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Chapter 1 – Introduction

Digital soil mapping (DSM) is a promising tool for accelerating the soil survey process, 

increasing data coverage into areas that would be difficult to map otherwise, and to elucidate the 

process of soil classification calls made in the field. Malheur National Forest (NF) located in 

northeastern Oregon (Figure 1.1) is a pedologically diverse area that was mapped in its entirety for 

soils in 1974 as part of the Soil Resource Inventory (SRI). The SRI has detailed information about 

the area geology, vegetation, and physical characteristics of the soil, but contains little to no 

information of soil chemical properties. Soil maps of the area are currently in the process of being 

updated. The research presented here is intended to provide predictive maps of soil chemical 

properties across Malheur NF that can be used to complement and improve traditional soil survey 

information, to use during survey premapping, and to experiment with predicting classes of soil 

properties using a recursive decision tree model.

DSM is a method of mapping that depends on both the expert knowledge of the mapper and the 

amount and quality of available data of the different environmental variables at the area of interest. 

Many modeling tools are available for predictive mapping of soil types (McBratney et al. 2003; 

Luoto and Hjort 2005) that can also be applied to mapping soil properties. Most predictive mapping 

of soil properties apply kriging, inverse weighted distance (IWD), or other types of geostatistics that 

focus on using the spatially autocorrelated nature of soil to reduce the prediction error rate 

(Lagacherie and Voltz 2000). Kriging is useful for estimating soil properties when the extent of the 

area of interest is small, has low relief, and when there is a small range in the variability of the soil 

property of interest. While spatial autocorrelation plays a role in improving the accuracy of 

predicted soil properties at large map scales, the influence of environmental variables cannot be 

underestimated in areas of large extent and variability in surface features. Data mining and machine 

learning tools allow for prediction of soil properties based on the factors of soil formation 

(McBratney et al., 2003).
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The classic CLORPT model presented by Jenny (1941) allows for the estimation of soil 

types and key traits based on the climate, organisms, relief, parent material, and the duration 

and origin of time of formation. A method for incorporating the spatial correlation factor into 

the soil type prediction was introduced by McBratney et al. (2003). The framework 

incorporates both the traditionally accepted soil forming factors listed within Jenny's 

CLORPT model (1941) as well as existing soil information and spatial location:

                                                  Sc,a=f(s, c, o, r, p, a, n)                                                       (1.1)

Where Sc,a refers to predicted soil class or attribute, s to known soil property data, c to 

climate, o to organisms including anthropogenic activity, r to relief, p to parent material, a to 

age, and n to spatial location or to an autocorrelation factor. These referenced environmental 

variables can be used as inputs to a predictive model. Soil properties result from the influence 

of the formative factors of soil, reflecting the historical influences of climate, parent material, 

biological influence, topographic position, and time. Traditional soil survey conveys this 

information through maps with soils lumped into relatively homogeneous units. However, 

quantitative information about the spatial variation of soil properties within a map unit is 

necessary to make proper land management decisions. Specific information about soil 

properties would also provide more insight to the ecological and physical function of the soil 

type as well as to the dominant formative processes that influence the landscape in that 

location.   

Categorical and regression trees (CART) are one means by which a large number of 

environmental variables can be incorporated into the modeling process. The algorithm of 

Breiman (2001), Random Forest, creates a large number of decision trees and generates a 

prediction based on the average output across all trees. This algorithm is useful for soil 
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mapping because a large number of environmental variables can be used as inputs to the 

model and, as long as the training samples are representative of the variability across the area 

of interest, it can be done with a limited training set. Random Forest also includes a measure 

of variable importance, based on the mean decrease in the error rate obtained with the 

variable both absent and present in the model. This is useful for generating hypotheses about 

which dominant processes are acting on the landscape. CART and Random Forest have been 

used with successful results in past studies predicting soil properties, particularly for soil 

texture (Behrens et al., 2014; Hitziger & Ließ, 2014) and organic matter (Poggio et al., 2013; 

Guo et al., 2015). However is has been used less extensively for predicting variation within 

chemical properties such as pH and base saturation.

The goal of this research is to test whether prediction of soil properties through a 

classification method across a large area was more functional and appropriate to use as 

opposed to a kriged surface of soil properties. The objectives were to 1) test if Random Forest 

is a more appropriate model to apply to the available data sets compared to other available 

methods such as regression kriging for the selected soil properties (pH; base saturation; CEC; 

and % clay content) in the surface and subsurface horizons across the region, 2) to 

experiment with interpreting soil-landscape processes through models, and 3) to formulate a 

framework for generating relatively accurate soil property maps that can be used for 

premapping during traditional soil survey or for other land management purposes. The 

predictive property maps generated for Malheur National Forest can be used for any number 

of purposes after the validity of the maps is assessed. Premapping for traditional soil maps 

typically involves reviewing the geology of the area, the visible vegetation, and the 

differences in topography; all of which are the basis for drawing polygon lines that delineate 
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the soil map units (Richard Williams, Private Communication). Soil property maps would be 

useful for making some additional edits to the predetermined polygons when going into the 

field, and for determining which locations might require more attention in the field because 

of the variability in the error rate. 

In the subsequent sections, the rationale for applying DSM to this region for prediction of 

soil properties will be further explained and the execution discussed. The second chapter is 

devoted to the literature review. A search of the literature was conducted in order to find 

previous instances of DSM used for predictive mapping of soil properties as well as to better 

understand how DSM has been applied thus far. Chapter three is a description of the study 

area and the environmental variables selected as inputs to the model. Chapter four is a 

description of the methodology used to map the region. This section includes information on 

sample location selection, field data collection, laboratory analysis, model construction and 

validation, and model analysis. The fifth and sixth chapters are the results and the combined 

discussion and conclusion, respectively.
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Figure 1.1: Map of the location of the study area within the state of Oregon. 
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Chapter 2 – Literature Review

DSM is used to create a predictive map of the spatial variability of chemical and physical 

soil properties or of soil type (Florinsky, 2012). As noted by Roecker et al. (2010) traditional 

soil mapping and DSM are based on a similar foundation. Both types of mapping can be 

interpreted as predictive because both look to the known relationships between soil and the 

more visible environmental variables to make inferences about the properties of the soil. The 

use of computer modeling makes the process of classification more accessible to those who 

are not familiar with soil mapping and speeds the overall mapping process considerably. 

According to the CLORPT model first presented by Jenny (1941), a soil surveyor can make 

hypotheses about the soil traits at a location based on climate, organisms, relief, parent 

material, and time. Modeling is a way of expressing these hypotheses and the resulting 

predictions are the test to determine whether or not our understanding matches reality. There 

are a great number of machine learning tools available that can take the known information 

about the landscape and interpret it as a model.

DSM has been more commonly applied to larger areas as the availability of remote 

sensing data and of machine learning tools has increased (Mulder et al., 2011).  A search on 

Web of Science with the key words 'digital soil mapping' returned 1,294 results, with most 

results in the fields of agriculture, geology, and environmental science ecology (Figure 2.1). 

In a review paper, Finke (2012) draws attention to some of the issues that are becoming 

increasingly important since DSM has become a more common practice. The first issue is the 

appropriate application and use of soil data generated through DSM. The second issue 

concerns the role of DSM and pedologists/mappers/modelers as both data providers and as 

knowledge gatherers. Finally, Finke (2012) emphasizes the need for the development of a 
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model framework that uses a single modeling technique or combination of techniques, which 

would be comparable across multiple scales and across different landscapes.

The objectives of this literature review are to 1) assess the methods used to predict the 

spatial variability of soil physical and chemical properties, 2) evaluate the type of information 

that can be gained from spatial models of soil properties, and 3) compose a methodology 

framework for mapping soil properties. There are a variety of methodologies for selecting a 

model and the relevant input data. This would include both the models applied and the type of 

data used to train the models and predict soil property. The second objective, learning from 

models, is one that has barely been touched in the literature and has a lot of potential for 

further study. The last objective is to synthesize the current knowledge of soil modeling into a 

repeatable method that can more accurately assess the quality of the soil data generated 

through predictive models and can be applied to mapping soil properties in the Malheur 

National Forest or other montane, forested regions.

2.1 – Traditional Soil Mapping and Legacy Data

With the greater availability and use of technology, information from soil survey maps is 

being extracted and applied in ways that had likely not been anticipated in the 1930's when 

the soil survey and classification systems were first formalized (Arnold, 1999). Nauman & 

Thompson (2014) observed that soil-landscape rules in the SSURGO database are less 

specific than those described in the original soil survey manuscript, which has important 

implications for those who extract data from the national database for their own purposes.  

The prediction of soil properties, which are much more easily quantified compared to soil 

taxonomic classes, would be more useful for particular uses such as site hazard assessment, 
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identification of suitable habitat for endangered species (Wagner et al., 2014), or the 

identification of locations for concentrating restoration and conservation efforts (Finkl & 

Restrepo-Coupe, 2007). 

Past studies have mined SSURGO (Soil Survey Geographic Database, managed by the 

Natural Resource Conservation Service) for soil property information, and have used that 

data to generate predictive maps of soil properties such as carbon content (Bliss et al., 1995; 

Thompson & Kolka, 2005). When Nauman & Thompson (2014) checked their observed 

validation points against the SSURGO dataset, the match rate was 54% in multi-component 

map units where the pedon data could be matched to any one component, and 24% for single 

component map units. A single soil series is representative of a common grouping of soil 

properties (Dent & Young, 1981), so any pedon mapped within a mapunit should be similar, 

but not identical to the representative pedon of the series. However, soil survey does not not 

include a specific measure of how much soil properties may vary within a soil series. Existing 

soil data from soil surveys may not be sufficiently specific to use as training data for mapping 

soil properties, although it is often used as such (Mayr et al., 2008; de Carvalho et al., 2014). 

However, the data from soil survey still represents the current understanding pedologists have 

of soil-landscape relationships (Mayr et al. 2008) and can be used as a validation set to check 

whether predictions of soil properties fall within an acceptable range for different map units.

Taxonomic classifications for soil survey are closely associated with the land use 

suitability as opposed to the observable soil properties. However there are also land use 

indicators represented by soil properties (Dent & Young, 1981). For example, silviculture 

specialists would be interested in the nutrient availability and nutrient retention capacity of 

the soil, which can be assessed based on the soil pH, cation exchange capacity (CEC), base 
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saturation,  texture, and Fe oxide to clay ratio. Some of this information can be extracted 

from soil survey if the user is versed in soil taxonomy, or can be obtained from specialized 

maps of soil properties if any are available for the area. However, detailed soil property maps 

are usually only available for small areas and only for a specialized purpose (Dent & Young, 

1981), and there are a variety of disciplines that need the data that can be obtained from 

surveys but lack the knowledge to make proper use of the information (Finke, 2012). The role 

of soil in landscape scale processes is sometimes overlooked by other science disciplines for 

this reason, but soil information can be made more accessible by making the information both 

more widely available and interpretable to other specialists, using DSM.

2.2 – Spatial Models Applied for DSM

Methods of DSM include both the use of geostatistics and a concept known as full-

CLORPT modeling. Full-CLORPT modeling uses a wide array of environmental variables as 

predictors to interpolate soil types or properties (Hengl et al., 2004a). However, in the 

literature full-CLORPT modeling has also been used to refer to prediction methods that only 

use environmental variables representing topography and vegetation to predict soil properties 

through regression kriging (Omran, 2012). Full-CLORPT modeling is a multi-step process. It 

begins with applying knowledge of pedogenic processes to selecting covariates, moves on to 

modeling and prediction, and ends with validation at which point the process loops back to 

the beginning. This method only works in areas where there is enough variability in the 

environmental covariates to distinguish differences in soil properties. It is also important to 

note that not all soil properties are products of soil genesis, but are inherent properties of the 

parent material or are the result of additions to the soil. This would include properties such as 
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soil texture and organic matter content. A recent study my Miller et al. (2015) found that 

when there is limited environmental covariate data, decision tree models allow for 

substitution within the model, which can help to reduce the error rate of the output when 

there is missing covariate data. This is possible because of the cross-correlated nature of the 

input variables. However, substitution within models complicate the use of tree models as a 

learning tool for measuring input variable importance. This does not invalidate the full-

CLORPT method, but will affect how the output of the model is interpreted.

 Regression kriging has some advantages over full-CLORPT modeling, such as 

accounting for spatial autocorrelation and allowing for a more quantitative analysis of soil-

environmental variable relationships. Hengl et al. (2004a) proposed a framework for applying 

universal regression kriging to the spatial interpolation of soil properties. According to their 

results, regression kriging is a better estimate of soil properties compared to ordinary kriging. 

Geostatistics, particularly kriging, are useful for computing the statistical  spatial variability 

in soil properties. Such methods have advantages such as being able to identify spatial trends 

between soil properties and environmental variables, and being able to produce a continuous 

raster layer with a measure of error (Patriche & Vasiliniuc, 2009). However these methods 

also have disadvantages. The output of regression kriging and universal kriging can be 

complicated and is prone to misinterpretation when the user is unfamiliar with the technique 

(Hengl et al., 2004a; Patriche & Vasiliniuc 2009). Also, while kriging methods are able to 

identify the presence of a spatial trend is soil properties, it cannot quantify the relationship 

(Hengl et al., 2004a). 

Classification and regression trees (CART) fit the definition of full-CLORPT modeling 

exactly. CART models can also be referred to as decision trees, which make classifications 
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based on the combination of covariates. The outcome of a tree may vary depending on the 

order the variables are tried, and so often a group of decision trees are used to generate 

predictions and the average outcome is assigned as the prediction. Although CART models 

are convenient and useful for exploring relationships using a large number of covariates and 

predictive variables that are correlated with each other, there are limitations to this method of 

generating predictions as well. If the information included in the training set is incomplete, 

the model will not predict conditions from the omitted data and thus result in an inaccurate 

map. This is accounted for by the reiterative nature of the mapping process, although it places 

restrictions on the use of the maps in the interim. The data used as the predictive variables 

also has a strong influence on the accuracy of the predictive map. The scale and accuracy of 

the existing information determines that of the product.

There is not necessarily one model that fits soils perfectly across the landscape. Models 

are by definition generalizations of reality and are only a tool that can be used to better 

understand how soils vary across the landscape. However, generalizations about soils can be 

made at multiple scales (Grunwald et al., 2011). DSM can be used to create a predictive map 

of the spatial distribution and variability of chemical and physical soil traits (Florinsky, 

2012). In order to make the resulting predictive maps usable for different purposes, it must be 

validated to ensure the accuracy of the information. There are a great many modeling 

methods to choose from, and although there is not one type that fits all soil mapping 

scenarios it is important that those who use models for DSM move towards a common 

modeling framework. Multiple sources have suggested developing a common framework for 

DSM (Hartemink & McBratney, 2008; Finke, 2012; Hitziger & Ließ, 2014). Standardization 

allows for comparison of model performance across different landscape types, at different 
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scales, or for different soil attributes.

Primary considerations when producing a DSM include the type of use for the maps as 

well as the scale of the use. In the future, these predictive maps can be used to make site 

evaluations or to manage land at a regional scale. The spatial model must have a level of 

accuracy and scale appropriate for the intended use. The scale and accuracy of the data used 

for training the model has a great influence on model accuracy and appropriate use. 

Cambardella et al. (1994) concluded that spatial data collected and used to model processes at 

one site can be applied to other sites nearby, although there is no evidence that the model can 

be extrapolated to larger scales. The mapping project in eastern Oregon provides an 

opportunity to determine whether some soil properties are controlled by different processes, 

depending on scale. A complete understanding of the geomorphological and ecological 

processes that act on the landscape provides insight into important predictive variables and 

models that may be structured to produce an informative and accurate set of maps.

Most models applied in DSM use some combination of machine learning and 

geostatistics to make predictions of soil type. Machine learning refers to CART models and 

other data-driven methods that depend on the quantity and quality of information fed into the 

model. Classification trees predict a qualitative response value based on how the combination 

of predicted values are selected. The selection is determined by a rule set, which is either 

generated by a machine learning model using training data or are predetermined. A regression 

tree is similar to a classification tree except that it fits an ordered set of response values to a 

regression line at each node of the tree, which represents a predictive variable. 

Random Forest, though similar to fuzzy classification systems, calculates the probability 

as the average occurrence of the class across all of the generated decision trees (Breiman 
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2001). Random Forest grows trees to the maximum depth possible, but the degree to which 

splits at nodes are randomly selected can be controlled (Svetnik et al., 2003). Determining the 

degree to which the splits are random can be difficult and depends on the type of data being 

analyzed (Segal, 2004). Random Forest, and decision trees in general, have a high appeal for 

creating soil property models because these types of functions can be used to create models 

with a large number of predictive variables. 

A few studies have looked into determining important environmental variables that 

influence soil traits using DSM (Bui et al., 2006; Vasques et al., 2012). CART models have a 

built-in measure for evaluating variable importance and most mappers use this parameter as a 

means of determining which input variables to remove from the model (Bui et al., 2006; 

Taghizadeh-Mehrjardi et al., 2014).  The RF model uses the Gini index and percent increase 

in  mean squared error (MSE) to determine variable importance. The Gini index is a measure 

of node impurity, and relates to the number of variables tested at each node (Breiman, 1984). 

The machine learning tool uses this measure to ensure that each leaf node has only one class. 

The percent increase in MSE is a measure of the increase in the difference between the 

predicted and observed value when the input variable is removed from the model. This last 

measure of importance is useful for determining whether variables have any real influence on 

the soil property being modeled. The variable importance feature of the Random Forest 

algorithm also provides an opportunity to test whether the soil-landscape relationships 

observed at the site scale are still visible at the regional scale.      

Whichever method is used to map an area, it should be independently validated for model 

accuracy and precision. The model can be validated using a separate dataset withheld from 

the training dataset used to train the original model, a process known as bagging (Hastie et 
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al., 2009). The variability in the major processes influencing the soil properties determines 

the most effective sampling method for validation. 

2.3 – Selecting Input Variables 

Environmental variables connected to soil processes are also connected to each other. 

Just as geomorphology determines soil properties, these environmental variables determine 

the pattern of vegetation across the landscape (Swanson et al., 1988). For example, vegetation 

is influenced by both soil properties and topographic position, but also to climate, and in 

special instances geology. Traditional survey begins by looking at the coarsest scale relevant 

to the area of interest: Identifying the types of landscapes that make up the area, and then the 

landforms within those landscapes (Dent & Young, 1981). Miller et al. (2015) applied a 

similar strategy in DSM, using topographic variables and imagery across a range of scale 

sizes to predict the spatial variability of soil physical properties. Selecting the most 

appropriate environmental variables involved in the processes that determine soil properties 

will create a model most representative of our current understanding of the formation of soil 

and can then be used to identify the gaps in our understanding. 

The study by Miller et al. (2015) found that the interconnectedness of the environmental 

variables used to predict soil properties allows for substitution within data mining models 

when there is limited information available for different environmental variables. This is a 

useful feature to take advantage of when selecting input variables for CART models, but also 

complicates the use of such models for interpreting variable importance. Vasques et al. (2012) 

used information connected to ecological soil and landscape processes to determine which 

processes had the greatest effect on soil organic carbon (SOC) storage at varying spatial 
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scales because SOC is closely associated with the plant community. Data mining models will 

pick up and use such correlations, but it remains the task of the pedologist and mapper to 

interpret the relationship between soil properties and environmental covariates, or if such a 

relationship even exists.

Data sources for DSM inputs and training data include remote sensing data (Poggio et al., 

2013; Taghizadeh-Mehrjardi et al., 2014) and existing survey data. Being able to use remote 

sensing data for digital soil mapping makes it an incredibly powerful tool to apply in areas 

that have little existing field data or are physically inaccessible (Poggio et al., 2013). 

Taghizadeh-Mehrjardi et al. (2014) were able to use surface reflectance data to generate 

models that predicted soil salinity, but they were only able to do so because the study area, 

located in an arid region, was mostly bare land. A landscape that is covered by vegetation or 

that has dense cloud cover will not be able to use the same technique for reflectance data 

collection. In forested regions or other landscapes with steep terrain, topographic variables 

derived from digital elevation models (DEM) have proven very useful as a set of predictive 

variables (Kalivas et al., 2002; Kozar et al., 2002; Hengl et al., 2004a; Patriche & Vasiliniuc, 

2009; Hitziger & Ließ, 2014; ). 

2.4 – DSM Used to Map Soil Properties

Current research on using DSM to map soil properties has focused on soil pH, soil 

organic matter and carbon content, topsoil texture, depth, and salinity (EC) (Table 2.1). The 

research covers not only a wide variety of soil properties, but also of mapping at different 

scales and using different modeling techniques. Information about models used and 

predictive variable selection was reviewed for studies that focused on mapping soil pH, 
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organic matter content, soil texture, and base saturation. 

