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Research Highlights
· Soil taxonomic units and parent material classes were mapped for British Columbia.
· Training data were derived from conventional soil mapsZonal soils were mapped more effectively than azonal soils.
· Topographic, cClimatic, and vegetation indices were used asimportant predictors for mapping soil taxonomic units.
· Conventional soil maps were refined using the Random Forest classifierProbability surfaces and evaluation of ignorance uncertainty provide valuable insight into model outcomes.

Provincial-scale digital soil mapping using a Random Forest approach for British Columbia, Canada

Abstract
Although British Columbia (BC), Canada has a rich history of producing conventional soil maps (CSMs) over the last 100 years, the province still lacks a detailed soil map with a comprehensive coverage due to the cost and time required to develop such a product. In BC, previous digital soil mapping (DSM) research has included (1) the assessment of methodologies for developing training data; (2) the comparison of different machine-learning models; (3) the comparison of single-learner and ensemble models; (4) and the estimation of prediction uncertainty using ensemble models. Whereas those studies have focused on regional-scale mapping for the Lower Fraser Valley and the Kamloops-Okanagan regions of BC, this study builds on those previous findings and applies them to the development of provincial-scale DSMs. Here, soil taxonomic classes (e.g. Great Groupgreat groups and Orderorder) and parent material classes were mapped at a 100 m spatial resolution for BC (944,735 km2). 
Training data were developed through an area-weighted sampling of single-component map units from detailed soil survey maps. The training points were intersected with a suite of 26 topographic indices for mapping parent material with an additional 9 climatic and vegetation indices for mapping soil Great Groupgreat groups and Orderorders. The training points were submitted into a Random Forest classifier, where the soil-environmental relationships were quantified. The fitted models were used to make predictions for 23 soil Great Groupgreat groups, 9 soil Orderorders, and 10 parent material classes for BC. Accuracy assessments were performed using n=14,570 validation points for soil parent material classes and n=14,316 validation points for soil classes. The resulting accuracy rates for soil Great Groupgreat groups, Orderorders, and parent material classes were 55%, 62%, and 69%, respectively. Furthermore, this study demonstrated that when the RF algorithm was trained using CSMs, the accuracy rates for the resulting DSM were higher than the original CSM. To visualize prediction uncertainties, ignorance uncertainty rasters were developed using class probability layers generated by the Random Forest models. This study provides a provincial-scale DSM product that may be beneficial for future hydrological, ecosystem, or geomorphic modelling studies.

1. INTRODUCTION
There is an increasing need for the Province of British Columbia (BC), and elsewhere in the world, to provide reliable information on soil patterns in order to help define and realize the benefits of sustainable resource use and to ensure environmental protection (Carré et al. 2007; Hartemink and McBratney 2008). A close linkage between soil properties and plant productivity underpins the application of precise and accurate soil information for the purposes of forest harvest planning (Brown, 1973; Valentine, 1986), agricultural production (Bertrand et al. 1991), and grazing management (Teague et al. 2010). The position of soil – at the physical interface between the lithosphere, atmosphere and hydrosphere – accounts for its control over hydrologic processes such as rainfall interception, and the partitioning of the received water between infiltration and surface runoff (Wilding and Lee 2006). These landscape processes have a key role in efforts to improve watershed management, protection, and restoration, as well as response to natural disasters such as flooding and drought. Furthermore, the fundamental role of the soil in ecosystem processes provides the context for soil information as a critical component of efforts to respond to natural or anthropogenic disturbances such as wildfire, insect outbreak, and climate change (Lal 2004).
According to Anderson and Smith (2011) and McKeague and Stobbe (1978), soil survey activities in BC started in the 1920’s. An early example of a conventional soil survey map (CSM) for BC, was produced by Kelley and Spilsbury (1939). Soil Survey Report Number 1 provided descriptions of the soils for the Lower Fraser Valley region of the province, and their association with the climatic, topographic, and economic factors that affected agricultural potential. The report contained a detailed description on the trend of agricultural development and settlement in the survey area, and where the most fertile areas were. The identification of areas suitable for farming was the main purpose of CSM in those years. Over the next five decades, more than 100 survey projects were completed in BC. The production of that series of extensive CSMs ended once the major areas with agriculture potential were mapped. One of the last extensive projects was prepared for the Stikine-Iskut area by Fenger and Kowall (1992).  Since the late 1990’s, some soil maps have been produced for smaller areas, and usually in response to a specific resource management project or information need. Currently, most of the digitized CSM reports are readily available through the Canadian Soil Information System (CanSIS; http://www.cansis.ca).
	To take advantage of the revolutionary advances in the acquisition of environmental data, computational ability, and geographic information systems (GIS), the application of digital soil mapping (DSM) techniques have steadily progressed over the last decade in BC. Early projects included the development of predictive ecological maps for a portion (3 million ha) of the Cariboo Forest Region, in central BC, using fuzzy classification systems (MacMillan et al., 2007) – an approach that was later extended to the remainder of the region (MacMillan et al., 2010). To further test the applications of fuzzy inference approaches and extend their applicability towards the disaggregation and refinement of legacy CSMs, Smith et al. (2012) proposed the use of a weights-of-evidence calculation to inform the process of defining the fuzzy rule sets used in the ArcSIE program (Shi et al., 2009; Shi, 2010). In Smith et al. (2012), the soil classes were mapped for the Trout Creek region of the Okanagan Basin and in Smith et al. (2016) DSMs were produced for soil classes and soil attributes for the remainder of the Okanagan Basin in accordance to GlobalSoilMap.net specifications.
	In addition to the use of fuzzy classification techniques, machine-learning techniques have been tested for the Lower Fraser Valley (Heung et al., 2014, 2016) and the Okanagan-Kamloops regions (Heung et al., 2017) of BC. In Heung et al. (2014), a framework for data-mining the soil-environmental relationships from detailed legacy CSMs was tested for the mapping of soil parent material using the Random Forest (RF) classifier. A similar approach was used by Bulmer et al. (2016) to produce a map of parent material and a limited set of soil classes by mosaicking a series of regional maps. Because of the successful application of the RF classifier, it was subsequently used to produce exposed bedrock maps for the Tulameen-Princeton region of Southcentral BC (Scarpone et al., 2016). Furthermore, the RF algorithm was also compared against a generalized linear model and regression kriging approaches for the purposes of mapping soil thickness for that same region (Scarpone et al., 2017). 
	To further explore the application of machine-learning techniques for producing DSMs in BC, Heung et al. (2016) presented an overview and comparison of a variety of machine-learning techniques for the mapping of soil classes for the Lower Fraser Valley of BC. In that study, 10 machine-learning techniques were compared, where it was observed that support vector machine with radial basis function and k-nearest neighbors produced results with the highest accuracy; however, CART with bagging, logistic model trees, and RF classifiers performed comparably well. Further exploration was done for the Okanagan-Kamloops region of BC, where Heung et al. (2017) presented a comparison of DSMs derived from legacy soil pits and CSM polygons for mapping soil classes. There, it was observed that the DSMs produced using CSM polygons as training data were more accurate in comparison to maps produced by using soil pit data. Furthermore, additional comparisons between single-model learners and ensemble-model learners were performed, where it was observed that ensemble-model learners consistently produced more accurate results with the RF classifier performing consistently well – regardless of the type of training data used. The effectiveness of the RF classification algorithm was consistent with other model comparison studies within the DSM literature (e.g. Brungard et al., 2015; Taghizadeh-Mehrjardi et al., 2015).
Despite the progress made in DSM research in BC, the majority of the developments have been limited to the production of regional maps and as a result, the availability of a high-resolution digital soil data set for the entirety of the province remains limited. Currently, the digital soil dataset with the most comprehensive coverage of BC is the Soil Landscapes of Canada (SLC) dataset, which is provided through CanSIS. The SLC dataset was created through the digitization of a combination of provincial- and regional-scale CSMs and is available in a polygon format at a 1:1,000,000 scale (Schut et al., 2011). The portion of the SLC that covers BC consists of 2,651 multi-component polygons with an average polygon size of 380 km2 (Geng et al., 2010); as such, its usefulness remains limited when spatially-explicit and detailed soil information is needed. Hence, the objectives of this study are as follows: (1) to extend the use of the RF classifier, due to its success in producing previous regional DSMs, towards the development of provincial DSMs of soil parent material classes and soil taxonomic classes (Great Groupgreat groups and Orderorders) at a 100 m spatial resolution and (2) to validate the predictions using the BC Soil Information System (BCSIS) dataset – a georeferenced repository of soil information. 
2. MATERIALS AND METHODS
The methods used for this study were adopted from previous regional-scale DSM research that was carried out for the mapping of soil taxonomic class (Great Groupgreat groups and Orderorders) and parent material for the Lower Fraser Valley (Heung et al., 2014, 2016) and Okanagan-Kamloops regions (Heung et al., 2017) of BC.
2.1. Soil-Forming Environment of British Columbia
BC is the western-most province of Canada, located between 48-60oN and 114-139oW and with an areal extent of 944,735 km2 (9.5% of Canada; Fig. 1). The peak elevation of the province is located on Fairweather Mountain at 4671 m (above mean sea level).  BC lies within the Western Cordillera of North America, and its physiography was described in Church and Ryder (2010) as a broad, complex system of mountains and plateaus. The complex physiography and geology reflect BC’s location on the western edge of North America, where for more than 350 million years, numerous geologic terranes have collided with the ancestral continent through the process of plate tectonics (Monger, 1997). A series of northwest to southeast trending mountain ranges has resulted from the tectonic activity, while intervening periods of erosion and volcanism led to the presence of gently sloping plateaus that dominate large portions of central BC. The geology is highly diverse at local-scales while broad patterns in rock type reflect the character of the accreted landmasses as well as the tectonic and geomorphic processes of orogeny, volcanism, metamorphism, erosion and deposition. 
Holland (1976) outlined three broad mountain systems that occupy the majority of BC, in addition to a small portion (10 %) of the provincial landmass occupied by the Interior Plains of North America. The western system of mountains includes several ranges where intrusive igneous rocks are the dominant bedrock type. The Interior Plateau has a wide diversity of rock types, but includes a large area of flat lying and folded lava known as the Plateau Basalts. To the east of the Interior Plateau, the Eastern System consists primarily of sediments that were deposited into the ocean off the coast of the ancestral continent, and were subsequently uplifted as a result of the tectonic activity. These mountain ranges include the Rocky Mountains, where the continental divide marks the provincial boundary in the southeast. The Eastern System adjoins the Alberta Plateau in the northeastern part of the province, is dominated by sedimentary rocks, and is generally flat in topography. 
Church and Ryder (2010) provide a description of land forming processes in relation to spatial scale of the resulting landforms. The large landscape features (observable at scales of > 100 km) and bedrock characteristics result from tectonic processes of orogenesis and volcanism associated with the movement of continental plates, punctuated by long intervening periods of erosion. For at least the past 2,000,000 years, glaciers advanced and receded throughout BC with the last advance ending approximately 10,000 years BP. The influence of ice in shaping the broad landscape is observable at scales up to 1000 km, while the contemporary geomorphic processes of erosion, landslides, flooding and deposition continue to shape the land into features visible on maps at finer scale. Soil forming processes within pedons can be considered to operate at localized scales and influence the properties of the surface to a depth of ~1 m within the unconsolidated surficial (parent) material. 
Because of the highly variable topography of the Coast and Rocky Mountain Ranges, and the proximity to the Pacific Ocean, BC experiences a combination of maritime and continental climate patterns. The wettest parts of BC are located along the Pacific Coast and especially on the windward slopes of Vancouver Island, Haida Gwaii (formerly the Queen Charlotte Islands), and the Coast Mountains as a result of orographic precipitation. The driest parts of the province are located in southcentral BC, behind the rainshadow and leeward of the Coast Mountains.  In the Great Plains region of northeastern BC, the continental climate results in the coldest temperatures in BC. A system of biogeoclimatic ecosystem classification (BEC) based on climate and vegetation type is used in BC to describe the ecological character of 14 biogeoclimatic zones (Pojar et al. 1991).
The Coastal Western Hemlock (CWH) biogeoclimatic zone has abundant rainfall, with a mean annual precipitation of 2228 mm (range 1000 – 4400 mm). Here, the vegetation is comprised of a mixture of the western hemlock (Tsuga heterophylla), Douglas-fir (Pseudotsuga menziesii), and western redcedar (Thuja plicata) tree species. The soils of the CWH zone are typically Humo-Ferric Podzols, which transition to Ferro-Humic Podzols with increasing precipitation and decreasing temperatures (Pojar et al., 1991). In southcentral BC, the Bunchgrass (BG) zone is the warmest and driest biogeoclimatic zone in BC, with mean annual temperature of 10.0 oC and 242 mm of mean annual precipitation. The soils of the BG zone are typically Brown Chernozems, which transition to Dark Brown and Black Chernozems with decreasing temperatures (Nicholson et al., 1991). The Boreal White and Black Spruce (BWBS) zone in northeast BC has a continental climate and experiences a mean annual temperature of -1.4 oC, and this zone is also dry with a mean annual precipitation of 327 mm. The vegetation in the BWBS is comprised of predominantly black spruce (Picea mariana), which transitions to a mixture of white spruce (Picea glauca) and trembling aspen (Populus tremuloides) with increasing elevation. For the well-drained areas of the BWBS zone, the soils are most commonly Gray Luvisols, while in the poorly-drained lowlands, Organic Cryosols, Luvic Gleysols, and Organic soils are common. Where soils are developed from lacustrine clays over marine shale (e.g. Dawson Creek and Fort St. John) Solonetzic soils may be found (DeLong et al., 1991).

