Pre prints.org

Article Not peer-reviewed version

|dentifying Spatial Pattern of White
Oak (Quercus alba) Mortality and
its Relationship with Soil
Properties across the Eastern
United States

Saaruj Khadka ~ ,Hong S. He , Sougata Bardhan , Azad Henareh Khalyani

Posted Date: 25 July 2023
doi: 10.20944/preprints202307.1644 v1

Keywords: white oak mortality; soil properties; soil moisture; spatial patterns; clustered

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/3065887
https://sciprofiles.com/profile/304731
https://sciprofiles.com/profile/2179245

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 July 2023 do0i:10.20944/preprints202307.1644.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Identifying Spatial Pattern of White Oak
(Quercus alba) Mortality and Its Relationship with
Soil Properties across the Eastern United States

Saaruj Khadka **, Hong S. He !, Sougata Bardhan 2 and Azad Henareh Khalyani 3

1 School of Natural Resources, Room 3 ABNR Building, University of Missouri-Columbia, MO 65211, USA;
sk4dm3@mail.missouri.edu (S.K.); HeH@missouri.edu (H.H)

2 College of Agriculture, Environment and Human Science, 306 A Foster Hall, Lincoln University, Jefferson
City, MO 65102, USA; BardhanS@lincolnu.edu

3 USDA Forest Service, Lake Tahoe Basin Management Unit, 35 College Drive, South Lake Tahoe, CA 96150;

Azad.HenarehKhalyani@usda.gov

Correspondence: sk4dm3@mail. missouri.com

Abstract: White oak mortality is a significant concern in forest ecosystems due to its impact on biodiversity
and ecosystem functions. Understanding the factors influencing white oak mortality, particularly the soil
properties, is crucial for effective forest management and conservation efforts. In this study, we aimed to
investigate the spatial pattern of white oak mortality and examine the influence of soil properties on mortality
rates. Multicycle Forest Inventory and Analysis data were compiled to capture all white oaks across the eastern
US. White oak tree mortality data were collected across plot systems that utilized Diameter at Breast Height
between two periods. Soil variables were analyzed to assess soil properties. Spatial analysis techniques,
including geostatistics and regression modeling, were used to analyze the relationship between white oak
mortality and soil characteristics. Results found clustered spatial patterns of white oak mortality across a broad
scale depicting the significant effects of coarser soil textures (p = 0.00), nutrient-deficient sites, and extreme soil
moisture levels (p <0.1). Our findings demonstrated the importance of soil properties in shaping the spatial
pattern of white oak mortality rate. This idea can inform forest management practices for the conservation of
white oak populations. Future research is needed for comprehensive soil assessment including biotic and
abiotic factors for forest management strategies at a broader scale aimed at mitigating white oak mortality.

Keywords: white oak mortality; soil properties; soil moisture; spatial patterns; clustered

1. Introduction

Oak mortality is among the most observed phenomenon in oak forests in Eastern U.S. [1-4]. The
mortality starts with the oak tree browning of leaf, turning black, curl-up, and finally falling to the
ground [5-9] Factors responsible for the oak decline are suspected long-term predisposing, short-
term inciting, and contributing factors [7,9]. Predisposing factors are related to stand longevity and
maturity, which are responsible for a tree's natural ability to growth inhibition and lead to injury-
inducing agents. The inciting factors are related to physical or biological conditions, which are related
to defoliating insects, hail, frost, and drought. Reports from inciting factors showed typical crown
dieback, browning, and new leaf emergence in dying trees, which eventually leads to deaths [10].
The contributing factors are related to pathogenic fungi and boring insects that ultimately kill the
trees. This decline has grappled with notable drought outbreaks, late spring frost, the emergence of
saprophytic fungus due to climate change [11], and oak borer attacks on the most vulnerable sites.

Typically, oak mortality has been targeted in red oak group species. More recently, white oak
mortality (WOM) becomes a prominent target across the eastern US. It seems that the spatial
distribution pattern of WOM is not uniform. Poor resource sites [12] such as droughty, poor drainage,
and soil nutrient deficiency are more prone to WOM. It is because low resources had led to declining
and widespread regeneration failure. Scientists also reported WOM in higher-quality mesic sites
where the forest has gone through a high stand density and maturity stage [13,14]. The mortality is
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more prevalent in the self-thinning stage, as the tree species under high stand density struggle to
utilize maximum resources [15]. WOM has been observed in different topographies, from low-lying
lands to valley floors (Abrams, 2003). North-facing slopes where sunlight is low are more prone to
high oak mortality [16]. Besides, ecological stressors such as browsing, heavy shade, and disturbances
have influenced white oaks in many parts of eastern hardwood forests [17].