2.4.1 – Soil Chemical Properties  

Soil chemical properties that have been or could be analyzed using DSM include soil pH, 

base saturation, and cation exchange capacity (CEC). Of these properties, there have been 

numerous studies that focused on predicting the spatial variability of soil pH, but only a few 

that focused on the spatial variability of individual exchangeable cations, particularly N and 

K, most relevant to agricultural production (Table 2.1). Soil pH is an important property to 

know and understand because it controls many of the chemical processes that occur in soil, 

including nutrient availability and the mobility of some contaminants. Soil pH is often used 

as a proxy for other chemical properties including base saturation and CEC, although it is not 

always correct to do so (Birkland, 1999). Visuals of the variability of soil pH at the landscape 

scale are useful for identifying locations susceptible to soil acidification, determining nutrient 

availability, and if recorded over timescales on the order of decades can be used to measure 

the magnitude of the response in soil to large scale changes in landscape processes.  

Soil pH and exchangeable cation availability are generally modeled across small areas as 

continuous variables using regression trees (Behera and Shukla 2015) or with kriging (Huang 

et al. 2014; Sun et al. 2012; Shi et al. 2009).The spatial variability of base cations necessary 

for plant growth, particularly K and NH4, are most often estimated across agricultural lands 

using geostatistics. Kozar et al. (2002) found K to be spatially dependent, but that it varied as 

a function of terrain attributes of slope and curvature.  The studies reviewed and discussed 

here mapped soil pH and exchangeable at large to medium scales within a small extent, and 

are often the variables focused on for precision agriculture. In non-cultivated lands, pH is still 
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an important indicator of nutrient availability in the soil as well as of the origin and chemistry 

of parent material and of processes such as the occurrence of forest fires (Tomkins et al. 

1991; Ulrey et al. 1996).  

Environmental variables that strongly influence soil pH include vegetation and lithology. 

Climate and elevation are closely correlated with variation in vegetation communities across 

the landscape, so these covariates will also be correlated with pH (Bui et al., 2006). However 

precipitation and soil temperature also have strong controls on pH that are not associated with 

the correlation between climate and vegetation, such as weathering processes. The affect of 

such processes can be seen through the relationship between terrain attributes and soil pH. 

Soils are more acidic at higher altitudes, where weathering processes are more advanced and 

soil carbonates are few while soils at low altitude are usually more alkaline because of 

alluvial and colluvial inputs and the higher concentration of carbonates (Patriche & 

Vasiliniuc, 2009). Seasonal variation in water table depth and soil moisture content also affect 

the concentration of ions in the soil solution, and would likely be important for modeling the 

variability of soil pH across the landscape.

2.4.2 – Soil Texture

Analyzing the soil surface texture is useful for interpreting the influence of 

environmental variables and disturbance on the soil (Hitziger & Ließ, 2014), but modeling 

variance in soil texture in the sub-surface would be useful to soil mappers who would be 

referring to predictive maps during the premapping process. The USDA soil taxonomy 

system has a means of classifying soil textures based on the relative percentages by weight of 

sand, silt, and clay in the mineral soil. The texture classes were determined through empirical 
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analysis based on theories of soil genesis. However the classes were also created for 

managing soils, specifically for agricultural purposes. 

Soil texture has been modeled using both RF (Hitziger & Ließ, 2014) and regression 

kriging (Sun et al., 2012; Levi & Rasmussen, 2014), but always as separate continuous of the 

percent sand, silt, and clay. While mapping soil texture data as a continuous surface would 

reduce the bias inherited from the classification system, the data would still have to be 

grouped for practical use. The resulting map would also then have multiple sources of error. 

The variables that were found to have the greatest influence on topsoil texture were those 

associated with relief and landforms (Schaetzl & Anderson, 2005;  Hitziger & Ließ, 2014). 

2.4.3 – Organic Matter Content

Having extensive information about the quantity and distribution of soil organic matter 

(SOM) is important for climate change models and for assessing soil quality and type (Poggio 

et al. 2013;). SOM and SOC have been predicted using CART models (Poggio et al., 2013; 

Guo et al., 2015), and geostatistics (Hengl et al., 2004a; Takata et al., 2007; Vasques et al., 

2012; Behera & Shukla, 2014). Studies that used CART models focused on areas of large to 

medium extent (Table 2.1). Variables included in the CART models that had high importance 

included topographic variables extracted from a DEM, geology, vegetation, and precipitation 

(Poggio et al., 2013; Guo et al. 2015). Studies that apply both kriging and CART modeling 

have begun analyzing the influence of ecological variables on soil organic matter content 

(Vasques et al., 2007; Grunwald et al., 2007; Ballabio et al., 2012). 

Vegetation communities and soil properties have a feedback loop whereby soil properties 

influence the distribution of different vegetation community types which in turn alter the soil 
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chemical properties over time. Researchers often look to this relationship between soil 

properties and vegetation communities because characteristics of the vegetation community 

are much more visible both in the field and using remote sensing (Vasques et al., 2007; 

Ballabio et al., 2012). Ballabio et al. (2012) applied regression kriging, using spectral remote 

sensing data as a predictor of SOC. While this technique shows promise as a tool for 

predicting the spatial variability of soil properties such as SOM, modeling the spatial 

distribution of soil properties using only a measure of vegetation type and biomass does not 

add to our understanding of how this soil-plant community feedback works. Vegetation 

communities are also subject to influence from other environmental variables, such as 

hydrology, climate, and geology. However, including information about the age and 

disturbance history of a vegetation community as well as the type and standing biomass of 

the vegetation community could have important implications for analyzing the feedback 

loops between soil properties and the aboveground ecosystem.       

2.5 – Synthesis 

A type of data mining model such as RF would likely be the best approach to predicting 

the spatial variability of soil properties across a large extent with high environmental 

diversity like that of Malheur NF. While some of the variables of interest, such as soil pH and 

exchangeable cations, are known to be spatially autocorrelated, this phenomenon has only 

been studied at a field scale in areas of low environmental diversity for agricultural purposes. 

A variogram can be used to determine the distance within which soil properties are spatially 

autocorrelated. Combining ordinary kriging and a data-driven approach to predicting soil 

properties within the distance from the sampling location that an individual soil property is 
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thought to be spatially autocorrelated could improve our understanding of the environmental 

dependence of the spatial variability of soil traits. With time, a model that weighs the 

importance of spatial autocorrelation and environmental variability based on proximity to the 

sampling location can be developed. 

Of the studies reviewed that used RF models to predict the variability of soil properties, 

all studies applied regression trees as opposed to classification. Soil properties such as clay 

content, soil pH, and organic matter content can be mapped as continuous, and it is 

appropriate in small extents where accuracy of the model can be easily checked. Most studies 

that focus on the prediction of the spatial variability of soil properties apply kriging, which is 

a very useful geostatistical method when used on areas of small extent and limited 

environmental variability, such as agricultural landscapes or areas of low relief. However, a 

continuous surface of such properties for an area of large extent may not be functional. When 

the range of values of a specific soil property are broken into categories, each category can be 

thought to represent the soil property associated with a particular feature space. By 

comparing the prediction results of a model that estimates the distribution of such feature 

spaces with a model based solely on the spatial autocorrelation of a soil property, one can 

determine at what scale the feature-space concept is relevant and has a predictive power 

greater than that of spatial autocorrelation. This has important implications for studying how 

changes to the environmental variability will affect different soil properties. 

Maps of soil properties across Malheur NF could be used for any of the purposes 

previously mentioned as well as a possible premapping reference. The extent of the forest is 

large compared to most of the studies that mapped soil properties referenced here, and is a 

forested landscape as opposed to a cultivated landscape. This is a unique opportunity to 
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investigate what environmental variables have the greatest influence on different soil 

properties at a larger extent, and in a relatively natural setting. Given the large extent that is 

composed almost entirely of rough terrain, a dense sampling scheme would be unfeasible. 

Regression trees however can still be applied to a large extent even with a limited set of 

training data.

Figure 2.1: Visual summary of the top ten results of a search on Web of Science using the key 
words 'digital soil mapping'. Entries unrelated to soil science or soil mapping were excluded, 
such as plant physiology and aerial photography.
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Table 2.1: Selected examples of studies that applied DSM to predict the spatial variability in 
soil properties.

*RF refers to Random Forest models, RFKR refers to models that applied Random Forest 
Models with kriged residuals, and RK and OK refer to regression kriging and ordinary 
kriging, respectively.

 

Author Extent Soil Properties Model Used
Bui et al. 2005 --

Cambardella et al. 1994 -- SOC, Total N, pH Semivariograms 
de Bruin & Stein 1998 % Clay fuzzy c-means clustering
Elnagger & Noller 2010 EC, pH, Field capacity CART
Guo et al. 2015 OM RFKR
Hengl et al. 2004 OM, pH, Topsoil thickness RK
Hitziger & Ließ 2014 Soil texture RFKR
Huang et al. 2014 EC, pH

Levi & Rassmussen 2014 Soil redness index, OM OK, RK
Poggio et al. 2013 OM

Sun et al. 2012 %Clay, pH, SOC RK
Taghizadeh-Mehrjardi et al. 2014 EC, pH CART, RF
Takata et al. SOC RFKR
Behera & Shukla 2014 -- SOC, pH, Base cations Semivariograms
Grunwald et al. 2007 biogeochemical soil properties Semivariograms
Lacoste et al. 2011 Parent Material MART/CART
Vasques et al. 2012 Total Carbon Semivariograms

Behrens et al. 2014 % Clay and % silt RF
Ballabio et al. 2012 SOC RK
Mansuey et al. 2014 C, N, Soil texture kNN
Kozar et al. 2002 K, P cokriging
Zandi et al. 2011 pH

Vasat et al. 2013 pH, Humus quality

Sarmadian et al. 2010 Ok, Co-kriging

pH, SOC, % Clay, Total N, 
Total P

CART (piece-wise linear 
tree models)

0.20 km2

1,160 km2

996 km2

2,500 km2

26 km2

27.5 km2 Modified Linear Models 
(MLR)

62.5 km2

78,000 km2 RF, General additive 
models (GAM)

38 km2

720 km2

25,000 km2

49 km2

27,020 km2

150,000 km2 and 
3,585 km2

1,150 km2

2 km2

2.9 million km2

100 km2

6 km2 IDW, OK, and Radial base 
function

368 km2 OK, RK, and universal 
kriging

4.2 km2 CaCO
3
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Chapter 3 – Study Area

Malheur NF is about 6880 km2  that has been managed by the Forest Service for timber 

and wildfire control. Beginning in 2010, a private surveyor contracted by the Forest Service 

began mapping soils for the Terrestrial Ecological Unit Inventory (TEUI), focusing primarily 

on traits related to land use function based on the USDA soil taxonomic classification. Use of 

the forest includes timber harvest, recreation, rangeland for cattle, managing water quality, 

and harvest of non-timber products (Blue Mountains National Forests Proposed Revised 

Management Plan, 2014). According to the Blue Mountains National Forests Proposed 

Revised Management Plan, future plans for Malheur NF include improving road access while 

also limiting access to sensitive areas, increasing timber production, and managing wildfire 

behavior.

3.1 – Topography

The forest is a part of the Blue Mountains National Forest unit, and is characterized by 

steep and rough terrain shaped by glaciation, tectonic movement, and volcanism. Elevation 

ranges from 1,754 ft to 9049 ft (Figure 3.1).  Smaller mountain ranges within the area include 

the Aldritch mountains, the Strawberry mountains, and the Elkhorn mountains. The high 

degree of variability in relief of the area is an important characterizing feature as it controls 

the distribution of precipitation and thus vegetation within the area.

3.2 – Vegetation

The forest is located on the western edge of the Great Basin, and is composed of 

sagebrush steppe and coniferous forest. Riparian areas are generally composed of mixed 
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deciduous trees and Englemann Spruce (Picea engelmannii) in the overstory, with Salicaceae 

in the lower canopy and a great diversity of forbes and grasses composing the understory 

plant community. There are small, protected stands of quaking aspen (Populus tremuloides) 

where the water table is high and at footslope positions.

At low elevations and on south-facing slopes forests are generally composed of mixed 

coniferous forest, dominated by of Ponderosa pine (Pinus ponderosa) and intermixed with 

Douglas fir (Pseudotsuga menziesii) or Lodgepole pine (Pinus contorta). Moister, cooler 

areas will also have Grand fir (Abies grandis) and Western larch (Larix occidentalis) in the 

overstory. Common understory vegetation in these areas include elk sedge (Carex geyeri), 

pine grass (Calamagrostis rubescens), white-veined wintergreen (Pyrola picta), pinemat 

manzanita (Arctostaphylosv nevadensis), steppe bluegrass (Poa secunda), and yarrow 

(Achillea millefolium). If the soil is ashy or sufficiently moist, there may be prince's pine 

(Chimaphila umbellata), snowberry (Symphoricarpos albus), and service berry (Amelancheir  

alnifolia). Grasslands and post-wildfire areas generally have an abundance of steppe 

bluegrass, Idahoe fescue (Festuca idahoensis), desert paintbrush (Castilleja chromosa), 

yarrow, stonecrop (Sedum stenopetalum), sego lily or mariposa lily (Calochortus nuttallii 

var. macrocarpus), and balsam arrowroot (Balsamorhiza sagittata). Most sagebrush in the 

forest is stiff sagebrush (Artemisia rigida). Drier areas will have an overstory of western 

juniper or mountain mahogany, or a mixture of both as well as Ponderosa pine. At high 

elevation, the overstory is dominated by Grand fir with some subalpine fir (Abies lasiocarpa). 

In warmer areas and in areas with a history of fire there are stands of white pine (Pinus 

monticola). The understory composition changes depending on the moisture availability in 

the area.  
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3.3 – Geology and Parent Material

Common types of soil parent material found around the southern end of the Blue 

Mountains include igneous rocks, volcanic glass and ash from Mount Mazama and other 

nearby historic eruptions (Bacon & Lanphere, 2006), and metamorphic rocks that were 

formed when the ancient island volcano chain that became the Blue Mountains collided with 

the continental landmass (Burt et al., 2001). For some types of parent material, the spatial 

distribution has changed little over large time scales. However, for fine-grained and 

lightweight parent material, such as volcanic ash, wind and water erosion can alter the spatial 

arrangement of the parent material across the landscape. Areas where fluvial processes 

dominate tend to have less volcanic ash. 

3.4 – Soils 

About one third of the forest has been surveyed since 2010 and is available as provisional 

data through SSURGO (NRCS, unpublished data). Soil orders found in the area include 

Alfisols, Andisols, Inceptisols, and Mollisols.  All of the mapunits in the region are shown as 

complexes of two or more soil series. Many of the soils in the area are influenced by the 

aeolian deposition of volcanic ash. Alfisols in the mapped part of the forest are generally 

skeletal, containing more than 35% rock fragments. These soils developed in colluvial and 

residuual deposits of tuff breccia, metavolcanic rocks and serpentinite, or basalt and have a 

mantle of volcanic ash. Some of the represented series in the region include the Bennettcreek, 

Cotay, Dunstan, Pinuscreek, and Ranes series. Andisols in the region developed on deposits 

of Mazama ash and andesitic basalts and usually have a silt loam or coarse silt loam texture 

because of the ash influence. Common series represented in the area include Rebarrow, 

 



26

Troutmeadows, Deardorf, Limberjim, and Olot. Inceptisols of the region are moderately deep 

to very deep and formed in colluvium and residuum deposits derived from argillite with a 

mantle of volcanic ash. Some of the represented series in the area include Bearpawmeadow, 

Bordengulch, Kamela, Lemoncreek, and Vandamine. The differentiating characteristics of the 

Mollisols of the region vary depending on topographic position. Those near near streams or 

on footslopes are deeper and contain more organic matter, but have significantly less volcanic 

ash than the other soil orders in the region. On other hill slope positions, the Mollisols are 

shallow and may have a lithic contact within the first 50cm and some aeolian volcanic ash in 

the surface horizons. Mollisols in the region formed on basalt, andesite, or tuffs. A few of the 

soil series represented in this study include Anatone, Bocker, Canest, Hafmau, and Terrodd.     

3.5 – Climate

Most of the region is considered to have a Mediterranean climate, characterized by dry 

summers and mild winters. The region receives an average annual precipitation between 1108 

and 222 mm, mostly as rain or snow in the winter season (PRISM, 2010). The average 

minimum annual air temperatures across the region range between 3.3 and -4.4 oC (PRISM, 

2010). The average maximum annual air temperature across the region ranges between 19.5 

and 6.3 oC (PRISM, 2010).
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Figure 3.1: Range of elevation across Malheur National Forest (Data derived from 10m DEM 
layer, sourced from the USGS).
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Figure 3.2: Area of Malheur National Forest that has been mapped for soils and is available 
through SSURGO as of 2010, represented by the shaded area. 
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Chapter 4 – Methodology

Field data was collected at predetermined locations based on the combination of 

environmental covariates and used as a training set to construct predictive models of the 

spatial variability of different soil properties. All predictive maps produced used the Albers 

equal area map projection and the world geodetic system (WGS84) as the coordinate 

reference system. The soil properties of interest were exchangeable pH, base saturation, 

cation exchange capacity (CEC), organic matter content, and percent clay content. Modeling 

techniques that were tested included Random Forest classification models, and regression 

kriging. 

4.1 – Field Sampling

The Conditional Latin Hypercube (cLHS) tool developed for ArcMap as part of the 

Terrestrial Ecological Unit Inventory (TEUI) toolkit was used to generate sample point 

locations at which data would be collected to use as training and validation datasets to 

produce predictive soil property maps. Variables used for the hypercube included vegetation, 

elevation, aspect, slope, lithology, minimum temperature, and precipitation. A total of 230 

points were generated based on the assumption that the cLHS model would place some of the 

points in unreachable locations. The high number of points would ensure that there were 

some duplicate environmental variable combinations to make up for the points that were not 

reachable in the field. Due to limited time and accessibility only 100 points were actually 

sampled during the summer of 2014 (Figure 4.1).

In the field, information about the geomorphology, relief, and aspect were recorded for 

each site according to the Field Book for Describing and Sampling Soils. Dominant 
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vegetation types and a cursory estimation of relative species abundance were recorded at each 

site in order to determine temperature and moisture regime. If a profile had weak structure, an 

ochric epipedon, or an ashy texture, then NaF pH was used to test for allophanic mineral 

properties. Otherwise, soil information was collected and recorded according to the Field 

Book for Describing and Sampling Soils (Appendix A). Grab samples were taken from each 

soil horizon to be analyzed in the lab. 

4.2 – Lab Analysis

Lab analyses were performed in the Oregon State University Pedology Lab to determine 

base saturation, cation exchange capacity (CEC), exchangeable pH, and lost on ignition 

(LOI) data. The tests were performed on samples from each horizon for all profiles. Methods 

used were taken from the Methods of Soil Analysis , Part 1 (1986) from the Soil Science 

Society of America book series and from the Kellogg Soil Survey Methods Manual v. 5.0 

(2014). Laboratory tests were conducted to determine exchangeable pH (measured as a 1:2 

ratio soil to CaCl2 solution), lost on ignition mass ratio (LOI) as a measure of organic matter, 

exchangeable cations (Ca2+, Na+, Mg2+, K+, and NH4
+), and base saturation. Field estimates of 

soil texture were checked using a micropipette method described by Kettler et al. (2001) to 

test a randomly selected subset of profiles.

4.3 – Random Forest Models

The randomForest package for R statistical software (v. 3.0.3) was used to construct the 

models for predicting soil pH, CEC, base saturation, percent clay content, and organic matter 

content in the soil surface and subsurface. The soil surface refers to the first mineral soil 
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horizon and soil subsurface refers to the horizon below the surface horizon, typically an AB 

or first B horizon. Input variables to the model included those derived from the digital 

elevation model (elevation, slope, aspect, curvature, flow direction), current potential 

vegetation, historic timber inventory records, lithology, geologic age, mean annual 

precipitation, annual minimum temperatures, and annual maximum temperatures, and 

distribution of Mazama ash (Table 4.1). For all soil property variables of interest, the Random 

Forest model was run five times and the variable importance measures averaged across all 

runs to determine which environmental variables had, on average, the greatest influence on 

the model predictions. Environmental variables that on average had a negative influence on 

model output were removed from the model before running the code again to get a final 

model from which the predictive soil property map was generated.  