2.2. Environmental Variables
	A suite of 35 environmental variables were derived from a combination of land cover classification, climate, digital elevation, and ecosystem classification datasets all of which were resampled to a 100 m spatial resolution (Table 1). For mapping soil parent material, only topographic indices were used because in Heung et al. (2014) and Bulmer et al. (2016) it was observed that topographic indices were well correlated with the distribution of soil parent material. Given the glacial history of BC, the majority of soil parent materials were transported across the landscape, which then resulted in the distinct topographic features that were produced due to the deposition of sediments. For mapping soil classes, vegetation and climatic indices were included in addition to the topographic indices.
2.2.1. Topographic Indices
Topographic indices were mostly derived from BC’s Terrain Resource Information Management (TRIM) digital elevation model (DEM; B.C. Ministry of Sustainable Resource Management, 2002). The DEM was originally developed from a triangulated irregular network (TIN), derived from TRIM mass-points and break-lines, and aggregated to a 100 m spatial resolution. The 100 m DEM was acquired from HectaresBC.org (HectaresBC, 2012), which provides a repository of freely available digital data layers for BC. To minimize the effects of spatially non-correlated noise on the calculation of topographic indices, the original DEM was filtered using three consecutive mean filters of 3 x 3, 3 x 3, and 5 x 5 pixels (MacMillan et al., 2007). 
All DEM-derived topographic indices were calculated in the System for Automated Geoscientific Analysis (SAGA; SAGA Development Team, 2011). The topographic indices were selected based on their ability to represent localscale morphometry (e.g. slope, aspect and curvature), landscape-scale morphometry (e.g. slope position and multi-resolution valley bottom flatness index), hydrologic characteristics (e.g. slope-length factor and topographic wetness index), and landscape exposure (e.g. skyview factor, visible sky factor).
In addition, two distance-based metrics were included as predictors: distance-to-nearest-river and distance-to-nearest-lake. The distance-to-nearest-stream layer was calculated from polyline mapping from HectaresBC.org while the distance-to-nearest-lake layer was calculated from the Freshwater Atlas for BC dataset (Integrated Land Management Bureau, 2010). The distance-to-nearest-stream was used because it was previously found to be an important predictor when mapping soils developed from fluvial sediments (Heung et al. 2014). The distance-to-nearest-lake was included for this study due to the potential importance of the predictor for mapping soils developed from lacustrine sediments as well as the mapping of hydromorphic soils.