Soil properties play an important role in tree species' survival. The study on tree species at local
scales may not represent an actual pattern that can be best reflected at the regional level [18]. While
numerous factors influence white oak's spatial pattern and survival, soil properties emerged as
significant factors that influence forest ecosystem dynamics [10]. Eastern US covers a diverse range
of soil types and landscapes, which offers a unique opportunity to study the influence of soil
properties on WOM patterns. By examining the spatial heterogeneity of soil types and their
interactions with other environmental factors, we can understand how soil properties contribute to
the spatial patterns of WOM across a broad scale [19,20].

Variations in soil properties, such as texture, soil moisture, and organic matter can influence
white oaks' survival and establishment, and susceptibility to various stressors and disturbance
factors. Therefore, it is necessary to incorporate data from multiple sites from the eastern US and
study regional variations in soil types that influence the spatial pattern of WOM [21].

The aim of this study is (1) to assess the spatial distribution pattern of WOM rate across the
eastern US and (2) to evaluate the influence of soil properties (soil texture, organic matter, and total
available water) on spatial distribution patterns of WOM rate. The hypothesis was that the observed
spatial pattern of the WOM rate is random across the eastern US.

2. Materials and Methods

2.1. Study Area

We selected the eastern United States as our study area, which predominantly covers oak forests
[22]. It is comprised of ten states that cover a land area of 1,273,420,251.33 hectares (Figure 1). It
consists of varied tree species, and a wide range of climate, soil, and terrains [23-25]. The land
structure in the eastern part of the study area is significantly Appalachian plateaus with low
mountains, narrow valleys, and sharp edges. On the western portion, the area varies from highly flat
central till plains to interior low plateau along with Ozark highlands. The area consists of a variety of
ecological regions such as the Ouachita Mountains of Arkansas to the Northern Cumberland
Mountains in West Virginia. In the south, central till plains Oak-Hickory of Illinois to Interior Low
Plateau Highland Riff of Alabama.

The climate in this region is long, hot summers and cool winters. The mean annual temperature
ranges from 4 degrees to 18 degrees Celsius in the east-west gradient with warmer temperatures in
the south. The precipitation ranges from 500 mm in the northwest to 1,650 mm in the southeast. Some
Appalachian Mountains precipitation goes up to 2,000 mm during spring and fall. The soil types are
mostly mollisols, inceptisols, alfisol, and ultisols. These areas consist of xeric gradient characterized
by thin, rocky soils, exposed south, southwest, and wet slopes [26]. Our study area was historically
dominated by oaks, hickories, and pines. Today, most of the forest areas have been replaced by
agriculture and rapid urbanization [27]. In our study area, there are deciduous types of forests such
as oaks (Quercus spp.), hickory (Carya spp.), american beech (Fagus grandifolia), ash (Fraxinus spp.),
and maple (Acer spp.).
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Figure 1. Study area showing ten states of the eastern US [68].
2.2. Data Acquisition and Processing

2.2.1. Forest Inventory and Analysis Program

FIA program has been monitoring national forest resources across all ownerships in the US
[28,29]. The inventory data are collected and processed based on a relational database and categorized
into multiple phases. Stratified estimations are used to estimate population parameters for most of
the variables depending on the scale and level of information [30]. The inventoried data have an
advantage over other databases as the plots are evenly distributed without any geospatial bias [31].
FIA plots are recorded with at least one forested condition, which is remeasured every five years in
the eastern US. Each plot measures key attributes of all tree species including plots, surveyed years,
and others [32]. The plot designs in FIA are permanent samples with a fixed radius. The sampling
plots are designed with the hexagonal grid having one plot per 2,428 ha (6,000 ac). This plot is based
on phase 2 and 3 ground plots, which are clusters of four points. Point 1,2,3,4 is in central, 0 degree,
120 degrees, and 240 degrees azimuth, respectively away from point 1.