Classification was used as a means of interpreting the variation in individual soil 

properties as occurring within a feature space, or a combination of environmental variables 

with ranges that coincide and could be identified at the field scale similarly to how soil 

surveyors make use of vegetation associations when assessing a field site. Classes for each 

soil property of interest were determined so as to have evenly sized categories, but also to 

match with the NRCS soil property descriptions and taxonomic breaks (Appendix A). For all 

soil properties of interest and for both surface and subsurface, the number of classes ranged 

between four and nine (Table 4.2). Classification RF models cannot interpolate missing 

values, so all NA values in the dataset were omitted. 

The training data was tuned using the  'train' function from the caret package. Tuning 

tests a combination of parameters and selects the combination that maximizes the kappa error, 

calculated as the difference between the accuracy of the resampled set and the base rate 

 



33

divided by one minus the base rate. The resampled training dataset generated at this step was 

then used to construct the RF model. Classification models were set to have 1,000 trees and 

tried the default number of variables at each node (the square root of the number of entered 

predictive variables, usually between 2 and 3). Variable inputs were assessed based on the 

returned percent increase in mean squared error (MSE) and the gini index value. Variables 

that returned a negative statistic for percent increase in MSE were removed from the model 

because this indicated that that particular variable was not correlated with the soil property of 

interest and detracted from the model. Model performance was based on the results of the 

out-of-bag (oob) error, calculated as the average misclassification error rate across all trees. A 

high error rate indicates that the model was a poor fit for the data and did not adequately 

represent all of the variation in the soil property variable of interest across the forest. 

4.4 – Variogram Fitting and Regression Kriging

Regression kriging is a process with four basic steps.  The first step is the exploratory 

phase where the data is assessed for trends and patterns between the soil property variables of 

interest (dependent variables) and the environmental variables (explanatory variables). A 

regression model that maximized the adjusted R2 value was fitted to the data that would 

eventually be entered into the krige function. The second step is to compute an experimental 

variogram and assess the residuals and autocorrelation structure. Variograms were calculated 

and plotted using the 'variog' function in the R package geoR. Binned semivariograms were 

calculated and plotted for surface and subsurface horizon base saturation, CEC, % clay 

content, LOI, and exchangeable pH. The default parameters were used such that bin breaks 

were set at 10, applying the classical semivariogram model:

 



34

                                      γ (h)=
1

[2 N (h)]
∗∑ (z (x i)−z (x j))

2

                                        (4.1) 

Where N(h) denotes the number of paired locations (i and j), z(xi) and z(xj) are measured soil 

property values at locations xi and xj, and h is the distance between locations xi  and xj. The 

third step is to apply kriging using the estimated variogram and the deterministic trend to 

create an interpolated surface. This was done using the 'krige' function from the gstat package 

in R using the parameters determined from the previous two steps. The final step is to display 

the interpolated surface, including a measure of confidence. However, a common problem 

that occurred when attemping to fit a variogram model with linear drift to the data was that 

the estimated range parameter would either start at or converge on a value smaller than the 

second sample variogram estimate, resulting in a singular model that would prevent the 

generation of a correlation matrix and prevent spatial interpolation. When this happened, the 

variogram was included in the results, but not used to create an interpolated soil property 

surface of the region. The variogram analysis and regression kriging was also applied to a 

smaller, more densely sampled area within the region to see if the results of kriging could be 

improved by focusing on smaller areas that had less overall variation in environmental 

variables individually (Figure 4.2). 

4.5 – Comparing Predictive Model Outputs 

The output of the two methods can be compared using geostatistical analysis. Only the 

reduced area within the region was compared. A prediction disagreement rate can be 

calculated by classifying the kriging results to match the classes entered into the random 

forest model and using the 'crosstab' function in the raster package. The output of this 

function is a contingency table that tallies the number of pixels of  the interpolated surface 
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within a specified range overlap with a class predicted by the RF model. Each pixel 

represents a 100 m2 area, so the final result can be interpreted as the percentage of area 

disagreement between the two models. The Kappa Index of Agreement (K) can then be used 

to quantify the agreement between the two predictive maps:

K=
(O−E)

(1−E)

Where O is the proportion of matching values and E is the expected proportion of matching 

values, calculated as: 

E=
∑ (Oi∗T i)

T 2

Where Oi is the number of observed matches per class, Ti is the total number of observations 

within the class, and T is the total of all observations. The range of potential K values is [0,1], 

with higher values indicating a greater proportion of matches (Smith et al., 2007). 
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Figure 4.1: Locations of soil samples taken during the summer of 2014. Orthographic image 
sourced from ESRI.
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Table 4.1: Source, scale, and range of values for input layer used for the RF models.

Table 4.2: Summary data of the soil properties of interest.

 

Soil Property Sample Size Mean Minimum Maximum
Surface
pH (1:2 CaCl2) 98 5.57 4.10 6.60 6
LOI 98 0.09581 0.03130 0.27020 9
Base Saturation (%) 98 78.70 18.67 130.69 7
CEC 98 54.25 14.24 137.6 8
% Clay content 98 16 5 60 8
Subsurface
pH (1:2 CaCl2) 94 5.61 4.70 6.60 5
LOI 94 0.05341 0.02110 0.14570 4
Base Saturation (%) 94 76.61 18.34 133.6 7
CEC 94 54.23 21.13 150 8
% Clay content 91 21.8 5 75 8

Number of 
Classes

Input Variable Source Scale (m) Range in values
Relief (DEM)

Elevation (m) USGS 10 992 – 2758
Curvature Derived from DEM 10  –

Aspect Derived from DEM 10  –
Slope Derived from DEM 10  –

Flow direction Derived from DEM 10  –
Vegetation

Current (2011) NLCD 32 35 classes (See Appendix A)

Historic (1900) USFS- Logging records --
Climate

PRISM (2010) 900 222 – 1108

PRISM (2010) 900 6.3 – 19.5

PRISM (2010) 900 -4.4 – 3.3
Parent Material

Lithology USGS 90

Geologic Age USGS --

-- 0 – 1

5 classes (0–5 MBF*/acre; 5–10 MBF/acre; Barren; Timberless; 
Woodland)  

Annual mean 
precipitation (mm)

Annual mean maximum 
daily temperature (oC)

Annual mean minimum 
daily temperature (oC)

9 classes (andesite; basalt; intrusive; karst; metamrophic; pleistocene; 
quarternary; sedimentary; volcanic)

14 classes (Quarternary/Tertiary; Quarternary; Pliocene/Pleistocene; 
Miocene/Pliocene; Miocene; Eocene/Oligocene; Paleocene/Eocene; 

Cretaceous; Jurrassic/Cretaceous; Jurrassic; Triassic; Permian; 
Paleozoic/Mesozoic; Recent)

Ash Content 
(presence/absence)

USFS – Soil Resource 
Inventory
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Figure 4.2: The locations within the reduced area were regression kriging was applied, 
outlined in grey. The extent of the area was (675000, 700000, 1160000, 1187000). The map 
projection is Albers equal area,and the coordinate reference system is WGS84.
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Chapter 5 – Results

5.1 – Organic Matter Content

5.1.1 – Random Forest Results

Organic matter content was best represented using both random forest and regression 

kriging.  Based on the averaged importance measured across five runs of the Random Forest 

model, the environmental variables that had the greatest influence on the model error rate for 

soil surface organic matter content were volcanic ash content, curvature, average minimum 

temperature, and flow direction (Figure 5.1a). The environmental variables that had the 

greatest influence on subsurface organic matter content model error rate, averaged across five 

runs, were volcanic ash content, curvature, current vegetation, and average minimum 

temperature (Figure 5.1b). The environmental variables that were ranked as having the 

greatest influence on the surface organic matter content model error rate were the same after 

removing the environmental variables that had a negative influence on the model error rate 

(Figure 5.2). The environmental variables that were ranked as having the greatest influence 

on the subsurface organic matter content model error rate for the final predictive model were 

precipitation, minimum temperature, volcanic ash, maximum temperature, and slope, in order 

of importance (Figure 5.3). 

The average error rate for the final model used to generate the predictive map of soil 

surface organic matter content was 44.9%. The classes that had the lowest average 

misclassification rate were class two (0.04 – 0.08) at 13.5% and class three (0.08 – 0.12) at 

66.7%. All other predicted classes of organic matter content had a misclassification error rate 

equal to 100%. The predictive map of soil surface organic matter content showed regions that 

would be expected to have true firs or dense forest cover as having classes representing 
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higher amounts of organic matter content, but little overall variation (Figure 5.4). The average 

error rate for the final model used to generate the predictive map of subsurface organic matter 

content was 35.1%. The second class (0.04 – 0.08) had the lowest average misclassification 

rate at 13.0%, and the third class (0.08 – 0.12) had the next lowest misclassification rate at 

85.7%.  All other classes had a misclassification rate equal to 100%. The predictive map for 

subsurface organic matter content again showed little overall variation, with the majority of 

the area being classified as having less than 4% organic matter to having between 4% and 8% 

organic matter in the subsurface (Figure 5.5). 

5.1.2 – Fitted Variogram Results

A linear model was fit to the surface organic matter content data using elevation, ash 

content, and average precipitation as explanatory variables (Appendix B). The organic matter 

content data was log-transformed in order to meet assumptions of normal distribution and 

equal variance of the residuals (Figure 5.6). The adjusted R2 value of the linear model 

(f(log(LOI)) = -3.583 + 6.669 e-05 * (elevation) – 4.804 e-04 * (slope) + 1.279 e-03 * 

(precipitation) + 0.1826 * (ash)) was 0.09722 (p-value=0.003703). The autocorrelation 

structure of the soil surface organic matter content showed spatial dependence, but also 

parabolic tail behavior (Figure 5.7a). However, the variogram model with linear drift could 

not be used to interpolate across the entire extent of the region because it was a singular fit 

model. When applying the same procedure to the smaller area within the region, it was found 

that the majority of the variance in surface organic matter content data could be explained by 

variance in precipitation (Figure 5.8). When examining the spatial autocorrelation structure of 

the data in the smaller area, it exhibited low variance between pairs until at a distance of 
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15000m (Figure 5.7b). However, when fitting a variogram with linear drift to the data, it 

resulted in a singular model and was not used to interpolate surface organic matter content 

across the area.

A linear model was fit to the subsurface organic matter content data using average 

minimum temperature, ash content, slope, and precipitation (Appendix B). The organic 

matter content data was log-transformed in order to meet assumptions of normal distribution 

and equal variance of the residuals (Figure 5.9).  The adjusted R2 value of the linear model 

(f(log(LOI) = -3.384 + 0.0587*(tmin) -0.0167 * (ash) - 9.999 e-04 (slope) + 10.001 * 

(precipitation)) was 0.08398 (p-value=0.01851). The autocorrelation structure of the soil 

subsurface organic matter content showed spatial dependence, but also parabolic tail behavior 

(Figure 5.10a). However, the variogram model with linear drift could not be used to 

interpolate across the entire extent of the region because it was a singular fit model. When 

examining the spatial autocorrelation structure of the of the subsurface organic matter content 

data in the smaller area, it exhibited low variance between pairs until at a distance of about 

15000m (Figure 5.10b). When applying the same procedure to the smaller area, it was found 

that most of the variance in subsurface organic matter content could be explained by variance 

in slope (Figure 5.11). It was possible to fit a variogram with linear drift to the data, although 

there was some discontinuity in the plotted residuals (Figure 5.12). 

5.1.3 – Comparing Regression Kriging Output to Random Forest Output

As seen in Table 5.1, the predictive output of regression kriging and Random Forest 

matched well in the smaller area, with a K-value of 0.70. Both models predicted a similar 

overall range of values for LOI; classes 1-3 corresponds to LOI values of 0 – 0.12. When 
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looking at the LOI values predicted by regression kriging in the subsetted area, although the 

range of values differs little from what was predicted in the area by the Random Forest model 

the variability in the distribution of those value was greater in the map predicted by 

regression kriging (Figure 5.13). The mapped prediction variance for the regression kriging 

shows areas surrounding sample locations where the variance is lower that correspond to the 

two zones of high LOI ratios on the kriged map (Figure 5.14).  

5.2 – Base Saturation

5.2.1 – Random Forest Results

Percent base saturation was poorly represented by the Random Forest model. Based on 

the averaged variable importance measured across five runs of the Random Forest model, the 

variables that had the greatest influence on the model error rate for soil surface base 

saturation were volcanic ash content, curvature, current vegetation, and precipitation (Figure 

5.15a). The environmental variables that had the greatest influence on subsurface base 

saturation were lithology, average maximum temperature, average minimum temperature, and 

average precipitation (Figure 5.15b). The variable importance rank for surface base saturation 

changed some after removing those environmental variables that had a negative influence on 

the model error rate; the order of environmental variables that had the greatest influence on 

the model were precipitation, current vegetation, volcanic ash content, and curvature (Figure 

5.16). The variable importance rank for subsurface base saturation changed some after 

removing those environmental variables that had a negative influence on the model error rate; 

variables with the greatest influence on the model error rate included lithology, flow 

direction, aspect, and average maximum temperature (Figure 5.17).
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The average error rate for the final model used to generate the predictive map of surface 

soil base saturation was 67.4%. Class three (50 – 65%) had the lowest average error rate at 

52.4%, class four (65 – 80%) had an error rate of 58.3%, class five (80 – 95%) had an error 

rate of 62.5%, class six (95 – 110%) had an error rate of 80.0%, and class seven (>110%) had 

an error rate of 87.5%. Classes one and two had misclassification rates equal to 100%. When 

looking at the predictive map for surface base saturation, flow direction and slope appear to 

have greatly influenced the prediction output, although these variables were not ranked high 

for importance (Figure 5.18). Classes representing higher base saturation values were 

predicted more frequently along toeslope/footslope positions, and the model predicted steep 

gradients in base saturation at high elevation. The average error rate for the random forest 

model used to predict subsurface base saturation was 75.5%. Class four had a 

misclassification rate of 53.8%, class three of 70.6%, and class five of 78.6%. The model 

failed to predict the 35 – 50% class for subsurface base saturation (Figure 5.19). Areas in the 

southwest of the forest were predicted to have unexpectedly high base saturation values.

5.2.2 – Fitted Variogram Results

It was attempted to fit a linear regression model to the surface base saturation data, but 

the results indicated that there was no significant relationship between base saturation and 

elevation and precipitation (p-value=0.317, adjusted R2=0.003347) (Appendix B). The 

variogram indicated that there was no spatial autocorrelation trend in the data (Figure 5.20a). 

When looking at the variance in soil surface base saturation in the smaller area, there was still 

no significant relationship between soil surface base saturation and the selected 

environmental variables. The variogram analyzing the spatial autocorrelation structure of the 
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surface base saturation data showed that while variance initially increases with distance, 

variance began to decrease past 15000m (Figure 5.20b).  However, when a variogram with 

linear drift was fitted to the data, it resulted in a singular model and was not used to 

interpolate surface base saturation across the area.

No significant relationship was found between base saturation and ash content and 

precipitation (p-value=0.376, adjusted R2 = -0.0002399) (Appendix B). The variogram 

examining the autocorrelation structure of the data indicated that there was not a significant 

spatial autocorrelation component (Figure 5.21a). When looking at the variance in soil 

subsurface base saturation across the smaller area, subsurface base saturation was most 

closely related to ash content (Figure 5.22). The variogram analyzing the spatial 

autocorrelation structure of the data showed increasing variance with distance to about 

5000m (Figure 5.21b). However, the variogram with linear drift that was fitted to the data 

resulted in a singular model, and was not used to interpolate subsurface base saturation. 

5.3 – Soil pH

5.3.1 – Random Forest Results

The averaged variable importance from five runs of the Random Forest model for surface 

soil pH showed that the environmental variables with the greatest influence on the error rate 

of the model were aspect, average minimum temperature, elevation, and precipitation (Figure 

5.23). The same measure for subsurface soil pH ranked current vegetation, aspect, elevation, 

and volcanic ash as variables with the greatest influence on the model error rate. The order of 

variable importance did not change for the surface soil pH model after removing those 

variables that had a negative influence on the model error rate (Figure 5.24). The order of 
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variable importance for soil subsurface pH also changed little after removing those variables 

that had a negative influence on the model error rate (Figure 5.25). 

The average error rate for the Random Forest model predicting soil surface pH was 

57.6%. Class three (Strongly acid) had the lowest misclassification rate at 41.5%, followed 

by class five (Moderately acid) at 57.6% and class six (Slightly acid) at 75.0%. All other 

classes had a misclassification rate equal to 100%. When looking at the predictive map for 

surface soil pH, north and northwest facing slopes were most often predicted to have slightly 

acid soils (Figure 5.26). The moderately acid class was predicted most frequently at low 

elevation, particularly in areas near streams and rivers that run though the forest. The average 

error rate for the model predicting subsurface pH was 50.0%. Class three (Strongly acid) had 

the lowest misclassification rate at 33.3%, followed by class two (Very strongly acid) at 

47.2%. All other classes had misclassification rates equal to 100%. When looking at the 

predictive map for subsurface soil pH, it appears that the model predicted moderately acid 

soils most frequently across the region (Figure 5.27). Strongly acid soils were predicted at 

high elevation, and slightly acid soils were predicted less frequently on north and 

northwestern aspects compared to predictions made by the surface pH model.

5.3.2 – Fitted Variogram Results

The fitted linear regression model showed no significant relationship between surface 

soil pH and elevation and slope (p-value=0.1, adjusted R2=0.02698) (Appendix B). The 

variogram examining the autocorrelation structure of the data indicated that the data was not 

a significant spatial autocorrelation component (Figure 5.28a). When looking at the variance 

in soil surface soil pH in the smaller area, there was still no significant relationship between 
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surface soil pH and the selected environmental variables. The variogram analyzing the spatial 

autocorrelation structure of the surface soil pH data showed that variance increased with 

distance to about 15000m (Figure 5.28b).  However, the variogram with linear drift that was 

fitted to the data resulted in a singular model and was not used to interpolate surface soil pH 

across the area. 

The fitted linear regression model showed no significant relationship between subsurface 

soil pH and elevation and curvature (p-value=0.1871, adjusted R2=0.01498) (Appendix B). 

The spatial autocorrelation structure of the subsurface soil pH data indicated that there was 

not a significant spatial autocorrelation component (Figure 5.29a). When looking at the 

variance in subsurface soil pH across the smaller area, there was still no significant 

relationship between subsurface soil pH and the selected environmental variables. The 

variogram analyzing the spatial autocorrelation structure of the data showed increasing 

variance with distance to about 10000m (Figure 5.29b). However, the variogram with linear 

drift fitted to the data resulted in a singular model, and was not used to interpolate subsurface 

soil pH. 

5.4 – Cation Exchange Capacity

5.4.1 – Random Forest Results

The averaged variable importance from five runs of the Random Forest model for surface 

soil CEC showed that the variables with the greatest influence on the model error rate were 

precipitation, average maximum temperature, elevation, and average minimum temperature 

(Figure 5.30a). The same measure for subsurface soil CEC showed that the environmental 

variables with the greatest influence on the model were aspect, flow direction, average 
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maximum temperature, and elevation (Figure 5.30b). The order of variable importance 

changed little after removing the environmental variables that negatively influenced the 

surface soil CEC model error rate (Figure 5.31). The order of variable importance for 

subsurface soil CEC also changed little after removing those variables that had a negative 

influence on the model error rate (Figure 5.32).  

The average error rate for the Random Forest model predicting surface soil CEC was 

64.3%. Class three (45 – 60cmol/kg) had the lowest error rate at 36.1%, followed by classes 

two (30 – 45cmol/kg) and four (60 – 75cmol/kg), which both had misclassification rates of 

76.2%, and class one (less than 30cmol/kg) with a misclassification rate of 77.8%. All other 

classes had misclassification rates equal to 100%. When looking at the predictive map of 

surface CEC, it appears that the distribution of class borders was most influenced by flow 

direction and slope (Figure 5.33). Soils in the 60 – 75 cmol/kg class were predicted at high 

elevations, but there was no clear trend as to whether soil CEC decreases or increased with 

decreasing altitude. The average error rate for the random forest model used to predict 

subsurface soil CEC was 68.1%. Class three (45 – 60cmol/kg) had the lowest 

misclassification rate at 37.1%, followed by class two (30 – 45cmol/kg) at 80.0% and class 

four (60 – 75cmol/kg) at 83.3%. All other classes had misclassification rates equal to 100%.  

