicating a significant concern for white oak
stands in the eastern U.S. due to resource competition [54].

Our findings also highlight the complex interplay of climatic factors in influencing WOM rates,
showing how temperature and precipitation thresholds can significantly impact white oak tree
growth and survival across varying environmental conditions [55]. Our results indicate that both
excessively high and low summer temperatures contribute to WOM rates, revealing a delicate
balance between the tree’s optimal growth conditions and its vulnerability to climate extremes. White
oaks thrive within a temperature range of 25°C-30°C, which fosters optimal metabolic and
physiological processes [56]. However, our results revealed that when summer temperatures deviate
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significantly from this range either being too low or too high, there is a noticeable increase in WOM
rates. This suggests a temperature threshold effect, where both low and high-temperature conditions
stress the white oaks beyond their tolerance levels. Studies have found similar patterns, with warmer,
drier conditions reducing oak growth in regions e.g., southern Italy and Poland, where temperatures
above normal have been linked to diminished tree vitality [57,58]. Furthermore, Taccon et al [59]
reported that high summer temperatures contribute to increased tree mortality, often prompting the
replacement of oaks with more xeric species better suited to arid conditions. Our findings align with
these observations, emphasizing the dual role of both temperature extremes and moisture availability
in driving mortality patterns in white oak forest stands.

Our study also highlights the sensitivity of white oaks to changes in precipitation during critical
growth conditions. Increased WOM in areas with higher-than-average summer precipitation
suggests water stress can have profound implications for oak survival. However, the lack of a
significant effect in certain areas with high precipitation suggests that local soil properties, water
retention capacities, and other ecological factors may mediate these relationships [60]. Some white
oaks in the eastern U.S. may have developed specific drought or waterlogging tolerance, making
them more resilient to changes in precipitation patterns [61]. This variability further underscores the
need for more detailed, site-specific research to fully understand the ecological dynamics of oak
mortality in response to changing climate patterns. It is evident in our results that the role of summer
precipitation emerged as a critical factor in shaping WOM rates. For instance, the increase in summer
precipitation coincided with an escalation in disease intensity, supporting the notion that excess
moisture during the growing season can increase stress on white oaks by fostering conditions
conducive to fungal infections and other pathogens [62]. While areas with higher-than-normal
summer precipitation showed significant impacts on WOM rates and this effect was not consistent
across all areas. Interestingly, our results showed that there might be some areas exhibiting a degree
of tolerance to moisture, potentially due to localized adaptation or resilience mechanisms in specific
white oak areas. This variability points to the complex nature of white oak tree responses to climatic
factors and underscores the need for region-specific management strategies to mitigate mortality risk.

Our results also demonstrated that spring precipitation, elevation, and winter temperatures are
also important variables influencing WOM rates. Our findings indicate that the white oak’s
sensitivity to seasonal water availability, altitude-related stressors, and winter temperature
thresholds, each shaping white oak health and resilience across the eastern U.S. For instance, spring
precipitation emerged as the crucial determinant of WOM rates, emphasizing the importance of
water availability during early growth stages when white oaks are particularly reliant on soil
moisture [63,64]. Studies suggest that reduced precipitation in spring can limit root growth and
compromise the tree’s resilience to subsequent stresses [65,66]. Our finding aligns with broader
ecological patterns, where water scarcity during growth periods has been linked to reduced forest
health and increased mortality in oak stands [67]. Therefore, adequate spring rainfall appears
essential for maintaining white oak vigor, particularly as climate shifts threaten water availability
during these growth-critical periods.

Our results also suggest that elevation impacts WOM rate by modifying temperature,
atmospheric pressure, and soil properties, altering white oak growth and resilience [68,69]. Studies
have found that higher elevations may increase exposure to temperature fluctuations and reduce
moisture availability, increasing WOM rates in these regions. This is because there is a greater chance
that altitude-related environmental gradients significantly affect species vulnerability changes
[70,71]. This suggests that forest management efforts should consider the variability in elevation to
effectively address WOM risk, as higher altitudes may heighten environmental stresses affecting
white oak survival. Furthermore, our results found that winter temperature also significantly
influences WOM rates, with colder conditions heightening vulnerability in regions where low winter
temperatures suppress metabolic activity and overall vigor [72]. This is because cold-induced stress,
particularly at northern latitudes, can inhibit white oak regeneration by limiting seedling survival
and reducing mature tree resilience. This indicates the sensitivity to winter temperature, which
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underscores the importance of managing white oak populations within temperature thresholds that
minimize winter-related mortality risks, especially as fluctuating winter temperatures threaten long-
term oak survival. We also found that vapor pressure is another important variable, which influences
WOM rates by highlighting the role of atmospheric moisture in maintaining white oak tree health
[73]. It is because vapor pressure, as an indicator of atmospheric humidity, affects transpiration and
water retention [74,75]. However, our results also revealed that higher vapor pressure above 650 mm
Hg may also increase pathogen susceptibility, limiting growth and increasing the risks of diseases.
This complex interplay between excessive moisture availability and pathogen risks reinforces the
nuanced ecological responses of white oaks, highlighting the need for soil moisture management that
optimizes white oak’s tree health.