2.2.2. Vegetation Indices
	To represent the vegetation patterns of the province, the GeoBase Land Cover Circa 2000 (LCC2000) product was included. The LCC2000 data layer was derived from the classification of Landsat 5 and Landsat 7 orthoimagery, produced at a 30 m spatial resolution (Olthof et al., 2009), and resampled to a 100 m spatial resolution using a nearest neighbor approach. In addition, digitised BEC zone and subzone maps were included to provide information on vegetation patterns and ecological characteristics. Each of the 14 BEC zones is associated with a distinct climax plant species, where subzones are further delineated based on broad-scale moisture and temperature characteristics (Meidinger and Pojar., 1999).
2.2.3. Climate Indices
	Climate data were acquired from Climate BC (Wang et al., 2012) and accessed through HectaresBC.org. Mean annual temperature, mean annual precipitation, degree days <0 oC, climatic moisture deficit, reference evaporation, and frost free days were included as climatic indices. In addition, the provincial BEC maps describing patterns of vegetation and ecology are closely associated with observed patterns of climate variability in BC, so the BEC data also provides a climate-related input to train the model.
2.3. Development of Training Data
	Digitized CSMs, in a polygon format, were obtained from the BC Soil Information Finder Tool (BC Ministry of Agriculture and BC Ministry of Environment, 2016). The digitized data consisted of 113 CSMs and were originally mapped at scales between 1:20,000 and 1:125,000. In BC, the large-scale CSMs were typically developed for agriculturally-intensive regions of the province, including the Lower Fraser Valley and the Okanagan Valley whereas small-scale CSMs were typically developed for areas with high-relief, forest vegetation, and lower populations. 
	The digitized CSMs consisted of 1,035 named soil Series and 10 soil parent material classes. To simplify the CSM legend and provide a sufficient number of validation points for validating the accuracy of each individual class, the soil Series were aggregated to the soil Great Groupgreat group and soil Orderorder levels of the Canadian System of Soil Classification (Soil Classification Working Group, 1998). The simplification of the CSM legend resulted in 23 soil Great Groupgreat groups and 9 soil Orderorders. To reduce the classification uncertainty of the training data, only single-component mapping units of soil Great Groupgreat group and parent material were retained as training areas. Within BC, the coverage by single-component map units occupied 12.3% (116,293 km2) and 11.1% (104,888 km2) for soil Great Groupgreat groups and soil parent material of the province’s extent, respectively.
Previous DSM research in BC compared different methodologies of extracting training data from CSMs. In Heung et al. (2014), three methods of sampling the training areas were tested for the prediction of soil parent materials for the Lower Fraser Valley: (1) a by-polygon approach, where a set number of sample points were obtained from each polygon; (2) an equal-class approach, where a set number of sample points were obtained from each class; and (3) an area-weighted approach, where the number of sample points per class was proportional to the areal extent of each class. Heung et al. (2016) later sought to examine the effects of class imbalance on classification and in addition to including the three sampling methods from Heung et al. (2014), an area-weighted approach with random over sampling (ROS) was included. Additionally, Bulmer et al. (2016) compared the area-weighted method to a sampling approach that integrated expert knowledge in the sampling procedure. For the sampling methods, it was shown that the area-weighted approach performed consistently better than the other sampling approaches – with the exception of the area-weighted approach with ROS. Based on Heung et al. (2016), ROS resulted in small improvements in terms of prediction accuracy; however, the procedure was computationally demanding and it was therefore concluded that its implementation was not feasible for large datasets. Based on these findings, the single-component map units were sampled using an area-weighted approach.
To reduce the size of the training dataset and to overcome the computational limitations when training a machine-learner, 500,000 points were generated within the single-component polygons. The values of the suite of environmental variables were extracted for each training point and the resulting dataframe was then submitted to the machine-learner. The dominant parent material classes included till and colluvium, which consisted of 47% and 29% of the parent material training data, respectively, while the dominant soil Great Groupgreat groups included Humo-Ferric Podzols and Gray Luvisols, which consisted of 33% and 30% of the soil Great Groupgreat group training data, respectively (Fig. 2). 
2.4. Random Forest Classifier
	Tree-based algorithms are designed to capture the nonlinear and hierarchical relationships between a target variable and a suite of predictors (Breiman et al., 1984). These algorithms consist of an if-then statement at each node, where the objective of the node-splitting rule is to partition the training data in a way that maximizes the within-node homogeneity and between-node heterogeneity. (Breimann et al., 1984). An advantage of tree-based algorithms is in their flexibility where they are able to handle a combination of continuous, discrete, ordinal, and qualitative predictors; and furthermore, they do not require assumptions on data normality (Hastie et al., 2009).  
	Ensemble-model learners consist of four components: the training data; the base inducer (i.e. single-model learner); the diversity generator, which incorporates randomness into the modelling process; and a combining function, which aggregates the predictions of the constituent single-model learners. The Random Forest (RF) algorithm is a type of ensemble-model learner that consists of the classification and regression tree (CART; Breiman et al., 1984) algorithm as its base-inducer; a bagging algorithm and randomized predictor selection as its diversity generator; and a majority-vote rule as its combining function (Breiman, 2001). 
For each member of the RF ensemble, a classification tree is grown from a randomized bootstrap sample (with replacement) of the training dataset, which equates to an average of 63% of the training data. To incorporate additional randomness, the predictors used to recursively create each of the binary splits for the classification tree nodes are chosen from a random subset (i.e. mtry parameter) of the entire suite of predictorsFurthermore, the remaining training data that is not selected in the bagging procedure, or out-of-bag (OOB) sample, is used to calculate the OOB error rate, which provides an internal validation of the fitted RF model. In addition to calculating the internal validity of the model using the OOB sample, it is also used to assess variable importance by measuring the mean decrease in Gini (MDG) impurity when an individual variable is removed from the prediction process. If the removal of a particular predictor variable leads to a large decrease in the Gini index, it is assigned a greater importance than predictors whose removal results in a smaller decrease in Gini.
Based on previous model comparison studies in BC (Heung et al., 2016, 2017) the Random Forest (RF) algorithm was used for this study. RF is based on an ensemble of classification trees that are grown from a randomized bootstrap sample of the training dataset (Breiman, 2001). The bagging procedure in the RF algorithm is designed to mitigate the impact of high model variance, which is common for tree-based learners (Breiman, 2001). The resulting prediction made by the RF ensemble is based on a majority-vote combination function using the individual trees. Furthermore, the algorithm is able to assess variable importance by measuring the mean decrease in Gini (MDG) impurity when an individual variable is removed from the prediction process. If the removal of a particular predictor variable leads to a large decrease in the Gini index, it is assigned a greater importance than predictors whose removal results in a smaller decrease in Gini.
For the purposes of this study, the implementation of the RF model and its parameterization were performed using a combination of the caret (Kuhn, 2008) and randomForest (Liaw and Wiener, 2002) packages within the R statistical software (R Development Core Team, 2012). Parameterization of the RF models was performed through multiple 20 replicates of 5-fold cross-validation as described in Heung et al. (2014).
2.5. Assessment of Predictions
	The accuracy of the predicted soil parent material and soil Great Groupgreat group maps were assessed using soil pit data acquired from the BCSIS database (Sondheim and Suttie, 1983). The BCSIS dataset is a repository of georeferenced soil observations acquired by multiple provincial and federal agencies for various projects (e.g. terrestrial ecosystem mapping; and habitat, soil, and bioresource monitoring) and compiled by the BC Ministry of Environment. Because most of the data points in the BCSIS were contributed prior to the widespread availability of global positioning systems (GPS), the position accuracy of individual points is variable. Due to the potential spatial inaccuracy associated with the use of legacy soil observations, the BCSIS data was cleaned in order to ensure that only observations with the highest spatial accuracy were used for validation purposes. The data cleaning procedure consisted of four steps: (1) the removal of duplicated soil observations; (2) the removal of observations that were not located within the terrestrial landmass of BC; (3) the removal of observations, where its spatial position was located outside of the project boundary for which it was collected; (4) and the removal of observations, where its field-measured elevation was not within 30 m of the elevation extracted from the provincial DEM.
	To further account for spatial inaccuracies of the BCSIS data, as well as to account for situations where a validation point was located along a pixel boundary, predictions were considered to be valid if the validation point matched the prediction within a radius of 1 pixel (i.e. 100 m radius). The BCSIS validation dataset used for this study consisted of 14,316 points for soil Great Groupgreat groups and Orderorders, and 14,570 points for soil parent materials. To assess soil classes at the ‘Orderorder’ level of taxonomy, predictions made at the Great Groupgreat group level were aggregated. The by-class distribution of the validation data points for soil taxonomic class and soil parent material class are shown in Fig. 2. To compare the accuracy of the CSMs to the DSMs, the validation points were used to assess the single-component map units, where the validation points that coincided those map units were then used to assess the accuracy of the DSM. The number of validation points that coincided with single-component map units were 9,336 points for soil Great Groupgreat groups and Orderorders, and 9,856 points for soil parent materials.
	The overall agreement between the validation points and the predictions, C, is calculated as: 
	Eq. (1)		 ,
where p is the proportion of correctly classified pixels for the jth class. The overall agreement was used as the main accuracy metric for this study. The overall agreement values were further decomposed into additional accuracy metrics, which include the quantity disagreement (Q) and allocation disagreement (A), using the following relationship:
	Eq. (21)		C = 1 – Q – A.
Both Q and A were calculated from the error matrix used in the validation procedure (Pontius and Millones, 2001; Warrens, 2015). In Eq. (21), Q, calculated as
	Eq. (32)		, 
represents the amount of disagreement in the proportion of each soil class between the prediction and validation datasets. In Eq. (2), pi+ and p+i represent the row and column totals of the error matrix, expressed as proportions of the population, for the ith class for j number of soil classes. Values of Q range from 0 to 1, where values near 0 represent high agreement in the proportions of coverage for each class while values near 1 represent high disagreement. In Eq. (21), A, calculated as
Eq. (43) 	 ,
represents the amount of disagreement in the spatial allocation of classes between the prediction and validation datasets. Values of A range from 0 to 1, where values near 0 represent high agreement in the spatial allocation for each class while values near 1 represent high disagreement. 
2.6. Prediction Uncertainty
One advantage of using the RF algorithm, and ensemble-modeling techniques in general, is in their ability to produce visualizations of model uncertainty in classification based on each tree of the RF algorithm. For each pixel, the RF algorithm is able to estimate the probability of occurrence (i.e. proportion of votes) for each class based on the ensemble of decision trees. In Heung et al. (2017), the soil class probability surfaces facilitated a visual assessment of the model results and also identified regions of the landscape where the transition of one soil type to another might occur.
Using the set of class-probability surfaces, ignorance uncertainty surfaces may be produced, which measure how evenly-distributed the probability rasters are across all classes. As the class-probabilities become more evenly dispersed, the ignorance uncertainty increases; conversely, as the member models of the ensemble converge their predictions towards a particular class, the ignorance uncertainty decreases (Leung et al., 1993; Zhu 1997). The ignorance uncertainty is estimated using an entropy measure, H, and was calculated as follows (Zhu 1997):
	Eq. (54)		 ,
where Pk is the proportion of instances where pixel x is classified as soil class k and n is the number of classes. Values of H range from 0 to 1, where values near 0 represent low ignorance uncertainty while values near 1 represent high uncertainty in classification. The use of the entropy measure for providing an overall estimation of uncertainty has previously been used for fuzzy inference classification approaches (e.g. Goodchild et al., 1994; Leung et al., 1993; Zhu 1997) and later extended towards ensemble-modelling approaches (e.g. Kempen et al., 2009; Heung et al., 2017).
3. RESULTS & DISCUSSION
3.1. Assessment of Predictions
	Provincial-scale digital soil maps of soil parent materials and soil Great Groupgreat groups were produced at a 100 m spatial resolution and are shown in Figures 3 and 4, respectively. Using the BCSIS validation dataset, the accuracies for the provincial soil maps were 55.0% and 61.5% for the soil Great Groupgreat group and soil Orderorder classes, respectively, and 69.2% for the soil parent material class (Table 3). When assessing the accuracy of the single-component map units from the CSM and comparing the accuracy to the predicted pixels that coincided with those map units, it was observed that the DSM approach was able to produce a refined soil map with higher accuracy rates. The DSM approach resulted in increases in accuracy rates by 2% and 6% for soil Orderorders and Great Groupgreat groups, respectively, and an increase by 10% for soil parent material classes (Table 3). These results show how the use of CSMs as training data, under a DSM framework, may also serve to refine the original CSM. Previous studies that have shown this effect have included Collard et al. (2014), where a 1:250,000 CSM was improved using various machine-learning approaches; Yang et al. (2011), where a 1:20,000 CSM was improved using a fuzzy inference system and expert knowledge approach; and Heung et al. (2017), where multiple CSMs were improved using a variety of machine-learning approaches. Given the limited number of examples that demonstrate the capacity of DSM approaches in the refinement of CSMs, future DSM research should consider additional comparative analyses.