FIA also records condition-level information from the sampled data. A condition is based on
changes in land use or vegetation that fall inside a plot. Furthermore, it is also determined by the ten
percent crown or canopy cover of live tally trees [33]. A condition is designed in such a way that
arbitrary numbers are assigned and defined using discrete variables such as forest type, stand size,
species composition, stand structure, stand origin, ownership group, and disturbance history [33].
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The periodic and annual inventory is recorded approximately every ten and five years,
respectively. However, both periodic and annual inventories contained differences in plot design,
sampling, and measurement protocols. Hence, it is not possible to combine both periodic and annual
data with dissimilar samples. For instance, our farthest annual data goes back to 1998 from Virginia,
which is the oldest annual inventory among ten states. Also, most of the plot inventories are fully
recorded until 2019. That is why we chose our timeframe from 1998 to 2019.

2.2.2. Plot Level and White Oak Data

Phase 2 and 3 ground plot information from USDA Forest Service DataMart [69], were acquired
and have been assigned to a stratum from ten states of the eastern US (Table 1). A stratum refers to a
set of plots that have similar classifications captured from remotely sensed imagery. Within the
estimation unit of plot sampling, the weight of the stratum is based on the proportion of the stratum
[28,33]. In the same set of plot data, geographic coordinates (latitudes and longitudes) were recorded
that captured a 0.40 ha (1 acre) sample area but not for all trees. The plot recorded by the Forest
Service was located within one mile of the original location. It is because landowners prefer not to
disclose their property publicly due to security reasons associated with it [33,34]. We utilized sampled
i.e., forested conditions for the plot data which captured most of the hardwood tree species including
white oaks in ten states.

Table 1. Ten states with inventory years, cycles, number of white oak (WO) plots, and declining

plots.

State Inventory Years Cycles WO plots Declining plots
Alabama 2001-2019 8,9, &10 716 166
Arkansas 2000-2019 8,9,10, &11 1,158 400

Ilinois 2001-2019 56,7, &8 244 63
Indiana 1999-2019 567, &8 206 43
Kentucky 2000-2017 56,7, &8 775 207
Missouri 1999-2019 56,7, &8 1,544 527

Ohio 2001-2019 56,7, & 8 337 67
Tennessee 2000-2017 7,89, &10 909 305
Virginia 1998-2019 7,89,10, &11 855 314

West Virginia 2004-2019 6,7, &8 661 128

Total 7,405 2,220

The white oak tree tables were extracted from USDA Forest Service in which we used attributes
such as inventory year (INVYR), county code (COUNTYCD), plot number (PLOT), species code
(SPCD), tree status code (STATUSCD), trees per acre unadjusted (TPA_UNAD]J), cycles (CYCLE),
and current diameter (DIA). In it, we utilized plot numbers to connect plot, tree, and condition level
data to extract appropriate white oak trees from respective plots.

2.2.3. Soil Properties Data

We acquired soil variables from Gridded National Soil Survey Geographic Database
(gNATSGO) data provided by USDA Natural Resources Conservation Service [71]. The soil texture
classifications from SSURGO tabular data were combined with the spatial soil data provided with
GIS shapefiles. Some regions were null for soil texture classification, which was addressed by
obtaining information from the FAO dataset [70]. We used Soil Texture Triangle as a reference to fill
all null values for soil texture by placing SSURGO and FAO spatial soil data into the ArcGIS [35]. By
doing this, we obtained eighteen types of soil texture classification (including inland water) that were
common in our study area (Table 2). We also calculated soil organic matter and total available water
using soil horizon thickness; and classified them into five classes.

do0i:10.20944/preprints202307.1644.v1
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Table 2. Soil texture, soil organic matter (SOM), and total available water (TAW) classification across
the eastern US.

Soil Texture SOM (%) TAW (%)
Very L -

Clay (C) Loam (L) Sandy Loam (SL) No (0) ery ) (g’)w ©
Clay Loam Loamy Fine Sand .

o (LFS) Silt (SI) Low (0.01) Low (21 - 40)

Coarse ) Medium (0.02- Medium (41 -

L Sand (LS Silt Loam (SIL
Sand (COS) oamy Sand (LS) ilt Loam (SIL) 0.03) 60)
.

m&g?“d Sand (S) Silty Clay (SIC) ~ High (0.04-0.1)  High (61 - 80)
Fine Sandy Silty Clay Loam Very High (1.1-  Very High (81 -
Loam (FSL) ~ oandy Clay (5C) (SICL) 3.7) 100)

Inland Sandy Clay Loam Very Fine Sandy
Water (WR) (SCL) Loam (VFSL)

2.3. Data Analysis

2.3.1. Plot, Condition-Level, and White Oak Data Analysis

Annualized data from 1998 to 2019 were processed to acquire 2,220 white oak plots across ten
states. Our annual data were grouped into multicycles based on a five-survey-year cycle. For instance,
Missouri had cycle 5 which consisted of inventory years grouped from 1999 to 2003 (usually year-
wise data). Similarly, other cycles had a set of inventory years that goes until 2019 which was grouped
as cycle 6 (2004 to 2008), cycle 7 (2009 to 2013), and cycle 8 (2014 to 2019). We performed our data
processing by selecting only forested conditions. By doing this, white oak trees from multi-cycles
were extracted from tree-level data for further analysis. Tree level attributes such as DBH and density
(trees per acre unadjusted) were used to calculate the total basal area (feet?/acre) in each plot. Later,
we converted the basal area into the standard unit as a square meter per hectare.