When looking at the predictive map for subsurface CEC, soils in the 60 – 75cmol/kg class 

were predicted at high elevation, with classes representing lower values of CEC immediately 

below (Figure 5.34). However, the classes representing the highest values of CEC were 

predicted most frequently in basins in the northern part of the forest and interspersed 

throughout the southwestern part of the forest.   
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5.4.2 – Fitted Variogram Results

The fitted linear regression model showed no significant relationship between surface 

soil CEC and precipitation and ash content (p-value=0.2291, adjusted R2=0.004567) 

(Appendix B). The variogram examining the autocorrelation structure of the data indicated 

that there was some discontinuity near the origin (Figure 5.35a). When looking at the 

variance in soil surface soil pH in the smaller area, there was still no significant relationship 

between surface CEC and the selected environmental variables. The variogram analyzing the 

spatial autocorrelation structure of the surface CEC data showed that variance increases with 

distance between pairs to about 5000m (Figure 5.35b).  However, the variogram model with 

linear drift to the data that was fitted to the data resulted in a singular model and was not used 

to interpolate surface CEC across the area.

The fitted linear regression model showed no significant relationship between subsurface 

CEC and ash, maximum temperature, and elevation (p-value=0.2718, adjusted R2=0.01032) 

(Appendix B). However, based on the results of the variogram analysis, there was a parabolic 

trend indicating a relationship between subsurface CEC and an environmental variable that 

varies across space as well as a spatial autocorrelation component to the data (Figure 5.36a). 

When looking at the variance in soil subsurface CEC across the smaller area, there was still 

no significant relationship between subsurface CEC and the selected environmental variables. 

The variogram analyzing the spatial autocorrelation structure of the data showed a parabolic 

trend characteristic of influence from a topographic variable (Figure 5.36b). However, the 

variogram model with linear drift fitted to the data resulted in a singular model, and was not 

used to interpolate subsurface CEC. 
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5.5 – Percent Clay Content         

5.5.1 – Random Forest Results

The averaged variable importance from five runs of the Random Forest model for soil 

surface percent clay content showed that average minimum temperature, geologic age, 

precipitation, and curvature were the environmental variables with the greatest influence on 

the model error rate (Figure 5.37a). The same measure for subsurface percent clay content 

showed that volcanic ash, average maximum temperature, lithology, and average minimum 

temperature were the variables with the greatest influence on the model error rate (Figure 

5.37b). The order of the environmental variables changed little after removing those variables 

that had a negative influence on the surface clay content model error rate (Figure 5.38). The 

order of variable importance as ranked by the mean decrease in accuracy for the model 

predicting subsurface clay content changed slightly after removing the environmental 

variables found to negatively influence the model error rate. The four variables with the 

greatest values for variable importance in the model used to generate predictions of 

subsurface clay content were volcanic ash, average maximum temperature, flow direction, 

and elevation (Figure 5.39).   

The average error rate for the Random Forest model predicting surface clay content was 

67.0%. Class three (15 – 20%) had the lowest misclassification rate at 56.7%, followed by 

class two (10 – 15%) at 61.3%, class seven (35 – 40%) at 66.7%, and class four (20 – 25%) at 

84.6%. All other classes had a misclassification rate equal to 100%. When looking at the 

predictive map for surface clay content, there were few places where more than 25% clay was 

predicted (Figure 5.40). The areas that were predicted to have greater amounts of clay were 

predominantly in basins in the northern part of the forest. The average error rate for the 
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Random Forest model predicting subsurface clay content was 77.2%. Class three (15 – 20%) 

had the lowest misclassification rate at 46.4%, followed by class four (20 – 25%) at 82.4%, 

class eight (40% or greater) at 85.7%, and class two (10 – 15%) at 86.7%. All other classes 

had misclassification rates equal to 100%. When looking at the predictive map for subsurface 

clay content, it appears that slope and flow direction had an effect on the predictions (Figure 

5.41). High clay content was predicted most frequently in basins in the northern part of the 

forest, and along the footslope/toeslopes of hills and mountains it the region.

5.5.2 – Fitted Variogram Results

The soil surface clay content data was log-transformed to meet the assumption of normal 

distribution of the residuals (Figure 5.42). A linear regression model relating soil surface clay 

content to curvature was fit to the data (f(log(%clay))=2.66 – 0.0245 * (curvature)), with an 

adjusted R2 value of 0.04251 (p-value=0.024) (Appendix B). The variogram examining the 

spatial autocorrelation structure of the data indicates that there was no autocorrelation signal 

in the data (Figure 5.43a). The variogram with linear drift fitted to the data resulted in a 

singular model, and was not used to interpolate surface clay content. When applying the same 

procedure to the smaller area, there was no significant relationship between soil clay content 

and the selected environmental variables. The variogram for analyzing the spatial 

autocorrelation structure of the data had a relatively short range estimate and slight parabolic 

behavior at greater distances (Figure 5.43b). It was possible to fit a variogram with linear 

drift to the data, although there was some discontinuity in the plotted residuals (Figure 5.44). 

A linear model was fit to the subsurface clay content data (f(%clay)=28.38 – 0.060 * 

(slope) + 2.39 * (tmin)), with an adjusted R2 value of 0.01225 (p-value=0.01225) (Appendix 
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B). The variogram examining the spatial autocorrelation structure showed discontinuity near 

the origin (Figure 5.45a). The variogram with linear drift fitted to the data resulted in a 

singular model, and was not used to interpolate subsurface clay content. There was no 

significant relationship between soil clay content and the selected environmental variables. 

The variogram for analyzing the spatial autocorrelation structure of the data showed 

increasing variance with distance after 5000m, and a parabolic trend that indicated a 

relationship with another environmental variable (Figure 5.45b).  It was possible to fit a 

variogram with linear drift to the data, although there was some discontinuity in the plotted 

residuals (Figure 5.46).

5.5.3 – Comparing Regression Kriging Output to Random Forest Output

As seen in Table 5.2, the K-value for comparing the output of regression kriging and 

Random Forest models predicting subsurface clay content was 0.22, which is relatively high 

and indicates poor agreement in the output of the two prediction methods. The regression 

kriging model predicted negative percent clay content values in some places (Figure 5.47). 

The areas of low variance around the sample locations corresponds to the higher predictions 

of subsurface clay content (Figure 5.48). 
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Figure 5.1: Order of variable importance as determined by the average mean decrease in 
accuracy across five runs of the Random Forest model for A) surface organic matter content 
and B) subsurface organic matter content.
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Figure 5.2: Variable importance plots for the final Random Forest model used to predict 
surface organic matter content. The chart on the left depicts the mean decrease in accuracy 
with the input variable set to null in the model, and the chart on the right orders the input 
variables by the gini index, which is a measure of how well the variable split the test data.
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Figure 5.3: Variable importance plots for the final Random Forest model used to predict 
subsurface organic matter content. The chart on the left depicts the mean decrease in accuracy 
with the input variable set to null in the model, and the cart on the right orders the input 
variables by the gini index, which is a measure of how well the variable split the test data.

 



55

Figure 5.4: Predictive map of soil surface organic matter content generated using a Random 
Forest model. 
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Figure 5.5: Predictive map of soil subsurface organic matter content generated using a 
Random Forest model.
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Figure 5.6: Diagnostic plots for the linear model used to represent drift in the surface organic 
matter content variogram model (f(log(LOI)) = -3.583 + 6.669 e-05 * (elevation) – 4.804 e-
04 * (slope) + 1.279 e-03 * (precipitation) + 0.1826 * (ash), p-value=0.003703).  The left plot 
shows residuals plotted against estimated values and the right plot is a quantile-quantile plot 
for examining the normal distribution of the residuals. 
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Figure 5.7: Visualization of the spatial autocorrelation structure of A) the surface organic 
matter content data across the whole region (the estimated nugget variance, partial sill, and 
range parameters were 0.09, 0.19, and 17213.87m, respectively) and B) the surface organic 
matter content data across the subsetted area (the estimated nugget variance, partial sill, and 
range parameters were 0, 0, and 19591.18m, respectively). 
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Figure 5.8: Surface organic matter content plotted against precipitation in the subsetted area 
(f(log(LOI)=  -6.35 + 0.0074 * (precip), p-value= 0.0002884, adjusted R2= 05011). 
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Figure 5.9: Diagnostic plots checking that the log-transformed soil subsurface orgnaic matter 
content data met the assumptions for linear regression(f(log(LOI) = -3.384 + 0.0587*(tmin) 
-0.0167 * (ash) - 9.999 e-04 (slope) + 10.001 * (precipitation)). Plot A shows residuals 
plotted against estimated values and plot B is a quantile-quantile plot for examining the 
normal distribution of the residuals.
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Figure 5.10: Visualization of the spatial autocorrelation structure of A) the surface organic 
matter content data across the whole region (the estimated nugget variance, partial sill, and 
range parameters were 0, 0, and 33629.76m, respectively) and B) the surface organic matter 
content data across the subsetted area (the estimated nugget variance, partial sill, and range 
parameters were 0, 0.1, and 15639.76m, respectively). 

 



62

Figure 5.11: Log-transformed subsurface organic matter content data plotted against slope in 
the subsetted area (f(log(LOI)= -2.55 – 0.0041 *(slope), p-value=0.0192, adjusted 
R2=0.2687).

 



63

Figure 5.12: Variogram with linear drift fitted to the log-transformed subsurface organic 
matter content data in the subsetted area. The estimated nugget, partial sill, and range values 
for the variogram were 0, 0.04938, and 10821.13m, respectively. 

Table 5.1: Contingency table used to calculate the kappa value (K) comparing the predictive 
output of Random Forest (RF) and regression kriging (RK) for subsurface organic matter 
content. 

 

RK Classes
RF Classes NA 1 2 3 Totals

NA 736115 0 1 0 736116
1 0 7570 11453 0 19023
2 0 326070 5145251 468001 5939322
3 0 0 11166 44373 55539

Totals 736115 333640 5167871 512374 6750000  total observations

5.4187E+011 2525654800 2.6590E+013 22735571502 0.596 E
0.879 O
0.700 K
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Figure 5.13: Subsurface organic matter content predicted across the subsetted region using 
regression kriging.
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Figure 5.14: Variance in the predicted organic matter content across the subsetted region as 
determined from the regression kriging model.
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Figure 5.15: Order of variable importance as determined by the average mean decrease in 
accuracy across five runs of the Random Forest model for A) surface base saturation and B) 
subsurface base saturation.
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Figure 5.16: Variable importance plots for the final Random Forest model used to predict 
surface base saturation. The chart on the left depicts the mean decrease in accuracy with the 
input variable set to null in the model, and the cart on the right orders the input variables by 
the gini index, which is a measure of how well the variable split the test data. 
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Figure 5.17: Variable importance plots for the final Random Forest model used to predict 
subsurface base saturation. The chart on the left depicts the mean decrease in accuracy with 
the input variable set to null in the model, and the cart on the right orders the input variables 
by the gini index, which is a measure of how well the variable split the test data. 
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Figure 5.18: Predictive map of soil surface base saturation generated using a Random Forest 
model.
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Figure 5.19: Predictive map of soil subsurface base saturation generated using a Random 
Forest model. 
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Figure 5.20: Visualization of the spatial autocorrelation structure of A) the surface base 
saturation data across the whole region (the estimated nugget variance, partial sill, and range 
parameters were 0, 414.72, and 0m, respectively) and B) the surface base saturation data 
across the subsetted area (the estimated nugget variance, partial sill, and range parameters 
were 0, 676.42, and 3908.24m, respectively).
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Figure 5.21: Visualization of the spatial autocorrelation structure of A) the subsurface base 
saturation data across the whole region (the estimated nugget variance, partial sill, and range 
parameters were 51.01, 382.6, and 0m, respectively) and B) the subsurface base saturation 
data across the subsetted area (the estimated nugget variance, partial sill, and range 
parameters were 243.29, 486.59, and 6255.9m, respectively) .
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Figure 5.22: Subsurface base saturation data plotted against ash content in the subsetted area 
(f(base sat.) = 98.14 – 40.74 *(ash), p-value=0.009487, adjusted R2=0.3288). 
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Figure 5.23: Order of variable importance as determined by the average mean decrease in 
accuracy across five runs of the Random Forest model for A) surface soil pH and B) 
subsurface soil pH.
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Figure 5.24: Variable importance plots for the final Random Forest model used to predict 
surface soil pH. The chart on the left depicts the mean decrease in accuracy with the input 
variable set to null in the model, and the cart on the right orders the input variables by the gini 
index, which is a measure of how well the variable split the test data . 
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Figure 5.25: Variable importance plots for the final Random Forest model used to predict 
subsurface soil pH. The chart on the left depicts the mean decrease in accuracy with the input 
variable set to null in the model, and the cart on the right orders the input variables by the gini 
index, which is a measure of how well the variable split the test data. 
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Figure 5.26: Predictive map of surface soil pH generated using a Random Forest model. 
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Figure 5.27: Predictive map of subsurface soil pH generated using a Random Forest model.
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Figure 5.28: Visualization of the spatial autocorrelation structure of A) the surface soil pH 
data across the whole region (the estimated nugget variance, partial sill, and range parameters 
were 0.02, 0.17, and 0m, respectively) and B) the surface soil pH data across the subsetted 
area (the estimated nugget variance, partial sill, and range parameters were 0, 0.33, and 
15632.95m, respectively). 
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Figure 5.29: Visualization of the spatial autocorrelation structure of A) the subsurface soil pH 
data across the whole region (the estimated nugget variance, partial sill, and range parameters 
were 0.02, 0.13, and 0m, respectively) and B) the surface soil pH data across the subsetted 
area (the estimated nugget variance, partial sill, and range parameters were 0.03, 0.13, and 
6255.9m, respectively).
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Figure 5.30: Order of variable importance as determined by the average mean decrease in 
accuracy across five runs of the Random Forest model for A) surface soil CEC and B) 
subsurface soil CEC. 
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Figure 5.31: Variable importance plots for the final Random Forest model used to predict 
surface soil CEC. The chart on the left depicts the mean decrease in accuracy with the input 
variable set to null in the model, and the cart on the right orders the input variables by the gini 
index, which is a measure of how well the variable split the test data.
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Figure 5.32: Variable importance plots for the final Random Forest model used to predict 
subsurface soil CEC. The chart on the left depicts the mean decrease in accuracy with the 
input variable set to null in the model, and the cart on the right orders the input variables by 
the gini index, which is a measure of how well the variable split the test data.
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Figure 5.33: Predictive map of surface soil CEC generated using a Random Forest model.
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Figure 5.34: Predictive map of subsurface soil CEC generated using a Random Forest model.
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Figure 5.35: Visualization of the spatial autocorrelation structure of A) the surface soil CEC 
data across the whole region (the estimated nugget variance, partial sill, and range parameters 
were 0, 429.5, and 0m, respectively) and B) the surface soil CEC data across the subsetted 
area (the estimated nugget variance, partial sill, and range parameters were 0, 692.94, and 
7816.47m, respectively).
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Figure 5.36: Visualization of the spatial autocorrelation structure of A) the subsurface soil 
CEC data across the whole region (the estimated nugget variance, partial sill, and range 
parameters were 153.08, 306.16, and 8407.41m, respectively) and B) the subsurface soil CEC 
data across the subsetted area (the estimated nugget variance, partial sill, and range 
parameters were 187.89, 939.47, and 12511.81m, respectively). 
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Figure 5.37: Order of variable importance as determined by the average mean decrease in 
accuracy across five runs of the Random Forest model for A) surface clay content and B) 
subsurface clay content.
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Figure 5.38: Variable importance plots for the final Random Forest model used to predict 
surface clay content. The chart on the left depicts the mean decrease in accuracy with the 
input variable set to null in the model, and the cart on the right orders the input variables by 
the gini index, which is a measure of how well the variable split the test data.. 
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Figure 5.39: Variable importance plots for the final Random Forest model used to predict 
subsurface clay content. The chart on the left depicts the mean decrease in accuracy with the 
input variable set to null in the model, and the cart on the right orders the input variables by 
the gini index, which is a measure of how well the variable split the test data.
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Figure 5.40: Predictive map of surface clay content generated using a Random Forest model. 
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Figure 5.41: Predictive map of subsurface clay content generated using a Random Forest 
model.
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Figure 5.42: Diagnostic plots checking that the log-transformed surface clay content data met 
the assumptions for linear regression(f(log(%clay) = 6.66 – 0.025*(curveature), p-
value=0.024, adjusted R2=0.0425). The left plot shows residuals plotted against estimated 
values and the right plot is a quantile-quantile plot for examining the normal distribution of 
the residuals. 
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Figure 5.43: Visualization of the spatial autocorrelation structure of A) the surface clay 
content data across the whole region (the estimated nugget variance, partial sill, and range 
parameters were 7.15, 53.61, and 0m, respectively) and B) the surface clay content data 
across the subsetted area (the estimated nugget variance, partial sill, and range parameters 
were 0, 358.55, and 3127.95m, respectively).
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Figure 5.44: Variogram with the linear drift model fitted to the log-transformed surface clay 
content data across the subsetted area. The estimated nugget, partial sill, and range values for 
the variogram were 0, 166.85, and 4945.9m, respectively.
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Figure 5.45: Visualization of the spatial autocorrelation structure of A) the subsurface clay 
content data across the whole region (the estimated nugget variance, partial sill, and range 
parameters were 0, 132.09, and 0m, respectively) and B) the subsurface clay content data 
across the subsetted area (the estimated nugget variance, partial sill, and range parameters 
were 0, 358.35, and 3127.95m, respectively).
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Figure 5.46: Variogram with the linear drift model fitted to the subsurface clay content data 
across the subsetted area. The estimated nugget, partial sill, and range values for the 
variogram were 28.087, 277.998, and 4759.30m respectively.
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Table 5.2: Contingency table used to calculate the kappa value (K) comparing the predictive 
output of Random Forest (RF) and regression kriging (RK) for subsurface clay content. 

 

RF Classes RK Classes
NA 1 2 3 4 5 6 7 8 Totals

NA 736115 0 0 1 0 0 0 0 0 736116
1 0 0 0 0 0 0 0 0 0 0
2 0 12118 66270 69239 99087 119673 100279 68942 8984 544592
3 0 84471 326633 363595 545789 678851 570154 35680 61213 2666386
4 0 42074 154963 163084 232312 284512 251083 180896 21922 1330846
5 0 233 1421 2698 5785 8963 10344 6441 580 36465
6 0 1259 12188 20236 32529 37848 37170 45196 17746 204172
7 0 5290 21455 23344 32114 58653 43666 40002 3763 228287
8 0 14480 66551 71951 98463 116866 118714 153091 87041 727157

Totals 736115 159925 649481 714148 1046079 1305366 1131410 530248 201249 6474021  total observations

5.4187E+011 0 43041105870 2.5966E+011 2.4302E+011 11699995458 42054509700 21210980496 17516914209 0.028 E
0.243 O
0.221 K
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Figure 5.47: Subsurface percent clay content predicted across the subsetted region using 
regression kriging.
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Figure 5.48: Variance in the predicted subsurface clay content across the subsetted region as 
determined from the regression kriging model.
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Chapter 6 – Discussion

6.1 – Organic Matter Content

The random forest model was able to take a set of noisy data and still identify 

relationships between soil properties and environmental variables that could be interpreted as 

landscape processes acting on the soil. In other words, such models can be used to represent 

soil-landscape processes. For example, soil organic matter content was found to be higher in 

general on soils weathered from volcanic ash for both surface and subsurface soil horizons. 

This was expected because such soils are typically more productive. The model identified 

flow direction and curvature as important variables for predicting soil surface organic matter 

content, which are associated with erosion and distribution of surface materials such as leaf 

litter and the directional flow or detainment of water. The model for subsurface soil organic 

matter content listed average minimum and maximum temperature as variables of 

importance. There are steep elevation gradients in the study area, which would be associated 

with steep differences in climate within the region the influence of which can be observed by 

the differences in vegetation. It can be hypothesized that the climate variables have a greater 

influence on the output of the model for subsurface organic matter content because 1) the 

type of vegetation varies with climate within the region, which would cause the quantity and 

composition of litter to differ as well as the density of plant roots in the soil to differ (root 

turn-over being a source of soil subsurface organic matter), and 2) because the differences in 

climate have some control on the decay rate of the organic matter. 

The RF model had the lowest error rate for predicting spatial variability in soil organic 

matter content. Although other studies applied regression trees as opposed to classification 

trees, landscape scale predictions of organic matter content are usually successful (Poggio et 
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al. 2004; Wiesmeier et al., 2010; Guo et al. 2015). Takata et al. (2007) predicted surface 

potential mineralizable carbon across a mountainous region using regression kriging model, 

relating elevation and curvature to soil organic matter (SOM) with similar results to those 

found here. Other studies that used random forest to predict soil organic matter content or 

SOM have reported similar error rates to those reported here (Weismeier et al., 2010). It 

would be worthwhile to spend more time validating these predictive maps in the field and 

gathering more data to supplement the current models.