Our findings also highlight the nuanced ecological significance of mid- and low-tier variables,
such as stand age, slope, PDS], soil texture, topsoil and subsoil carbon, and organic matter (OM%) on
WOM dynamics. This indicates that these variables are also shaping the broader ecological context
in which the white oak population functions, shedding light on adaptive mechanisms and stress
responses that influence stand structure and mortality rates. We found that stand age, slope and PDSI
as the mid-tier influencers. [76] reported that stand age reflects the succession stage, with older stands
potentially experiencing increased competition for resources, which can affect tree health and
resistance to stressors. Similarly, the influence of slope on WOM dynamics indicates topographical
complexity, as slope degree affects soil stability, moisture retention, and erosion potential, all of
which can indirectly affect white oak growth and resilience [77]. Similarly, PDSI also played a
moderate role in influencing WOM rates that indicate drought intensity level in which the medium
degree of dryness affected white oaks’ survival. It is because white oaks, while drought-tolerant to
an extent, may have been impacted by a certain degree of drought levels in water-deficient areas
affecting their long-term viability [78]. This influence of PDSI suggests that white oaks are also greatly
impacted by increased risks of drought frequency and intensity, underscoring the need for drought
resilience-focused management practices at a regional level [79].

4.2. Management Implications of WOM Rate Under Specific Thresholds

Our findings from the prediction model- CART captured significant implications for forest
management and conservation efforts. Areas with smaller basal areas may be exposed to
environmental stressors, competition dynamics, or other reasons that contribute to high WOM rates
[80,81]. These conditions should be addressed by interventions targeting areas with low basal areas,
which may be especially important for minimizing WOM and improving white oaks resilience. The
influence of stand structure factors, temperature, and precipitation thresholds provide valuable
information on the condition of WOM highlighting white oak forest management across the eastern
U.S [82,83]. The comprehensive understanding of the structural dynamics of biotic and abiotic factors
enables the identification of priority intervention zones and emphasizes the importance of adaptive
management solutions that take into consideration of research sites at different ecological conditions
[84,85].

To effectively manage WOM, it is essential to consider specific strategies that address the
variable thresholds of white oak stands. Basal area thresholds such as <0.76, <7.6, <13, and <23 m? ha-
1 suggest various stands that need regular monitoring of the basal area and conducting appropriate
silvicultural methods to reduce competition and stress on individual trees, resulting in healthier and
more robust white oak stands. Studies suggest that maintaining a basal area threshold between 11-
13 m? ha' is optimal for white oak stands [86]. This range provides a compromise between adequate
tree density and space for growth and regeneration. It is also necessary to implement pre-commercial
thinning to lower stand density and remove poor quality, sick, or damaged trees, allowing more
resources for healthier trees [87]. Similarly applying the shelterwood method to create canopy gaps
through selective cutting to ensure that enough light reaches the forest floor to support white oak
regeneration while sheltering young trees from direct sunshine and harsh circumstances. Other
management approaches could be implementing low-intensity prescribed fires to minimize litter


https://doi.org/10.20944/preprints202502.0115.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 February 2025 d0i:10.20944/preprints202502.0115.v1

13 of 19

layers and eliminate competing vegetation, hence promoting the establishment and growth of white
oak seedlings [88].

WOM can be managed under certain thresholds for summer temperatures indicated by our
study. The suitable summer temperature for the best white oak growth is between 21 °C -29 °C. For
this, forest management actions such as regular monitoring of local weather conditions and
comparing them to the ideal temperature range. We can also use climate forecasts to predict future
temperature trends and alter management techniques accordingly [89]. Other management
techniques could be enhancing soil moisture retention through mulching, which helps regulate soil
temperature and reduce water stress during hot periods [90].