2.3.2. White Oak Mortality Rate Analysis

The mortality rate was calculated by using basal areas of two inventory cycles, which were
grouped into five years. We selected all the basal areas from declining plots of white oaks concerning
inventory years. We calculated the yearly rate of change (m? ha' year?') by dividing the white oak
reduced basal area with the change in inventory years between two cycles. All those declining plots
representing mortality rates were extracted. Some of the white oak plots were remeasured in the
period from 1998 to 2019. Hence, we omitted those repeated plots to have accurate results and
analysis. However, we summed up all those remeasured plots” basal areas to obtain the true basal
area. We calculated the mortality rate as:

Reduced basal area

talit te =
ortatity rate Recent cycle basal area — 0ld cycle basal area)

We assumed oak forests in this region have mostly gone through the self-thinning stage [36-38]
and thus reduction of the white oak basal area can be attributed to WOM.

2.3.3. Spatial Distribution Analysis of WOM by univariate Ripley’s K function

We used Multi-Distance Spatial Cluster Analysis-Ripley’s K function tool [39], which uses
nearest neighbor distance to process spatial distribution patterns. ArcMap version 10.7.1 was used
for Ripley's K function which defines whether our spatial pattern is cluster, random, or uniform on
each analysis scale [40,41]. All 2,220 WOM points from 1998 to 2019 were compiled that contained
point locations i.e., longitudes and latitudes. In Ripley's k function tool, the initial distance was 2,000
m and the increment distance is 20,000 m. Edge correction was done by using Ripley's edge correction
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formula [39], which automatically counts and measures points inside the study area. To test our null
hypothesis of complete spatial randomness (CSR), we formed upper and lower confidence envelopes
of 99.9% generated from randomizations of 999 plot points using the default random generator in
ArcGIS. We examined whether our theoretical curve (Kineo) deviates from CSR or not. If the observed
curve (Kobs) is above the theoretical curve and upper envelope, then there is spatial clustering. If it is
below the theoretical curve and lower envelope, then WOM points follow spatial dispersion
(uniform). There is also a greater chance that both observed and theoretical curves could line up
denoting complete spatial randomness or random pattern. We used the transformed K function (L(d))
to represent the graphical interpretation of Ripley's K function.

2.3.4. WOM Rate, Stand Density, and Size Distribution among Soil Variables

We did a log transformation for the WOM rate and stand density of white oaks so that our data
distribution could achieve normality. Basal area per area was calculated for stand density from the
dying plots of white oak. Soil textures were classified (18 classes in our study area) taking a reference
from Food and Agriculture Organization Soils Portal based on World Reference Base (WRB) soil
classification system [70]. We interpolated soil organic matter and total available water and use the
interpolated results to compare them with the spatial pattern of the WOM rate. Soil organic matter
and total available water percentage were classified into five classesi.e., very low, low, medium, high,
and very high using natural breaks (Jenks) from ArcGIS. Our data were analyzed using R studio [42].
In it, we fitted a linear model (Im) to find the relationship between WOM rate and soil variables; and
between the stand density of WOM and soil variables using significance levels at « = 0.1 and a = 0.05,
respectively.

3. Results

3.1. White Oak Mortality Spatial Distribution Patterns

The spatial distribution pattern of the WOM rate showed random patterns up to 3000 m, as the
observed K value was inside the confidence envelopes, and we accept the null hypothesis (Figure 2).
Beyond this point, we reject our null hypothesis, the spatial distribution of WOM rate showed
clustered until 20,000 m is statistically significant. It is due to the spatial clustering of WOM rates, as
indicated by the observed K value being significantly larger than the expected K function and falling
outside the confidence envelopes. This clustering pattern of the WOM rate increases as the distance
increases. Most of our pattern analysis for the WOM rate depicted clustered (non-random) patterns
at a larger distance across the eastern US. Thus, our spatial distribution pattern analysis of WOM
showed more clustering patterns than the random pattern as distance increases.