6.2 – Base Saturation

Base saturation was not easily predicted by either regression kriging or Random Forest. It 

would be a useful soil property to consider when pre-mapping because soils with higher base 

saturation are very productive. Therefore, it would be beneficial to understand what would 

improve the process of predictive mapping soil base saturation across the region. First of all, 

base saturation can be described as the percentage of base cations (Ca2+, Na+, K+, Mg2+, and 

NH4
+) that can be stripped from the soil. The availability of is dependent on pH, so it would 

be expected that the environmental variables that influenced the predictive model for pH 

would be the same for base saturation. This was largely the case, although there was more 

variability in base saturation. It was evident that parent material particularly the presence of 

volcanic ash , were important variables for determining base saturation. Environmental 

variables that affect the weathering rates of minerals – precipitation, and average temperature, 

were also important for estimating base saturation. This is similar to the findings of other 

studies that looked into predicting variability in available K+. 

Other studies attempting to predict the spatial variability in available K+ found moderate 

 



103

spatial autocorrelation (Sun et al., 2003; Kozar et al., 2002). Base saturation was not found to 

be spatially autocorrelated in this study, but this may be changed by using a denser sampling 

design, and by focusing on individual base cations rather than viewing base saturation as a 

whole. One explanation for the noise in the data set could be differences in the availability of 

separate base cations. Ash soils in the region are also known to exhibit variable charge, which 

would influence both the CEC and base saturation of the soil (McDaniel & Wilson, 2007). In 

future, first separating areas based on parent material, then applying a method such as 

regression kriging may improve attempts to interpolate base saturation in this region. A 

similar action can be taken to improve Random Forest model performance as well as 

including more sample location and input variables representing controls on variable charge, 

such as soil pH into the model.    

6.3 – Soil pH

As mentioned above, soil pH is a strong indicator of other soil properties, particularly 

base saturation and CEC. When selecting potential soil variables to include a SCORPAN 

model for DSM, soil pH would be an important variable to consider including. Therefore, it is 

worthwhile to look into ways of improving prediction of this particular variable. Previous 

studies estimated soil pH across relatively small areas using regression kriging, relating soil 

pH to topographic variables such as elevation (Patriche & Vasiliniuc, 2009). However, this 

region has had a different geologic history which needs to be considered when associating 

topographic variables with soil development. In this region, soils at high elevation would be 

expected to be less developed than those at lower elevation because of the volcanic activity 

that formed the landscape. 
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The distribution of volcanic ash should also be considered because minute differences in 

the weathering rate will determine how much ash can be found at a location. This is in part 

why less acidic soils were found on north and north west slopes. The volcanic ash on these 

slopes was preserved because they experience lower temperatures, falling in the frigid to 

cryic soil temperature regimes. The ashy soils exhibited a slightly higher pH because of the 

release of base cations as it weathered. These soils are unable to retain the base cations 

however (McDaniel & Wilson, 2007), so it would make sense that where the ash had 

weathered more rapidly, the cations had  already weathered out and leached away leaving a 

more acidic soil. Low pH values were observed across the region as a whole, which should 

not be surprising considering that the region is mostly covered by coniferous forest. 

6.4 – Cation Exchange Capacity

Soil CEC, or the amount of exchangeable cations that can be held on the soil exchange 

complex, is also dependent on soil pH. However, unlike soil pH and base saturation, the 

Random Forest model used to predict soil CEC did not rank volcanic ash as an important 

indicator variable. However, climate variables of precipitation and average annual 

temperature that control weathering rates and soil moisture status were ranked as important 

for predicting both surface and subsurface CEC. It is possible that ash content was still an 

important variable, but as noted by Miller et al. (2015), other variables that were related, but 

mapped at a finer scale were substituted in. As mentioned when discussing controls on soil 

pH, aspect was associated with volcanic ash content and was mapped at a finer scale 

compared to the ash content data layer found in the Soil Resource Inventory (SRI). Future 

studies that focus on predicting soil CEC might try a similar approach to what was suggested 
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for soil pH and base saturation. That is, using a Random Forest model for making a 

generalized map of the area and for selecting areas likely to be more sensitive to change or 

valuable, then applying a regression kriging to those areas to make field sampling more cost 

efficient.  

The variograms for soil pH, base saturation, and CEC displayed parabolic behavior at 

greater distances, particularly for the subsurface horizons. Such a pattern can indicate a 

relationship with another variable that varies at regular intervals, such as topography 

(Goovaerts, 1997). This is supported by the fact that elevation, slope, or aspect were usually 

highly ranked by the RF models for the soil properties where undulations in the variogram 

were observed. If the sampling scheme were more appropriate for spatial interpolation 

methods, attempting regression kriging to model the spatial variability of these different soil 

properties might be worth while. However, the results of the variogram analysis and attempts 

to apply regression kriging with the current dataset failed because of the spatial distribution 

of points in the data set. 

6.5 – Clay Content

Variables that proved important for predicting clay content included curvature and 

climate variables for surface texture, and variables related to soil parent material for 

subsurface texture. Although not highly ranked as an important variable in the model, the 

influence of flow direction can be seen in the predictive map for subsurface soil clay content. 

For soil physical characteristics such as texture, it becomes important to also pay attention to 

other observations made at the field site to determine what the dominant processes were 

influencing soil properties. Clay content would be influenced by deposition and erosion 
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processes at the surface, which would explain why curvature was an important deterministic 

variable. Clay content is also influenced by geology and weathering rates, particularly 

considering ash content. Volcanic ash weathers into short range order minerals which are 

found in the clay fraction of the soil (McDaniel & Wilson, 2007). The NaF test that was 

performed in the field was one method for identifying whether allophanic minerals were 

present, and should correlate with clay content (Appendix A). Observations were also made 

of ped surface features in the field, and it was noted that at some sites there was evidence of 

illuviation in the form of clay films in combination with leached E horizons. These sites were 

not common, but it would make sense to see flow direction and precipitation as variables 

associated with increases in subsurface clay content given this evidence.  

Predictive methods that make use of spatial autocorrelation to predict soil texture related 

variables will be important to consider for future studies. Here, there were too few points 

spaced too far apart to generate a meaningful variogram model. However, the process worked 

better when looking at a smaller area with a more dense distribution of test locations. Kalivas 

et al. (2002) also found no particular advantage to using regression kriging, but did find that 

an anisotropic model combined with co-kriging produced better estimates of sand and clay 

content. Hitziger & Ließ (2014) included a spatial proximity component into a Random 

Forest model for predicting soil clay content, which helped to reduce the model error rate. 
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Chapter 7 – Conclusions  

Referring back to the original objectives of the project, this study was meant to 1) test the 

utility of Random Forest models for generating predictive soil property maps and determine 

compared to another method, regression kriging, 2) experiment with interpreting landscape-

soil processes through models, and 3) develop a framework and a set of premaps that can be 

used for either DSM or traditional soil mapping in the future. Random Forest models turned 

out to be a more productive use of the data compared to regression kriging because of the 

limited size of the data set used to train the models. Regression kriging became possible for 

some soil properties when applied to a smaller area where there was a dense distribution of 

sample locations, but failed when applied to the region as a whole. Either method could be 

used to interpret landscape-soil relationships as both model techniques make use of existing 

data of environmental variables to estimate soil property values. 

Random Forest seemed to work well for a coarse-scale aggregation of a range of values 

represented as a class entered into the model. The prediction error rates of soil properties of 

base saturation and clay content may be improved by broadening the sampling design to 

include more replicates and greater environmental variability. Selecting different input 

variables, or datasets of different scale, may also improve the results. Although Random 

Forest was unable to predict the full range of variability in the different soil properties, 

particularly at the extremes of the training set, the predictive map output closely matched 

what one would expect to see in the field. Having a more comprehensive training dataset 

would have improved the performance of both the Random Forest modeling and the use of 

regression kriging for generating predictive maps. Random Forest iteratively subsets the data 

to make a large number of trees, so it very important to have a representative sample with a 
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large number of replicates. 

A Random Forest model will still work with a limited training set as was seen in this 

study, although it will not perform optimally for the classes with the fewest samples. One 

method around this would be to use a supervised model and weight the less common classes 

so that these are always selected when constructing each tree. However, even with class 

weighting, the error rate of the modeling output could be reduced by including more sample 

locations in order to better capture both the variability in the range of values for each soil 

property as well as the range in variability in feature spaces. For example, lithology and 

vegetation were not highly ranked predictive variables for predicting surface pH even though 

it is known that these environmental variables have a strong influence in determining soil pH. 

This might be because soils from a variety of vegetation types were not exhaustively sampled 

for the training dataset, or because additional environmental variables – aspect and climate, 

were being substituted as fine-scale measures of variation in vegetation type. Aspect and 

climate have a significant effect on the pattern of vegetation across the landscape, which in 

turn affects properties such as organic matter content and soil pH.

 A preliminary assessment comparing the predictive maps of soil CEC in the surface 

horizons to published gSSURGO data for an area in the same locale as the southern part of 

Malheur NF indicated that while the RF model was able to identify changes in CEC class 

dependent on changes in the environmental feature space, the range of CEC values predicted 

by the Random Forest model was generally higher than those recorded for in the gSSURGO 

dataset. While the comparison made here are more anecdotal in nature, they did reveal some 

of the potential issues that come with using legacy data as validation training sets (Appendix 

C). 
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Modeling of soil properties has useful applications for forest management. It is important 

to assess the soils in an area before logging to determine how much heavy machinery the soil 

can bear so as to avoid accidents and prevent machinery from sinking into mud or deep ash. 

Models can also be used to determine how future land use might impact soil productivity by 

reviewing whether past land use had an influence on the current state of soil properties. In 

addition, such predictive maps indicate the location of productive soils – those soils that are 

high in organic matter, have high CEC and base saturation, or have higher clay content. With 

time and expert knowledge, this information can also be extracted from traditional soil map. 

However, the information in individual soil property maps is already disaggregated so that the 

user does not have to interpret and disaggregate soil complexes for the information. 

This study provides preliminary predictive maps of soil properties identifying areas of 

uncertainty that can be further explored in the field. Such modeling methods have also been 

used to speculate about the affect of land-use change in sensitive areas with promising results. 

Through the process of generating the maps of different soil properties, it was found that 

Random Forest models utilizing the known diverse characteristics of the different landscapes 

in the area of interest better captured the known range of variability of each soil property 

tested than ordinary kriging. It is important to keep in mind that this is the first iteration of 

predictive soil property maps for the Malheur NF, and they have not been field validated 

beyond the tests internal to the study. Further examination, following several iterations of 

prediction and field validation , is warranted based on this study. 
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Appendix A – Collected field data, soil property class descriptions, and software used as mentioned in Chapter 4 
Field site pedon data

* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS070414A A 25 7.5YR/2.5/2 L 10 3 F GR - - Y N
EAS070414A Bt1 38 5YR/3/3 CL 37 3 C SBK - CLF/50/C/F/APF,RF/-/M N N
EAS070414A Bt2 71 2.5YR3/3 GRV_SC 40 3 M-C SBK - - N N
EAS070414A Crt 80 - CGR - 3 C SBK - CLF/60/C/P/BR/5YR|5|6/M N N
EAS070414A R 99 - BR - 0 MA - CLF/60/C/P/BR/5YR|5|6/M N N
EAS070414B Oi 1 - NA - - - - N N
EAS070414B Oe 6 - NA - - - - N Y
EAS070414B A 43 10YR/3/4 CB_SL 7 2 M SBK - - N Y
EAS070414B Bw 68 10YR/4/3 CBV_SL 10 2 M-F SBK - - N Y
EAS070414B 2R 68 - BR 0 MA - - N N
EAS070414C Oi 1 - NA - - - - N N
EAS070414C Oe 3 - NA - - - - N N
EAS070414C A 29 10YR/4/4 ASHY_GRF_SL 5 2 F SBK - - N Y
EAS070414C Bw 58 10YR/4/4 ASHY_GRF_SL 15 2 F-M SBK - - N Y
EAS070414C 2Bt 80 7.5YR/3/3 GR_SiL 10 2 M SBK - CLF/35/C/D/RF/7.5YR|3|3/M N Y
EAS070414C 2R 80 - BR - 0 MA - CLF/25/C/D/BR/7.5YR|3|3/M N N
EAS070514A A 11 10YR/2/2 ASHY_SiL 25 3 F GR - - Y N
EAS070514A E 40 10YR/3/2 ASHY_L 20 3 M SBK - SLF/30/D/F/VF/-/M N N
EAS070514A Bt2 65 10YR/3/2 SiL 20 3 C SBK - N N

EAS070514A R 67 - BR - 0 MA - - N N
EAS070514B Oi 1 - - - - - - N N
EAS070514B A 13 10YR/2/2 ASHY_L 25 2 F GR - - N N
EAS070514B Bt 38 10YR/3/2 ASHY_CL 30 2 M SBK - CLF/5/C/D/RF/-/M N N
EAS070514B 2Eb 64 10YR/4/3 CL 35 3 M SBK - N N

EAS070514B 2Bt 100 10YR/4/4 GR_SC 40 3 M SBK - CLF/50/C/D/APF/-/M N N
EAS070514C A 12 10YR/3/2 C 60 3 VF-M SBK - - N N
EAS070514C Bt 18 10YR/3/2 CBX_C 75 3 F-M SBK - CLF/50/C/D/RF/-/M N N
EAS070514C Ct/R 35 7.5YR/3/2 GRX_C/CGR 80 3 C SBK/0 M - CLF/50/C/D/APF,RF/-/M N N

Desig-
nation

Depth 
(cm)

% 
Clay

                   RMF Features               
(Knd/%/Sz/Cont./Col./Mst/Shp)

                   Surface Features           
  (Knd/%/Con/Dst/Loc/Col/Mst)

CLF/20/C/D/APF/-/M 
SLF/40/D/F/APF/-/M

CLF/25/C/D/APF/-/M, 
SKF/20/C/P/APF/-/M
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS070614A A 16 10YR/2/2 GR_L 25 2 F GR - - N N
EAS070614A Bw 27 10YR/2/2 CL 35 3 F-M SBK - - N N
EAS070614A Cr 40 - CBX_C - 1 M-C SBK - CLF/55/C/D/RF/-/M N N
EAS070614B A 22 7.5YR/2.5/1 SiCL 35 3 F GR - - N N
EAS070614B Bt1 41 7.5YR/2.5/1 SiCL 35 3 C SBK - CLF/10/C/D/APF/-/M, N N
EAS070614B Bt2 68 7.5YR/2.5/1 C 50 3 C SBK - N N

EAS070614B R - BR - - - - N N
EAS070614C Oi 1 - - - - - - N N
EAS070614C A 20 10YR/2/2 ASHY_SiL 10 2 F GR - - N Y
EAS070614C Bw1 47 10YR/3/4 10 2 M SBK - - N Y
EAS070614C Bw2 67 10YR/3/6 STV_SL 10 2 M SBK - - N Y
EAS070614C 2Bt1 96 10YR/3/4 CBX_SL 15 2 M-C SBK - CLF/40/C/D/RF/-/M N N
EAS070614C 2Bt2 104 10YR/4/3 CBX_SL 16 2 M-C SBK - CLF/25/C/D/RF/-/M N N
EAS070714A A 15 10YR/2/2 ASHY_L 10 3 F-M SBK - - Y Y
EAS070714A Bt1 33 10YR/3/4 ASHY_SL 15 3 C SBK - CLF/30/C/D/APF/-/M Y Y
EAS070714A Bt2 75 10YR/3/4 CBX_L 15 3 F-M SBK - CLF/50/C/D/RF/-/M N Y
EAS070714A Cr 86 - CBX_C - 3 C SBK - CLF/50/C/D/RF/-/M N N
EAS070714B A 20 10YR/2/2 SL 15 3 M GR - - N N
EAS070714B Bt 28 7.5YR/2.5/3 SL 15 3 M SBK - CLF/80/C/D/RF/-/M N N
EAS070714B Crt 44 - CEM_CB - 0 MA - CLF/70/C/D/RF/-/M N N
EAS070714C A 12 7.5YR/3/2 GRX_L 25 2 F GR - - N N
EAS070714C Bt 21 5YR/3/3 CB_C 60 2 F-M SBK - CLF/50/C/D/RF/-/M N N
EAS070714C Crt 36 CBX_C - 3 C SBK - CLF/80/C/D/RF/-/M N N
EAS070714D Oi 1 - - - - - - Y N
EAS070714D A 12 10YR/2/1 ASHY_SiL 25 2 F GR - - Y N
EAS070714D Bt 35 7.5YR/2/2 ASHY_SiC 45 3 M SBK - CLF/15/C/D/BPF/-/M N N
EAS070714D 2Btg1 51 7.5YR/3/2 C 45 3 C SBK FMM/5/1/P/2.5YR|2|1/M/CU CLF/40/C/D/APF/-/M Y N
EAS070714D 2Btg2 70 7.5YR/3/4 STV_CL 40 3 C SBK CLF/70/C/D/RF/-/M Y N

EAS070714D 3C 84 - - - 2 C-M SBK - - N N

Desig-
nation

Depth 
(cm)

% 
Clay

                   RMF Features               
(Knd/%/Sz/Cont./Col./Mst/Shp)

                   Surface Features           
  (Knd/%/Con/Dst/Loc/Col/Mst)

CLF/50/C/D/APF/-/M, 
SKF/40/C/D/APF/-/M

ASHY_GRC_Si
L

FMM/30/1/P/2.5YR|2|1/M/CU, 
FED/2/1/P/7.5YR|4|3/M/CU
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS070814A A 14 7.5YR/2.5/3 SiL 17 3 VF-F SBK - - N N
EAS070814A R 19 - BR - - - CLF/25/C/D/RF/-/M N N
EAS070814B A 10 10YR/2/1 SiL 20 3 VF-M SBK - - N N
EAS070814B AB 35 10YR/2/2 SiL 20 3 C SBK - - N N
EAS070814B Bt 44 10YR/3/3 SCL 35 3 C SBK - CLF/30/C/D/APF/-/M N N
EAS070814B R 44 - BR - - - - N N
EAS070814C A 13 7.5YR/2.5/3 GRV_SL 20 3 F-M GR - - N N
EAS070814C R 13 - BR - - - CLF/15/C/D/RF/-/M N N
EAS070814D A 9 7.5YR/3/2 ST_SiL 20 3 F-M SBK - - N N
EAS070814D Bt 32 7.5YR/2.5/2 CBV_CL 35 2 F-M SBK - CLF/60/C/D/RF/-/M N N
EAS070814D C 51 - - - 1 M-C SBK - - N N
EAS070914A A/Oi 10 7.5YR/2.5/2 SL 5 3 VF GR - - Y N
EAS070914A AB 29 2.5YR/2.5/2 CBV_SL 15 3 VF SBK - CLF/60/C/D/RF/-/M N N
EAS070914A Bt1 50 10YR/3/4 ST_C 50 3 C SBK - N N

EAS070914A Bt2 80 10YR/3/4 STV_C 70 3 VC SBK - N N

EAS071014A Oi 1 - - - - - - N N
EAS071014A A 16 10YR/2/2 ASHY_SiL 15 3 F GR - - N N
EAS071014A Bt 31 10YR/2/2 ASHY_CB_SiL 20 2 F-M SBK - CLF/60/C/D/RF/-/M N N
EAS071014A 2Btg 63 10YR/3/3 STX_SiCL 35 3 M SBK N N

EAS071014B A 25 10YR/3/2 GRV_L 25 2 F-M SBK FMM/5/1/P/2.5YR|2|1/M/IR CLF/30/C/D/RF/-/M N N
EAS071014B R 25 - BR - - - - N N
EAS071014C A 26 7.5YR/3/4 CBV_L 15 3 F-M GR - CLF/65/C/D/RF/-/M N N
EAS071014C R 26 - BR - - - - N N
EAS071014D Oi 1 - - - - - - Y N
EAS071014D A 23 10YR/3/3 CL 27 2 VF-F GR - - Y N
EAS071014D E 48 10YR/3/6 L 25 1 M-C SBK - - Y N
EAS071014D Bt 81 10YR/3/3 GR_L 25 1 C SBK - CLF/15/C/D/APF/10YR|3|2/M N N
EAS071014D Ct 100 7.5YR/3/4 CB_CL 35 3 M-C SBK - CLF/70/C/D/RF/-/M N N

Desig-
nation

Depth 
(cm)

% 
Clay

                   RMF Features               
(Knd/%/Sz/Cont./Col./Mst/Shp)

                   Surface Features           
  (Knd/%/Con/Dst/Loc/Col/Mst)