3.1.1. Soil Parent Materials
	The allocation disagreement accounted for a larger proportion of the overall disagreement in comparison to the quantity disagreement (Table 3). The high accuracy observed for the soil parent material map was most likely due to the abundance and clustering of validation points that were classified as marine sediments. In terms of the training data, the marine class was a minority class and represented 1% of the training dataset; yet, it accounted for 41% of the validation dataset and an accuracy rate of 79% (Fig. 5a). The clustering occurred primarily along southern Vancouver Island, where extensive soil data were acquired and where marine sediments are common. Glacial till, the majority class, provincially, was well predicted with an accuracy rate of 76%; however, an inspection of the parent material confusion matrix (Table 4) also indicates that the till class was over-predicted at the cost of other classes such as lacustrine, organic and marine. 
	The lacustrine and eolian classes were poorly predicted, at least partly, due to a combination of limited training and validation points (Fig. 2a). Within BC, the likelihood of observing a pure eolian parent material is very low because it typically occurs as a 0.1-1.0 m thick veneer over other parent material classes such as glacio-fluvial, glacio-lacustrine, glacio-marine, and till materials. As a result, the eolian materials often have little impact on the overall soil profile characteristics compared to the underlying materials. When compared to previous regional-scale mapping efforts in the Lower Fraser Valley region of the province, the accuracy rate of the glacio-marine class (20%) was considerably lower for this study in comparison to the 80% accuracy that was reported in Heung et al. (2014). Overall, the distribution of glacio-marine sediments are closely associated with marine sediments, where glacio-marine sediments are located at higher elevations due to isostatic rebound (Luttmerding, 1981); however, given the size and geographic extent of the provincial-scale training dataset, the subtle differences in elevation between the two classes may have been masked. Furthermore, identified occurrences of glacio-marine materials in the CSMs was restricted to the Lower Fraser Valley, while CSMs for the adjacent region of southern Vancouver Island identified a large distribution of marine materials, which likely would have contributed to the masking of glacio-marine presence in the training data. 
3.1.2. Soil Taxonomic Class
	The soil Great Groupgreat group and Orderorder maps had higher quantity disagreement rates at 27% and 22%, respectively, in comparison to the allocation disagreement (Table 3). The reduction in the quantity disagreement by 75% between the taxonomic levels was likely due to the simplification of the legend from soil Great Groupgreat groups (C = 55%) to Orderorders, where the misclassification of validation points between soil Great Groupgreat groups within the same Orderorder was eliminated. The accuracy of the soil Great Groupgreat group map was largely influenced by the effective prediction of Dystric Brunisols, which accounted for 33% of the validation dataset (Fig. 2b) and had an accuracy rate of 90% (Fig. 5b). Despite the Dystric Brunisols not being the clear majority class in comparison to Humo-Ferric Podzols that accounted for 33% of the training data, an inspection of the confusion matrix indicates that the distribution of Dystric Brunisols was over-predicted when the occurrence of Humo-Ferric Podzols was expected (Table 5). The misclassification between these two Great Groupgreat groups was not unexpected because Dystric Brunisols are closely associated with and may even develop into Humo-Ferric Podzols under mild and humid environments – especially in southern BC (Smith et al., 2011). 
	Overall, the soil types that developed through hydromorphic processes, Organic and Gleysol soils, were poorly predicted (Fig. 5a,b). The Luvic Gleysol, Humic Gleysol and Gleysol Great Groupgreat groups had accuracy rates of 16%, 13%, and 3%, respectively, and Fibrisol, Humisol, and Mesisol Great Groupgreat groups had accuracy rates of 28%, 21%, and 8%, respectively. The Gleysol soils were most effectively mapped where the landscape was influenced by large-scale fluvial features – this is particularly true for the Lower Fraser Valley region of BC, where the soils are developed from the deltaic deposits that are found at low elevations due to the Fraser River (Fig.3 inset C). However, the overall low accuracy rates of these hydromorphic soils may have been due to a number of factors. Firstly, the CSMs often included these soils as part of multi-component map units because of their localized and often limited occurrence in the landscape compared to other soils. Considering that the training dataset we used only consisted of single-component map units, the representation of these soils was decreased. Furthermore, the map scale of the CSMs would have influenced the ability of the surveyor to delineate single-component instances of the hydromorphic soils at a 100 m spatial resolution. Lastly, an additional factor would also have been related to the 100 m spatial resolution, where the topographic variables derived from the 100 m DEM may not have highlighted the landscape features and hydromorphic processes with which these soils were associated. Each of these factors could have also contributed to the poor accuracy rates of Regosol soils due to their formation on highly disturbed sites (i.e along floodplains and the bottom of steep slopes). Despite, the large number of validation points (n = 14,316), the Folisol, Organic Cryosol, and Solod Great Groupgreat groups were not represented within the validation dataset. Solod soils are found only rarely in BC while Folisol soils are typically found in association with Podzol soils. Organic Cryosols have a large distribution regionally in the Fort Nelson area of the province (Fig. 4); however, the abundance of validation data for that region was sparse (Fig. 1). 
3.2. Variable Importance
	Variable importance plots were derived from the Random Forest model outputs and were based on the mean decrease in Gini index (MDG), where variables with a high MDG value represented variables with greater importance (Fig. 6). 
3.2.1. Soil Parent Material
	Elevation, slope height, distance to nearest river, and topographic ruggedness index were identified as the four most important variables by the RF algorithm (Fig. 6). Elevation was particularly effective in distinguishing the parent materials that occur on mountainous and high-relief environments, where there was a clear separation of colluvial materials at the highest elevations and slope heights, which transition to till as the elevation decreased (Fig. 7). Although colluvial materials occupy a large range in elevation and slope height values and they overlap with the distribution of morainal materials, their presence is dominant at elevations that exceed the highest elevation achieved by glaciers during their most recent advance; in addition, the presence of colluvial materials may be further distinguished from morainal materials based on the topographic ruggedness index. Elevation also plays a role in distinguishing fluvial and glacio-fluvial materials. Glacio-fluvial materials were typically mapped at lower elevations; however, the key distinguishing variables were the slope height and the distance to nearest river.
3.2.2. Soil Taxonomic Class
	The variable importance plot for the prediction of soil Great Groupgreat groups highlights the strong influence of bioclimatic variables (Fig. 6). Mean annual precipitation was identified as the most important variable, followed by seven other bioclimatic variables; in contrast, the topographic variables that represent the local-scale variability of the environment were less important. Although we recognized elevation as a topographic covariate, it is inherently linked to climate due to the relationship between elevation and temperature, through the environmental lapse rate. We believe that these variables were most effective in capturing the large-scale soil patterns of the province and the mapping of Brunisolic, Chernozemic, Luvisolic, and Podzolic soil Orderorders, which had accuracy rates that ranged from 64 to 88%,  and were markedly higher than the other soil Orderorders, which had accuracy rates of < 19%. 
	By inspecting the boxplots of the highest ranking climatic variables, based on the training dataset, their relationship with the distribution of soil types was evident (Fig. 8). For example, Chernozemic and Podzolic soils, both recognized as ‘zonal soils’, occupied distinct regions of covariate space, where Chernozemic soils were found in regions of the province with the lowest mean annual precipitation and the highest climatic moisture deficit; whereas, the converse was true for Podzolic soils. The influence of climate on the distribution of the soil Great Groupgreat groups was also captured in the training data, where increases in moisture (low values of climatic moisture deficit) and decreases in temperature (high values of degree days <0 oC) facilitated the transition of Brown Chernozems, to Dark Brown Chernozems, and to Black Chernozems as a result of the influence of climate on decomposition rates (Pennock et al, 2011). Similarly, the distinction between the Great Groupgreat groups within the Podzolic Orderorder also appear to be driven by substantial differences in mean annual precipitation, where Ferro-Humic Podzols are located in wetter regions in comparison to Humo-Ferric Podzols. 
	Although the Brunisolic and Luvisolic soils, both considered to be ‘intrazonal’ soil Orderorders, were predicted at respectable accuracy rates, their separation in covariate space, in comparison to the Podzolic and Chernozemic soils, was less clear. In particular, the distinction between Eutric and Dystric Brunisols, the two most common Great Groupgreat groups from the Brunisolic Orderorder, was very subtle in that they were similar in terms of temperature range and topographic indices; however, their distributions were more obviously influenced by precipitation, where Dystric Brunisols (commonly associated with Podzolic soils) were located in moister regions of the province and at higher elevations. Gray Luvisols, another transitional soil between Chernozems and Podzols, were primarily differentiated based on mean annual precipitation and moisture deficit, and were found mainly in the Central Plains and Great Plains regions of central BC, where the climate is less humid than the climate associated with Podzolic soils but more humid than the climate associated with Chernozemic soils. 
	In addition to the climatic variables, the vegetation indices were also determined to be important based on the RF algorithm (Fig. 9). Similar to the climatic variables, the ‘zonal soils’ were strongly influenced by the vegetation patterns; where, for example, the transitions between Brown Chernozems to Dark Brown and Black Chernozems mirror the transitions between Bunchgrass to Ponderosa Pine and Interior Douglas Fir zones. In comparison, the Humo-Ferric Podzols were more closely associated with the Engelmann Spruce and Sub-Alpine zones while the Ferro-Humic Podzols were predominantly restricted to the Coastal Western Hemlock zone – the wettest zone in the province. In comparison, the Canadian Land Cover Classification Circa 2000 dataset was far less important than the BEC zone or subzone for predicting soil class. The information provided by an automated classification of individual pixels for land cover are influenced by short-range and temporal effects such as natural disturbance, forest harvest, and agriculture practices that are undoubtedly important factors affecting soil; however, the information was not specifically incorporated into the soil survey process and hence, not captured in the training dataset.
3.3. Prediction Uncertainty
	Class probability surfaces for soil parent material (Fig. 10) and soil Great Groupgreat groups (Fig. 11) were generated based on the 500 constituent decision trees of the RF algorithm. Entropy values for each of the 500 trees were also evaluated in relation to the prediction accuracy for the validation points (Fig. 13). 
3.3.1. Soil Parent Material
 	Using the parent material probability surfaces, we were able to visualize the transitions in parent material, where fluvial materials were dominant in valleys with moderate to low slopes and moving towards higher slope positions, the dominant parent material transitioned to glacio-fluvial, to till, and to colluvium (Fig. 10). In cases where slopes of the valley bottom rapidly increased, the fluvial materials would transition directly into colluvial materials. Overall, the combination of colluvium and till probability rasters were able to capture the major physiographic features of the province, where colluvial materials were most extensively mapped along the Coast, Columbia, Northern, and Rocky Mountains, and  till was most extensively mapped along the Interior and Central Plateaus and The Great Plains regions of the province (Valentine et al., 1978).
	The overall patterns of the prediction uncertainties, represented using the ignorance uncertainty measure, are shown in Fig. 12A. The ignorance uncertainty measure (H) had a mean of 0.33 with a standard deviation of 0.19. The spatial patterns of the ignorance uncertainty surface indicate that low relief terrains resulted in the highest uncertainty (i.e. H > 0.70). Low lying areas of coastal BC were particularly challenging to predict due to a combination of complex geomorphic processes, which resulted in the deposition of fluvial, glacio-fluvial, and till materials – all of which may occupy similar regions of variables space (Fig. 7); furthermore, the presence of marine and glacio-marine materials also complicated the prediction. Regions of the province that consist of wide valleys and terraced features were also challenging to predict due to the presence of fluvial, glacio-fluvial, till, and glacio-lacustrine materials. An example of such a landscape includes the Rocky Mountain Trench, where a similar combination of parent materials have been identified in Clague (1975). Lastly, the combination of organic and fluvial parent materials, east of the Fort Nelson region resulted in high values of ignorance uncertainty.	
3.3.2. Soil Taxonomic Class
	Large-scale transitions in soil Great Groupgreat groups were clearly visible using the probability surfaces. The influence of orographic precipitation was most clear for the mountain slopes of  Coastal BC, where the presence of Ferro-Humic Podzols was most dominant along the windward side of the Coast Mountains, and proceeding eastward, there was an abrupt transition to Humo-Ferric Podzols (Fig. 11). In contrast, as the drier air moves across the Interior Plateau and then up and over the Columbia Mountains, the resulting orographic influence produces less precipitation than along the Coast, and the development of Ferro-Humic Podzols is limited, and  Humo-Ferric Podzols are more common.
	 For large portions of BC’s interior plateau, where there is less precipitation, Gray Luvisolic soils dominate the predictions. It was of interest that the areas with high probabilities of being predicted as Gray Luvisolic soils also coincided with the prediction of till as parent material. The main process involved with the formation of Luvisolic soils, lessivage, depends on the initial presence of clay particles within the glacial sediments. Although we did not use geology as an independent input for our predictions, it is well known in BC that the bedrock of the Coast Mountains has a very high component of acidic intrusive rocks that are expected to weather to sand during pedogenesis. In contrast, the Interior Plateau is made up of a more diverse assemblage of rock types including volcanic, sedimentary and metamorphic rocks that produce medium- and fine- textured surficial materials upon weathering. Given that the parent material predictions were derived only using topographic indices, we suggest that the large-scale topographic characteristics of the province (i.e. the transition from Coast Mountains to Interior Plateau) coincides not only with reduced precipitation, but also with the presence of more clay in the soil parent materials. Therefore two of the important characteristics of the pedogenic environment distinguishing Luvisols from Podzols occur to the east of this transition, but not to the west. 
In summary, high precipitation levels in the western parts of the Coast Mountains favour the development of Podzols over Luvisols, while medium-fine textured soils on the Plateau to the east of the Coast Mountains favour the development of Luvisols over Brunisols. The Regosolic Great Groupgreat group was third-most extensively predicted soil class for the province; however, their distributions were mainly predicted based on topography and tied to specific geographic features. Along within southern BC?, the highest probability values were observed at high elevations with steep slopes along the Coast and Columbia Mountains, where erosion processes inhibit pedogenic processes and also within valley bottoms, where fluvial materials are deposited. Whereas at high latitudes, Regosolic soils were commonly associated with the presence of cirque – as a result of ongoing alpine glaciation
	The ignorance uncertainty, H for the soil Great Groupgreat group had a mean of 0.36 with a standard deviation of 0.17 (Fig. 12B). Unlike the parent material predictions where high uncertainty values were found in closer association with landscape features throughout the province, the areas of high uncertainty values for the soil Great Groupgreat group map were primarily concentrated in regions of the province where CSMs were not available, especially the northwestern region of the province. A second observation was that the northern portions of BC also experienced low mean annual temperatures and areas that had moderate to high uncertainty values (i.e. H > 0.5) coincided with mean annual temperatures of < -3oC. As a result, it is likely that the higher uncertainty values for the region were due to the lack of training data that represented the coldest part of the province. In addition, pixels where H > 0.6 also appeared to be related to topography and slope position for the (sub-)alpine landscapes, where the greatest uncertainty values were observed along lower backslopes. Although these regions were typically classified as Humo-Ferric Podzols, the probability values for Gray Luvisols, Humo-Ferric Podzols, Regosols, and Sombric Brunisols were similar and often found in association with each other (Valentine et al., 1978; Trowbridge, 1994).	
	For parent material validation points with correct predictions entropy values were lower, except for E and F (Fig. 13A).  The lowest entropy values were obtained for correct predictions of C, L and WG, Two of these parent material classes (C and WG) had a distinct feature space  for at least one predictor in Fig. 7, and they were all relatively sparse in the training dataset, with a combined representation of less than 5%. Predictive model confidence (i.e low entropy) therefore coincided with correct predictions for these variables, 
3.4. General Discussion
Based on previous research, it was concluded that the most appropriate modelling approach would develop a training dataset using CSM data and the sampling of single-component map units using an area-weighted approach. Previous DSM research in BC compared different methodologies of extracting training data from CSMs. In Heung et al. (2014), three methods of sampling the training areas were tested for the prediction of soil parent materials for the Lower Fraser Valley: (1) a by-polygon approach, where a set number of sample points were obtained from each polygon; (2) an equal-class approach, where a set number of sample points were obtained from each class; and (3) an area-weighted approach, where the number of sample points per class was proportional to the areal extent of each class. Heung et al. (2016) later sought to examine the effects of class imbalance on classification and in addition to including the three sampling methods from Heung et al. (2014), an area-weighted approach with random over sampling (ROS) was included. Additionally, Bulmer et al. (2016) compared the area-weighted method to a sampling approach that integrated expert knowledge in the sampling procedure. For the sampling methods, it was shown that the area-weighted approach performed consistently better than the other sampling approaches – with the exception of the area-weighted approach with ROS. Based on Heung et al. (2016), ROS resulted in small improvements in terms of prediction accuracy; however, the procedure was computationally demanding and it was therefore concluded that its implementation was not feasible for large datasets. Furthermore, the choice of use CSMs as training data was deemed most appropriate because in Heung et al. (2017), higher accuracies were achieved when using CSMs as training data in comparison to point data for the Okanagan-Kamloops region. To confirm these observations, the point data was used to train the RF model and using 20 repetitions of 10-fold cross-validation, where the accuracy of the results were 63.7% and 52.5% for the parent material and soil great group maps. 
	