The kernel density maps for white oaks show the clusters spatial distribution across the
declining plots of white oaks (Figure 2). This density distribution indicated areas for higher or lower
concentrations across the eastern US.
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Figure 2. Observed spatial patterns through Ripley's K L(d) as a transformed function of WOM rate
across the eastern US. The red line indicates the observed K function. The blue line indicates the
expected K function. The gray envelope indicates 99.9% confidence level for the CSR hypothesis.

3.2. Relationship between WOM rate and Soil Variables

The relationship between logarithmic WOM rate and soil variables was also explained based on
central tendency (Figure 3). Results showed that there was a higher variation among soil texture
classes concerning WOM rate. However, the silt (SI) had less variability as compared with other
texture classes. Our results showed significant effects with a negative linear relationship between
silty clay loam (SICL) class and WOM rate (3 =-0.39; p = 0.06). This indicates that the content of silt
clay loam is negatively related to WOM.

Jog (motslty rate)

log (mortaity rate)
log {motaidy rate}

s L5 B Sc 3 @ s prove=s P e nn o ]
i ? s o o ? e ; i
Soi texture class orgaric mater class Total avaable water class

Figure 3. Box plots representing the central tendency of WOM rate based on soil texture, organic
matter, and total available water classes.
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Results from the central tendency of total available water class showed greater variation in
WOM rate. The total available water classes were more or less similar in the data distribution with
respect to the WOM rate. However, there was a significant and positive linear relationship between
very high total available water class and WOM rate (3 = 0.20; p= 0.05) indicating that the content of
total available water is positively related to WOM rate.

Our results showed that a very high class of soil organic matter had a higher variation with
respect to the WOM rate. However, the data variation was much higher for the rest of the soil organic
matter classes except for very high soil organic matter. Other soil variables such as very low and low
organic matter classes were significant and showed a negative linear relationship with WOM rate i.e.,
p=-0.81, p=0.08, and =-0.83, p =0.07, respectively. These indicate that the content of low and very
low organic matter is negatively related to the WOM rate.

3.3. Relationship between Density Distribution of WOM and Soil Variables

The relationship between the density distribution of WOM and soil variables i.e., texture,
organic matter, and total available water were highly significant (p = 0.00). In this regard, the density
distribution of soil properties i.e., texture, soil organic matter, and total available water concerning
WOM rate was successful in interpreting the spatial pattern of WOM across the eastern US.

The result showed a significant and a negative linear relationship between loamy fine sand and
the stand density of WOM (3 = -1.50; p = 0.04), indicating that the content of loamy fine sand is
negatively related to the density distribution of WOM. Also, fine sandy loam and clay loam showed
a significant and a negative relationship with stand density i.e., 3 =-0.39, p =0.02; and 3 =-0.29, p =
0.04, respectively. This indicates that the content of fine sandy loam and clay loam is negatively
related to the density distribution of WOM.

Our result did not show a statistically significant relationship between soil organic matter and
stand density of WOM. However, there was a variation of organic matter class along with the stand
density of WOM across the eastern US (Figure 4). The central tendency analysis showed that very
high organic matter class played a significant role in the stand density distribution of WOM i.e., 2
m?/ha. However, the rest of the organic matter class i.e., high, medium, low, and very low classes
were positively related to the density distribution of WOM but not quite greater in comparison to
very high organic matter.

log (stand densiy)

log (stand density)
|
log (stand censity)

Sod texture class Organic malter ciass Total avaiable waler class

Figure 4. Box plots representing the central tendency of stand density of WOM based on soil texture,
soil organic matter, and total available water classes.

Our results showed a statistically significant linear relationship between the stand density of
white oaks and very low total available water class (= 0.28 and p =0.001). However, results showed
that a very high total available water class (f = 0.32, p = 0.00) is highly significant with the stand
density of white oaks. Our central tendency analysis showed that there was a variation among total
available water classes with respect to the stand density of WOM (Figure 6). Result showed that very
high total available water class had a greater variation concerning the stand density of WOM. We
also found that very low total available water class had significant variation in the distribution of
stand density of WOM.
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4. Discussion

4.1. Spatial Distribution Patterns of WOM Rate

K-function indicates that the WOM rate at site scales is random. This confirms with findings that
WOM is reported at various site conditions including poor and good resources sites as well as various
topographic and hydrological conditions [41,43,44]. WOM rate shows increasing clustered
distribution at broad scales, indicating that mid-level controls such as topography and soil, and
regional-scale controls such as climate, drought in particular, may exert some dominant roles over
the WOM rate [45-47]. The method and analysis used in this study is in accordance with other similar
findings that aggregation factors were responsible for the spatial distribution of WOM rate [41,48]. It
also appears that site-scale processes such as self-thinning in white oak stands may accumulate across
the region, which may result in a region-wide WOM since most white oak stands were regenerated
after forest clearing and the subsequent agricultural abandonment nearly a century ago [49-51].