CLF/70/C/D/RF/-/M, 
CLF/70/C/D/APF/-/M
CLF/70/C/D/RF/-/M, 
CLF/80/C/D/APF/-/M

FED/5/2/P/10YR|4|4/M/IR, 
FMN/1/1/P/2.5YR|2|1/M/IR

CLF/70/C/D/RF/-/M, 
CLF/50/C/D/APF/-/M
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS071714A V 8 10YR/3/2 ASHY_SL 7 2 C SBK - - N N
EAS071714A Bw 20 10YR/3/2 ASHY_SL 10 2 F-M SBK - - N N
EAS071714A Crt 33 - GR - 2 F-M SBK - BRF/20/C/D/RF/-/M N N
EAS071714A R 33 - BR - - - - N N
EAS071814A A 15 10YR/2/2 SL 7 3 M SBK - - N N
EAS071814A Bw 28 10YR/3/2 GRF_SL 15 3 M SBK - - N N
EAS071814A Cr 39 - FGR - 3 M SBK - - N N
EAS071914A Oi 1 - - - - - - N N
EAS071914A A 21 7.5YR/2.5/2 SiL 20 3 F-M SBK - - N N
EAS071914A Bt 35 7.5YR/2.5/2 CB_CL 35 3 M SBK - CLF/10/C/F/APF/-/M N N
EAS071914A Crt 52 10YR/3/2 CBX_CL 30 3 C SBK - CLF/15/C/D/RF/-/M N N
EAS071914A R 60 - BR - - - - N N
EAS071914B Oi 1 - - - - - - N N
EAS071914B A 15 NA NA NA 3 M GR - - N N
EAS071914B Bt1 34 NA NA NA 3 M SBK - CLF/5/C/F/APF/-/M N N
EAS071914B Bt2 76 NA NA NA 3 F-M SBK - CLF/15/C/D/BRF/-/M N N
EAS071914B Cr 102 NA NA NA 0 MA - - N N
EAS072014A Oi 1 - - - - - - N N
EAS072014A A 9 7.5YR/2.5/2 GRF_SL 10 3 F GR - - N Y
EAS072014A Bt 26 7.5YR/3/4 CB_SL 15 2 M SBK - CLF/15/C/D/RF/-/M N Y
EAS072014A R 37 - BR - - FEF/25/2/P/7.5YR|5|6/M/IR - N Y
EAS072014B Oi 1 - - - - - - N N
EAS072014B A 20 10YR/3/3 ASHY_GR_SL 10 1 F-M SBK - - Y Y
EAS072014B AB 42 10YR/3/4 GR_SL 10 2 M SBK - - Y Y
EAS072014B Bt1 85 10YR/4/4 GR_SL 15 2 F-M SBK - CLF/5/C/F/APF/-/M N Y
EAS072014B Bt2 100 10YR/4/4 GRV_SCL 32 3 M-C SBK - CLF/40/C/D/APF/-/M N N
EAS072114A A 11 7.5YR/2.5/3 L 17 3 F GR - - N N
EAS072114A Bw1 35 7.5YR/3/3 L 20 2 C SBK - - N N
EAS072114A Bw2 61 10YR/3/3 L 10 2 M SBK - - N N
EAS072114A R 67 - BR - - - - N N

Desig-
nation

Depth 
(cm)

% 
Clay

                   RMF Features               
(Knd/%/Sz/Cont./Col./Mst/Shp)

                   Surface Features           
  (Knd/%/Con/Dst/Loc/Col/Mst)
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS072114B A 9 10YR/2/2 L 20 3 F-M GR - - N N
EAS072114B AB 22 10YR/2/2 L 15 2 F SBK - - N N
EAS072114B Bt 34 10YR/3/3 GRF_CL 35 3 M-C SBK - - N N
EAS072114B Crt 48 - GRV_C 1 C SBK - - N N
EAS072214A Oi 1 - - - - - - N N
EAS072214A A 15 10YR/2/2 ASHY_SiL 22 2 M GR - - N N
EAS072214A Bt1 36 10YR/2/2 L 25 3 C SBK - CLF/15/C/F/APF/-/M N N
EAS072214A Bt2 94 10YR/3/4 L 25 3 C SBK - N N
EAS072214A 2Bw 104 10YR/3/4 SiL 15 2 C SBK - - N N
EAS072214B Oi 1 - - - - - - N N
EAS072214B A 8 NA NA NA 3 F GR - - N N
EAS072214B Bw 19 NA NA NA 3 M-C SBK - - N N
EAS072214B R 43 - BR - - - CLF/50/C/D/RF/-/M N N
EAS072314A Oi 1 NA NA NA NA - - N N
EAS072314A A 8 10YR/2/2 L 20 2 F-M GR - - N N
EAS072314A AB 24 10YR/2/2 L 20 3 F-M SBK - - Y N
EAS072314A Bt 51 10YR/2/2 C 40 3 C SBK CLF/30/C/D/RF/-/M Y N

EAS072314A C 80 10YR/3/6 C 60 3 C SBK - OAF/10/C/D/SC/2.5RY|2|1/M N N
EAS072314B V/A 11 10YR/2/2 ST_SiL 20 2 F GR - - N N
EAS072314B AB 31 10YR/2/2 CB_CL 35 2 M SBK - - N N
EAS072314B Bt1 68 10YR/2/2 ST_SiC 41 3 M-C SBK - CLF/20/C/D/RF/-/M N N
EAS072414A Oi 1 - - - - - - N N
EAS072414A A/Oi 11 10YR/2/2 ASHY_GR_SiL 10 2 F GR - - N N
EAS072414A AB 27 10YR/2/2 CB_L 25 3 M SBK - CLF/5/C/D/RF/-/M N N
EAS072414A Bt 56 10YR/3/3 STV_L 20 3 M SBK - Y N
EAS072414A R 56 - BR - - - - N N
EAS072414B A 14 10YR/2/2 CB_L 20 2 F GR - - N N
EAS072414B Bt 34 10YR/3/2 CBV_SiCL 32 3 M-C SBK - CLF/10/C/D/RF/-/M N N
EAS072414B R 46 - BR - - - - N N

Desig-
nation

Depth 
(cm)

% 
Clay

RMF Features               (Knd/
%/Sz/Cont./Col./Mst/Shp)

Surface Features             (Knd/
%/Con/Dst/Loc/Col/Mst)

CLF/20/C/D/TF/-/M, 
CLF/25/C/D/RF/-/M

FEF/5/C/D/APF/10YR|5|6/M/IR, 
FMM/2/1/D/2.5YR|2|1/M/IR

CLF/50/C/D/RF/-/M, 
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS072414C A 21 10YR/3/3 GRC_SiL 17 2 F-M GR - CLF/5/C/D/RF/-/M N N
EAS072414C R 21 - BR - - - - N N
EAS073114A Oi 1 - - - - - - N N
EAS073114A A 5 10YR/2/2 ASHY_SL 8 2 F GR - - N Y
EAS073114A Bw2 56 10YR/4/3 ASHY_SL 12 2 M SBK - - N Y
EAS073114A Bw1 30 10YR/4/4 ASHY_GR_SL 5 1 M SBK - - Y Y
EAS073114A Bt 100 10YR/4/3 GR_SL 15 2 M SBK - CLF/25/C/D/RF/-/M Y N
EAS073114B Oi 1 - - - - - - N -
EAS073114B A 24 10YR/4/4 ASHY_GR_LS 5 1 F-M SBK - - N -
EAS073114B Bw 50 10YR/4/3 ASHY_GRV_LS 5 2 F-M SBK - - N -
EAS073114B Bt1 73 10YR/4/3 ASHY_GR_LS 8 2 M SBK - CLF/20/C/D/BRF,BPF/-/M N -
EAS073114B Bt2 100 10YR/4/3 ASHY_GR_LS 8 3 F-M SBK - CLF/20/C/D/RF/-/M N -
EAS073114C V/A 13 10YR/3/3 ASHY_SL 10 3 F-M GR - - N N
EAS073114C Bw 30 10YR/3/3 ASHY_L 15 3 M-C SBK - - N N
EAS073114C 2Bt 45 10YR/3/4 CB_SCL 23 3 C SBK - CLF/5/C/F/APF,RF/-/M Y N
EAS073114C 2Crt 50 10YR/3/4 CBV_SCL 25 3 M-C SBK FMM/25/2/P/2.5|2|1/M/C CLF/25/C/D/RF/-/M N N
EAS080114A A 13 10YR/2/2 GR_L 15 3 F-M GR - - N N
EAS080114A Btg 34 10YR/3/2 GR_L 18 3 M SBK FMM/5/1/P/2.5YR|2|1/M/IR CLF/5/C/D/APF/-/M N N
EAS080114A 2Btg1 56 10YR/3/3 CB_SL 18 3 M-C SBK CLF/30/C/D/APF,RF/-/M N N

EAS080114A 2Btg2 87 10YR/3/3 ST_SL 3 M SBK - BRG/30/C/D/BG/-/M N N
EAS080114B Oe 12 - - - - - - N N
EAS080114B Ag 23 2.5YR/3/1 ASHY_CL 30 3 F SBK F3M/10/2/P/7.5YR|5|6/M/IR - N N
EAS080114B 2Bgt1 62 7.5YR/3/2 GR_C 3 C SBK F3M/2/1/P/7.5YR|5|6/M/S CLF/2/P/F/APF/-/M N N
EAS080114B Bgt 40 2.5YR/3/2 GR_CL 40 3 M SBK F3M/2/1/P/7.5YR|5|6/M/S CLF/25/P/D/APF/-/M N N
EAS080114B 2Bgt2 100 10YR/3/3 ST_C 3 M SBK CLF/25/C/D/RF/-/M N N

EAS080214A Oi 1 - - - - - - N N
EAS080214A A 16 10YR/2/2 ASHY_GR_L 18 3 F-M SBK - - N N
EAS080214A Bt 50 10YR/3/3 ASHY_GR_L 20 3 M SBK FMC/5/1/P/2.5|2|1/M/S CLF/2/C/D/RF/-/M Y N
EAS080214A Cr 70 NA BR 3 C SBK FEF/10/2/P/7.5YR|4|6/M/IR CLF/25/C/D/RF/-/M N N

Desig-
nation

Depth 
(cm)

% 
Clay

RMF Features               (Knd/
%/Sz/Cont./Col./Mst/Shp)

Surface Features             (Knd/
%/Con/Dst/Loc/Col/Mst)

RMX/-/2/D/10YR|3|2/M/-, 
FMM/10/3/D/2.5YR|2|1/M/IR

RMX/-/2/D/7.5YR|3|2/M/-, 
F3M/10/3/D/7.5YR|5|6/M/IR
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS080214B Ap 9 10YR/3/2 SCL 25 2 F GR - - N N
EAS080214B A 41 10YR/3/2 SCL 25 3 C SBK - - N N
EAS080214B Bt1 79 10YR/3/2 L 20 3 C SBK F3M/1/1/P/7.5YR|4|6/M/S CLF/3/C/D/RF/-/M N N
EAS080214B 2Ct 100 10YR/3/3 L 23 3 C SBK F3M/1/1/P/7.5YR|4|6/M/S CLF/25/C/D/APF/-/M N N
EAS080214C A 5 10YR/3/3 GR_L 8 1 F GR - - N N
EAS080214C Bw 12 2.5YR/3/3 GR_L 10 1 F-M SBK - - N N
EAS080214C R 12 - BR - - - - N N
EAS080214D A 12 10YR/3/3 ASHY_SL 10 2 F GR - - Y N
EAS080214D Bt1 30 10YR/3/4 GR_SCL 20 3 M-C SBK FEF/10/1/P/7.5YR|4|6/M/IR CLF/2/C/D/RF/-/M Y N
EAS080214D Bt2 60 10YR/3/4 GR_SCL 30 3 C SBK CLF/25/C/D/APF/-/M N N

EAS080214D R 67 - BR - - - - N N
EAS080314A A 13 10YR/3/3 ASHY_SL 10 2 F GR - - N N
EAS080314A Bt1 43 10YR/3/4 ASHY_GR_SL 18 2 C SBK - - N N
EAS080314A Bt2 97 10YR/3/3 CB_SCL 30 2 C SBK FMN/5/2/P/2.5YR|2|1/M/IR CLF/3/C/D/APF,RF/-/M N N
EAS080314A R 97 - BR - - - BRF/25/C/D/BG/-/M N N
EAS080414A Oi 1 - - - - - - N N
EAS080414A A 18 7.5YR/2.5/3 ASHY_GR_SL 15 3 M GR FEF/1/2/P/7.5YR|4|6/M/IR - Y N
EAS080414A Bt1 56 7.5YR/3/4 20 2 C SBK FEF/5/2/P/7.5YR|4|6/M/IR BRF/2/C/D/BG/-/M Y N
EAS080414A Bt2 87 7.5YR/4/4 25 3 C SBK FEF/5/2/P/7.5YR|4|6/M/IR CLF/25/C/D/APF/-/M N N
EAS080414A Bt3 104 7.5YR/4/4 27 3 C SBK CLF/25/C/D/APF/-/M N N

EAS080514A Oi 1 - - - - - N N
EAS080514A A 11 7.5YR/2.5/2 ASHY_GR_SL 15 3 F-M GR - N N
EAS080514A Bt 39 7.5YR/2.5/3 30 3 C SBK F3M/15/2/P/7.5YR|4|6/M/S N N

EAS080514A R 39 - BR - - N N
EAS080514B Oi 1 - - - - - - Y -
EAS080514B A 13 7.5YR/3/3 ASHY_GR_SL 10 1 VF SBK - - Y -
EAS080514B Bw1 68 10YR/3/4 ASHY_GR_SL 7 2 M-C SBK - - Y -
EAS080514B Bw2 79 10YR/5/4 ASHY_SiL 7 2 M SBK - - N -
EAS080514B Bt 113 10YR/4/4 ASHY_ST_SCL 32 2 C SBK CLF/2/C/D/RF/-/M N -

Desig-
nation

Depth 
(cm)

% 
Clay

RMF Features               (Knd/
%/Sz/Cont./Col./Mst/Shp)

Surface Features             (Knd/
%/Con/Dst/Loc/Col/Mst)

FEF/1/1/P/7.5YR|4|6/M/IR, 
FMM/10/1/P/2.5YR|2|1/M/S

ASHY_GR_SC
LASHY_GR_SC
LASHY_GRV_S
CL

FEF/1/2/P/7.5YR|4|6/M/IR, 
MNF/7/2/P/2.5YR|2|1/M/IR

ASHY_CBV_S
CL

CLF/20/C/D/APF/-/M, 
CLF/30/C/D/RF/-/M

FEF/5/2/P/7.5YR|4|6/M/IR, 
FMN/5/2/D/2.5YR|2|1/M/S
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS080514C Oi 3 - - - - - - N N
EAS080514C A 18 10YR/3/2 ASHY_SCL 27 2 M SBK - - N N
EAS080514C Bt1 41 10YR/2/2 GR_CL 33 3 M SBK - CLF/2/P/D/RF/-/M N N
EAS080514C Bt2 59 10YR/2/2 CBV_CL 35 3 C SBK - CLF/25/C/D/RF,APF/-/M N N
EAS080614A Oi 3 - - - - - - N N
EAS080614A A 18 10YR/2/2 ASHY_SL 10 3 F GR - - N N
EAS080614A Bw 43 10YR/2/2 GR_SL 14 2 F-M SBK FMM/20/2/2.5YR|2|1/M/S - N N
EAS080614A Bt 62 10YR/4/4 GR_SL 18 2 F SBK FEF/20/2/-/M/IR - N N
EAS080614A R 88 - BR - - - - N N
EAS081614A A 10 10YR/2/1 GRF_L 13 1 F GR - - N N
EAS081614A Bt1 25 10YR/2/2 GR_L 18 2 F-M SBK - - N N
EAS081614A Bt2 40 10YR/3/3 GR_L 20 2 F-M SBK - CLF/5/D/D/BRF/-/M N N
EAS081614A Bt3 70 10YR/3/4 GR_CL 30 2 M SBK - CLF/20/D/D/RF/-/M N N
EAS081614A Bt/C 93 10YR/3/4 CL 30 2 M SBK - CLF/20/C/D/RF/-/M Y N
EAS081614A C 100 10YR/3/4 GR_CL 30 2 C SBK - CLF/20/C/D/RF,APF/-/M Y N
EAS081614B Oi 2 - - - - - - N N
EAS081614B Oe 11 - - - - - - N N
EAS081614B A 23 10YR/2/2 GR_SiL 16 3 M SBK - - Y N
EAS081614B Bt 37 7.5YR/2.5/3 GRV_L 23 3 M SBK - Y N