Even though there was a lack of training and validation data across large regions of the province, and especially northwestern BC, the resulting maps were consistent with our pedological understanding of the environment. In terms of the parent material map, one of the surprising outcomes of the map was in the prediction of glacio-marine for the northeastern part of Haida Gwaii, where training data for that parent material class were derived exclusively from southern Vancouver Island and the Lower Fraser Valley in southwestern BC. Although there were no validation points located on Haida Gwaii, the extrapolation of that parent material class was consistent with a previous geological reconnaissance study for the same region (Clague et al., 1982). In terms of the prediction of soil Great Groupgreat groups for the (sub-)alpine regions of Northwestern BC, the predicted soils were also consistent with their spatial patterns as described in the literature (Valentine et al., 1978).
	To improve upon this study, alternative mapping approaches that are focussed on the prediction of ‘azonal’ soils (e.g. Organics, Gleysols, and Regosols) could be tested. For example, Bulmer et al. (2016) used data from a wetland inventory of BC to simply assign, or ‘burn in’ organic soils to known wetland locations, The amount of information contained in our training data was very limited for the Gleysols, and Regosols because either their occurrence was so localised that they were simply not mapped by surveyors, given the mapping scale, or they were recognised as part of a multi-component map unit. Another issue relates to the spatial resolution of the topographic indices, where the effective mapping of the azonal soils may require a higher finer resolution DEM that is more able to capture the small-scale topographic variability that is reflective of the localised pedogenic processes for these soils. A potential solution may be to use a suite of topographic indices derived at multiple spatial resolutions (Behrens et al., 2010; Smith et al., 2006); however, such an approach would still require a DEM with higherfiner resolution than the one that was available for this study.
Incorrect prediction for soil taxonomic class were often associated with low entropy values (Fig.13B), in contracst to soil parent materials. The lowest entropy values were associated with correct prediction for DYB, FHP and GL. FHP had a distinct feature space for mean annual precipitation, but this was not evident for DYB or GL, DYB were well represented in the training dataset, accounting for 31% of all points, The highest entropy was for correct predictions of DBC.