The spatial pattern of WOM has been influenced by edaphic factors such as soil variables
responsible for clustering. It is because soil conditions determine species establishment and can
influence resource availability and forest disturbance [52,53]. For instance, our results found soil
texture (e.g., silty clay loam) had significant effects on white oaks development, suggesting a
clustered spatial pattern of WOM rate at a larger scale. This may be due to coarser soil textures such
as fine sandy loam, clay loam, and loamy fine sand, across our study area, had a higher infiltration
rate where water movement occurs through the soil profile resulting reduction in water retention and
availability for white oaks [54,55]. The research found that the spatial pattern of WOM becomes more
clustered with the influence of abiotic factors such as soil characteristics, climate, and topography
that limit the development of white oaks [41,56]. This might be the probable reason that the spatial
pattern of WOM is clustered across the eastern US.

Our findings align with the previous studies that have shown a strong connection between soil
organic matter and tree mortality [57-59]. Our study follows similar findings of [60] that white oaks
exhibited reduced growth and were dying in clusters across organic matter deficient areas. Another
study from [61] on tree survival and growth in mixed soil types reported that WOM rates were higher
in organic matter-scarce areas where the soil was extremely dry. Our results reported low i.e., 0.01%,
and very low i.e., no soil organic matter had significant impacts on shaping clustered spatial patterns
of WOM rate. It is because low or no soil organic matter had combined effects such as reduced
nutrient availability, increased susceptibility to insect pests and diseases, and stress from drought
that may have contributed to clustered patterns [62,63].

Our findings show that the spatial pattern of WOM rate could be influenced by variations in soil
moisture content. It is because previous studies have found that soil moisture plays a critical role in
tree health due to excessive or insufficient moisture levels leading to increased stress and
susceptibility to diseases and pests [64,65]. For instance, our findings indicated that clustered pattern
of WOM rate in low moisture areas (e.g., very low class of total available water), suggesting extremely
dry conditions resulting in white oak decline. However, our results also found compelling evidence
suggesting elevated soil moisture levels (e.g., very high class of total available water) are associated
with higher mortality rates in white oaks. Elevated soil moisture has adverse conditions on white
oaks due to reduced soil aeration and increased waterlogging. [66] and [67] reported similar patterns
of increased mortality in areas with poor drainage and high soil moisture levels.

While our study mainly focused on the relationship between soil variables and WOM rate. It is
important to consider other potential factors that can contribute to white oak decline such as climate,
topography, stand structure, terrains, insect pest attacks, and others. Moreover, our study was
conducted on specific geographic regions, mainly the eastern US, and the conclusion drawn from our
findings to other tree species should be investigated further.

5. Conclusions

Our study examined the WOM rate and its spatial patterns across the eastern United States using
annual forest inventories and soil variables. The spatial pattern of the WOM rate was clustered at a
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larger distance and random at a shorter distance. And these clustering patterns were influenced by
various sizes of soil variables. Mostly, silty clay loam, fine sandy loam, loamy fine sand, very high
and low class of total available water, and very low and low class of soil organic matter played a
significant role in the spatial distribution of WOM rate.

The information from WOM rate, stand density of WOM, soil texture, soil organic matter, and
total available water revealed mostly clustered spatial patterns, and the patterns differed on the size
of scales. Except for some soil textures and total available water, other sizes of organic matter did not
show any significant role in the spatial pattern of WOM rate in our study area. We investigated that
the regional pattern analysis of WOM rate had been influenced by soil characteristics across a broad
scale. The observed relationship highlights the importance of various soil textures, soil organic
matter, and soil moisture in determining the clustered spatial pattern of the WOM rate. However,
further research is needed to investigate the specific mechanism underlying these relationships and
to assess the long-term impacts on oak forest ecosystems. Future studies could explore the effects of
multiple factors such as biotic and abiotic factors as well as land use practices, to obtain a more
comprehensive understanding of the spatial pattern of WOM.
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