EAS081614B R 40 - BR - - - - N N
EAS081614C A 9 10YR/3/3 ASHY_GR_SiL 17 2 F GR - - N N
EAS081614C R 9 - BR - - - CLF/50/C/D/BR/-/M N N
EAS081714A A/Oe 11 10YR/2/1 ASHY_SiL 18 3 M GR - - N N
EAS081714A Bt1 36 10YR/2/1 ASHY_SiCL 30 3 F-M SBK - - N N
EAS081714A Bt2 65 10YR/2/1 ASHY_SiCL 27 3 C SBK - PRF/25/D/D/APF/-/M N N
EAS081714A Ct 77 10YR/3/2 ASHY_SiL 10 2 C SBK - CLF/25/C/P/SC/-/M N N
EAS081714A 2Bt 100 10YR/2/1 ASHY_SiL 25 0 MA F3M/5/1/P/7.5YR|4|6/M/IR PRF/15/C/D/SC/-/M N N
EAS081714B A 9 10YR/2/1 GRF_L 17 1 F GR - - N N
EAS081714B Bt1 18 10YR/2/1 GRF_L 15 1 F-M SBK - - N N
EAS081714B Bt2 47 10YR/3/2 ST_L 17 2 M SBK - CLF/30/D/D/RF/-/M N N
EAS081714B R 47 - BR - - - - N N
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS081714C Oi 2 - - - - - - N N
EAS081714C A 11 10YR/2/1 ASHY_GR_SiL 13 2 F GR - - N N
EAS081714C Bw 33 10YR/2/2 ASHY_L 15 2 M-C SBK - - N N
EAS081714C Bt1 52 10YR/3/3 ASHY_GR_L 20 2 M SBK - CLF/30/C/D/APF,RF/-/M N N
EAS081714C Bt2 87 10YR/3/3 GR_CL 30 1 M SBK - CLF/35/C/D/RF/-/M N N
EAS081714C Ct 100 10YR/3/3 GRV_SCL 27 1 F-M SBK - - N N
EAS081814A A 12 10YR/2/2 ASHY_SL 10 1 M GR FMN/5/2/P/2.5YR|2|1/M/S - Y N
EAS081814A Bw1 28 7.5YR/3/3 ASHY_L 15 1 M SBK - - N N
EAS081814A Bw2 58 7.5YR/3/4 ASHY_L 20 2 M-C SBK FMN/5/2/P/2.5YR|2|1/M/IR - Y N
EAS081814A Bt/C 77 7.5YR/3/4 ASHY_SCL 23 2 M SBK FMN/7/2/P/2.5YR|2|1/M/IR CLF/35/C/D/RF/-/M N N
EAS081814A R 84 - BR - - - - N N
EAS081814B Oi 1 - - - - - - Y N
EAS081814B A 12 10YR/2/1 GR_L 12 2 F GR - - N N
EAS081814B Bt 42 10YR/3/2 GR_L 20 2 M SBK - CLF/20/D/D/RF/-/M Y N
EAS081814B R 62 - BR - - - - N N
EAS081914A Oi 3 - - - - - - N Y
EAS081914A Oe 7 - - - - - - N Y
EAS081914A A 9 10YR/2/2 ASHY_L 15 1 M GR - - N Y
EAS081914A Bt1 36 10YR/3/4 ASHY_SL 12 1 F-M SBK - - Y Y
EAS081914A Bt2 47 10YR/4/3 ASHY_GR_SL 17 2 M SBK FMN/15/2/P/2.5YR|2|1/M/S - Y N
EAS081914A Ct 103 10YR/5/3 20 2 M-C SBK F3M/15/1/P/7.5YR|4|6/M/IR CLF/30/C/D/APF,RF/-/M N N
EAS081914B Oi 3 - - - - - - Y N
EAS081914B A 14 10YR/2/1 ASHY_GR_SL 18 2 M GR - - Y N
EAS081914B Bt 44 10YR/4/2 35 3 C SBK - CLF/40/C/D/RF/-/M Y N
EAS081914B Bt/C 71 2.5Y/5/3 40 3 C SBK F3M/20/2/P/-/M/IR CLF/40/C/D/APF/-/M Y N
EAS081914B C 95 2.5Y/5/2 ASHY_GR_SC 38 0 MA - - N N
EAS082014A Oi 1 - - - - - - N Y
EAS082014A A 5 10YR/2/2 ASHY_SL 12 1 F GR - - N Y
EAS082014A Bw1 25 10YR/3/4 ASHY_SL 15 1 M SBK - - N Y
EAS082014A Bw2 64 10YR/4/4 ASHY_SL 15 2 M SBK - - N Y
EAS082014A BC 87 10YR/4/3 ASHY_SL 12 2 M-C SBK - CLF/8/D/D/APF/-/M N N
EAS082014A C 102 10YR/4/3 ASHY_ST_SL 12 1 M SBK - - N N
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS082014B Oi 1 - - - - - - N Y
EAS082014B A 6 10YR/2/2 ASHY_L 12 1 F-M GR - - N Y
EAS082014B Bw 35 10YR/3/3 ASHY_L 15 1 M SBK - - N Y
EAS082014B Bt 68 7.5YR/3/4 GR_SCL 20 2 M SBK F3M/10/1/P/7.5YR|5|6/M/S CLF/40/C/D/RF,APF/-/M N N
EAS082014B Bt/C 102 7.5YR/3/4 GR_SL 15 2 F SBK - CLF/35/C/D/RF/-/M N N
EAS082114A Oi 1 - - - - - - N N
EAS082114A A 13 10YR/3/3 ASHY_GR_L 15 2 F-M GR - - N Y
EAS082114A Bt1 34 10YR/3/4 GRV_L 18 2 F SBK - CLF/15/D/D/RF/-/M Y Y
EAS082114A Bt2 55 10YR/4/3 GR_SCL 20 2 F-M SBK - CLF/15/D/D/RF/-/M N Y
EAS082114A C/R 97 10YR/4/3 CBV_SCL 25 2 F-M SBK - CLF/20/C/D/RF/-/M N N
EAS082114A R 100 - BR - - - - N N
EAS082114B A 12 10YR/2/2 L 20 2 F GR - - N N
EAS082114B Bt 30 10YR/2/2 GR_CL 30 2 M SBK - CLF/35/C/D/RF/-/M N N
EAS082114B R 39 - BR - - - - N N
EAS082214A Oi 3 - - - - - - N N
EAS082214A A 10 10YR/2/2 ASHY_GR_SL 12 1 M GR - - N N
EAS082214A Bw 40 10YR/3/3 ASHY_GR_SL 18 2 M-C SBK - - N N
EAS082214A Bt 74 10YR/4/3 ASHY_STV_SL 18 2 M SBK - CLF/5/C/D/RF/-/M N N
EAS082214A C 92 10YR/4/3 ASHY_GRV_SL 18 2 M SBK - CLF/D/D/APF/-/M N N
EAS082214A R 92 - BR - - - - N N
EAS082214B Oi 2 - - - - - - N N
EAS082214B A 13 10YR/2/2 GRF_L 20 2 M GR - - Y N
EAS082214B Bt1 28 10YR/2/2 GR_CL 27 2 F SBK - CLF/25/C/D/APF/-/M N N
EAS082214B Bt2 36 7.5YR/3/3 CB_CL 35 2 F-M SBK - CLF/30/C/D/APF/-/M N N
EAS082214B Crt 47 10YR/4/3 VPCB_C 40 3 C SBK - CLF/40/C/D/RF/-/M N N
EAS082214C Oi 2 - - - - - - N N
EAS082214C Ap 6 10YR/2/1 GRF_L 12 2 F GR - - N N
EAS082214C Bt1 37 7.5YR/2.5/3 GRF_L 15 2 M SBK - CLF/20/C/D/RF/10YR|3|3/M N N
EAS082214C BC 74 7.5YR/2.5/3 STV_SCL 25 2 M SBK - CLF/15/D/F/APF/-/M N N
EAS082214C Cr 74 - - - - - - N N
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS082314A A 10 10YR/2/2 SiL 20 2 F-M GR - - N -
EAS082314A Bt 24 10YR/3/4 C 45 2 C SBK - CLF/20/C/D/APF/-/M N -
EAS082314A Cr 48 10YR/3/3 GR_C 55 2 C SBK - - N -
EAS082314A R 48 - BR - - - - N -
EAS082914A A 8 10YR/2/2 GR_L 12 2 F GR - - N N
EAS082914A Bt 19 10YR/2/2 GR_SL 15 2 F-M GR - - N N
EAS082914A Bt/C 44 10YR/3/3 CBV_SCL 25 2 F-M SBK - CLF/30/C/D/RF/-/M N N
EAS082914A 2Bt 60 10YR/3/2 L 20 2 F-M SBK - - N N
EAS082914A R 60 - BR - - - - N N
EAS082914B Oi 1 - - - - - - N Y
EAS082914B A 10 10YR/2/2 ASHY_CB_L 12 3 M GR - - N N
EAS082914B Bt 25 10YR/3/3 ASHY_SL 14 2 C SBK - CLF/25/D/D/RF/-/M N N
EAS082914B R 55 - BR - - - - N N
EAS083014A 1 - - - - - - Y N
EAS083014A A 9 10YR/2/2 GRV_SL 10 2 F GR - - N N
EAS083014A Bw1 42 10YR/3/4 GRF_SL 12 1 M SBK - - Y N
EAS083014A Bw2 60 10YR/3/4 GRF_SL 15 2 M-C SBK F3M/15/1/P/7.5YR|4|6/M/S - N N
EAS083014A Cr 78 - CB_GR - - - CLF/25/C/D/RF/-/M N N
EAS083014A R 78 - BR - - - - N N
EAS083014B Oi 1 - - - - - - Y N
EAS083014B A 8 10YR/3/2 GR_SL 10 2 F GR - - Y N
EAS083014B Bw 14 7.5YR/2.5/2 GR_SL 15 1 F-M SBK - - N N
EAS083014B R 14 - BR - - - - N N
EAS083014C Oi 3 - - - - - - Y N
EAS083014C A 19 10YR/2/1 CB_L 10 2 M GR - - Y N
EAS083014C Bt1 48 10YR/2/2 CB_L 25 2 F-M SBK - CLF/15/C/D/RF/-/M N N
EAS083014C Bt2 71 10YR/3/3 GRV_SCL 25 2 M SBK - CLF/35/C/D/RF/-/M N N
EAS083014C Cr 87 - - - - - - N N
EAS083014C R 87 - BR - - - - N N
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS083114A Oi 2 - - - - - - Y N
EAS083114A A 10 10YR/3/3 ASHY_L 15 1 M GR - - N Y
EAS083114A Bw 32 10YR/3/3 ASHY_L 15 2 M SBK - - N Y
EAS083114A Bt1 64 10YR/3/4 ASHY_SCL 30 2 C SBK F3M/10/1/P/7.5YR|5|6/M/S CLF/10/D/D/RF,APF/-/M Y Y
EAS083114A Bt2 100 10YR/3/4 ASHY_SCL 28 2 C SBK - CLF/20/C/D/RF,APF/-/M N N
EAS083114B Oi 1 - - - - - - N -
EAS083114B A 10 10YR/3/1 CB_CL 35 3 M SBK - - N -
EAS083114B Bt 21 10YR/2/1 GR_C 50 3 C SBK - PRF/45/C/D/APF/-/M N -
EAS083114B Cr 32 2.5Y/2.5/1 GRV_C 55 0 MA - - N -
EAS083114B R 32 - BR - - - - N -
EAS090114A A1 18 10YR/2/2 GR_SL 10 2 F GR - - N N
EAS090114A AB 46 10YR/2/2 SL 10 1 F-M SBK - - N N
EAS090114A Bt1 88 10YR/3/3 GRV_SL 12 1 M SBK - CLF/10/C/D/RF/-/M N N
EAS090114A Bt2 102 10YR/3/3 GRV_SL 15 2 M SBK - CLF/15/C/D/RF/-/M N N
EAS090214A Oi 1 - - - - - - N N
EAS090214A A 7 10YR/2/2 ASHY_SL 15 2 M GR - - N N
EAS090214A Bt1 31 10YR/3/3 25 2 C SBK - CLF/10/P/D/APF/-/M Y N
EAS090214A Ct 60 10YR/3/3 ASHY_CB_SCL 30 2 C SBK - CLF/30/D/D/RF/-/M Y N
EAS090214A R 60 - BR - - - - N N
EAS090214B Oi 1 - - - - - - N N
EAS090214B A 6 10YR/2/2 ASHY_L 18 1 F GR - - N N
EAS090214B Bt 25 10YR/2/2 GR_L 23 2 M-C SBK F3M/3/1/P/-/M/S CLF/20/C/D/RF/-/M N N
EAS090214B Crt 50 - - - 0 MA - - N N
EAS090314A Oi 3 - - - - - - N N
EAS090314A A 6 7.5YR/2.5/2 ASHY_L 15 1 M GR - - N Y
EAS090314A Bw 24 7.5YR/3/3 ASHY_GR_L 18 1 F SBK - - N Y
EAS090314A Bt 36 10YR/4/3 ASHY_L 20 2 M SBK - CLF/40/C/D/APF,RF/-/M Y Y
EAS090314A C 53 - - - 0 MA - - N N
EAS090314A R 53 - BR - - - - N N
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS090314B Oi 3 - - - - - - N N
EAS090314B A 13 7.5YR/2.5/3 ASHY_GRV_L 12 1 M GR - - N Y
EAS090314B Bw 28 10YR/3/4 ASHY_CB_SL 15 1 F-M SBK - - N Y
EAS090314B Ct 53 10YR/3/3 CBV_SL 18 1 F SBK FMM/30/1/P/2.5YR|2|1/M/IR CLF/10/D/D/RF/-/M Y Y
EAS090314B R 58 - BR - - - - N N
EAS090314C A 10 7.5YR/2.5/2 ST_L 18 1 F GR - - N N
EAS090314C Bt 28 7.5YR/3/3 CBV_L 25 2 F-M SBK - - N N
EAS090314C R 28 - BR - - - - N N
EAS090414A Oi 2 - - - - - - N N
EAS090414A A 12 10YR/1/2 ASHY_L 15 1 F-M GR - - Y N
EAS090414A Bw 39 10YR/4/3 ASHY_GR_L 14 1 M-C SBK - - Y N
EAS090414A Bt1 58 10YR/4/3 ASHY_L 14 2 C SBK F3M/5/2/P/7.5YR|4|6/M/T CLF/10/D/D/APF/-/M N N
EAS090414A Bt2 90 2.5Y/4/2 ASHY_GR_L 12 2 C SBK - CLF/15/D/D/APF/-/M N N
EAS090414A Cr 93 - - - - - - N N
EAS090414A R 93 - BR - - - - N N
EAS090414B Oi 1 - - - - - - N N
EAS090414B A 13 10YR/2/2 ASHY_GRV_L 22 1 F GR - - N Y
EAS090414B Bw 28 10YR/2/2 ASHY_GR_CL 30 2 M SBK - - N Y
EAS090414B 2Bt 38 10YR/3/2 GRV_C 42 3 F SBK - CLF/30/C/D/RF,APF/-/M N N
EAS090414B 2Ct 56 10YR/3/3 C 55 0 MA - CLF/95/C/P/RF,APF/-/M N N
EAS090414B 58 - BR - - - CLF/95/C/P/RF,APF/-/M N N
EAS091114A A 17 10YR/2/2 L 18 3 M GR - - N N
EAS091114A Bw1 33 10YR/2/2 GR_L 23 2 M SBK - - N N
EAS091114A Bw2 47 10YR/2/2 GRV_CL 30 2 F-M SBK - - N N
EAS091114A 2Bw 75 10YR/3/2 GRX_S 0 SGR - - N N
EAS091114A 2C 100 10YR/3/3 GRX_S 0 SGR - - N N
EAS091114B Oi 1 - - - - - - N N
EAS091114B A 10 10YR/2/2 GR_L 15 3 M GR - - N N
EAS091114B Bt1 23 10YR/3/2 GR_L 23 2 F-M SBK - - N N
EAS091114B Bt2 43 10YR/4/3 CB_CL 40 2 C SBK - CLF/40/C/D/RF/-/M N N
EAS091114B Bt3 57 10YR/4/3 CB_C 55 0 MA - CLF/60/C/D/APF,RF/-/M N N
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS091214A A 18 10YR/2/2 L 20 3 F-M GR - - Y N
EAS091214A Bt1 34 10YR/3/2 CB_C 50 3 C SBK - CLF/50/C/D/APF,RF/-/M Y N
EAS091214A Bt2 55 10YR/3/2 GRV_SC 40 3 C SBK - CLF/40/C/D/RF/-/M Y N
EAS091214A Ct 72 10YR/3/2 CB_C 45 2 F-M SBK - CLF/40/C/D/RF/-/M N N
EAS091214A R 72 - BR - - - - N N
EAS091214B Oi 2 - - - - - - N N
EAS091214B AO 9 10YR/2/2 ASHY_GR_SiL 10 1 F GR - - N Y
EAS091214B Bw 28 10YR/3/3 ASHY_GR_L 12 1 F SBK - CLF/20/C/D/RF/-/M Y Y
EAS091214B Bt1 59 10YR/4/3 20 2 M SBK - CLF/50/C/D/RF/-/M N N
EAS091214B Bt2 94 10YR/4/4 ASHY_CB_SCL 25 2 M SBK - CLF/25/C/D/APF/-/M N N
EAS091214B R 94 - BR - - - - N N
EAS091314A Oi 1 - - - - - - Y N
EAS091314A A 11 10YR/2/2 ASHY_SiL 12 1 F-M GR - - N N
EAS091314A Bw 24 10YR/2/2 ASHY_L 20 1 M SBK - - Y N
EAS091314A Bt1 44 10YR/3/2 CB_CL 30 1 M SBK - CLF/25/C/D/RF/-/M N N
EAS091314A Bt2 52 10YR/3/3 GRV_CL 26 1 M SBK - CLF/45/C/D/RF/7.5YR|4|6/M N N
EAS091314A R 52 - BR - - - - N N
EAS091314B Oe 2 - - - - - - N N
EAS091314B A 9 10YR/3/3 ASHY_SiL 12 1 F GR - - N Y
EAS091314B Bw1 30 10YR/3/3 ASHY_SiL 14 1 VF SBK - - Y Y
EAS091314B Bw2 54 10YR/4/4 ASHY_SiL 15 1 F SBK - - N Y
EAS091314B Bt 83 7.5YR/3/3 STV_L 20 1 F-M SBK FEF/40/3/P/7.5YR|5|6/M/IR CLF/60/C/D/RF/-/M N N
EAS091314B R 83 - BR - - - - N N
EAS091414A Oe 3 - - - - - - Y N
EAS091414A A 13 10YR/3/3 ASHY_L 10 1 VF GR - - N Y
EAS091414A Bw 38 10YR/4/6 ASHY_SiL 12 1 VF GR - - Y Y
EAS091414A 2Ab 44 10YR/3/3 GR_L 16 2 C PR - CLF/5/C/D/RF/-/M N Y
EAS091414A 2Bt1 61 10YR/3/4 GR_SL 15 2 M PR - CLF/10/C/D/RF/-/M N N
EAS091414A 2Bt2 80 10YR/4/4 C 40 2 M SBK FEF/15/1/P/7.5YR|5|6/M/IR - N N
EAS091414A 2C 100 10YR/4/4 C 40 3 C SBK MNF/5/2/D/2.5YR|2|1/M/IR - N N
EAS091414A 2Crt 100 - BR - - FEF/15/1/P/7.5YR|5|6/M/IR - N N
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS091514A Oi 2 - - - - - - N N
EAS091514A A 11 7.5YR/2.5/2 ASHY_L 18 3 M GR F3M/10/1/P/7.5YR|4|6/M/S CLF/10/C/D/RF/-/M, Y N
EAS091514A Bt 38 7.5YR/2.5/3 CB_L 25 2 C SBK F3M/10/1/P/7.5YR|4|6/M/S CLF/25/C/D/RF/-/M N N
EAS091514A R 38 - BR - - - - N N
EAS091514B A1 17 10YR/2/2 SiL 18 3 M GR - - N N
EAS091514B AB 37 10YR/3/2 SiL 20 2 M SBK - - Y N
EAS091514B Eg 59 10YR/3/2 SL 15 0 MA F3M/35/2/P/7.5YR|5|6/M/IR - Y N
EAS091514B Bg2 78 10YR/3/2 LS 10 1 C SBK - N N

EAS091514B Bg1 71 10YR/3/2 SiL 20 3 C SBK F3M/30/3/P/7.5YR|5|6/M/IR - Y N
EAS091514B Bg3 102 10YR/2/1 CB_SiL 15 2 C SBK RMX/-/-/P/10Y|2.5|1/M/- - N N
EAS091614A Oi 1 - - - - - - N N
EAS091614A A 8 10YR/3/3 ASHY_L 15 1 M GR - - N Y
EAS091614A Bw 32 10YR/4/4 ASHY_L 17 1 M-C SBK - - Y Y
EAS091614A Bt1 71 10YR/3/2 ST_L 25 2 C SBK - CLF/40/C/D/RF/-/M N Y
EAS091614A Bt2 86 10YR/4/3 GRC_CL 40 3 M SBK - CLF/60/C/D/RF/-/M N N
EAS091614A R 86 - BR - - - - N N
EAS091614B Oi 1 - - - - - - N N
EAS091614B A 9 10YR/2/2 ASHY_SiL 15 1 F-M GR - - N Y
EAS091614B Bw 30 10YR/3/4 ASHY_GR_L 18 1 M SBK - - N Y
EAS091614B 2Bt 79 7.5YR/3/4 CN_L 23 2 M SBK - CLF/40/C/D/RF/-/M N Y
EAS091614B 2Ct 105 7.5YR/3/3 CNV_SCL 25 3 M SBK FEF/35/3/P/7.5YR|4|6/M/IR CLF/45/C/D/RF/-/M N N
EAS091714A V 2.5 10YR/4/6 ASHY_SiL 8 1 C GR - - N -
EAS091714A A 11 10YR/4/6 ASHY_SiL 8 1 C GR - - N -
EAS091714A C 17 10YR/4/4 ASHY_SiL 10 1 M SBK - - Y -
EAS091714A 2Ab/Crt 23 2.5Y/3/3 GR_SCL 22 2 M SBK - - N -
EAS091714A 2R 23 - BR - - - - N -

Desig-
nation

Depth 
(cm)

% 
Clay

RMF Features               (Knd/
%/Sz/Cont./Col./Mst/Shp)

Surface Features             (Knd/
%/Con/Dst/Loc/Col/Mst)

F3M/25/2/P/7.5YR|5|6/M/IR, 
RMX/-/-/P/10Y|2.5|1/M/-
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* See page 134 for location coordinates

ID* Moist Color Texture Structure Charcoal NaF pH

EAS091814A Oi 2 - - - - - - N N
EAS091814A A 15 7.5YR/3/3 18 1 M GR - - Y Y
EAS091814A Bw 38 7.5YR/3/4 ASHY_GRV_L 15 1 F SBK FEF/25/3/P/-/M/IR - Y Y
EAS091814A Bt1 69 7.5YR/3/4 ASHY_GRV_L 23 2 F-M SBK F3M/10/1/P/-/M/S CLF/30/C/D/RF/7.5YR|3|4/M N Y
EAS091814A Bt2 103 7.5YR/3/4 GRV_L 24 1 M SBK F3M/10/1/P/-/M/S CLF/45/C/D/RF/7.5YR|5|6/M N N
EAS091814A Bt3 149 7.5YR/3/4 GRV_L 25 1 C SBK - CLF/35/C/D/TRF/7.5YR|5|6/M Y N
EAS091814A C 180 7.5YR/3/4 GRV_L 25 1 M SBK F3M/5/1/P/-/M/S CLF/30/C/D/TRF/10R|4|6/M N N
EAS091814B Oe 1 - - - - - - N N
EAS091814B A 20 10YR/3/6 ASHY_SiL 8 1 F GR - - Y N
EAS091814B Bt 45 10YR/4/6 ASHY_SiL 20 2 M SBK F3M/10/1/P/-/M/S CLF/15/C/D/RF/5YR|4/6|M N N
EAS091814B Crt 69 10YR/3/4 GR_CL 38 3 F SBK F3M/25/2/P/-/M/IR - N N
EAS091814B R 69 - BR - - - - N N
EAS091914A Oi 1 - - - - - - N N
EAS091914A A 11 10YR/2/1 ASHY_GR_SiL 10 1 F GR - - Y Y
EAS091914A Bw 36 10YR/2/2 ASHY_GR_SiL 15 1 F GR - - Y Y
EAS091914A Bt1 83 10YR/3/4 18 1 F SBK - CLF/15/D/D/RF/10YR|3|4/M N Y
EAS091914A Bt2 102 10YR/3/6 ASHY_CBV_L 10 1 M SBK - CLF/25/D/D/RF/10YR|3|4/M N N

Desig-
nation

Depth 
(cm)