4. CONCLUSIONS
	This study aimed to extend the existing DSM approaches that were previously tested in BC for the development of provincial-scale maps of soil taxonomic classes and soil parent material classes using the RF classification algorithm. The key findings are summarized as follows:
· By training a machine-learner using single-component map units from a CSM, the resulting DSM had improved accuracy rates. The DSM approach increased accuracy rates by 10%, 6%, and 2% when mapping soil parent material classes, soil Great Groupgreat group, and soil Orderorder, respectively. These results were consistent with similar studies such as Collard et al. (2014) and Yang et al. (2011) and reinforces the findings of Heung et al. (2017).
· When mapping soil taxonomic classes, it was observed that zonal (Podzols and Chernozems) and intrazonal soils (Brunisols and Luvisols) were far more effectively mapped in comparison to azonal soils (Gleysols, Regosols, and Organics). We believe that the ineffective mapping of azonal soils was, in part, due to a combination of the spatial resolution of the environmental variables and the mapping scale of the CSMs from which the training data were derived.
· Through the examination of variable importance plots, it was observed that the predicted distribution of soil taxonomic classes was heavily influenced by climatic variables and, to a lesser degree, land cover data. Based on the covariate boxplots, it was observed that mean annual precipitation was particularly important in distinguishing the Podzolic, Chernozemic, and Luvisolic soil Orderorders.
[bookmark: _GoBack]	Overall, this study, in conjunction with Heung et al. (2014, 2016, 2017) and Bulmer et al. (2016), demonstrates the long-term value of CSMs in BC and their potential to be refined using DSM and machine-learning techniques. The overall framework of training models using legacy maps may have the potential to be adopted for the refinement of legacy ecological or geological maps that share a similar data structure to CSMs.
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Figure 1: Province of BC with the spatial distribution of single-component map units and validation points acquired from the BC Soil Information System.
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Figure 2: Distribution of training and validation data  by (a) soil parent material class and (b) soil Great Groupgreat group for BC.
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Figure 3: Soil parent material map using a Random Forest classifier at a 100 m spatial resolution. The map is shown with an underlying hill-shade with insets for the Fort Nelson (A), Prince George (B), Lower Fraser Valley (C), and Okanagan Valley (D) regions.
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Figure 4: Soil Great Groupgreat group map using a Random Forest classifier at a 100 m spatial resolution. The map is shown with an underlying hill-shade with insets for the Fort Nelson (A), Prince George (B), Lower Fraser Valley (C), and Okanagan Valley (D) regions.
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Figure 5: Accuracy rates, separated by class, for (a) soil parent material, (b) soil Great Groupgreat group, and (c) soil Orderorder maps using BC Soil Information System validation points. Soil classes with no validation points are denoted using (*).

Figure 6: Variable importance plots based on mean decrease in Gini index for soil parent materials and Great Groupgreat group predictions using a Random Forest classifier. See Table 1 for the description of predictor variables.
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Figure 7: Distribution of (a) elevation, (b) slope height, (c) distance to nearest river, and (d) topographic ruggedness index values based on training data and separated by soil parent material class (see Table 2 for parent material codes).
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Figure 8: Distribution of (a) mean annual precipitation, (b) climatic moisture deficit, and (c) degree days <0 oC values based on training data and separated by soil Great Groupgreat groups (see Table 2 for Great Groupgreat group codes).

Figure 9: Relative occurrence of training data points found under each biogeoclimatic ecosystem classification zone and separated by soil Great Groupgreat group (see Table 2 for Great Groupgreat group codes).
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Figure 10: Class probability surfaces based on 500 decision trees of the Random Forest model at a 100 m spatial resolution for BC. Most frequently occurring parent material classes include colluvium (A), till (B), fluvial (F), and glacio-fluvial (D) materials.
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Figure 11: Class probability surfaces based on 500 decision trees of the Random Forest model at a 100 m spatial resolution for BC. Most frequently occurring Great Groupgreat groups include Humo-Ferric Podzols (A), Gray Luvisols (B), Regosols (F), and Ferro-Humic Podzols (D).
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Figure 12: Ignorance uncertainty surfaces for soil parent material (A) and soil great group (B) predictions based on a Random Forest model at a 100 m spatial resolution for BC.
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Table 1: List of 35 topographic, climatic, and vegetation predictors at a 100 m spatial resolution.
	Representation
	Environmental Covariate
	Code

	Local scale morphometry
	Elevation
	elev

	 
	Plan curvature (Zevenbergen and Thorne, 1987)
	plan

	 
	Profile curvature (Zevenbergen and Thorne, 1987)
	prof

	 
	Slope (Zevenbergen and Thorne, 1987)
	slope

	.
	Tangential curvature (Florinsky, 1998)
	tancur

	 
	Terrain ruggedness index (Riley et al., 1999)
	tri

	 
	Transformed aspect (Zevenbergen and Thorne, 1987)
	aspect

	 
	Total curvature (Wilson and Gallant, 2000)
	curve

	Landscape scale morphometry
	Multi-resolution ridge top flatness index (Gallant and Downling, 2003)
	mrrtf

	 
	Multi-resolution valley bottom flatness index (Gallant and Downling, 2003)
	mrvbf

	 
	Mid-slope position
	midslope

	 
	Normalized height
	nheight

	 
	Slope height
	sheight

	 
	Valley depth
	vdepth

	Hydrologic characteristics
	Convergence index (Koethe and Lehmeier, 1996)
	conv

	 
	Distance-to nearest-lake
	dist2lake

	 
	Distance-to nearest-stream
	dist2river

	 
	Modified relative hydrologic slope position (MacMillan, 2005)
	mrhsp

	 
	Relative hydrologic slope position (MacMillan, 2005)
	rhsp

	 
	SAGA wetness index (SAGA Development Team, 2011)
	swi

	 
	Slope-length factor (Moore et al., 1993)
	ls

	 
	Stream power index (Moore et al., 1991)
	spi

	 
	Topographic wetness index (Beven and Kirkby, 1979)
	twi

	Landscape exposure
	Skyview factor (Häntzchel et al., 2005)
	skyview

	 
	Visible sky factor
	vissky

	 
	Terrain view factor (Häntzchel et al., 2005)
	terview

	Climatic indicesa
	Degree days <0 oC (Wang et al., 2012)
	dd0

	 
	Frost free days (Wang et al., 2012)
	ffd

	 
	Hargreaves climatic moisture deficit (Wang et al., 2012)
	moistdef

	 
	Hargreaves reference evaporation (Wang et al., 2012)
	evap

	 
	Mean annual precipitation (Wang et al., 2012)
	map

	 
	Mean annual temperature (Wang et al., 2012)
	mat

	Vegetation indicesa
	Biogeoclimatic ecosystem classification - subzone
	bec_subzone

	 
	Biogeoclimatic ecosystem classification - zone
	bec_zone

	 
	Canadian Land Cover Classification Circa 2000 (Olthof et al., 2009)
	circa


a Climatic and vegetation indices were not included as variables for soil parent material maps.

Table 2: Soil Orderorders, Great Groupgreat groups, and parent material classes for BC.
	Soil Taxonomic Unit
	Orderorder
	Orderorder Code
	Great Groupgreat group
	Great Groupgreat group Code

	 
	Brunisol
	B
	Dystric Brunisol
	DYB

	 
	 
	
	Eutric Brunisol
	EB

	 
	 
	
	Melanic Brunisol
	MB

	 
	 
	 
	Sombric Brunisol
	SB

	 
	Chernozem
	Ch
	Black Chernozem
	BLC

	 
	 
	
	Brown Chernozem
	BC

	 
	 
	
	Dark Brown Chernozem
	DBC

	 
	 
	
	Dark Gray Chernozem
	DGC

	 
	Cryosol
	Cr
	Organic Cryosol
	OC

	 
	Gleysol
	G
	Gleysol
	G

	 
	 
	
	Humic Gleysol
	HG

	 
	 
	 
	Luvic Gleysol
	LG

	 
	Luvisol
	L
	Gray Brown Luvisol
	GBL

	 
	 
	 
	Gray Luvisol
	GL

	 
	Organic
	O
	Fibrisol
	F

	 
	 
	
	Folisol
	FO

	 
	 
	
	Humisol
	H

	 
	 
	 
	Mesisol
	M

	 
	Podzol
	P
	Ferro-Humic Podzol
	FHP

	 
	 
	 
	Humo-Ferric Podzol
	HFP

	 
	Regosol
	R
	Humic Regosol
	HR

	 
	 
	 
	Regosol
	R

	 
	Solonetz
	S
	Solod
	SO

	Soil Parent Material
	Class
	Class Code
	 
	 

	 
	Colluvium
	C
	 
	 

	 
	Eolian
	E
	
	 

	 
	Fluvial
	F
	
	 

	 
	Glacio-fluvial
	FG
	
	 

	 
	Glacio-lacustrine
	LG
	
	 

	 
	Glacio-marine
	WG
	
	 

	 
	Lacustrine
	LG
	
	 

	 
	Marine
	W
	
	 

	 
	Morainal/Till
	M
	
	 

	 
	Organic
	O
	 
	 




Table 3: Accuracy assessment of overall predictions, single-component map units, and predictions coinciding with single-component map units, using overall agreement (C), quantity disagreement (Q), and allocation disagreement (A). 
	 