Our study also indicated some thresholds of summer and spring precipitation that led to WOM.
However, white oaks can grow in locations with an annual precipitation range of 760 mm-1,270 mm,
with ideal spring precipitation of 150 mm-300 mm and summer precipitation of 200 mm-400 mm. To
manage WOM, we need to implement supplemental irrigation during dry seasons, especially if
spring precipitation falls below 150 mm or summer precipitation drops below 200 mm. Other
management actions could be utilizing rainwater harvesting to ensure a consistent water supply
during dry conditions. Other conservation methods could be implementing soil erosion control
techniques such as contour planting, terracing, and riparian buffers to minimize soil erosion and
conserve soil moisture. Further management approaches such as considering appropriate elevation
range and moderate vapor pressure to effectively manage WOM. Implementing measures such as
optimal site selection, additional irrigation, mulching, managed prescribed burning, thinning,
competition reduction, soil and water conservation, and genetic variety promotion. By implementing
these methods, we can establish a more resilient habitat that promotes white oak health and lowers
mortality rates as well.

4.3. Limitations of the Study

Our study used the data from the FIA program, which collects data across the United States on
a 5-7-year cycle, which, although comprehensive, may not have captured annual or short-term
variations in tree health and mortality rates [35]. This temporal gap might have hindered the ability
to detect rapid ecological changes, such as responses to sudden environmental stressors like droughts
and insect-pest outbreaks. While FIA provides a broad range of biotic and abiotic data, it lacks
detailed information on specific stressors affecting individual trees such as localized pest infestations
or diseases, which may have contributed to mortality but remained undocumented [91]. Similarly,
the data on stand structure, such as basal area and stand density, does not always account for specific
competitive interactions within stands, which could have affected mortality drivers. Furthermore,
FIA data does not directly include climate information but relies on linkage with external climate
databases, which could have introduced discrepancies in scale and resolution. Such limitations make
it challenging to precisely correlate environmental factors, like seasonal temperature and
precipitation changes, with observed tree mortality.

Although CART is a valuable tool for identifying hierarchical relationships among predictors,
its structure can lead to overfitting, especially with large, complex datasets like FIA. However, to
mitigate this, we have utilized pruning, which might have led to an exclusion of potentially relevant
variables that may have impacted WOM under different conditions. Our CART results are highly
influenced by the selection and range of input variables. This is because missing or insufficient data
on relevant biotic or abiotic factors (e.g., soil characteristics, understory vegetation) can limit the
model’s accuracy in capturing WOM drivers comprehensively [92]. While changing to a slight
variation in inputs, our CART model led to a different decision tree structure, potentially impacting
conclusions drawn from the model. It is also evident that CART models use binary splits, which can
oversimplify relationships in ecological data. This binary approach might have failed to capture
continuous, nuanced relationships among predictors such as gradual changes in mortality rates with
increasing temperature or precipitation. Consequently, this might have led to limiting a critical
ecological threshold, which is underestimated in a binary framework.
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5. Conclusion

Our study analyzed the application of the CART model, which has provided significant insights
into the complex ecological dynamics influencing WOM rates across the eastern United States. Our
analysis highlighted basal area as a key driver in determining WOM rates, with the initial split in the
decision tree indicating its critical role. The identification of specific thresholds for basal areas offers
a more refined understanding of their impact, allowing forest managers to pinpoint areas where
interventions may be most beneficial in mitigating WOM. This nuanced approach provides a valuable
tool for focusing management efforts to strengthen white oak populations in affected areas.

Additionally, the study underscored the importance of climatic factors such as summer
temperature and precipitation influencing WOM rates. Our findings suggest that temperature
extremes, particularly those exceeding 30°C, could play a significant role in WOM, pointing to the
need for adaptive management strategies that address temperature-related stressors. Similarly,
summer precipitation was found to be a crucial factor, with variations in water availability directly
influencing white oak health during critical growth stages. These findings highlight the need for
forest management practices that account for complex interactions between temperature,
precipitation, and stan structure to reduce the vulnerability of white oaks. Moreover, the results
emphasize the multidimensional nature of ecological processes affecting WOM rates, with
topographical variables like elevation and stand density contributing additional layers of complexity.
The identification of these factors as medium- and -low-influencers suggests that management
strategies should integrate a broader range of ecological considerations to maintain ecosystem health.

Notably, variables that did not participate in the CART model’s partitioning process were found
to have negligible impacts on WOM rates, reinforcing the importance of focusing on the most
influential factors for targeted intervention. By considering these results, forest managers can
optimize strategies that address specific ecological and climatic conditions, promoting the resilience
of white oak populations. Furthermore, the insights gained from the CART model enhance our
understanding of the ecological intricacies underlying WOM rates. By identifying critical thresholds
and relationships between biotic and abiotic factors, these findings lay the groundwork for more
effective forest management practices. Future studies should focus on not only mitigating the risks
associated with WOM but also contributing to long-term conservation and resilience by adding more
biotic and abiotic variables affecting white oak ecosystems across the broader scale of the eastern U.S.
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