% 
Clay

RMF Features               (Knd/
%/Sz/Cont./Col./Mst/Shp)

Surface Features             (Knd/
%/Con/Dst/Loc/Col/Mst)

ASHY_GRV_Si
L

ASHY_GRV_Si
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Sample location (Coordinate system: WGS84), vegetation, and topography

 

ID X coordinates Y coordinates Curvature Slope

EAS070414A 685175.6646 1175030.966 -1.00 0 5043 128 0.00 12
EAS070414B 684224.1458 1170534.737 78.11 3 5473 128 48.54 12
EAS070414C 683191.5863 1170243.906 307.23 -3 5378 32 78.50 12
EAS070514A 695730.4276 1161157.337 165.58 -8 4801 2 45.17 12
EAS070514B 693087.3341 1162943.313 196.23 -10 5085 4 102.85 12
EAS070514C 690720.5602 1165318.327 180.00 -2 5398 4 5.00 12
EAS070614A 691742.9031 1174794.21 265.03 -1 4030 16 57.72 22
EAS070614B 691597.625 1167514.727 329.04 -6 4703 16 7.29 25
EAS070614C 695299.5488 1169819.142 31.76 1 5881 128 123.49 12
EAS070714A 687572.5084 1168044.368 225.00 3 5351 4 15.91 12
EAS070714B 686547.8315 1169294.219 116.03 3 6096 2 59.82 12
EAS070714C 687562.2819 1174982.667 152.35 -1 5198 4 29.63 10
EAS070714D 687263.2361 1174755 345.58 -6 5209 64 45.17 12
EAS070814A 682538.9675 1182509.337 113.55 -2 4402 2 53.18 12
EAS070814B 681787.2931 1180942.218 208.61 1 4867 4 31.32 22
EAS070814C 679831.5697 1186883.268 239.93 -4 5053 8 54.89 19
EAS070814D 688477.6337 1179806.915 135.00 2 5356 2 49.50 12
EAS070914A 685293.735 1164287.675 223.15 -2 4906 8 54.83 9
EAS071014A 679469.4363 1170247.833 123.69 11 5555 64 9.01 12
EAS071014B 678749.811 1171017.578 40.91 -2 5709 128 24.81 12
EAS071014C 676743.5507 1175004.28 270.00 -3 6096 64 15.00 12
EAS071014D 674908.3025 1110230.779 137.16 4 5043 2 93.76 9
EAS071714A 679444.1909 1110596.258 230.71 3 4970 16 17.77 10
EAS071814A 670019.4572 1113718.143 225.00 5 5953 8 67.18 12
EAS071914A 666265.0992 1122313.815 161.18 2 5001 4 116.22 12
EAS071914B 671863.0227 1103358.43 240.95 -2 5466 8 12.87 18
EAS072014A 672359.4394 1103766.694 63.43 0 5489 128 11.18 18
EAS072014B 661040.9012 1101456.162 25.82 5 5538 64 86.10 12
EAS072114A 665440.0531 1101059.253 135.00 -2 6157 2 51.27 15
EAS072114B 662128.7671 1108518.495 220.10 5 5651 8 62.10 12
EAS072214A 660114.3637 1105846.286 214.59 -1 5068 4 88.07 10
EAS072214B 653826.3065 1101230.906 52.33 -4 5522 128 124.76 15
EAS072314A 688853.5748 1075357.412 252.85 1 5721 8 105.96 10
EAS072314B 687114.6615 1075623.373 233.75 2 5522 8 23.25 10
EAS072414A 701367.1914 1124499.399 7.59 -2 5494 64 37.83 12
EAS072414B 701465.2245 1124248.18 68.96 3 5594 1 52.23 12
EAS072414C 703133.7047 1124830.547 30.96 1 5543 128 51.02 12
EAS073114A 708982.512 1125897.384 180.00 1 5135 4 20.00 14
EAS073114B 708676.038 1126551.204 -1.00 0 5161 8 0.00 22
EAS073114C 708492.4826 1126770.626 -1.00 0 5164 4 0.00 14
EAS080114A 707145.3315 1122983.808 18.43 -4 5043 64 15.81 9
EAS080114B 707758.6918 1121354.69 315.00 3 4997 32 8.84 9
EAS080214A 704639.2237 1122574.759 39.14 -2 5617 64 69.30 14
EAS080214B 704589.3302 1122963.271 66.80 1 5546 128 85.68 14
EAS080214C 704680.9026 1126506.751 249.23 -4 5582 16 38.77 12
EAS080214D 691263.7177 1124950.53 272.29 -4 5016 16 31.27 15
EAS080314A 698081.0319 1132459.733 187.13 -1 5760 8 40.31 12
EAS080414A 698546.1401 1133005.439 340.64 3 5790 128 49.02 12
EAS080514A 693555.7784 1130171.488 215.54 6 5106 8 118.28 10
EAS080514B 693913.7071 1129758.25 83.19 -4 4727 1 168.69 12

Aspect (o) Elevation 
(ft)

Flow 
direction

Vegetation 
Class
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ID X coordinates Y coordinates Curvature Slope

EAS080514C 687934.5518 1083372.688 299.36 -9 5356 16 45.89 15
EAS080614A 687250.1718 1075749.485 95.83 1 5495 2 61.57 10
EAS081614A 682134.2248 1078999.282 220.24 -4 5342 16 21.29 18
EAS081614B 692718.9321 1083197.833 63.43 3 5725 1 16.77 9
EAS081614C 691612.9501 1085240.046 257.83 -1 5957 16 65.22 15
EAS081714A 696876.0918 1084114.956 211.76 2 5550 8 30.87 15
EAS081714B 698902.3583 1124481.331 332.53 -4 4967 32 35.22 15
EAS081714C 689897.1862 1127649.486 28.64 2 5160 128 200.82 12
EAS081814A 697259.0962 1122177.044 71.57 7 5082 128 51.39 12
EAS081814B 688080.3748 1118379.494 247.25 -3 5216 16 42.02 15
EAS081914A 695869.2964 1116373.237 196.70 -6 5755 8 52.20 12
EAS081914B 695622.0659 1117727.618 21.04 -2 5117 1 17.41 12
EAS082014A 693659.2099 1115811.269 270.74 -7 5770 16 96.26 12
EAS082014B 690321.3059 1112926.618 246.37 2 5373 8 43.66 15
EAS082114A 693292.445 1109946.301 244.65 -2 5514 8 78.84 12
EAS082114B 692766.8061 1107245.855 228.30 -4 5372 8 92.08 15
EAS082214A 692669.9543 1105600.394 110.85 -2 5282 1 56.18 15
EAS082214B 707899.56 1106761.571 0.00 1 4880 64 65.00 15
EAS082214C 676553.6437 1136173.791 148.54 -1 5614 2 98.19 12
EAS082314A 668145.1271 1133217.135 203.20 -2 4979 8 38.08 12
EAS082914A 664630.4061 1134667.305 247.99 0 4908 8 63.37 12
EAS082914B 665258.3949 1134523.43 218.42 3 5002 4 46.27 12
EAS083014A 662207.7304 1134663.034 135.00 0 5044 2 93.69 12
EAS083014B 659784.8282 1135061.224 3.81 0 4721 128 18.79 9
EAS083014C 657399.1105 1134726.956 180.00 4 4664 4 65.00 15
EAS083114A 655589.9898 1142245.095 302.95 3 4263 32 160.88 12
EAS083114B 649945.5843 1120783.371 125.91 -3 5262 2 89.51 12
EAS090114A 648758.581 1118185.85 111.97 8 5332 2 76.83 15
EAS090214A 659182.3403 1121548.171 54.09 2 5266 1 44.76 14
EAS090214B 661299.8736 1119377.848 345.07 -4 5331 64 116.43 12
EAS090314A 664111.9303 1116687.071 225.00 -2 5815 4 12.37 15
EAS090314B 657712.4394 1111952.314 208.07 -4 4754 8 42.50 15
EAS090314C 658624.4262 1105670.006 318.01 -2 5295 16 33.63 15
EAS090414A 703171.4735 1178153.278 5.53 -7 3635 128 38.93 31
EAS090414B 703171.4735 1178153.278 5.53 -7 3635 128 38.93 31
EAS091114A 704329.5316 1177257.587 69.38 1 3767 1 124.21 12
EAS091114B 704329.5316 1177257.587 69.38 1 3767 1 124.21 12
EAS091214A 705697.7455 1179281.993 115.35 3 4292 1 105.12 19
EAS091214B 712776.9552 1181864.716 252.47 3 6367 16 99.62 12
EAS091314A 716100.8694 1176616.04 261.33 -5 4611 16 74.60 9
EAS091314B 712567.6124 1171591.883 52.77 0 4425 128 39.25 12
EAS091414A 701895.3787 1174005.635 304.99 -3 4946 32 61.03 12
EAS091514A 716506.4979 1164710.556 234.95 0 5185 8 102.30 12
EAS091514B 716538.2625 1165367.837 110.38 -12 4571 1 46.67 1
EAS091614A 724223.8559 1173769.708 268.92 -5 4739 8 66.26 15
EAS091614B 723220.2265 1161761.844 333.89 1 5403 32 71.00 12
EAS091714A 716083.3712 1176688.803 300.32 7 4595 32 76.75 31
EAS091814A 705962.4957 1140945.42 92.77 10 5632 1 155.18 12
EAS091814B 696756.0141 1144005.949 315.00 1 5946 32 93.69 12
EAS091914A 718602.6326 1135078.021 239.59 1 7042 8 133.35 12

Aspect (o) Elevation 
(ft)

Flow 
direction

Vegetation 
Class
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Software and packages used for analyses
Software and Package Version

R Statistical Software/ R Studio V. 3.0.3

caret 6.0-37

geoR 1.7-5.1

randomForest 4.6-10

raster 2.3-12

rgdal 0.9-1

gstat 2.5.1

ArcGIS (and tools therein) V. 10.1

 



138

Soil property class breaks and labels
Soil Property Class breaks Labels

Soil pH 3.5 – 4.4
4.5 – 5.0
5.1 – 5.5
5.6 – 6.0
6.1 – 6.5
6.6 – 7.3
7.4 – 7.8

Extremely Acid
Very Strongly Acid
Strongly Acid
Moderately Acid
Slightly Acid
Neutral
Slightly Alkaline

Base Saturation 35% or Less
35.01 – 50%
50.01 – 65%
65.01 – 80%
80.01 – 95%
95.01 – 110%
Greater than 110%

-
-
-
-
-
-
-

CEC (cmol/kg) Less than 30 
30 – 44.44
45 – 59.44
60 – 74.44
75 – 89.44
90 – 104.44
105 – 119.44
120 or Greater

-
-
-
-
-
-
-
-

Organic Matter (LOI) 0.040 or Less
0.041 – 0.080
0.081 – 0.120
0.121 – 0.160
0.161 – 0.200
0.201 – 0.240
0.241 – 0.280
0.281 – 0.320
Greater than 0.320

-
-
-
-
-
-
-
-
-

Clay Content (%) Less than 10%
10 – 14.4%
15 – 19.4%
20 – 24.4%
25 – 29.4%
30 – 34.4%
40% or Greater

-
-
-
-
-
-
-
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Table of Vegetation Classes Represented In NLCD Current Vegetation Data

 

Value Class Name
1 Open Water
2 Developed
3 Agriculture land
4 Inter-Mountain Basins Volcanic Rock and Cinder Land
5 Rocky Mountain Cliff, Canyon and Massive Bedrock, Alpine Bedrock, Scree
6 Inter-Mountain Basins Active and Stabilized Dune
7 Inter-Mountain Basins Cliff and Canyon
8 Columbia Plateau Ash and Tuff Badland
9 Inter-Mountain Basins Playa

10 Northern Rocky Mountain Western Larch Savanna
11 Aspen Forest and Woodland
12 Columbia Plateau Western Juniper Woodland and Savanna
13 North Pacific Mountain Hemlock Forest
14 Northern Rocky Mountain Mesic/Dry-Mesic Montane Mixed Conifer Forest
15 Northern Rocky Mountain Subalpine Woodland and Parkland
16 Rocky Mountain Lodgepole Pine Forest
17 Northern Rocky Mountain Ponderosa Pine Woodland and Savanna
18 Rocky Mountain Subalpine Mesic Spruce-Fir Forest and Woodland
19 Inter-Mountain Basins Mountain Mahogany Woodland and Shrubland
20 Scabland/ Shrubland
21 Mixed Sagebrush Shrubland
22 Columbia Plateau Steppe and Grassland
23 Columbia Basin Palouse Prairie
24 Rocky Mountain Alpine Fell-Field
25 Rocky Mountain Subalpine-Montane Mesic Meadow
26 Introduced Upland Vegetation 
27 Recently burned 
28 Harvested forest-tree regeneration
29 Inter-Mountain Basins Greasewood Flat
30 Northern Rocky Mountain Conifer Swamp
31 Lower Montane Riparian Woodland and Shrubland
32 North Pacific Shrub Swamp
33 Emergent Marsh/ Vernal pool
34 Inter-Mountain Basins Alkaline Closed Depression
35 Columbia Plateau Silver Sagebrush Seasonally Flooded Shrub-Steppe
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Appendix B – Plots comparing soil properties with selected environmental 
variables

Figure 1 – Histogram of surface organic matter content measured across the forest.

Figure 2 – Boxplot comparing the surface organic matter content of soils with volcanic ash 
(1) to sites without (0).
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Figure 3 – Plots examining the relationship between surface organic matter content and 
selected environmental variables. 

Table of Linear regression models that were fit to the data, but either found to show no 
significant influence on surface organic matter content or that violated assumptions for 
linear regression.

Model P-value Adj. R2

lm(I(log(LOI))~elevation+slope+precip10m+as.factor(ash.id)
+as.factor(ash.id):precip10m+as.factor(ash.id):elevation,data=a.set)

0.01191 0.1062

lm(I(log(LOI))~elevation+slope+precip10m+ash,data=a.set) 0.008802 0.09722
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Figure 4 – histogram of measured subsurface organic matter content values across the forest.

Figure 5 – Boxplot comparing the subsurface organic matter content of soils with volcanic 
ash (1) and without (0).
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Figure 6 – Plots examining the relationship between subsurface organic matter content and 
selected environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on subsurface organic matter content or that violated assumptions for 
linear regression.
Model P-value Adj. R2

lm(I(log(LOI))~tmin10m+tmax10m+as.factor(ash.id)
+slope+precip10m+as.factor(ash.id):tmin10m,b.set)

0.05752 0.06809
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Figure 7 – Histogram of measured surface base saturation values across the forest.

Figure 8 – Boxplot comparing the surface base saturation of soils with volcanic ash (1) and 
without (0).
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Figure 9 – Plots examining the relationship between surface base saturation and selected 
environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on surface base saturation or that violated assumptions for linear 
regression.
Model P-value Adj. R2

lm(BS.... ~ elevation + tmax10m + aspect + ash + precip10m,  
a.set)

0.7801 -0.02679

lm(BS.... ~ elevation + precip10m, a.set) 0.317 0.000347

lm(BS.... ~ elevation, a.set) 0.2315 0.004619
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Figure 10 – Histogram of measured subsurface base saturation values across the forest.

Figure 11 – Boxplot comparing the subsurface base saturation of soils with volcanic ash (1) 
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and without (0).

Figure 12 – Plots examining the relationship between subsurface base saturation and selected 
environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on subsurface base saturation or that violated assumptions for linear 
regression.
Model P-value Adj. R2

lm(BS.... ~ slope + tmax10m + ash + precip10m, b.set) 0.6948 -0.01945

lm(BS.... ~ ash + precip10m, b.set) 0.376 -0.0002399

lm(BS.... ~ slope + tmax10m, b.set) 0.547 -0.008517
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Figure 13 – Histogram of measured surface soil pH values across the forest.

Figure 14 – Boxplot comparing the surface soil pH of soils with volcanic ash (1) and without 
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(0).

Figure 15 – Plots examining the relationship between surface soil pH and selected 
environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on surface soil pH or that violated assumptions for linear regression.
Model P-value Adj. R2

lm(X1.2.CaCl2.pH ~ elevation + slope + tmin10m + ash + 
 precip10m, a.set)

0.4527 -0.002556

lm(X1.2.CaCl2.pH ~ elevation + slope + ash, a.set) 0.2027 0.01703

lm(X1.2.CaCl2.pH ~ elevation + slope, a.set) 0.1 0.02698
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Figure 16 – Histogram of measured subsurface soil pH values across the forest.

Figure 17 – Boxplot comparing the subsurface soil pH of soils with volcanic ash (1) and 
without (0).
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Figure 18 – Plots examining the relationship between subsurface soil pH and selected 
environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on subsurface soil pH or that violated assumptions for linear regression.
Model P-value Adj. R2

lm(X1.2.CaCl2.pH ~ elevation + curvature + tmin10m + ash, 
b.set)

0.4704 -0.004534

lm(X1.2.CaCl2.pH ~ elevation + tmin10m + curvature, b.set) 0.3128 0.006546

lm(X1.2.CaCl2.pH ~ elevation + curvature, b.set) 0.1871 0.01498
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Figure 19 – Histogram of measured surface CEC values across the forest.

Figure 20 – Boxplot comparing the surface CEC of soils with volcanic ash (1) and without 
(0).
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Figure 21 – Plots examining the relationship between surface CEC and selected 
environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on surface CEC or that violated assumptions for linear regression.
Model P-value Adj. R2

lm(CEC ~ precip10m + tmax10m + ash, a.set) 0.488 -0.005713

lm(CEC ~ precip10m + ash, a.set) 0.2991 0.004567
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Figure 22 – Histogram of measured subsurface CEC values across the forest.

Figure 23 – Boxplot comparing the subsurface CEC of soils with volcanic ash (1) and 
without (0).
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Figure 24 – Plots examining the relationship between subsurface CEC and selected 
environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on subsurface CEC or that violated assumptions for linear regression.
Model P-value Adj. R2

lm(CEC ~ precip10m + tmax10m + ash + elevation,  b.set) 0.3819 0.002508

lm(CEC ~ precip10m + tmax10m + ash,  b.set) 0.6153 -0.013

lm(CEC ~ ash + elevation,  b.set) 0.6077 -0.01085
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Figure 25 – Histogram of measured surface % clay content values across the forest.

Figure 26 – Boxplot comparing the surface % clay content of soils with volcanic ash (1) and 
without (0).
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Figure 27 – Plots examining the relationship between surface % clay content and selected 
environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on surface % clay content or that violated assumptions for linear 
regression.
Model P-value Adj. R2

lm(X..CLAY ~ elevation + precip10m + tmax10m + curvature, 
a.set)

0.2311 0.01751

lm(X..CLAY ~ precip10m + curvature, a.set) 0.07734 0.03285
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Figure 28 – Histogram of measured subsurface % clay content values across the forest.

Figure 29 – Boxplot comparing the subsurface % clay content of soils with volcanic ash (1) 
and without (0).
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Figure 30 – Plots examining the relationship between subsurface % clay content and selected 
environmental variables. 

Table of linear regression models that were fit to the data, but either found to show no 
significant influence on subsurface % clay content or that violated assumptions for linear 
regression.
Model P-value Adj. R2

lm(formula = X..CLAY ~ slope + tmin10m + ash + 
ash:tmin10m, b.set)

0.03072 0.07333

lm(X..CLAY ~ slope + tmin10m + ash + ash:tmin10m + 
elevation, b.set)

0.04707 0.06931

lm(X..CLAY ~ slope + tmin10m, b.set) 0.04707 0.06931
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Appendix C – Predictive map validation

Validation is an important part of the DSM process and can be done in a number of ways. 

Field validation would be best because it would allow for consistency in data collection 

methods. However, field excursions are not always possible. Part of Malheur National forest 

has been traditionally surveyed for soils and the data is available through SSURGO. There is 

also legacy data available in the form of the SRI. For either dataset, the information needed to 

validate the predictive soil property maps will need to be extracted and it must be understood 

that the information from different sources may not be comparable. It is known that the SRI 

lacks soil chemical data. Some information can be extracted from the gSSURGO dataset, but 

the majority of mapunits in the region are complexes, so the potential range of values for 

each soil property is great enough to provide false positives. There is also only preliminary 

data on soil mapunits available for Malheur NF, and published data available in the 

gSSURGO dataset is limited.

Nauman and Thompson (2014) made an interesting observation during the validation part 

of their analysis. Where the Random Forest model would predict a different series than what 

was recorded in traditional soil surveys, the predicted series would often have similar soil 

physical properties to the recorded series and similar line geometry. Such an observation was 

made in this study when using the available gSSURGO to check soil surface CEC values for 

an area outside of the Malheur NF boundaries.
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