	Overall
	Single Component Map Units

	
	Samples
	Prediction Accuracy (%)
	Samples
	Survey Accuracy (%)
	Prediction Accuracy (%)

	 
	n
	C
	Q
	A
	n
	C
	Q
	A
	C
	Q
	A

	Parent Material Class
	14,570
	69
	10
	21
	9,856
	64
	15
	21
	74
	9
	17

	Soil Great Groupgreat group
	14,316
	55
	27
	17
	9,336
	54
	25
	21
	60
	27
	13

	Soil Orderorder
	14,316
	62
	22
	16
	9,336
	64
	16
	20
	66
	22
	12




Table 4: Confusion matrix between 14,570 observations points and predicted soil parent material using a Random Forest Model. Bold values represent the diagonal of the confusion matrix and the number of correctly classified pixels for each class.
	Actual
	Predicted

	
	C
	E
	F
	FG
	L
	LG
	M
	O
	W
	WG
	Total

	C
	343
	0
	17
	27
	1
	1
	137
	0
	45
	0
	571

	E
	1
	0
	0
	2
	0
	1
	4
	0
	0
	0
	8

	F
	54
	0
	1682
	249
	1
	6
	306
	8
	312
	1
	2619

	FG
	36
	0
	77
	787
	2
	7
	230
	0
	78
	0
	1217

	L
	1
	0
	33
	27
	11
	28
	44
	0
	1
	0
	145

	LG
	6
	0
	13
	17
	1
	25
	7
	0
	0
	0
	69

	M
	123
	0
	75
	163
	2
	2
	2319
	3
	364
	2
	3053

	O
	11
	0
	98
	132
	2
	3
	196
	178
	242
	0
	862

	W
	33
	0
	243
	668
	0
	0
	301
	4
	4722
	1
	5972

	WG
	1
	0
	0
	11
	0
	0
	4
	1
	26
	11
	54

	Total
	609
	0
	2238
	2083
	20
	73
	3548
	194
	5790
	15
	 


Legend: (see Table 2 for soil parent material codes).

Table 5: Confusion matrix between 14,316 observations points and predicted soil Great Groupgreat group using a Random Forest Model. Bold values represent the diagonal of the confusion matrix and the number of correctly classified pixels for each class.
	Actual
	Predicted

	
	BC
	BLC
	DBC
	DGC
	DYB
	EB
	F
	FO
	FHP
	G
	GBL
	GL
	H
	HFP
	HG
	HR
	LG
	M
	MB
	OC
	R
	SB
	SO
	Total

	BC
	11
	3
	1
	0
	0
	9
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	24

	BLC
	0
	108
	11
	1
	0
	1
	0
	0
	0
	0
	0
	4
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	125

	DBC
	0
	3
	48
	7
	4
	22
	0
	0
	0
	0
	0
	7
	0
	0
	0
	0
	0
	0
	0
	0
	1
	0
	0
	92

	DGC
	0
	5
	1
	4
	0
	4
	0
	0
	0
	0
	0
	3
	0
	0
	1
	0
	0
	0
	0
	0
	0
	0
	0
	18

	DYB
	0
	0
	1
	0
	4226
	25
	0
	0
	3
	0
	0
	73
	1
	348
	18
	0
	2
	0
	0
	0
	10
	7
	0
	4714

	EB
	3
	5
	2
	0
	24
	186
	0
	0
	0
	2
	0
	28
	0
	14
	2
	0
	0
	0
	1
	0
	6
	0
	0
	273

	F
	0
	0
	0
	0
	4
	2
	5
	0
	0
	0
	0
	1
	0
	5
	1
	0
	0
	0
	0
	0
	0
	0
	0
	18

	FO
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	FHP
	0
	0
	0
	0
	6
	0
	0
	0
	73
	0
	0
	0
	0
	48
	0
	0
	0
	0
	0
	0
	1
	0
	0
	128

	G
	0
	2
	0
	0
	565
	9
	0
	0
	3
	24
	0
	16
	4
	201
	62
	0
	20
	3
	0
	0
	9
	5
	0
	923

	GBL
	0
	1
	0
	0
	1
	0
	0
	0
	0
	1
	1
	1
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	5

	GL
	0
	3
	0
	0
	29
	20
	0
	0
	0
	2
	0
	149
	1
	13
	0
	0
	0
	1
	0
	0
	4
	0
	0
	222

	H
	0
	0
	0
	0
	189
	0
	0
	0
	1
	0
	0
	7
	88
	114
	12
	0
	2
	6
	0
	0
	3
	0
	0
	422

	HFP
	0
	0
	0
	0
	1479
	5
	0
	0
	18
	0
	0
	23
	5
	2653
	13
	0
	13
	7
	0
	0
	3
	7
	0
	4226

	HG
	1
	24
	1
	0
	793
	3
	1
	0
	2
	4
	0
	22
	10
	306
	187
	0
	35
	2
	0
	0
	2
	14
	0
	1407

	HR
	0
	2
	1
	0
	109
	4
	0
	0
	0
	0
	0
	2
	2
	23
	7
	1
	0
	0
	0
	0
	3
	0
	0
	154

	LG
	0
	0
	0
	0
	126
	1
	0
	0
	0
	0
	0
	2
	2
	18
	6
	0
	32
	0
	0
	0
	0
	11
	0
	198

	M
	0
	0
	0
	0
	93
	2
	1
	0
	5
	1
	0
	13
	4
	45
	3
	0
	2
	14
	0
	0
	0
	0
	0
	183

	MB
	1
	2
	2
	2
	4
	19
	0
	0
	0
	4
	0
	8
	0
	4
	2
	0
	1
	0
	2
	0
	4
	0
	0
	55

	OC
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	R
	0
	2
	0
	0
	194
	11
	0
	0
	19
	2
	0
	9
	1
	55
	13
	0
	1
	2
	0
	0
	28
	0
	0
	337

	SB
	0
	0
	0
	0
	616
	1
	0
	0
	0
	0
	0
	0
	9
	110
	19
	0
	7
	0
	0
	0
	2
	28
	0
	792

	SO
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	Total
	16
	160
	68
	14
	8462
	324
	7
	0
	124
	40
	1
	368
	127
	3957
	346
	1
	115
	35
	3
	0
	76
	72
	0
	 


Legend: (see Table 2 for Great Groupgreat group codes).



Table 6: Confusion matrix between 14,316 observations points and predicted soil Orderorder using a Random Forest Model. Bold values represent the diagonal of the confusion matrix and the number of correctly classified pixels for each class.
	Actual
	Predicted

	
	B
	Ch
	Cr
	G
	L
	O
	P
	R
	S
	Total

	B
	5139
	18
	0
	57
	109
	10
	479
	22
	0
	5834

	Ch
	40
	203
	0
	1
	14
	0
	0
	1
	0
	259

	Cr
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	G
	1527
	28
	0
	370
	40
	22
	530
	11
	0
	2528

	L
	50
	4
	0
	3
	151
	2
	13
	4
	0
	227

	O
	290
	0
	0
	21
	21
	118
	170
	3
	0
	623

	P
	1497
	0
	0
	26
	23
	12
	2792
	4
	0
	4354

	R
	318
	5
	0
	23
	11
	5
	97
	32
	0
	491

	S
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	Total
	8861
	258
	0
	501
	369
	169
	4081
	77
	0
	 


Legend: (see Table 2 for Orderorder codes).


 

Training Data	Till	Colluvium	Glacio-Fluvial	Fluvial	Glacio-Lacustrine	Organic	Lacustrine	Marine	Eolian	Glacio-Marine	45.779416132090809	28.973752591443574	9.0646300903483645	6.3675457116584333	3.8293634809171078	3.5999387921167676	1.15269126390942	1.0037234795632886	0.21656340617103217	1.2375051781201839E-2	Validation Data	Till	Colluvium	Glacio-Fluvial	Fluvial	Glacio-Lacustrine	Organic	Lacustrine	Marine	Eolian	Glacio-Marine	20.954015099519559	3.9190116678105693	8.3527796842827726	17.975291695264243	0.47357584076870279	5.9162663006177079	0.99519560741249147	40.988332189430338	5.4907343857240901E-2	0.37062457103637614	Soil Parent Material Class

Data Percentage (%)



Training Data	Humo-Ferric Podzol	Gray Luvisol	Dystric Brunisol	Eutric Brunisol	Ferro-Humic Podzol	Regosol	Mesisol	Fibrisol	Dark Brown Chernozem	Organic Cryosol	Brown Chernozem	Black Chernozem	Humic Gleysol	Gleysol	Dark Gray Chernozem	Humisol	Melanic Brunisol	Sombric Brunisol	Luvic Gleysol	Solod	Humic Regosol	Gray Brown Luvisol	Folisol	33.332166746177997	29.740508595310999	12.799332792403801	11.3573364803097	3.4237039961944595	2.4645199857877	1.3554309590791001	1.0271584929322	1.00094037816685	0.79570129544487611	0.68305541042485207	0.624694523277455	0.432035664203133	0.24177590451206102	0.177301183452509	0.13056603955298002	0.115251358543769	9.2928555680258998E-2	8.668573793029441E-2	7.6126261074982299E-2	3.7345120507019998E-2	3.7663280640282599E-3	1.6681909689988199E-3	Validation Data	Humo-Ferric Podzol	Gray Luvisol	Dystric Brunisol	Eutric Brunisol	Ferro-Humic Podzol	Regosol	Mesisol	Fibrisol	Dark Brown Chernozem	Organic Cryosol	Brown Chernozem	Black Chernozem	Humic Gleysol	Gleysol	Dark Gray Chernozem	Humisol	Melanic Brunisol	Sombric Brunisol	Luvic Gleysol	Solod	Humic Regosol	Gray Brown Luvisol	Folisol	29.519418832075999	1.5507124895222129	32.928192232467168	1.9069572506286672	0.8941044984632579	2.3540094998602963	1.2782900251466891	0.12573344509639564	0.64263760827046656	0	0.16764459346186086	0.87314892428052537	9.8281642917015919	6.4473316568873988	0.12573344509639564	2.9477507683710531	0.38418552668343109	5.5322715842414087	1.3830678960603522	0	1.0757194747136072	3.4925956971221014E-2	0	Soil Great Group

Data Percentage (%)



Marine	Till	Glacio-Fluvial	Fluvial	Colluvium	Glacio-Lacustrine	Organic	Glacio-Marine	Lacustrine	Eolian	Marine	Till	Glacio-Fluvial	Fluvial	Colluvium	Glacio-Lacustrine	Organic	Glacio-Marine	Lacustrine	Eolian	79.068988613529797	75.95807402554864	64.667214461791289	64.222985872470403	60.07005253940455	36.231884057971016	20.649651972157773	20.37037037037037	7.5862068965517242	0	Soil Parent Material Class

Accuracy Rate (%)


Dystric Brunisol	Black Chernozem	Eutric Brunisol	Gray Luvisol	Humo-Ferric Podzol	Ferro-Humic Podzol	Dark Brown Chernozem	Brown Chernozem	Fibrisol	Dark Gray Chernozem	Humisol	Gray Brown Luvisol	Luvic Gleysol	Humic Gleysol	Regosol	Mesisol	Melanic Brunisol	Sombric Brunisol	Gleysol	Humic Regosol	Folisol*	Organic Cryosol*	Solod*	Dystric Brunisol	Black Chernozem	Eutric Brunisol	Gray Luvisol	Humo-Ferric Podzol	Ferro-Humic Podzol	Dark Brown Chernozem	Brown Chernozem	Fibrisol	Dark Gray Chernozem	Humisol	Gray Brown Luvisol	Luvic Gleysol	Humic Gleysol	Regosol	Mesisol	Melanic Brunisol	Sombric Brunisol	Gleysol	Humic Regosol	Folisol*	Organic Cryosol*	Solod*	89.647857445905814	86.4	68.131868131868131	67.117117117117118	62.778040700425933	57.03125	52.173913043478258	45.833333333333329	27.777777777777779	22.222222222222221	20.85308056872038	20	16.161616161616163	13.290689410092396	8.3086053412462899	7.6502732240437163	3.6363636363636362	3.535353535353535	2.6002166847237271	0.64935064935064934	0	0	0	Soil Great Group

Accuracy Rate (%)


Brunisol	Chernozem	Luvisol	Podzol	Organic	Gleysol	Regosol	Cryosol*	Solonetz*	Brunisol	Chernozem	Luvisol	Podzol	Organic	Gleysol	Regosol	Cryosol*	Solonetz*	88.08707576276997	78.378378378378372	66.519823788546248	64.124942581534214	18.940609951845907	14.63607594936709	6.517311608961303	0	0	Soil Order

Accuracy Rate (%)


Soil Parent Material
tancur	prof	plan	conv	rhsp	spi	curve	aspect	midslope	terview	mrhsp	dist2lakes	ls	vdepth	twi	nheight	vissky	slope	skyview	swi	mrrtf	mrvbf	tri	dist2riv	sheight	elev	3510.9989999999998	4738.9219999999996	5774.4440000000004	7046.1289999999999	7305.3140000000003	7478.4620000000004	7941.5039999999999	9555.1589999999997	10300.638000000001	10607.714	10672.218999999999	10735.28	11819.062	12031.852000000001	12492.637000000001	13088.433000000001	15940.786	15957.324000000001	16458.791000000001	17580.031999999999	18262.316999999999	18507.850999999999	18807.785	20147.539000000001	22146.892	37002.071000000004	Covariate

Mean Decrease in Gini Index


Soil Great Group
tancur	prof	plan	conv	curve	rhsp	spi	twi	midslope	circa	mrhsp	aspect	mrvbf	nheight	slope	mrrtf	vdepth	ls	dist2lakes	swi	sheight	tri	terview	skyview	mat	dist2riv	vissky	evap	bec_subzone	ffd	elev	dd0	bec_zone	moistdef	map	1811.845	2711.694	2879.0949999999998	3359.7939999999999	3476.7089999999998	3733.2640000000001	3890.4250000000002	4579.4489999999996	4822.7250000000004	4899.5150000000003	5173.3590000000004	5927.0309999999999	6083.1310000000003	6143.0079999999998	6152.14	6717.8729999999996	6802.3530000000001	6810.6379999999999	7244.0439999999999	7413.7879999999996	7787.5879999999997	8035.9620000000004	10507.643	12102.409	12816.643	12826.474	13059.666999999999	16923.125	17390.807000000001	17443.355	20199.64	21149.285	27418.573	33657.040000000001	50758.139000000003	Covariate

Mean Decrease in Gini Index


Boreal Altai Fescue Alpine	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	4.0630078759844979E-2	0.21485303700051073	0	0	0	0	0	2.0177291131407973E-3	0	0.40387431287356873	0	4.838709677419355	0	0	12.847222222222221	0	4.5852945950332735	10.560344827586206	0	Bunchgrass	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	72.064421669106878	9.2859430035222541	34.592326139088733	12.641083521444695	0	0.5600267685751017	0	0	0	0	0	1.6141832905126378E-2	0	0	2.6851851851851851	36.55913978494624	0	0	0	0	2.3697451712384354	0	0	Boreal White and Black Spruce	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	0.71883985498187275	1.5092545304052267	96.845180136319371	0	0	2.6490066225165565	0	13.103805437107383	0	2.4004416812693535E-2	9.8611111111111107	0	0	49.977866312527667	0	100	29.118649569875021	0	100	Coastal Douglas-fir	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	4.9224903112889109	0	1.9474196689386565	0	0	2.4006622516556293	0	2.0177291131407973E-3	10.582822085889571	0.56110324299671144	27.500000000000004	0	50.346420323325638	1.6969160395455218	0	0	0.1379646161337445	3.6637931034482754	0	Coastal Mountain-heather Alpine	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	0	0	0	9.3468863184951512E-2	0	0	0	0	0	9.6017667250774142E-3	0	0	0	0	0	0	7.3040090894335344E-2	0	0	Coastal Western Hemlock	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	5.7960370046255782	0.23950830354155292	1.0516066212268744	87.521906764808975	100	57.698675496688743	100	4.9770651457472996E-2	21.319018404907975	16.377013370460165	30.092592592592592	0	47.575057736720552	2.7150656632728349	21.006944444444446	0	4.2850186658010063	3.4482758620689653	0	Engelmann Spruce - Subalpine Fir	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0.83253282100544357	0	0	14.589323665458181	8.132715777609496	0	3.8731160182264279	0	0	0	4.9461266326791407	0	53.097169879257791	1.1111111111111112	24.193548387096776	0	2.7150656632728349	64.409722222222214	0	19.144619379970784	49.137931034482754	0	Interior Cedar-Hemlock	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	37.403112889111142	4.7126780902734966	0	4.0892627643416286E-2	0	27.731788079470199	0	7.2335588706097571	3.5276073619631898	24.410691567248374	1.5277777777777777	16.666666666666664	0	0.44267374944665777	0.34722222222222221	0	9.4059405940594054	19.612068965517242	0	Interior Douglas-fir	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	6.9399707174231331	85.398655139289147	32.613908872901682	75.733634311512404	7.7712839104888118	56.74233485374144	0	1.1683607898118939E-2	0	7.6158940397350996	0	29.8953471166651	12.73006134969325	0.32766028949326675	15.87962962962963	12.365591397849462	2.0785219399538106	5.4153755348974473	0	0	12.222041876318778	0.86206896551724133	0	Interior Mountain-heather Alpine	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	0	0	0	8.7627059235892049E-2	0	0	0	0	0	0.13082407162917975	0	0	0	0	0.34722222222222221	0	1.6231131309852296	11.422413793103448	0	Mountain Hemlock	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	3.1253906738342293E-3	0	0	7.1737352494450288	0	0	0	0	0	0.4632852444849852	0	0	0	0	0	0	0.1866580100633014	0	0	Mountain Spruce	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	1.6010246557796992	0	0.11286681715575619	20.254094261782722	15.376080869274256	0.15579357351509251	5.8418039490594695E-2	0	0	0	12.525389758007021	0	2.7016971122686573	1.5277777777777777	0	0	6.094141950715656	0	0	5.1371530595682513	1.2931034482758621	0	Ponderosa Pine	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	20.995607613469986	2.8818443804034581	32.334132693844921	7.5620767494356658	3.1253906738342295E-2	11.124808481411689	0	0	0	0	0	0.11030252485169691	0	4.8008833625387071E-3	2.175925925925926	5.376344086021505	0	0	0	0	3.7980847265054374	0	0	Sub-Boreal Pine - Spruce	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0.45963229416466822	0.22573363431151239	0.53444180522565321	0.51071623549301726	0	0	0	0	0	16.539998116786162	36.963190184049076	1.2002208406346768E-3	5.3703703703703702	0	0	14.313117898775268	0	0	0.77097873721798404	0	0	Sub-Boreal - Spruce	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	3.724604966139955	7.9353669208651088	0.87702305267421587	0	1.1391517700665965	0	1.9039735099337749	0	15.550638274976123	14.877300613496933	1.4870736215463647	2.2685185185185186	0	0	16.629777187546114	1.0416666666666665	0	7.1416977763350111	0	0	Spruce-Willow-Birch	BC	BLC	DBC	DGC	DYB	EB	F	FHP	FO	G	GBL	GL	H	HFP	HG	HR	LG	M	MB	OC	R	SB	SO	0	0	0	0	0	0	0	0	0	0	0	2.4885325728736498E-2	0	0	0	0	0	0	0	0	0	0	0	Soil Great Group

By-Class Percentage of Training Data (%)
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